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Abstract

The thesis, consisting of nine chapters, explores the methodology of building testable

brain computational models using Deep Neural Networks (DNN), which are trained by

psychophysics data. Psychophysics is the quantitative study of perception of physical

stimuli. In psychophysics experiments, one or more parameters associated with the

stimuli are changed, and the human subject’s responses to the stimuli are recorded. This

thesis encompasses both experimental psychophysics works, as well as computational

models of the phenomena involved.

The contributory chapters of the thesis start in Chapter 2 with the perspective build-

ing of the novel methodology followed throughout this research involving psychophysics

on one hand, and deep neural network based brain modeling on the other. This chap-

ter also focuses on the possible reasons for the discrepancies that exist between the

functioning of existing deep neural networks, and psychological findings.

The present thesis explores three very simple, yet intriguing perceptual phenomena

viz. flicker fusion, flicker wheel illusion and sound symbolism. While the first two are

purely based on visual perception, the third, i.e. sound symbolism, as the name suggests,

involves both visual and auditory perception. The experiments involved in this thesis

concerning all these three perceptual phenomena share one common aspect. Not only do

they involve very simple stimuli for conducting the psychological experiments, but also

the subject response in all the three cases is binary. For the flicker (a flicker stimulus is

a visual stimulus with intermittent illumination) fusion experiment, the subject reports

whether the stimulus appears flickering or steady; for the flicker wheel illusion, subjects

report whether the wheel is perceived as static or flickering (illusory), while in the sound

symbolism experiments, the subject assigns a sound stimuli to one of the two visual

inputs, provided.

In Chapter 3 of the thesis, a Convolutional Recurrent Neural Network (CRNN) for

modeling the flicker fusion phenomenon has been proposed. It is shown that the model

is trainable with psychophysics data, and testable with a wide variety of flicker patterns.

Next, in Chapter 4, a DNN model that takes into account the microsaccades in the eye

is presented for the Flicker Wheel illusion while also building a novel dataset for this

illusion. The sound symbolism phenomena is investigated in Chapter 5, for the difference
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in words for round and sharp objects across several natural languages. Here again, both

behavioral experiments and DNN based modeling are performed.

Thus, by establishing the efficacy of DNN based brain computational models in ex-

plaining these psychological phenomena, the present thesis goes on to further investigate

the flicker stimulus, already discussed in Chapter 3, to better explore the strengths and

limitations of the present brain computational modeling approach.

To this end, first in Chapter 6, the CRNN model is used to probe the relation

between the psychophysics and brain electrophysiology involving the flicker stimulus.

The work in this chapter, interestingly, demonstrates that many of the reported features

of the human electroencephalogram (EEG) response to flicker can actually be explained

as being the convolution response to the stimulus, despite the fact that the model is

trained with behavioral data only.

Next, to further generate more flicker data, and subsequently put the proposed DNN

model to more stringent testing, Chapter 7 of the thesis describes the construction of an

indigenous low-cost device that can generate mass psychophysics data on flicker fusion

to train and test DNNs. Subsequently, in Chapter 8, the psychophysics data generated

from this device was used to train a CRNN. The training yielded symmetric filters, as

often found in biological visual systems. The predictions made by the CRNN model on

complex flicker patterns were then tested through psychophysics experiments with the

device, demonstrating that the model is falsifiable with scopes of further improvement

through future research.
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Glossary

Critical Flicker Frequency (CFF)

Critical Flicker Frequency (CFF) is the number of photic pulses per second to eliminate

the sensation of flicker. It is a threshold frequency.

Deep Learning

Deep Learning is a subset of machine learning that uses Deep Neural Networks to perform

complex operations.

Deep Neural Network(DNN)

Deep Neural Network is an Artificial Neural Network with multiple layers between input

and output.

Falsifiability

Falsifiability is standard for scientific theories introduced by the philosopher Karl Pop-

per. A theory or hypothesis is falsifiable if it can be contradicted by an empirical test.

Falsifiability makes a model or theory predictable or testable.

Flicker Fusion

When a flicker stimulus appears as steady to a subject, or the subject no longer perceives

the flicker, the flicker is said to be fused or that flicker fusion has occurred.
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Flicker Stimulus

A flicker stimulus is a visual stimulus with intermittent illumination. The flicker stimuli

are kept static is space, but its intensity or luminance varies with time.

Illusory Motion

An illusory motion is a visual stimuli in which a static image appears moving to a human

subject.

Psychophysics

Psychophysics is the study of the perception of physical stimuli. In psychophysics ex-

periments, one or more parameters associated with the stimuli are changed, and the

subject responses to the stimuli are recorded.

Pulse to Cycle Fraction

It is the duty cycle in a rectangular wave signal.
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Chapter 1

Introduction

This work explores the use of deep learning as a tool to model psychological phenom-

ena, which can then be tested via empirical experiments. The psychological phenomena

investigated in this thesis fall in the domain of psychophysics. Psychophysics is the

quantitative analysis of perceptual processes by studying the effect on a subject’s expe-

rience or behavior of systematically varying the properties of a stimulus along one or

more physical dimensions[1]. Deep Neural Network(DNN)s though originally designed

for engineering problems, have been shown as a tool for modeling the biological brain[2].

In spite of the fact that DNNs have been described as the best models of biological vision,

DNNs do not account for many findings from psychological research[3]. Bowers et al.

has stated that theorists interested in developing biological plausible models of human

vision should turn their attention to explaining psychological findings[3]. The current

work proposes that psychophysics is an important tool to train and test Brain Compu-

tational models based on deep neural networks. This work models three psychological

phenomena which are flicker fusion, flicker wheel illusion, and sound symbolism.

1.1 Deep Neural Networks and the Brain

Artificial neural networks were initially inspired by, and also designed to model, the bi-

ological nervous system[4]. But they found their use mostly in engineering goal oriented

architectures[5]. Convolutional Neural Networks (CNNs) were similarly inspired by the

works of Hubel and Wiesel[7]. The DNNs used in object classification were inspired

by the functioning and structure of the brain[5]. DNNs have outperformed humans on

benchmark datasets like ImageNet, in classification tasks[8]. Many researchers consider

DNNs to be the best models of human vision[3]. But, there exists several disparities

between the functioning of DNNs, and the functioning of human vision, especially as

obtained from psychological research[3]. Yet, there is a strong bias among researchers

not only to look for similarities between DNNs and the functioning of brain, but also to
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24 Chapter 1. Introduction

ignore the differences between the two[9]. This thesis will explore new DNN architec-

tures specifically to model psychological phenomena instead of relying upon the existing

networks that often successful in accomplishing different engineering goals.

1.2 Psychological phenomena investigated in the thesis

This work has chosen three psychophysics phenomena for investigation. The three phe-

nomena have been chosen because the experimental setup needs to have two binary

responses. The stimulus, on the other hand, can be varied by manipulating the physical

parameters associated with the stimuli. The phenomena are simple enough that they

can even be perceived or experienced by non-human animals[10][11][12].

1.2.1 Flicker Fusion

The flicker stimulus is a visual stimulus with intermittent illumination[10]. The stimulus

may appear as steady or flickering to a human subject depending on a number of cir-

cumstances[13]. When the flickering is no longer visible, the flicker is then said to have

fused or flicker fusion have occurred. The psychophysics experiments on flicker fusion

involve presenting a human subject with a visual stimulus of intermittent illumination,

and the subject classifying the stimulus as either flickering or steady. When the flicker

is no longer visible, the flicker is said to be fused or flicker fusion has occurred. This

thesis will explore the phenomena of flicker fusion in multiple chapters.

1.2.2 Flicker from visual illusions

Figure 1.1: Flicker Wheel
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Visual illusions [14] are like gaps in our visual mechanism through which we can spy,

in a non-invasive manner, into the internal mechanisms of the brain. The illusions such as

those which are geometric [15], or related to brightness [16],or motion [17] etc., where our

perception fails to replicate the environmental reality, are the crucial tools to understand

the visual brain’s internal processing. Among the class of motion illusions, there exists

those where a static image may be perceived as moving e.g. the Peripheral Drift Illusion

(PDI) [18]. Flicker wheel illusion which is an illusion consists of a wheel with 30 to 40

spokes as seen in Figure 1.1[19]. The wheel appear to flicker vividly[19]. This thesis

proposes a biologically plausible model for mechanism of illusory flicker perception for

the flicker wheel illusion.

1.2.3 Sound Symbolism

Figure 1.2: The images of figures used in Kiki Bouba Experiments. From Wikimedia
Commons[20].

The term “Sound Symbolism” refers to the non-arbitrary links between random

speech sounds and other meanings[21]. The sound symbolic phenomena exists in natu-

ral languages, as human subjects are able to guess the correct word from antonyms like

big/small, and round/pointy from unknown languages better than chance[22]. Another

sound symbolic effect is the Kiki Bouba phenomena in which, majority of human sub-

jects match the nonce word Kiki to a sharp figure and and Bouba to a round figure for

arbitrary shapes as in Figure 1.2[23].
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1.3 Background and Related Works

1.3.1 Psychophysics

Psychophysics is the quantitative analysis of perceptual processes by studying the effect

on a subject’s experience or behavior of systematically varying the properties of a stim-

ulus along one or more physical dimensions[1]. Psychophysics can yield insights into

physiology, and mechanisms of human perception. For instance, Thomas Young was

able to deduce the trichromatic nature of human vision from the fact that there were

three principal colors, which could be mixed together to form other colors[24][25].Much

of psychophysics is aimed at identifying the fundamental mechanisms shared by all hu-

mans[24]. It examines the most basic, fundamental aspects of human perception common

to all normal humans, instead of establishing the more subtle aspects that may fluctuate

within or amongst subjects[24]. This assumption is the reason that it is very common

to see only a very small number of subjects being used in psychophysics studies[24].

The small number of subjects as low as 2, may surprise scientists from other fields[24].

There are of course psychophysics based studies that aim to quantify the magnitude of

a particular parameter within a population, or to compare parameters between different

populations[26]. Larger number of subjects will be appropriate for such works[26]. But,

there are many other studies that demonstrate new effects without explicitly quantifying

population parameters. These studies use a small number of subjects and are reported

in the top-tier journals in the domain[26]. The present work, for most part, neither seeks

to report a completely new phenomenon in psychophysics, nor does it aim to quantify

subjective differences. The thesis, instead, mostly aims to use psychophysics data of

known psychological phenomenon to train and test DNNs.

1.3.2 Artificial Neuron and Neural Networks

The artificial neuron and neural networks have been inspired from biology and neuro-

science.

Santiago Ramón y Cajal recognized the nerve cell as the fundamental unit of nervous

system. The word neuron was coined by Heinrich Wilhelm Waldeyer in 1891. The parts

of the neuron consist of a cell body or a soma, dendrites that are projections from the

soma and an axon with projections called axonites in it as can be seen in figure 1.3.

The dendrites of sensory neurons are connected with sensory receptors. The axonites of

motor neurons are connected to muscle cells. The nervous system consists of neurons

that are interconnected with each other.

A mathematical model for biological neuron was proposed first by McCulloch and

Pitts for understanding the brain[4]. An artificial neuron modelled after a biological

neuron can be seen in figure 1.4. An artificial neuron takes in n inputs the same way a
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Figure 1.3: A biological neuron. From Wikimedia Commons[27]

Figure 1.4: A McCulloch-Pitts Neuron. From Wikimedia Commons[28]

biological neuron takes in input through various dendrites. The artificial neuron takes

inn inputs xj , where j=1,2,3...n. The neuron computes the weighted sum of inputs as∑j=n
j=0 wjxj+b, where b is a bias contant and wj is weight associated with input xj . The

neuron gives an output by operating an activation function on the weighted sum. Some

examples of activation functions are.

1. Sigmoid function

f(x) = 1
1+e−x

2. Rectified Linear Unit (relu)

f(x) = 0 if x < 0

f(x) = x if x > 0



28 Chapter 1. Introduction

1.3.3 Machine Learning and Deep Learning

Machine learning can be described as the ability of the machine to learn pattern from

raw data by extracting patterns from the data [5, p. 2]. Machine learning algorithms

are classified into supervised learning and unsupervised learning based on what they

are allowed to experience during the learning process. In supervised learning, there

is a target or label associated with each element in the dataset. Supervised learning

learns from experiencing several instances of vectors in the dataset and the associated

target and learning to predict the target from the vector. The term supervised learning

originates from the fact that the target that needs to be predicted is provided as an

instruction. Unsupervised learning is not in the scope of this thesis. Deep Learning

is a machine learning technique using artificial neural networks incorporating deeper

concepts from neuroscience like convolution, pooling, recurrence, attention etc. where,

Artificial Neural Networks can be subjected to supervised learning using an a technique

known as backpropagation.

1.3.4 Deep Neural Networks and Biological Cognition

Deep Neural Networks have been developed primarily to solve engineering problems

and not for modeling biological cognition[2]. Yet features of biological vision do emerge

on DNNs developed for engineering goals and trained on ImageNet. The lower layers

of DNNs trained on classification with natural images develop Gabor like features[2].

It has been suggested that visual cortical representation also corresponds to Gabor

filtering scheme[29]. The comparison of hidden layer representations of images from

DNNs trained with object recognition task, with fMRI and MEG data of human subjects

viewing the same images show relation between spatiotemporal cortical dynamics of

human visual pathways and DNNs[30]. The outputs from the mid layers of deep neural

networks, trained for object recognition tasks, are able to model spiking activities in area

V1 of monkeys better than previous models[31]. DNNs trained on tasks like de-noising

and de-blurring get deceived by brightness and color illusions the same way a human

subject does[32]. DNN models trained on ImageNet show human like responses to some

visual illusions and in particular for Müller-Lyer and Hermann grid illusions[33].

1.3.5 Methodology of the thesis

Many of the computational techniques that aid to model the brain from behavioral data

were not available a few decades ago[34]. In 1988, Zipser and Andersen used backprop-

agation as a tool to model the computational activity of the brain for the first time[35].

Backpropagation is a technique used to train artificial neural networks (ANNs) from just

the sets of inputs and outputs. The ANN will find the appropriate algorithm through
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backpropagation and knowledge of algorithm is not needed to train the network[35].

This work proposes that DNNs can be trained to mimic human behavior obtained us-

ing psychophysics experiments conducted under laboratory conditions. Such models

could be put to empirical tests from psychophysics data obtained with psychophysics

experiments.

1.4 Thesis Structure

Deep Learning with psychophysics
as a tool to model mental processes

Perspective Flicker
Fusion

Flicker
Wheel
Illusion

Sound
Symbolism

Chapter 2
Methodology
of the thesis

and a
comparison

of DNNs with
biological vision

Chapter 4
A biologically

inspired
model for
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Chapter 5
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between words
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Figure 1.5: Thesis Structure

The work done in the thesis are both experimental and theoretical in nature. The

theoretical sections contains methodology of the thesis, differences between human and

animal vision that might lead to differences between human and DNN vision, and compu-

tational models for flicker fusion, flicker wheel illusion and a sound symbolic phenomena.
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The experimental work consists of psychophsyics experiments on flicker fusion, flicker

wheel illusion, sound symbolism, and construction of an electronic device to generate

data on flicker fusion.

1.4.1 Chapter 2

Previous works have compared the internal representations of engineering goal oriented

neural networks, with invasive or non-invasive brain signals from human or monkey

brains exposed to the same stimulus and found correlation between them. This thesis

differs in methodology from those works, by building new DNNs to fit psychophysics

data. Such DNNs can make falsifiable predictions. While DNNs are inspired by neu-

roscience, there exists differences between vision of humans and other animals. This

work argues that, many of the reported incongruencies between human psychophysics

and DNNs arise because the functioning of DNNs maybe more similar to brains of non-

human animals.

1.4.2 Chapter 3

This chapter proposes a DNN based model of flicker fusion that can be trained and

tested on psychophysics data of a human subject. The model is based on Convolutional

Recurrent Neural Network(CRNN). The chapter shows that the model pretrained on

psychophysics data of a subject can be used to train psychophysics data of another

subject faster than the original subject, showing that the model captures mechanisms of

flicker perception, common across human subjects. The model was trained with simple

rectangular wave flicker stimuli and was tested on other types of flicker stimuli that it

was not trained with, and subjective comparisons were made with previously published

psychophysics data. The work also shows that internal representations of the CRNN

can be probed for correlations with brain signals like the EEG associated with flicker

stimulus.

1.4.3 Chapter 4

This chapter does a study on flicker wheel illusion, which is a motion illusion. Flicker

wheel illusion is a visual illusion of a wheel with spokes which appear to flicker. The

perception of flicker wheel illusion is affected by physical parameters of the stimulus like

number of spokes and contrast. This work generates a novel dataset of multiple variants

of flicker wheel by varying physical parameters associated with the stimulus. The stimuli

are then presented on a computer screen and is labeled by a human subject into two

classes on basis of whether the subject perceives flicker in the stimulus or not. DNNs

are trained to classify the images the same way a human subject does. Many existing
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CNN Networks are shown to be able to classify the data. The work also shows that

VGG-16 and VGG-19 are unable to train on the generated data. The work proposes

a bio-inspired Deep Neural Network that takes into account the microsaccades in the

human eye.

1.4.4 Chapter 5

This work attempts deep learning in the well attested psychological phenomena of sound

symbolism. Sound symbolic effects, while having been studied by psychologists, have

never been modeled before using machine learning. This works performs both human

psychophysics and machine learning experiments on words for round and sharp objects

in natural language. We go onto show that both humans and machine do better than

chance in classifying the words for round and sharp objects in natural languages.

1.4.5 Chapter 6

This work makes comparison between the outputs of intermediate layers of a CRNN

trained with psychophysics data of flicker fusion, and the reported features of human

EEG response to flicker. We claim that many of the reported features of electrophys-

iology of flicker stimulus, including the presence of fundamental and harmonics of the

stimulus, can be explained as the result of a temporal convolution operation on the flicker

stimulus. We further show that the convolution layer output of a CRNN trained with

psychophysics data is more responsive to specific frequencies as in human EEG response

to flicker, and the convolution layer of a trained CRNN can give a nearly sinusoidal

output for 10 hertz flicker stimulus as reported for some human subjects.

1.4.6 Chapter 7

This work describes the construction of a device that can be used to obtain data to

train and test DNN models for flicker fusion. The work describe an instrument that can

generate simple as well as complex flicker patterns and record the subject classification

via button presses. The experimental system also includes a mechanism to prevent dark

adaptation by automatic lighting of a high intensity lamp after the button press for a

certain time period. The device is controlled by an Arduino. The work also shows that

there does not exist a sharp cut-off between regions of flicker and fusion in terms of

frequency and outliers can exist outside threshold regions.
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1.4.7 Chapter 8

This works describes the training of psychophysics data obtained by device on the pro-

posed computational model for flicker fusion. The trained DNN is tested with psy-

chophyics data. The training yielded symmetric filters, as often found in biological

visual systems. The predictions made by the CRNN model on complex flicker patterns,

tested through psychophysics experiments with the device, demonstrate that the model

is falsifiable with scopes of further improvement through future research.

1.4.8 Conclusion

The last chapters gathers in conclusions drawn from all the works done in the thesis,

and points to the possible future directions of research emerging out of these.



Chapter 2

Methodology of the thesis and a

comparison of DNNs with

biological vision

Publications

• Keerthi S. Chandran et al. “Psychophysics may be the game-changer for deep neu-

ral networks (DNNs) to imitate the human vision”. In: Behavioral and Brain Sci-

ences 46 (2023). issn: 1469-1825. doi: http://doi.org/10.1017/S0140525X23001759

Chapter summary:

Previous works have compared the internal representations of engineering

goal oriented neural networks, and invasive or non invasive brain signals

from human or monkey brains exposed to the same stimulus and found cor-

relation between them. This thesis differs in methodology from those works,

by building new DNNs to fit psychophysics data. Such DNNs can make fal-

sifiable predictions. While DNNs are inspired by neuroscience, there exists

differences between vision of humans and other animals. This chapter argues

that, many of the reported incongruencies between human psychophysics and

DNNs arise because current existing DNNs might be working similar to vision

of non-human animals.
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2.1 Introduction

Deep Neural Networks have been inspired by neuroscience research[5]. The neuroscience

research that had inspired DNNs was invasive brain research conducted on non-human

animals like cats. While DNNs were mostly employed to solve engineering problems,

Deep Neural Networks were also put forward as the best models for functional architec-

ture of the brain[2]. The correlations between the outputs of a layer to DNN for various

inputs and a multidimensional brain signal for the same set of stimulus can be probed by

a technique called Representational Similarity Analysis[36]. The dimension of brain sig-

nals can be different voxels for fMRI, different sensors for MEG or EEG or different set

of internal electrodes in the brain[30, 37, 38, 39]. Although representational similarity

analysis has yielded correlations between brain signals and DNN representations, there

is much less correlation between reported DNN behaviors and psychological findings[3].

Instead, this thesis proposes that psychophysics combined with deep learning is a tool

to model functional activity in the brain. This chapter also offers the perspective that

human vision differs from animal vision and DNNs could be closer to animal vision than

human vision.

2.2 Aim and methodology of the thesis

2.2.1 Aim of the thesis

The advent of computing machinery and programming languages made it possible to

build experimental tests for ideas of intelligence in last half on twentieth century[40].

The term artificial intelligence was coined by John McCarthy and others in 1956 CE[41,

p 295]. Alan Turing’s paper ’Computing Machinery and Intelligence’ in 1950 was a

seminal paper in the history of Artificial Intelligence. In this Turning addressed the

question ’Can machines think?’. Turing replaces the question with another, that is,

whether a digital computer can beat a human in an imitation game[42]. To beat the

imitation game a computer communicating with a human using typed text should be able

to convince a human that its another human being and not a machine[42]. The advent

of general purpose computers was followed by the notion that machines would be more

useful if they could perform tasks for which they were given no precise methods[43].

This method was called machine learning[44]. This thesis will simulate some mental

processes via machine learning.

In keeping with what Turing proposed for the imitation game [42], a good brain-

computational model[34] would not be the one that performs a particular task with

equal or greater accuracy than a human being, but rather the one which would be

indistinguishable from a human being vis-à-vis input and output. For instance computers
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excel humans in playing chess but the patterns of moves made by computers in chess is

different from that of humans[45].

2.2.2 Psychophysics as a tool

Psychophysics, interestingly, is also about input and output with the brain as black-

box in between[24]. Psychophysics is “the analysis of perceptual processes by studying

the effect on a subject’s experience or behavior of systematically varying the properties

of a stimulus along one or more physical dimensions”[1]. The psychophysics stimulus

for vision can be an image or video, and DNN, an information-processing system, may

model the subject’s response to the stimulus using supervised learning. David Marr had

proposed that an information processing system should be understood at three levels:

computational, algorithmic, and implementation. The psychophysics task describes the

computational level problem, a DNN that performs the same task in silica would rep-

resent the algorithmic level, and the electrophysiological or fMRI data obtained during

the task will be a by-product of the implementation of the algorithm in the biological

brain. If the DNN is considered for an equivalent mapping between input and output as

in a psychophysics experiment, then the inputs can be represented by a tensor, whether

it is an image, video, sound signal, or a spatially invariant visual stimulus like the flicker;

the output would also have a numerical representation which, in case of psychophysics

experiments, could be some classification, perceived brightness, color, shape, size, mo-

tion, intensity at a particular location in the input signal, or a comparison between two

of those perceived sensations at different locations of the stimulus, separated by space

or time or both. The algorithm used to transform the stimulus input to output will

not be evident from psychophysics experiments, but DNNs can construct that algorithm

without its exact knowledge for the programmer.

While this thesis will train DNNs via backpropagation, it does not imply that any

equivalent computational mechanism in human visual system was similarly trained by

backpropagation. The biological brains are instead the product of evolution by natural

selection. The psychophysics phenomena investigated in this thesis like flicker fusion

experiments are conducted in controlled setting in the laboratory, and many of these

stimuli would not have been naturally present in any evolutionary history. The thesis

shall instead use psychophysics experiments to gather data to train models while the

biological mechanism being modeled came into being by an unrelated mechanism which

is evolution via natural selection.

2.2.3 Methodology of the thesis

The dataset can be prepared by manipulating physical parameters associated with the

stimulus and getting the subject response for each of the stimuli. There can be some
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subjective differences between the psychophysics data of human subjects for the same

stimuli[24]. So, it will be a better strategy to train and test a DNN on the psychophysics

data of the same subject. Kubota et al. Kubota, Hiyama, and Inami have shown that it

is possible to make comparisons between human perception obtained by psychophysics

experiments, and the output of DNNs[46]. DNNs may also be tested on a stimulus,

completely different from the one it was trained on, if its output layer is of similar

representation to that of the new stimulus, as has been proposed with flicker fusion

phenomena in Chapter 3 . The intermediate outputs of a DNN can be compared with

the brain electrophysiological signals as done by Zipser and Andersen , and as has been

proposed in Chapter 6 flicker stimulus[35]. We argue that more testable models can be

constructed by training on less computationally intensive tasks than tasks like object

classification into thousands of classes. For instance, a convolutional neural network

(CNN) trained for low-level visual tasks gets deceived by brightness and color illusions

[32]. DNNs have also been put forth to solve tasks used in experimental psychology like

Raven’s progressive matrices[47]. New network models, different from the engineering

goal-oriented image classification DNNs, could be constructed for the purpose as was

previously done for finding head-centered coordinates of external objects by monkey

brain by Zipser and Andersen[35]. It could be easier to make correlations between

outputs of intermediate layers of a neural network with fewer neurons and layers with

brain signals than complex networks.

2.3 Comparison and differences between human, animal

and DNN vision

2.3.1 Global vs local shape perception

DNNs rely more on texture for image classification, and even when trained to classify

based on shapes, rely more on local shapes than global shapes[3]. Many experiments have

shown that global shapes precede local shapes in human perception and have termed it

Global Precedence Effect(GPE)[48]. Bowers et al. have claimed that this is a discrepancy

in claiming DNNs and human vision are similar[3]. We suggest that this discrepancy

arise because the mechanisms of DNNs could be more similar to animals other than

humans. Humans have an advantage in global shape perception, while chimpanzees and

baboons hold advantage in local shape perception under some conditions[48]. Humans

are more capable in processing global shapes than chimpanzees[48, 49]. DNNs may

rely more on local shapes for classifications, since they could be more optimized for

processing local shapes like other animals.
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2.3.2 Invariances

Bowers et al. has noted that human object recognition is invariant to transformations like

rotation and scaling[3]. While Bowers et al. has mentioned that DNNs can be trained to

support invariances, Bowers et al. listed it as a phenomena that requires more study[3].

In pigeons, object recognition after training with a single object image is dependent

on a variety of properties irrelevant for object identification[50]. Object recognition in

pigeons after trained with a single object view is affected by rotation, and variation in

size[50].

2.3.3 Binocular vision

Bowers et al. mentions that DNNs trained on ImageNet do not encode three-dimensional

(3D) features of objects or their depth as opposed to human vision. The above mentioned

DNNs are trained with datasets prepared from cameras with monocular vision. But

the mammalian brain gets information from the two eyes and it is known that human

subjects with one eye are not so efficient with depth perception[51]. Cats show better

depth discrimination at binocular vision than monocular vision[52]. Cats which have

been monoculalry deprived for first thirty five days of life never recover the binocular

superiority[52]. Robots with stereo cameras making use of DNNs are able to do tasks

like calculating position of detected fruit from stereo cameras[53]. Stereo vision can

enable autonomous driving vehicles to do tasks like object detection, 3D information

acquisition, and depth perception[54]. The mammalian brain had input from two eyes

throughout the course of its evolutionary history. So training DNNs using stereo camera

data might be needed to develop the equivalents of many circuits in the brain.

2.4 Conclusion

To conclude, psychophysics with DNNs could be used to construct many of the smaller

agents that compose the human mind as proposed by Minsky[55]. Vision agents that

compose the mind need to be likewise constructed via DNNs, which may be associated

with fundamental activities like brightness perception, motion detection, depth percep-

tion, or even less intelligent activities than that, in the parallel visual pathways. Neural

networks for more complex tasks can be built with a combination of smaller DNNs us-

ing shared layers, or by using output from some layers of a DNN as input for layers of

another DNN. Moreover, DNNs have been inspired by neuroscience vision from other

animals and many of the neural network architectures may not be optimal models for

human vision.





Chapter 3

A Deep Learning based Brain

Computational Model of Flicker

Fusion

Chapter summary:

This chapter proposes a deep learning based Brain Computational Model(BCM)

of flicker fusion that can be trained and tested on psychophysics data of a

human subject. Inspired by Fechener’s law, the model performs logarithmic

transformation of the stimulus before it is fed into a Convolutional Recur-

rent Neural Network(CRNN), that classifies a flicker stimulus as flickering

or steady like a human subject. The model pretrained on psychophysics

data of a subject can be used to train psychophysics data of another subject

faster than the original subject, showing that the model captures mecha-

nisms of flicker perception, common across human subjects. The model was

trained with simple rectangular wave flicker stimuli and tested on other types

of flicker stimuli that it was not trained with, and subjective comparisons

were made with previously published psychophysics data. This chapter also

shows that internal representations of the CRNN can be probed for correla-

tions with brain signals like the EEG associated with flicker stimulus. The

presence of fundamental and harmonics of the flicker stimulus in its human

EEG response can be explained by the BCM as a convolution operation on

the stimulus.

39



40 Chapter 3. A Deep Learning based Brain Computational Model of Flicker Fusion

3.1 Introduction

Deep Neural Networks (DNN), mostly used for engineering problems, have been put

forward as a tool to model the human visual system[2]. Models so constructed with

DNNs can be tested for falsifiable predictions on human behavioral data[56]. Task per-

forming models that can be tested with behavioral data are central to psychophysics

and cognitive science[34]. A brain-computational model(BCM) is one that mimics the

brain information processing of some task using a certain level of abstraction[34]. Under-

standing cognition in the brain would require constructing computational models that

can perform cognitive tasks and can be tested with behavioral and brain experiments[34].

This work develops a DNN model that could be trained and tested on psychophysics

data of flicker fusion.

3.1.1 Flicker Stimulus and Critical Flicker Frequency(CFF)

The flicker stimulus is a visual stimulus with intermittent illumination[13]. The stimulus

may appear as steady or flickering to a human subject depending on a number of cir-

cumstances[13]. When the flickering is no longer visible, the flicker is then said to have

fused or flicker fusion has occurred. The psychophysics experiments on flicker fusion

involve presenting a human subject with a visual stimulus of intermittent illumination,

and the subject classifying the stimulus as either flickering or steady. For a human

subject, the physical parameters associated with the stimulus determine whether the

subject classifies the stimulus as flickering or steady[57, 58]. In addition to that, there

are subject-wise differences in the perception of flicker[58]. A numerical parameter used

in psychophysics measurements of flicker fusion is CFF. CFF is defined as the Critical

threshold of flicker fusion or the point where some change in physical stimulus causes the

flicker to appear as a steady sensation or vice versa[13]. CFF is also alternately defined

as Critical Flicker Frequency or the number of photic pulses per second to eliminate the

sensation of flicker[59]. This work will use the second definition of CFF.

3.1.2 Physical parameters associated with flicker stimulus

The physical parameters associated with the stimulus that determines whether the stim-

ulus appears flickering or steady. The parameters include size and shape of the stimulus,

as well whether the stimulus falls in foveal or parafoveal region of the eye[57]. The tem-

poral pattern of the stimulus also determines whether the stimulus appears as flickering

or fused. The flicker stimulus can be in a sinusoidal pattern as in Figure 3.2a or in the

form of a rectangular waveform as in Figure 3.1[60]. The flicker stimulus of rectangular

waveforms consists of a pulse of light that stays on for some time followed by a period

of darkness. For a flicker stimulus of sinusoidal waveform the intensity I(t) at timepoint
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Figure 3.1: A diagrammatic representation of three photic pulses as variation of
intensity with time. The photic pulses have the same frequency or time periods but
three different PCFs which is the same as the duty cycle of a rectangualar wave signal.

t is given by I(t) = I(1 +msin(ωt)) where I and m are constants and ω is 2πf , where

f is the frequency. Another physical parameter for rectangular waves that determine

whether a stimulus appears as flickering or steady is the Pulse to Cycle Fraction(PCF)

which is shown in Figure 3.1[59]. Pulse to cycle is the fraction of time duration of the

pulse to that of the total cycle[59]. It is same as the duty cycle of a rectangular wave

signal. A rectangular wave with PCF 1
2 is called a square wave signal. Flicker signals

with rectangular waveforms can be expressed by three parameters: Intensity, frequency

and Pulse to Cycle Fraction. As in many other works, we have used the terms intensity

and luminance synonymously.

3.1.3 Complex Flicker waveforms

In addition to simple rectangular waveforms and sinusoidal waveforms described above,

the psychophysics of flicker fusion have been examined by more complex stimuli. These

include waveforms in which alternating cycles have different time duration as in Figure

3.2b [61]. Experiments have also been done with a finite number of pulse trains with

a gap between them as in Figure 3.2c. In the above experiment, the finite pulse trains

were fused instead of the whole pulse train[62]. The device described in Chapter 7, can

generate more complex signals with pulses of different colors and intensities in the same

train as in Figure 7.9 and gather the corresponding psychophysics data. The stimulus in

flicker fusion experiments can be represented as a video of the target surface. But if the

size and shape of stimulus are invariant in the experiment, with just luminance changing

with time, the stimulus can be represented as a one dimensional time series of intensity.

The temporal array that serves as the representation of the stimulus can be fed into a

deep recurrent neural network that could give a binary classification of either fused or
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(a) A sinusoidal flicker stimulus where intensity It at time t is I(t) = I(1 +msin(ωt)).
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(b) Stimulus similar to those used by Forsyth and Brown[61]. The alternate pulses both with
PCFs 1

2
have time periods 0.1 and 0.2 milliseconds.
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(c) Stimulus similar to those used by Nelson, Bartley, and Harper[62]. Three flashes of PCF
1
3
are followed by a gap with time duration of three cycles.

Figure 3.2: Flicker stimuli different from simple rectangular wave stimulus

flickering. There can be a wide range of input representations consisting of rectangular,

sinusoidal or complex waveforms but with just a binary output for the network. This

wide range of input stimulus patterns, with just two outputs, offer a chance to build a

testable and falsifiable model of flicker fusion.

3.1.4 Artificial Neural Network (ANN) as a tool to model visual per-

ception

Backpropagation is a technique used to train artificial neural networks (ANNs) from just

the sets of inputs and outputs. The ANN will find the appropriate algorithm through
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backpropagation and knowledge of the algorithm is not needed to train the network[35].

The present work proposes that a model for flicker fusion could be similarly trained on

psychophysics data on rectangular waveforms as in Figure 3.1 and could then be tested

with psychophysics data of other waveforms as in figures 3.2 and 7.9. Flicker stimulus

is a sequential data. This work uses recurrent neural networks which are a family of

networks for processing sequential data [5] to model flicker fusion.

3.1.5 Relation of brain signals with computational models of cognition

The importance of such modeling is that, in addition to using DNNs to build models

that could predict behavioral data, it would be possible to use such trained deep neural

networks to predict the corresponding electrophysiological and fMRI signals associated

with some particular behavioral activity. In monkeys, the position of objects in the

external world are represented in the brain as head centered coordinates[35]. The monkey

brain has to calculate these coordinates from the position of the object image in the

retina and the slope of the eyes. The intermediate neurons of an artificial neural network

trained to derive such coordinates from a representation of position of object image in the

retina and the slope of the eye, generates similar representations as those obtained from

electrophysiological recordings from parietal neurons of monkeys[35]. The present work

will describe a DNN whose intermediate layers will yield time series data. While the final

output layer of the DNN proposed in this work, gives an equivalent for behavioral data as

subject’s classification of the stimulus, correlations can be sought between the outputs of

intermediate layers of the DNN with EEG and fMRI response to flicker stimulus.

3.1.6 Contributions

The main contribution of this work is to develop a biologically plausible Brain Compu-

tational Model that could be trained with psychophysics data of flicker fusion. Since

there is a lack of such data acquired with the intention of training deep neural networks,

we have trained our model by making some assumptions on some previously published

data. We have made subjective comparisons of the outputs of the model to a different

set of flicker stimuli and their previously published psychophysics results. The method-

ology followed in this chapter is shown in Figure 3.3. Though the comparisons did not

yield exact similarities with the published psychophysics results, we have succeeded in

developing a model that could fit the psychophysics data on flicker fusion as well as

simulate a wide range of experiments in the domain. The model based on a Convolu-

tional Recurrent Neural Network(CRNN) takes inspiration from two psychophysics laws,

the Fechner’s and the Ferry-Porter laws, to subject the input stimulus to a logarithmic

transformation.
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Generate training data from previ-
ously published psychophysics data

Choose different models and try
fitting a small batch of training
data in the model as sanity check

Choose the best model and train it
extensively with the training data

Run simulations
on some differ-

ent flicker stimuli

Get output of
middle layers for
comparison with

electrophysiological
response to flicker

Make subjective comparisons
with former experimental results

Figure 3.3: Block diagram of methodology

3.2 Related Works

3.2.1 Neuroscience and psychophysics of flicker fusion

The human perception of flicker is associated with activity of higher cortical regions[10].

It has also been suggested that the same cells underlie the perceptions of both flicker

and motion directionality[63]. CFF could be reliably measured with high repeatability

for all three psychophysics methods[64]. The measurement of CFF is also resistant to

learning effects[10].

3.2.2 Brain signals associated with flicker stimulus

Another domain of study of flicker perception are the brain signals of the cortical activity

induced by the stimulus. Flicker stimulus is known to evoke frequencies in human EEG
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which are of the same frequency as the stimulus for frequencies up to 90 hertz[65].

The oscillations so invoked in the EEG also show oscillations around 10, 20, 40 and

80 hertz[65]. The oscillations are invoked in the EEG even when the flicker is not

perceived[65]. The stimulus evoked the fundamental frequency, harmonics as well as as

the first subharmonic of the stimulus frequency, in EEG response to flicker[65]. Studies

using magnetoencephalography (MEG) on subjects exposed to sinusoidal flicker stimulus

have revealed that the oscillations in the human visual cortex evoked by the flicker

stimulus and gamma oscillations in the brain are evoked in different regions of the

human visual cortex and that the flicker stimulus-induced oscillations do not entrain

endogenous gamma oscillations[66]. For a flicker stimulus with frequency near the CFF,

fMRI data shows that greater activity in frontal and parietal cortex on perception of

flicker and greater activity in the occipital extrastriate cortex when the flicker appears

fused[67].

3.2.3 Chromatic flicker stimulus

Flicker fusion experiments have also been done with chromatic flickers which are flicker

stimuli with alternating colors in the train. When chromatic flickers occur above a

threshold, the flicker is no longer perceivable to subjects, but it has been experimentally

observed that unperceivable chromatic flicker evokes oscillations in recording from color

opponent cells in V1 layers of monkeys[68]. It has also been demonstrated by fMRI that

a chromatic flicker, not perceivable to humans, evokes higher responses in many visual

cortical areas compared to a steady control stimulus[69].

3.2.4 Computational models of flicker perception

The development of a computational model for flicker perception could help in under-

standing and modeling of other related psychophysics phenomena as well as other related

information processing in the brain. Flicker detection has also been modeled much ear-

lier with analog neural network with resistances and capacitors[70]. Levinson had opined

that mind is not a radio and avoided implication of electrical components like resistors

and capacitors in the visual system while proposing an n stage filter model for flicker

fusion[71]. Many other models have also been put forward in the past, but none of them

have seemed durable[60]. Amari, Lieblich, and Karshmer proposed a neural model and

opined that the computational mechanisms of flicker perception is also related with an-

other psychophysics phenomena that is metacontrast[72]. More recent works have shown

that artificial neural networks can model ElectroRetinogram (ERG) response to flicker

stimulus using feedforward networks[73]. The harmonics, first subharmonic and funda-

mental of the flicker stimulus can be generated by feeding the stimulus representation

to a neural mass model consisting of inhibitory and excitatory neurons[74].



46 Chapter 3. A Deep Learning based Brain Computational Model of Flicker Fusion

3.2.5 Clinical Implications of Flicker Fusion

There are significant differences in CFFs amongst patients with middle and early stage

Alzheimer’s disease as well as healthy control groups[75]. The CFF is positively corre-

lated with mini mental state examination scores[75]. CFF may play an important role

in diagnosis of Alzheimer’s disease. The present work offers a computational model that

can also prove useful for tracking the progression of disease.

3.3 Materials and Methods

The generation of dataset for training and testing are done using python libraries like

scipy and numpy. Keras was used to train and test the models.

3.3.1 Materials

Table 3.1: The CFF values for a subject Coo for 28 combinations of PCFs and
intensities as reported by Bartley and Nelson [76]

PCF 1
30

1
8

1
4

1
2

3
4

7
8

29
30

Intensity

1164 cd/ft2 44.3 31.2 49.0 49.5 39.9 36.0 29.5
116.4 cd/ft2 35.9 34.2 44.8 44.0 39.8 34.5 30.0
7 cd/ft2 28.9 33.0 39.3 40.0 33.3 34.4 27.7
1.28 cd/ft2 21.0 30.7 33.0 34.0 25.5 27.8 20.9

Table 3.2: The Spearman Correlation of CFFs between the subjects reported in [76]

subject Coo Ran DeB Bal Kra Nel Bar

Coo 1.0 0.906 0.515 0.688 0.888 0.798 0.786
Ran 0.906 1.0 0.581 0.579 0.861 0.774 0.691
DeB 0.515 0.581 1.0 0.613 0.606 0.612 0.598
Bal 0.688 0.579 0.613 1.0 0.67 0.636 0.769
Kra 0.888 0.861 0.606 0.67 1.0 0.693 0.711
Nel 0.798 0.774 0.612 0.636 0.693 1.0 0.872
Bar 0.786 0.691 0.598 0.769 0.711 0.872 1.0

There is not much available data on CFF with quantifiable values of associated with

both luminance and PCFs, to be used to train deep learning models. The psychophysics

data previously published by Bartley and Nelson have been used to train the DNN[76].

The target stimulus was a truncated wedge-shaped area which was maximum 9
16 inches

high and 11
16 inches wide. The subjects viewed the target 30 inches away from the target

and the target subtended a visual angle of 1◦4′. The data contained the critical flicker

frequency for seven different PCFs and four intensities for seven subjects. There were 28

CFFs recorded for a subject. The CFF values for a subject Coo published in the report
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can be seen in Table 3.1. In order to select the subject whose data was to be chosen

for deep learning, the Spearman correlation between all 28 CFFs for the subjects were

calculated , which can be seen in Table 3.2. Then the correlation values were added up.

The CFF values for the subject Coo gave the maximum sum in this manner, and chosen

for training the neural network.

3.3.2 Methods

Figure 3.4: The training ranges used for generating one dimensional waves with
parameters as intensity, frequency and PCF

Since CFF is a threshold frequency, we have made the assumption that for a given

luminance and PCF, any wave with the frequency between CFF+1 and CFF+4 will

appear as steady as the photic pulses with frequency above CFF appear as steady.

Similarly for a given luminance and PCF, the waves with frequency between CFF-1 and

CFF-4 were assumed as flickering. The set of parameter combinations used to train

each class is seen in Figure 3.4. A photic pulse can be represented by a one dimensional

array. One dimensional representation of photic pulses can be constructed from the

three parameters, viz. intensity, PCF and frequency. This work has generated photic

pulses with a duration of ten seconds for training. The array was sampled at 0.001

seconds for Experiment 1 and 0.0001 seconds for Experiments 2 and 3. So each array

had 10000 elements in Experiment 1 and 100000 elements in Experiment 2 and 3. Now

for the purpose of training and testing, more than one time series representation could

be constructed with a given PCF, intensity and frequency.
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Figure 3.5: Five random points chosen in a photic pulse frequency 25 hertz, PCF 1
2

and duration between 11.5 and 12 seconds. The classification made by a human subject
at any of these points for a photic pulse will be the same.
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(a) A photic pulse train with a constant amplitude perturbation of 25 cd/ft2 for first 0.8
seconds
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(b) A photic pulse train with a constant amplitude perturbation of 100 cd/ft2 for first 1.2
seconds

Figure 3.6: The first two seconds of a ten second photic pulse with frequency 25Hz,
PCF 1

2 and amplitude 116.4cd/ft2. The final classification made by the subject, after
observing the stimulus for 10 seconds, would be independent of the perturbations in

the initial two seconds.
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3.3.2.1 Time series data point generation procedure

• Initially a rectangular wave was generated with duration of 12 seconds for a PCF,

intensity and frequency using signal.square function in python scipy library. From

this, a ten second wavelet starting anywhere within the first 2 seconds of the

12 second representation, was selected at random. This was done to randomize

the phase shift of the rectangular wave. Some possible endpoints for wavelets of

duration 10 seconds, when the starting point of the wavelet was chosen arbitrarily

from 1.5 to 2 seconds of the initial 12 second wave, can be be seen in Figure 3.5. The

final classification made by a human subject at any of the five endpoints as seen in

Figure 3.5 will be the same. It is because, when a subject has observed a periodic

photic pulse for a sufficient duration, his classification into steady or flickering

will not change if he has observed the stimulus for a few more seconds. For a

particular time period, there will be Timeperiod*samplerate datapoints which is

equivalent to samplerate/frequency. So for a photic pulse with frequency 40 hertz

and a particular PCF, it will correspond to 25 datapoints in Experiment 1 and

250 datapoints for Experiment 2.

• For the ten second wave thus selected, a constant amplitude was chosen at random

from between intensity of the wave and zero. A random portion of the beginning of

the wave, less than two seconds, was filled with this constant amplitude. Since the

subject views the photic pulse for some duration before making the classification,

we have assumed that the classification would be independent of the final phase

of the wave and some random constant intensity at the beginning of the stimulus.

Two such perturbations added to a photic pulse representation of frequency 25Hz,

PCF 1
2 and amplitude 116.4cd/ft2 can be seen in Figure 3.6.

3.3.2.2 ANN library

Python based keras was used to train the model. The models were trained using Nadam

optimizer with default values in the library.

3.4 Experiment 1 and its Results

This experiment used only a section of training data. Photic pulse representations

with luminance 7 cd/ft2 and PCFs 1
4 ,

1
2 ,

3
4were used to train and validate the model.

The photic pulses were sampled at 0.001 seconds and 10 second representations were

generated for a particular set of parameters in the way described in the methodology

section. For each PCF, four frequencies above and below the CFF from the parameter

range in Figure 3.7 were chosen for a mini batch. The minibatches had 8 photic pulses

for a particular CFF and each minibatch had 24 datapoints. New mini batches were
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Figure 3.7: The parameter ranges of training data points used in Experiment 1. Only
photic pulses of intensity 7cd/ft2 and three PCFs were used in training for the experi-
ment. The corresponding frequency ranges for the pulses are shown in the diagram.

generated for training and validation in each iteration. Five different neural network

architectures, including the proposed Convolutional Recurrent Neural Network (CRNN),

were used to train the data.

3.4.1 Networks used

3.4.1.1 Simple RNN 1

In this neural network with three layers and 89 parameters, the input signal, was passed

onto a simple RNN layer with 6 neurons. The final state of the recurrent layer was

passed onto a dense layer with 5 neurons which was passed onto the final output layer

with a single layer. Sigmoid activation function was used for all layers.

3.4.1.2 Simple RNN 2

In this neural network with three layers and 9036021 parameters, the input signal was

passed onto a simple RNN layer with 3000 neurons. The final state of the recurrent

layer was passed onto a dense layer with 10 neurons which was passed onto the final

output layer with a single layer. Sigmoid activation function was used for all layers.

3.4.1.3 LSTM 1

In this neural network with three layers and 233 parameters, the input signal passed

onto an LSTM layer with 6 neurons. The final state of the LSTM layer was passed onto

a dense layer with 6 neurons which was passed onto the final output layer with a single
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layer. Sigmoid activation function was used for the dense layer and tanh activation

function was used for the LSTM layer.

3.4.1.4 LSTM 2

In this neural network with three layers and 36054021 parameters, the input signal was

passed onto an LSTM layer with 3000 neurons. The final state of the LSTM layer was

passed onto a dense layer with 10 neurons which was passed onto the final output layer

with a single layer. Sigmoid activation function was used for the dense layer and tanh

activation function was used for the LSTM layer.

3.4.1.5 Convolutional Recurrent Neural network

Convolutional Recurrent Neural Networks (CRNN) are artificial neural networks with

convolution layers, a recurrent layer and fully connected layers[77]. The CRNN model

used in the experiment had 1419 parameters. The input signal was passed onto convo-

lution layer with 8 filters. The convolution layer had 160 elements in each filter. The

output of the convolution layer was passed onto a recurrent layer with six neurons with

sigmoid activation function. The final state of the recurrent layer output was passed

onto a dense layer with five neurons and then to the output layer with a single neuron.

Sigmoid activation functions were used for dense layers.

3.4.2 Results

The accuracies and mean squared errors for the five neural networks can be seen in

Figure 3.8. The accuracies and mean squared errors in the figure have been Gaussian

filtered with a sigma value of 10. The convolutional recurrent neural network architecture

was found to be doing best work in training the data and so it was used for training

entire dataset in Experiment 2 with further modifications inspired by a biological law

as explained in the next section.

3.5 Experiment 2 and its Results

3.5.1 The Proposed Convolutional Recurrent Neural Network Model

The input representation was of dimension (100000, 1). The amplitude values in the

input wave were transformed using dense networks as follows. Each timepoint in the

network was initially passed onto a dense layer with 16 neurons. We have tested two

variants of this architecture that differ in the activation function of this layer. The first
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Figure 3.8: The accuracies and mean squared errors for each neural network over the
iterations in experiment 1. The mean square errors are depicted with the same color as
accuracy for a network but with dotted lines. The iterations have been Gaussian filtered
with sigma value 10. As can be seen from the diagram, the Convolutional Recurrent

Neural Networks (CRNN) perform the best in learning from data.

variant used sigmoid activation function and second variant used logarithmic activa-

tion. The DNN model with logarithmic activation is in Figure 3.9. In the variant with

logarithmic activation, the weights and bias were constrained to be non negative and

were initialized with value 1 for the training process. This logarithmic transformation

operation was done taking inspiration from Ferry-Porter law and Fechner’s law. While

Ferry-Porter law states that CFF = k(log(L)− log(Lo)) where L is the luminous inten-

sity of the photic pulse and Lo is the threshold intensity[78], the Fechner’s law states

that magnitude of sensation is not proportional to absolute value of stimulus but to the

logarithm of the magnitude of the stimulus[79]. In this DNN, we have made the trans-

formed stimulus passing onto higher layers, logarithm-like by expressing the transformed

stimulus as a weighted sum of 16 different logarithmic functions, instead of making the

transformation a strict mathematical logarithmic function.

The transformations were then added up separately into four different neurons. This

was done as there are four types of photoreceptors, which are the rods and the three

types of cones in the human eye. The weights were constrained to be non-negative for

these neurons. The human visual system performs low pass and band operations on

flicker stimulus[80]. Mammalian retina can also generate transient on and off responses

to change in luminance[81]. These operations can be mathematically achieved by a

convolution filter. Six different convolutions on the time domain were done on the

output of all the four modeled receptor outputs. The convolution filters had a dimension

of 1600 elements, six channels and used rectified linear (ReLU) activation function. Valid
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Input Layer (100000, 1)

Dense Layer (100000, 16)

Dense Layer
(100000, 1)

Dense Layer
(100000, 1)

Dense Layer
(100000, 1)

Dense Layer
(100000, 1)

Convolution
(98401, 6)

Convolution
(98401, 6)

Convolution
(98401, 6)

Convolution
(98401, 6)

Concatenation Layer (98401, 24)

Dense Layer (98401, 10)

Pooling Layer (9840, 10)

Recurrent Layer (9840, 8)
Final State (8)

Dense Layer (8)

Output Layer (1)

Figure 3.9: The model of the neural network used to train psychophysics data. The
dimensions of the layers are given in brackets. The nodes colored red, green and blue
have sigmoid, ReLU and logarithm as activation functions. The input intensity at a
particular time was subjected to logarithmic transformations inspired by Ferry-Porter

and Fechner’s laws.
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convolution operation gave time series representations with 98401 elements. The outputs

of four such convolutions with six filters each, were concatenated back to produce a

time series representation with 24 channels. The concatenated output was passed onto

another dense layer with 10 neurons and rectified linear activation function. This was

done to model any summations of various temporal responses that can occur in the visual

system. The resulting output was average pooled with a pool size of 10. It reduced the

dimension of time series data from (98401, 10) to (9840, 10). The resulting time series

was fed to a recurrent layer with 8 neurons and sigmoid activation function. The final

state of the recurrent layer was passed onto a dense layer with six neurons and then

to the output layer with a single neuron. Sigmoid activation function was used for the

final two layers. The output for a photic pulse that appeared flickering to the subject

was set as one and that which appeared steady was set as zero. The network had 39007

trainable parameters.

3.5.2 Training Process

The neural network was trained initially on the CFFs of the subject Coo. New mini

batches were created for training and validation for each iteration. For each pair of inten-

sity and PCF, four different frequencies were randomly chosen from the corresponding

frequency range as in Figure 3.4 for both training and validation. So each mini batch had

224 datapoints. The loss and accuracy from validation minibatches were used to plot

the learning curves of this model. The variant with sigmoid activation function in the

first dense layer failed to fit the data. On the other hand, the variant with logarithmic

activation function in the same layer was able to fit the data, and the changes in loss and

accuracy over the iterations can be seen in Figure 3.10a. The subject whose CFF dis-

tribution was closest to Coo is Ran with Spearman’s Correlation 0.906 and whose CFF

distribution was farthest from that of Coo is DeB with Spearman’s correlation 0.515.

The neural network was then preloaded with weights of iteration 7655 on training with

CFF data for Coo. It had a validation accuracy 0.9643 with loss of 0.0405. The weights

corresponding to that iteration was chosen since it gave the highest accuracy after all the

accuracies were Gaussian filtered with a sigma value of 10. The results for training with

CFF data for Ran can be seen in Figure 3.10c and for DeB in Figure 3.10b. The model

could fit CFF data for Ran with accuracy 0.899 and those of DeB with accuracy 0.869.

The model was training faster with fewer iterations for DeB and Ran with preloaded

with trained weights of Coo as can be seen in Figures 3.10b and 3.10c.

Psychophysics has been mostly devoted to fundamental aspects of perception common

across humans than subtle aspects that vary between subjects[24]. Though the subjects

differ in the psychophysics data of flicker perception, the faster training of the subjects

data on the DNN pretrained with another subject shows that the DNN captures features

common to the flicker perception mechanism in the three subjects.
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(a) The changes in loss and accuracy of the neural network trained on CFF data of subject
Coo over the iterations.

(b) The changes in loss and accuracy of neural network trained on CFF data of subject DeB
over the iterations. The corresponding loss and accuracy for Subject Coo at the same iteration

is also shown.

(c) The changes in loss and accuracy of the neural network trained on CFF data of subject
Ran over the iterations. The corresponding loss and accuracy for Subject Coo at the same

iteration is also shown.

Figure 3.10: The change in accuracy and mean square error for psychophysics data of
three subjects Coo, DeB and Ran over the iterations for neural network with logarithmic
activation in the first dense layer. The neural network was trained beginning with

random weights for Coo and the pre-trained weights of Coo for Ran and DeB
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3.5.3 Test for the model

To test the model, the classifications at all points were calculated from the recurrent

layer output, while only the final layer output was used for training. It was done by

passing on all the recurrent layer outputs to the next layer instead of just the final layer

as was used for training. Since the output of a stimulus perceived as flicker was set to 1

and that perceived as steady to 0 during training, the output of any stimulus perceived

as steady should be close to zero. A constant stimulus without any changing luminance,

will be perceived as steady by a subject. The model was tested with constant stimulus

representations of 1, 10, 100 and 1000 cd/ft2. The model gave an output ∼ 0.64 for a

non intermittent stimulus. Though the DNN was shown to fit the data, The DNN failed

in classifying a constant stimulus as steady. We tried to fix this limitation in Experiment

3.

3.6 Experiment 3

Since, the network classified a constant non-intermittent stimulus as flickering in the

previous experiment, the condition that a non-intermittent stimulus should be classified

steady was introduced during the training process. After choosing a ten second wavelet

from 12 second second wave as described in the methodology section, each representation

in a mini batch with the label steady was manipulated as follows.

• there was a probability 0.25 that the entire representation was filled in with zeros.

• there was a probability 0.125 that the entire representation was filled with a fre-

quency between 0 and intensity of the pulse.

• there was a probability 0.125 that a timepoint was chosen at random from the first

nine seconds of the representation. The remainder of those timepoint was filled

with a random intensity between 0 and intensity of the photic pulses.

• There was a probability of 0.5 that the representation would be left as it is.

• A perturbation was added to the beginning of this photic pulses as described in

the methodology section.

The network was trained from pre-trained weights from Experiment 2. The results

of the training can be seen in Figure 3.11a. The network, after training, was fed with

constant stimulus of intensities 10, 1000 and 1000 cd/ft2, and gave a neuronal output

of ∼ 0.37.

The network could not be trained with new methodology from scratch as can be

seen in Figure 3.11b. Since a non intermittent stimulus should be classified as steady,
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(a) Results of training with pretrained weights from Experiment 2

(b) The results of training the network from scratch.

(c) Training results of network with frequency range of flicker stimulus from CFF-1 to CFF-2

Figure 3.11: The changes in loss and accuracy of the network with methodology of
Experiment 3. The plots have been Gaussian filtered with sigma value of 10.
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a photic pulse stimulus with very low frequency should also be classified as steady by

the network except when there is a change of luminance. Since we do not know this

cutoff for low frequency, the network was trained with a reduced frequency range for

flickering. The frequency range for flicker stimulus was changed from CFF-1 to CFF-4,

to CFF-1 to CFF-2. The results of training the network with new range can be seen in

Figure 3.11c. The network could not be trained from scratch even in the new training

set range.

3.7 Possible Tests for the model

The DNN trained in Experiment 3 with the pretrained weights of Experiment 2 was

chosen to test the model. Experiment 3 weights were chosen because they met the

condition that they classified a steady state stimulus as steady. The classifications for

all time points were generated by the DNN for testing instead of just the final recurrent

state as was used for training.

3.7.1 Output for 1 hertz stimulus
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Figure 3.12: The DNN output for two seconds duration against pulses of frequency
1 hertz, PCF 1

2 and luminances of 1 , 10, 100 and 1000 cd/ft2. A constant stimulus
input gives an output 0.37 and a 0 cd/ft2 input gives as output 0. The output close
to 1 indicates classification as flicker and that close to zero indicates the classification
as steady. The DNN output rises close to 1 when there is a sudden change of intensity
to or from 0 cd/ft2. As can be seen from the figure, after a sudden change in intensity,

it takes more than 160 milliseconds for the DNN to output to fall to 0.37 or 0.

A subject should not perceive flicker for a constant stimulus of any intensity. The

flicker should be sensed only when there is a sudden transition of intensity. The DNN

was tested for this with a square wave stimulus of time period of 1 second and PCF 1
2 ,

for luminances 1, 10, 100, 1000 cd/ft2. The shape of photic pulse and corresponding
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outputs can be seen in Figure 3.12. The DNN had been trained to give an output of

1 for perception of flicker and 0 for steady. The DNN gives output ∼ 0 when there is

a steady input of 0 cd/ft2 and an output ∼ 0.37 when there is a constant amplitude

stimulus. It can be observed in Figure 3.12 that the classification of the stimulus changes

to flickering when there is a sudden change in amplitude of the stimulus. After a sudden

fall in intensity to 0 cd/ft2 or a rise from it, the classification comes back to steady after

more than 160 milliseconds which is the time duration of the convolution filter.

3.7.2 Square wave stimulus

Flicker stimuli of intensities 1, 10, 100 and 1000 cd/ft2, with PCF 1
2 , duration of ten

seconds and frequencies from 1 to 1000 hertz were fed into the input layer. The mean

of the last 1 second output with a cutoff of 0.5 was used for classification. Photic pulses

with very high frequencies should appear as steady for a subject. It can be seen in

Figure 3.13a that the DNN satisfies this criteria for most of the frequencies for all the

four intensities. However,the network classifies some frequencies above CFF as flickering.

Moreover, it can be seen from Figure 3.13b, that the DNN classifies frequencies as high

as 100 hertz as flickering which is not perceivable to a human subject .

3.7.3 Sinusoidal Stimulus

The stimulus was tested with waveforms of the form I(t) = I(1 + msin(2πft)) as in

Figure 3.2a. The stimulus had luminances I with values 1, 10, 100 and 1000 cd/ft2

for stimulus duration of 10 seconds. The means of the output for the last 1 second

with threshold value 0.5 have been used to generate the contours for transition between

flicker and fusion in Figure 3.14a. The transition contours for a subject for various

retinal illuminations in trolands have been plotted in Figure 3.14b from psychophysics

data published by Kelly[82]. The transition data for four subjects for 850 trolands retinal

illumination obtained by Kelly[83] has been plotted in Figure 3.14c. In Figure 3.14c two

subjects show two peaks in the transition curve instead of a single peak unlike the other

two subjects in Figure 3.14c and the subject in Figure 3.14b. The boundaries obtained

by DNN in Figure 3.14a show several peaks. The model detects sinusoidal flicker at

higher frequencies while failing to detect flicker at very low modulation values as in

real psychophysics experiments plotted in Figures 3.14b and 3.14c. The psychophysics

readings provided for comparison in Figure 3.14 were taken for a stimulus with a larger

visual angle than that was used to train the network[82]. The psychophysics readings

with smaller visual angles than the ones plotted for comparison also have a similar shape

without multiple peaks[60].
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(a) The figure shows classification done by the DNN for photic pulses of frequencies upto 1000
hertz. The DNN for most part classifies photic pulses with very high frequencies as steady,

which hold true for humans.
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(b) This shows the classification done by the DNN on photic pulses of frequencies from 1
to 100 seconds. The DNN classifies the photic pulse of frequencies as high as 100 hertz as

flickering, which is not perceivable to a human subject.

Figure 3.13: Classifications made by DNN for square wave stimuli of duration 10
seconds with PCF 1

2 for four intensities. The classifications were made for photic pulses
of each frequency by taking mean of the last 1 second of the output with 0.5 as cutoff.
Red points indicate classification as flicker and green points indicate classification as

steady.
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(a) The boundaries generated in the predicted output of the DNN for four different luminances.

1 2 5 10 20 50 80

0.5

2

4
5

10

20

50
75
100

Frequency (Hz)

m
(%

)

9300
850
77
7.1
0.65
0.06

(b) For different retinal illuminances
in trolands, for a subject published

by Kelly[82].
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(c) Psychophysics data of four sub-
jects for retinal illuminance 850
trolands published by Kelly[83]. The
psychophysics data of two subjects
(olive and blue) show two peaks in-
stead of a single peak like the other

two.

Figure 3.14: The boundaries between regions of flicker and fusion for sinusoidal
stimulus of waveform I(t) = I(1 + msin(2πft)) as in Figure 3.2a. The parameter

m has been plotted against frequency of the pulses.

3.7.4 Waveforms with pulses of alternate time period

The DNN was tested with stimulus of waveforms in Figure 3.2b for luminances 1, 10, 100

and 1000 cd/ft2 and ten second duration. The mean of the last 1 second output with a

threshold value of 0.5 was used for classification of the stimulus. The classifications of

combination of timeperiods as flickering and steady, generated by the DNN for the four

luminances are in Figure 3.15. The shape of fusion contour for the stimulus determined

via previous experiments have been plotted in Figure 3.15e. The previous works had

determined that the boundary conditions for the fusion contour is determined by the

lines x+ y = P and x+ y = 2P , where P is the period associated with CFF of a simple

stimulus of PCF 1
2 [61]. The lines x = y, x + y = P and x + y = 2P have been plotted

for predictions made by DNN in Figure 3.15.
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(a) Luminance 1 cd/ft2 (b) Luminance 10 cd/ft2

(c) Luminance 100 cd/ft2 (d) Luminance 1000 cd/ft2

(e) The shape of fusion con-
tours for subjects obtained from
previous psychophysics experi-

ments[61, 84]

Figure 3.15: The first four subfigures show the predictions made by the network for
photic pulse inputs of the waveform as in Figure 3.2b for four different luminances.
The white regions represents the region classified as flickering by the DNN and the
dark region represents the region classified as steady. The shape of fusion contour from
previous psychophysics experiments have been plotted in the last subfigure. Previous
psychophysics experiments have determined that the shape of the figure is determined
by equations x = y, x + y = P and x + y = 2P . P is the period in which a simple
flicker of PCF 1

2 changes from flickering to fused[61]. The equations x = y, x+ y = P
and x+ y = 2P have been plotted in figures red, green and blue lines.
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Figure 3.16: Nelson, Bartley, and Harper had generated short pulse trains with gaps
proportional to the timeperiod of the pulse. The psychophysics experiment consisted
of fusing the short pulse trains instead of the whole train[62]. Here the DNN has been
used to simulate the perception of a similar stimulus with 5 pulses of PCF 1

2 with a
gap of 1 pulse and luminance 1cd/ft2. If the short pulse train is classified as fused by a
subject, the output should be close to 1 only at the beginning and end of the short pulse
train, similar to a very long pulse as in Figure 3.12. As of now, the proposed model
has not been able to find cutoff frequencies below which short pulse trains show such
behavior. For the stimulus with timeperiod of 26 milliseconds, the output of the DNN
shows an output closer to the desired output when the short pulse trains are fused.

3.7.5 Fusion of short pulse trains

The proposed model can be used to test fusion of short pulse trains with a gap propor-

tional to the time period of a single pulse as in Figure 3.2c. Nelson, Bartley, and Harper

had measured CFF of short pulses for combinations of various numbers of pulses, PCFs

and gaps for two subjects and five different intensities. In this experiment frequencies

were adjusted to fuse the short pulse trains instead of the whole photic pulse train[62].

This experiment is different from the binary classification experiment on which the net-

work was trained on, and the mean of the output or the final element of the output

cannot be used to predict the fusion of short pulse trains. The proposed model can

still be tested with the fusion of short pulse trains. The testing can be made with the

assumption that when the short pulse trains are fused, the fused short pulse trains will

be perceived as a single big pulse and the output for the pulses will be the same as that

of long pulses in Figure 3.12. So for a short pulse train with frequency above its CFF,

the DNN should give an output close to 1 only at the beginning and at the end of a short

pulse train. At present, the network was not able to detect such a behavior with a cutoff

frequency for short pulse trains. The output of a stimulus of luminance 1 cd/ft2 with

five short pulse trains followed by a gap of 1 pulse, and time period of 26 milliseconds

along with the input stimulus can be seen in Figure 3.16. For this particular input, the
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output of the DNN has been close to 1 only near the beginning and end of the short

pulse train, which should be the case for an ideal network when short pulse train appear

as fused.

3.7.6 Similarities between the intermediate layers of the DNN and the

EEG response to flicker.

Figure 3.17: The response frequencies in the output of the first neuron in the third
dense layer of the model have been plotted as a function of the input frequencies of the
stimulus. Simple square wave photic pulses with luminance 1cd/ft2 and PCF 1

2 were
used as input. The response frequencies were plotted on the X axis in the same fashion
as previously plotted by Herrmann on human EEG response to flicker stimulus[65]
and flicker response in cat cortex by Rager and Singer[85]. Fundamental frequency,
harmonics as well as first subharmonics are present in the human EEG response to flicker
stimulus of various frequencies[65]. The plotted diagram shows stimulus frequencies
generating fundamental frequency and harmonics in the response which is the same
as response in area 17 and 18 of cat cortex to flicker stimus as plotted by Rager and

Singer[85].

A related domain in the study of flicker perception is the electrophysiological response

to flicker stimulus. So far, there does not seem to be much of a correlation between

EEG response to flicker and the psychophysics of flicker fusion[86]. We propose here

that correlations between psychophysics of flicker fusion and electrophysiology of flicker

stimulus can be made by comparing the output of the intermediate layers of DNN

trained with psychophysics data of flicker fusion with the recorded electrophysiological

response to the same stimulus. Harmonics and sub-harmonic oscillations in addition to

fundamental frequency of flicker stimulus have been detected in the human EEG response

to flicker stimulus[65]. The sub-harmonic oscillations were reported to come from the

parietal electrodes instead of occipital electrodes unlike in the case of harmonics[74]. No
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clear evidence of sub-harmonic oscillations were reported in local field potentials and

multi unit activities from areas 17 and 18 of cat visual cortex stimulated with flicker[85].

The harmonics as well as the fundamental frequency are present in the output of a

convolution response to flicker stimulus as can be seen in Figure 3.17. Similar to the

output in Figure 3.17, fundamentals and harmonics are evoked in the EEG response to

flicker stimulus even if the subject is not able to perceive flicker[65]. Harmonics upto

fourth harmonic are evoked in human EEG response to flicker [65] which is also present

in the output of midlayers of DNN as can be seen in Figure 3.17.
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Figure 3.18: The amplitude associated with fundamental frequencies for three neurons
in a convolution operation done by the DNN. Square photic pulses with PCF 1

2 and
luminance 100 cd/ft2 were fed as input. The amplitudes of fundamentals show distinct
peaks. The amplitudes of fundamentals from EEG response to flicker had shown distinct

peaks [65] but with fewer in number than the current simulation.

The human EEG response to flicker stimulus shows resonance at frequencies around

10, 20, 40 and 80 hertz[65]. The average of fundamental amplitude for 10 subjects

measured by Herrmann, had shown strong resonance at 10 hertz and weaker peaks at

10-10 and 35-35 hertz range[65]. The profile of the fundamental for three neurons in

the first convolution operation of the network, plotted in Figure 3.18 shows distinct

peaks at certain frequencies. However the Figure shows much more distinct peaks than

have been observed in human EEG response to flicker. The resonance behavior at

certain frequencies in human EGG response to flicker stimulus could be the result of a

convolution operation.

3.8 Discussion

3.8.1 Contributions

We have proposed a Brain Computational Model for flicker fusion and conducted a host

of computer simulation experiments on the perception of flicker. The proposed model
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can fit the psychophysics data for a human subject the assumed parameter range. We

also show that a model once trained on a particular subject, could fit faster for the

psychophysics data of another subject whose CFF distribution is different from that

of the first subject, implying the DNN learns features of flicker perception mechanism,

common across subjects. The network may be trained with rectangular wave photic

pulses as in Figure 3.1 and tested with other waveforms as in figures 3.2 and 7.9. The

proposed BCM also gave a methodology to bridge the gap between psychophysics and

brain signals associated with flicker by suggesting that human EEG response to flicker

stimulus can be the result of a convolution operation on the stimulus.

3.8.2 Comparison with previous models

The present work proposes that a top down model of flicker fusion can be built from

psychophysics data using backpropagation technique. Further, signals associated with

flicker like EEG or ERG are not needed in building and training the model. This

work proposes a new top down approach to model flicker fusion and electrophysiological

response to flicker which is distinct from the earlier models[70, 71, 72, 73, 74].

3.8.3 Limitations

The model was trained with the assumption that for a given intensity and PCF, photic

pulses with frequencies between CFF+1 and CFF+4 will appear as fused and those with

frequencies with CFF-1 and CFF-4 will appear as flickering. This assumption might not

always hold in reality as can be seen in some previously published psychophysics results

as demonstrated in Chapter 7. We have only provided photic pulses with frequencies

upto CFF+4 for the label steady. So it can happen that network will learn to classify

regions with frequencies CFF+1 to CFF+4 as steady, but at the same time photic pulses

with frequencies greater than CFF+4 can get labeled as flickering which happened to

the network as can be seen in Figure 3.13b.

We have plotted results from previous psychophysics works for subjective comparisons

to test the model. The subjective comparisons showed only rough similarities with the

published psychophysics data. Extra peaks not seen in the data from human subjects

have been produced by the proposed network in Figure 3.14a. Extra peaks have also

been generated by the network in the profile of fundamental frequency in convolution

operation on the stimulus as compared to the observed data in human EEG response to

flicker(Figure 3.18). Both of these can be the outcome of the convolution layer being non-

optimal. Though we have shown that being pretrained with a subjects psychophysics

data, can make the training of the same DNN on other subjects faster as can be seen in

Figures 3.10b and 3.10c, the network failed to fully fit the parameter ranges associated

with the new subjects with near 100% accuracy as was possible with the first subject.



3.9. Conclusions 67

The comparisons for other flicker stimuli, have not been made on the psychophysics

data of the subject used to train the DNN. There exists subjective variation in perception

of flicker. This could be overcome by gathering training data and test data from the same

subject. The hyperparameters used in the model like the dimension of the convolution

filter may not have been the optimum. This could have prevented the model from getting

fit to give the most psychophysically faithful results.

3.8.4 Future Works

The proposed neural network, in future, can be trained and tested on psychophysics

data from a single subject under similar conditions. This work trained DNN with an

achromatic flicker stimulus. DNNs can be trained with psychophysics data of chro-

matic stimuli as in Figure 7.9b by using different channels for each color in the input

representation of the stimulus. Further correlations could be probed between internal

representations of a DNN trained on the psychophysics data of a subject as well as fMRI

and EEG data acquired from the same subject.

3.9 Conclusions

We conclude that a Convolutional Recurrent Neural Network with the time series rep-

resentation of intensities subjected to a logarithmic transformation can be used to con-

struct a trainable and testable Brain Computational Model of flicker perception.

• The work proposes a deep neural network model that could take in real time inputs

like human visual system and make a classification of flicker fusion the same way

a human subject does.

• The model uses a logarithmic transform of the stimulus intensity before it is fed into

the classifier. This was in accordance with Fechner’s law that says that magnitude

of sensation is not proportional to the perceived value of the stimulus but to its

logarithm. The model failed to fit the data when logarithmic transformation was

replaced by sigmoid transformation.

• The work shows that Convolutional Recurrent Neural Network (CRNN) is better

to train time series flicker data than a simple RNN or LSTM.

• The work trains a CRNN making assumptions that for a given PCF and luminance,

waveforms with frequencies above the CFF will classify the stimulus as steady and

those below it as flickering. The real psychophysics data can have outliers as

demonstrated in Chapter 7.
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• The work has simulated psychophysics experiments of flicker pattern different from

the one used to train the network. Though the simulated output for testing is not

entirely in agreement with the reported ground truth, it shows that the network

can be used to test on totally unrelated stimulus patterns.

• The proposed model can be used to explain the correlations between electrophysio-

logical responses to flicker stimuli and the psychophysics of flicker perception. The

presence of fundamental and harmonics of the pulse frequency in electrophysiolog-

ical response to flicker can be explained as the action of a temporal convolution

operation on the stimulus.



Chapter 4

A biologically inspired model for

the perception of flicker wheel

illusion

Chapter summary:

Flicker Wheel illusion is a visual illusion of a wheel with spokes which appear

to flicker. The perception of flicker wheel illusion is affected by physical

parameters of the stimulus like number of spokes and contrast. This work

generates multiple variants of flicker wheel by varying physical parameters

associated with the stimulus. The stimuli are then presented on a computer

screen and is labeled by a human subject into two classes on basis of whether

the subject perceives flicker in the stimulus or not. DNNs are trained to

classify the images the same way a human subject does. Many existing

CNN Networks are shown to be able to classify the data. However, the best

performance comes from the proposed bio-inspired Deep Neural Network

that takes into account the microsaccades in the human eye. The proposed

architecture yields accuracies close to the consistency of human subject in

the psychophysics experiment.

4.1 Introduction

Visual illusions [14] are like gaps in our visual mechanism through which we can spy,

in a non-invasive manner, into the internal mechanisms of the brain. The illusions

such as those which are geometric [15], or related to brightness [16],or motion [17] etc.,

where our perception fails to replicate the environmental reality, are the crucial tools to

69
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Figure 4.1: The Flicker Wheel Illusion

understand the visual brain’s internal processing. Among the class of motion illusions,

there exists those where a static image may be perceived as moving e.g. the Peripheral

Drift Illusion (PDI) [18]. A deep neural network (DNN) is an Artificial Neural Network

with multiple hidden layers between input and output layers which perform linear and

non linear transformations[87]. Biologically inspired Deep Neural Network(DNN)s like

PredNet have been able to replicate the perceived motion in optical illusions like rotating

snake illusion[88].

This chapter attempts to model simpler illusions in which there is no perceived di-

rection of rotation of motion. To this end, there exists a well-known phenomenon called

flicker fusion, as explained in detail in the previous chapter, where the opposite happens,

viz. a subject is unable to perceive a source of light as flickering beyond a frequency

threshold of the flicker[60]. Here, instead of modeling with real physical flickering sources

as in the previous chapter, we have taken recourse to a standard and well-known visual

illusion based study. This is the simple image of a wheel consisting of several spokes,

which under suitable conditions, appears as a flickering source on the paper or computer

monitor [19]. Data on flickering and still images have been generated by varying physical

parameters associated with the stimulus and having them labeled as flickering and still

by human subjects. We then go on to propose a deep neural network architecture that

may be able to incorporate the microsaccadic eye movement.

4.2 Background and Related Works

The flicker wheel illusion consists of a wheel with 30 to 40 spokes as shown in Figure

4.1. It appears to flicker vividly and regularly[19]. The sensation of flicker so induced

is influenced by the contrast in the image as well as the number of spokes[19]. Under-

standing the human cognition for such a task will require building of models that can
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perform cognitive task, and test them with behavioral and brain experiments[34]. Deep

Learning has been put forward as a tool for modeling the brain[2]. Although, as already

mentioned, biologically inspired deep neural networks like PredNet have been able to

replicate the perceived motion in optical illusions like the rotating snake illusion[88],

Funke et al. have argued that the mechanism of perception of rotating snakes illusion

should be different from that of PredNet, since the network does not emulate such bi-

ological processes as microsaccades which are necessary for the perception of rotating

snakes illusion[89].

Physiological phenomena like eye movement and pupil measures are day by day as-

suming greater importance for the computer vision community [90]. Saccades are eye

movements that occur when the eye is not fixated on an object. Fixational eye move-

ments are the smaller movements that occur when the eye is fixated upon and object.

The fixational eye movements are of three types drift, microsaccades and tremor. Drifts

are slow moments that occur between inter saccadic intervals and are similar to random

walk problem. Microsaccades are fast eye movements that cause small shift in posi-

tion of the eye that happens a couple of times a second when the eye is fixated on an

object. Microsaccades are much faster than drift[91]. By tracking the eye movements

of subjects looking at the rotating snakes illusion and comparing it with their percep-

tion of movement in the illusion it has been shown that microsaccades are necessary

for the perception of motion in rotating snakes illusion[92]. Microsaccades have also

been shown to be a factor behind perceived motion in enigma illusion[93]. Although,

the microsaccades are not absolutely necessary for perception of Flicker Wheel illusion

since the flicker illusion can also be observed in the afterimage on the retina, but the

perception of flicker in flicker wheel illusion is strongest in the presence of the small eye

movements[19]. Hence incorporation of this physical phenomenon in any neurocompu-

tational modeling of flicker wheel perception needs to be considered as an important

plank.

Some attempts have been made to model eye movements on responses of retinal

ganglion cells [94, 95], but DNNs have till now not been related to such models.

4.3 Dataset Generation

The images were generated with the shape 224*224*3. Multiple images were generated

by varying the physical parameters associated with the stimulus. The images consisted

of a spokes generated around a point. In the original flicker wheel illusion the spokes

were enclosed in a circle [19]. In the present work the spokes were enclosed in an

ellipse instead of a circle and another small elliptical portion of the wheel was left blank

without any spoke. We transitioned from a circular to an elliptical stimulus to better

reflect the anisotropy of human vision, as our perception and sensitivity often differ
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Table 4.1: The numerical ranges of parameters associated with variants of flicker
wheel

Parameter Value range

RGB values of the wheel 0 to 255

RGB values of the background 0 to 255

Lengths of semi major and
semi minor axes of inner ellipse

5 to 30 pixels

Lengths of semi major and
semi minor axes of outer ellipse

50 to 100 pixels

Number of Spokes 3 to 80

Angular thickness of spoke
0.2 to 0.8 times
angle subtended
by the spoke

Angular rotation of the flicker wheel
0 to angle
subtended
by the spoke.

along the horizontal and vertical axes[96]. An ellipse was chosen because it is the most

parsimonious geometric extension of a circle that allows us to account for these axial

variations. The major and minor axis of both ellipses were embedded along the X-Y

axes of the image. The RGB values of the wheel and background were chosen at random.

The parameter angle of a spoke, associated with the stimulus, is 2π
Numberofspokes . Another

parameter that was varied was the angular thickness of a spoke. After the wheel was

created using these parameters, the wheel was subjected to rotation by an angle. The

range of physical parameters associated with the stimulus are provided in Table 4.1.

The generated images were saved as .png files to a folder. Two such images generated

by the method can be can see in Figure 4.2.

The labeled dataset were created via a psychophysics experiment. PsychoPy package

of python was used to design the experiment. The images were displayed on an Eizo

ColorEdge CG247 Monitor. The image was displayed on the middle of the screen and

the entire screen was filled with same color as background of the flicker wheel image.

The subject was seated comfortably before the monitor in a dark room with head ap-

proximately 80 cm away from the monitor. The subject entered the responses via key

presses in a keyboard. The subject pressed the button Y in case motion was perceived in

the image. In case the subject did not perceive motion in the image, the subject pressed

the key N. Subject could skip classification of any image by pressing S. Immediately

after the key-press, the subject response and reaction time was tabulated in a text file

and the next image in the folder was loaded onto the screen. The subject stopped the

experiment, whenever he wanted, by pressing the key Q. The classifications were done

over a period of many days.

In case of psychophysics experiments there will be some difference in subject response

to the same stimuli in between subjects, as well as some inconsistency in response of
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Figure 4.2: Two of the images generated for psychophysics experiments. The images
might be perceived by a human subject to be flickering, or a still one, based on the

physical characteristics associated with the stimulus.

the same subject to the stimulus[24]. A subject who once detected flicker in an image

may not classify the same image as flickering when repeated later. If the response of

the subject is recorded by key presses, there is also a chance that the subject will give

wrong output by mistake. However we can overcome the problem of inconsistency by

increasing the size of the dataset. The labeling were done by two subjects. The first

subject was a 31 year old male with normal vision and the second subject was a 24 year

old female with corrected vision.
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Table 4.2: The classification of first 119 images done by the male subject repeated
twice. The total number of classifications into a label for each set of readings are there

in the last row and columns.

Classification made on
repetition
Flicker Still

Classifications
in initial experiment

Flicker 23 11 34
Still 5 80 85

28 91

4.3.1 Labeling by the male subject

The experiment was done on 2569 images of which the subject classified 912 images as

flickering and 1657 images as still. The median time taken per image for classification

was 2.065 seconds. In order to check the consistency of subjects readings, the experiment

was repeated again for the first 119 images. The results of the repeated experiment and

initial classifications can be seen in Table 4.2. If we regard the data of initial experiment

as the true values, the repetition will have a balanced accuracy of 85.03%. By taking

into account the inconsistency in subject classifications, a machine learning model for

the perception should also have a maximum possible balanced accuracy of around 85%.

4.3.2 Labeling by the female subject

Table 4.3: The classification of first 88 images done by the female subject repeated
twice. The total number of classifications into a label for each set of readings are there

in the last row and columns.

Classification made on
initial experiment
Flicker Still

Classifications
in repetition

Flicker 27 15 42
Still 14 32 46

41 47

The experiment was done on 1362 images of which the subject classified 547 images

as flickering and 815 images as still. The median time taken per image for classification

was 3.341 seconds. In order to check the consistency of subjects readings, the experiment

was repeated again for the first 88 images. The results of the repeated experiment and

initial classifications can be seen in Table 4.3. If we regard the data of initial experiment

as the true values, the repetition will have a balanced accuracy of 66.96%. By taking

into account the inconsistency in subject classifications, a machine learning model for

the perception should also have a maximum possible balanced accuracy of around 67%.
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4.4 Proposed Model

Figure 4.3: Filters capable of shifting the image one pixel to left (upper left filter),
right (upper right filter), up (upper center filter) or down (lower left filter) as well as
one that passes on the same image without doing anything (lower center filter). The

bottom right filter is equivalent of a closed eye associated with blinking.

When saccadic movements occur, the retinal image abruptly shifts on the retina,

the information about the edges in the object could be transmitted as the differences

between successive images in the retina[97]. Schmittwilken and Maertens had proposed

a model of edge detection that incorporated fixational eye movements[98]. The model

mimicked eye movements by shifting images over time[98]. Convolutional filters are also

capable of shifting the images over time as can be seen by filters in Figure 4.3. This

work uses a DNN to create a stack of images over time from a single image. An image

in this set of images could either be containing the edges in the image detected by edge

filter or could have been subjected to an operation as in Figure 4.3.

We propose a neural network model that takes an image with dimensions height1,

width1,channels1 as the input. It can be transformed into another tensor with di-

mensions height2,width2,channels2 by applying a convolution operation over it. The

network takes images with dimensions 224*224*3 as input and apply a valid convo-

lution filter which was generated from the image, where each frame with dimension

height2,width2,channels2 was obtained by performing a valid convolution on the orig-

inal image. Using permute layer in keras we change the dimensions of this layer to

channels2,height2,width2. The layer is then reshaped to an array on images stacked
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over time with dimensions frames,height3,width3,channels3 adding an extra dimen-

sion frames in the layer. The stack of images are again subjected to a 3D convolution

filter of kernel size [6, 5, 5] with strides of 4 along height and width dimensions, to reduce

the number of neurons transmitting information to upper layers and hence the number

of parameters. The individual images in these stacked images after 3D convolution are

all pooled and flattened. Each of these flattened images at a timepoint are fed onto a

recurrent layer with a single neuron. The final state of the recurrent neuron is set as

the output layer. The architecture of the proposed model with 64 frames is provided in

Table 4.4.

Table 4.4: Network architecture for proposed model with 64 frames

Layer Activation
Number of
parameters

Dimension

Input 224, 224, 3

2D
Convolution

relu 4864 220, 220, 64

Permute 64, 220, 220

Reshape 64,220, 220,1

3D
Convolution

relu 151 59, 54, 54, 1

3D Average
Pooling

59, 13, 13, 1

Reshape 59, 169

Dropout

70%
dropped
during
training

59, 169

Recurrent
Layer
(Final State
is output)

sigmoid 171
59, 1

1

4.5 Experiment

For conducting the experiment the images in both classes were randomly split into

training and validation sets in the ration 7:3. From these separate mini batches of size

64 images with 32 images of each class were selected at random for each iteration for

both training and validation.
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4.5.1 Convolutional Neural Networks and Vision Transformers

Convolutional Neural Network(CNN)s are specialized kind of network for processing data

that has a grid like topology[5]. The networks were trained with sparse categorical cross-

entropy loss function with two classes in output layer and Nadam optimizer. Twelve

different CNN architectures which were ResNet101V2 ,VGG16 , VGG19, ResNet50,

ResNet50V2, ResNet101, ResNet152, ResNet152V2, MobileNet, MobileNetV2, DenseNet121,

and NASNetMobile were used to train the data. Vision transformers are another ar-

chitecture of neural networks that can be used for image classification[99]. In vision

transformers, patches of images are turned to input and fed into attention layers[99].

This work used three pre-existing models of vision transformer ViT base, ViT small and

ViT tiny[99]. The networks were not preloaded with any weight and were trained for

8000 iterations.

The accuracies over iterations were Gaussian filtered with a sigma value of 10. The

accuracies for three CNNs over the iterations for the data from the male and female

subjects are plotted in Fig. 4.4 and 4.5. For the male subject, DenseNet121 gave the

highest validation accuracy of 83.33%. NASNetMobile gave the highest accuracy of

0.687% for the female subject. VGG-16 and VGG-19 could not learn from the data of

both subjects and their accuracies remained at 50% throughout the training as can be

seen in Tables 4.5 and 4.6. The vision transformers performed similar to CNNs.

4.5.2 Proposed architecture

Four different versions of the proposed architecture were used to train the model in which

one hyper parameter, namely the number of frames were varied as 8, 16, 32 and 64. The

model was trained with loss function Mean Squared Error and Nadam optimizer. The

training and validation accuracies for the proposed networks can be seen in Figures 4.6

and 4.7. The proposed model with 64 frames did the best in classifying the data for

male subject. Its classification accuracy of 84.9%was close to the consistency value of

85%, that arise because of subjective inconsistencies in the response. The proposed

model with 32 frames did the best in classifying the data for the female subject. Its

classification accuracy of 72.76%was close to the consistency value of 67%, that arise

because of subjective inconsistencies in the response. It can also be seen that the model

is less prone to over-fitting. The training over the variants of proposed model that gave

maximum validation accuracy for male and female subjects can be seen in Figure 4.8.

4.5.3 Comparison of results

The accuracies for validation and training dataset for the first 8000 iterations for both

subjects are shown in Table 4.5 and 4.6. The CNNs used in this study are much more
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(a) Validation accuracies

(b) Training accuracies

Figure 4.4: The accuracies for training and validation for three CNNs for the male
subject. The accuracies have been Gaussian filtered with a sigma value of 10.

prone to overfitting when compared with the proposed model.

4.6 Discussion

4.6.1 Failure of VGG 16 and VGG 19

A reason for failure of VGG-16 and VGG-19 to train the data (with the same learning

rates and optimizer as other CNNs), can be the lack of skip connections in them. An
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(a) Validation accuracies

(b) Training accuracies

Figure 4.5: The accuracies for training and validation for three CNNs for the female
subject. The accuracies have been gaussian filtered with a sigma value of 10.

RNN can be unrolled over time to a feedforward neural network. In the proposed DNN ,

the initial input to the RNN at all timepoints is from a single static image. The unrolled

RNN will also have skip connection.

4.6.2 Limitations

The study was done on the variant of a particular motion illusion called flicker wheel

illusion. The labeling by subject only involved a binary classification. The strength of
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(a) Training accuracies

(b) Validation accuracies

Figure 4.6: The accuracies for training and validation for the proposed model with
variation in the hyperparameter, viz. number of frames for the male subject. The

accuracies have been Gaussian filtered with a sigma value of 10.
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(a) Training accuracies

(b) Validation accuracies

Figure 4.7: The accuracies for training and validation for the proposed model with
variation in the hyperparameter, viz. number of frames for the female subject. The

accuracies have been Gaussian filtered with a sigma value of 10.
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(a) For male subject

(b) For female subject

Figure 4.8: The losses and accuracy for proposed model for 64 frames for male subject
and 32 frames for the female subject. The numerical values have been filtered with a

Gaussian filter of sigma value 10.
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Table 4.5: The maximum training and validation accuracies over the first 8000 itera-
tions over training filtered with a Gaussian filter of sigma 10 for the psychophysics data

of the male subject.

Model Validation Training

Proposed Model 0.799 0.809
8 frames

Proposed Model 0.824 0.855
16 frames

Proposed Model 0.813 0.849
32 frames

Proposed Model 0.849 0.843
64 frames

ResNet101V2 0.808 1.0

VGG16 0.5 0.497

VGG19 0.5 0.495

ResNet50 0.78 1.0

ResNet50V2 0.805 1.0

ResNet101 0.781 1.0

ResNet152 0.792 1.0

ResNet152V2 0.778 1.0

MobileNet 0.796 1.0

MobileNetV2 0.783 1.0

DenseNet121 0.833 1.0

NASNetMobile 0.816 1.0

ViT Tiny 0.756 1.0

ViT Small 0.759 1.0

ViT Base 0.764 1.0

the illusion can be another measurable parameter.

4.6.3 Future Work

The psychophysics work involved in this paper only involved binary classification into

flicker and still images and a subject viewed most images at most once. There could

strong flicker illusory images that appears to flicker no matter how many times one

looks at them as well as weak flicker illusory images that sometimes appear to flicker

and sometimes not. There could similarly be strong and weak still images. These

possibilities were not considered for training and testing of the present model. A test

for the model with this strategy will be to see if the output of the neural network for

an image is correlated with the strong or weak flicker/still category. The DNN output

of images with a weak still or weak flicker could be closer to 0.5 than being near 0 or 1

for strong flicker/still category images.

The present work models a very simple kind of motion which is flicker. In future,

attempt should be made to explain more complex stimuli including other illusions, that
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Table 4.6: The maximum training and validation accuracies over the first 8000 itera-
tions over training filtered with a gaussian filter of sigma 10 for the pschophysics data

of the female subject.

Model Validation Training

Proposed Model 0.699 0.767
8 frames

Proposed Model 0.559 0.614
16 frames

Proposed Model 0.726 0.78
32 frames

Proposed Model 0.701 0.791
64 frames

ResNet101V2 0.663 1.0

VGG16 0.5 0.497

VGG19 0.5 0.498

ResNet50 0.671 1.0

ResNet50V2 0.672 1.0

ResNet101 0.66 1.0

ResNet152 0.647 1.0

ResNet152V2 0.7 1.0

MobileNet 0.671 1.0

MobileNetV2 0.685 1.0

DenseNet121 0.668 1.0

NASNetMobile 0.687 1.0

ViT Tiny 0.66 1.0

ViT Small 0.66 1.0

ViT Base 0.651 1.0

evoke the perception of motion. The methodology used in this work could be replicated

for other illusions by varying the physical parameters in the illusions and obtaining

psychophysics data to train neural networks. The model might also be used to gener-

ate more visual illusions or manipulate an image to flicker by using it with generative

neural networks. Similar works have been done on static illusions[100]. Microsaccades

and blinks are necessary for perception of the visual illusions like Enigma illusion and

Rotating Snakes illusion. The present work has used DNN to create a model for the

effects of eye movement over time on the image. The pretrained lower layers of the

proposed DNN may prove useful for development of DNN models for more complex il-

lusions via transfer learning. The labeled dataset allows researchers who work on more

complex visual illusions to get weights associated with lower layers for the model. With

computer vision techniques beginning to get used for modeling biological vision, the

proposed methodology and data set may prove useful for vision research.
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4.7 Conclusion

This work shows that its possible for deep neural networks to learn to classify images

labeled on the basis of psychophysics data, the same way a human subject does. The

maximum accuracies obtained by the proposed network is close to the accuracy if the

labeling is again done by the same subject. The low number of subjects used in this

study is a limitation of the current work. This can be improved in future works. The

work has also proposed a model where a time invariant image is taken as an input, and

is transformed to a series of images, or edge information stacked over time. The time

stack images could then classified using a recurrent neural network.
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Chapter summary:

Sound Symbolism is a well studied psychological phenomena of the relation

between sound and meaning in natural language. Although the phenomenon

has been studied by psychologists and linguists, the phenomenon has not

been modeled by machine learning. In this chapter, we select words for

round and sharp objects from various natural languages. We tried to see if a

machine learning algorithm could perform better than chance in distinguish-

ing words for round and sharp objects in natural languages. We performed

a psychophysics experiment to see if human subjects will associate words

for sharp objects with a round object and a round object with a sharp fig-

ure. We show that human subjects are more likely than chance to associate

words for sharp objects with sharp figure and vice versa. We propose that

algorithms can be improved by using training sets consisting of words whose

sound symbolic properties are labeled by psychophysics experiments.
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Figure 5.1: The Kiki(left) and Bouba(right) images used in the experiment. From
Wikimedia Commons[20].

5.1 Introduction

Sound Symbolism refers to non-arbitrary links between random speech sounds and other

meanings[21]. A well-known illustration of this phenomenon is the relationship between

pseudo-words and abstract visual forms[101]. Köhler describes a well-known demon-

stration, the maluma-takete effect[102]. The round-sounding pseudo word maluma fits

better to describe an abstract circular figure in the maluma-takete example, but the

’sharp’-sounding pseudo word takate fits better to describe an abstract edgy figure[103].

Combinations of some speech sounds are better suited to communicate the visual qual-

ity of a round or an angular shape in this sensible sound-shape mapping[103]. The

‘Maluma-takete’ mapping, and a similar ’bouba-kiki’ mapping have been recorded by

native speakers of various languages and cultures[23]. The nonce word bouba is associ-

ated with a round shape, while the word kiki is associated with a spiky shape[23]. This

association between speech sounds and visual characteristics has the potential to have

significant effects on the evolution of spoken language that we are habituated to use in

everyday life[104, 105, 106, 107, 108]. That is why experiments have been performed

in this work with the same shapes for different spoken languages. The strength of the

effect across cultures and the impact of orthography, however, are up for debate[109].

An online study that examined the Kiki-Bouba effect among 25 speakers of various

languages and nine different language families and ten different writing systems[109].

Bouba elicited more congruent responses than kiki, and overall strong evidence for the

effect was found across languages[109]. A study of the orthographic shapes of the words

in various scripts revealed that the effect was not stronger for scripts that use rounder

forms for bouba and spikier forms for kiki[109]. In the study, participants who spoke

languages with Roman scripts were only slightly more likely to exhibit the effect[109].
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The results provided the strongest evidence to date that the Kiki-Bouba effect is robust

across cultures and writing systems[109]. It was also confirmed that the Kiki-Bouba

phenomenon is rooted in a cross-modal correspondence between aspects of the voice and

visual shape, which is largely independent of orthography[109].

Numerous explanations have been put up to explain how the articulatory and audi-

tory characteristics of phonemes (From the Kiki-Bouba effect, phonemes, like /b/, /o/,

and /u/, to roundness and others, like /k/ and /i/, to sharpness) come to be connected

to other inputs[110]. The co-occurrence of phoneme characteristics and associated stim-

uli in the real world may be the cause of the relationships[110]. Another idea is that

phoneme characteristics and the stimuli they are associated with some sort of perceptual,

intellectual, emotive, or linguistic trait in common[110]. The links might also result from

aspects of the brain’s architecture, evolution, or patterns gleaned from language[110].

Although there is a great deal of experimental data supporting the effects of symbolic

sound associations, the methods by which they might be produced have received much

less attention[110].

Machine learning is the study of intelligence for the design and development of algo-

rithms that can learn from data, to learn from experience, and to improve their learn-

ing behavior over time[111]. Finding meaningful structural and/or temporal patterns

(knowledge) in data can be difficult because they are frequently buried in arbitrarily

high dimensional spaces that are inaccessible to humans[111]. Deep Learning which is

a machine learning algorithms has the advantage of producing new features from lim-

ited set of features present in the dataset[112]. Given that no knowledge of features

involved are needed to model the phenomena, deep learning methodologies are an ideal

tool for machines to learn sound symbolism. This study took the inspiration from the

study done by Sidhu et al. where, using a large sample of words, they examined whether

the maluma/takete effect is attested in English language[113]. They discovered evi-

dence that words referring to round objects tend to have more phonemes associated

with roundness, and words referring to spiky objects tend to have more phonemes asso-

ciated with spikiness which illustrates the fact that human language exhibits iconicity,

which thus makes it non-arbitrary[113]. Human subjects are able to guess the correct

word from antonyms like big/small, and round/pointy from unknown languages better

than chance[22]. In the present study, words for naturally sharp objects such as- ”Axe”,

”Blade”, ”Pin”, ”Scissor”, etc. and round objects – such as ”Apple”, “Ball”, “Bubble”,

”Coins” etc. - were taken from 22 languages and put into study using Machine Learning

algorithms. We also performed a psychophysics experiment in which human subjects

were asked to match sounds for sharp and round objects from foreign languages to the

sharp and round figures used in Kiki-Bouba experiment.
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5.2 Materials and Methods

5.2.1 Materials

A list of objects which could be sharp or round were prepared. The list consisted

of 35 words for sharp ones like scissors, spears, knife, etc. and 49 round objects like

sun, moon, lemon, oval, etc. Complex linguistic terms resembling words such as ”Golf

Ball”, “Coconut”, ”Sea Urchin” and ”Porcupine” were omitted from the list [8]. Sounds

for the words were downloaded in 26 languages from Collins Dictionary[9], leading to

a collection of 1913 sound files (1172 files for words resembling roundness and 741

files for words resembling sharpness). The languages include American-English, Ara-

bic, Brazilian-Portuguese, British-English, Chinese, Croatian, Czech, Danish, Dutch,

European-Portuguese, European-Spanish, Finnish, French, German, Greek, Italian, Japanese,

Korean, Latin American-Spanish, Norwegian, Polish, Russian, Swedish, Thai, Turkish,

and Vietnamese. Given that the languages, such as English—American and British;

Spanish—European and Latin American; and Portuguese—European and Brazilian,

were basically the same language pronounced in different accents by different speak-

ers, only one of the languages was utilized during training. For instance, of the two

available varieties of English—British and American—only, American English was used

during training. Only one language among Portuguese and Spanish were considered as

the words were similar. The sound files for all 26 languages could be obtained for 25

sharp objects and 43 round objects from Collins dictionary website. In the remaining ten

sharp objects and six round objects, the words could not be obtained in all languages.

The sounds has a sampling frequency of 44100 Hz with 1 channel.

5.2.2 Psychophysics

The psychophysics experiment was done on 199 subjects from Indian state of West

Bengal. A selection of 35 words for round and 35 words for sharp objects were chosen

from the list of objects whose sounds could not be obtained for all languages. English

language words were excluded from the psychophysics experiment as the subjects were

aware of the language. The subjects were shown the program seen in Figure 5.2 on

a laptop screen. The subjects could play a sound by pressing the blue play button.

The sounds could be played more than once. The subjects were instructed to click the

figure they felt corresponded to the sound. The clicks of the subjects were recorded and

the subject could proceed onto listening to a new sound. All the seventy sounds were

presented to the subjects in a random order. The aim of the psychophysics experiment

was to check if there exists any phonetic property in words for sharp and round objects

in natural languages, that will cause human subjects to match the word for a sharp or

round object in an unknown natural language to the sharp and round figures used in

the Kiki-Bouba experiment.
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Figure 5.2: Screenshot of program displayed to the subjects during psychophysics
experiment

5.2.3 Machine Learning

The machine learning was done using 25 words for sharp objects and 43 words for round

objects in 22 languages. The words chosen for training and validating the neural network

were not used in the psychophysics experiment. The machine learning architecture took

inspiration from the previous work by Passi and Arun, which noted that the Kiki Bouba

effect was correlated with mean frequency of the sounds. The input vector corresponding

to a sound file was made as follows.

i The array was subjected to fast Fourier transform and the amplitudes were converted

to their absolute value.

ii The absolute value of amplitudes from 0 to 15000 Hz in increments of 1 Hz were

calculated by linear interpolation.
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Figure 5.3: The model of the DNN used for classification

iii A new vector was dividing the previous vector by its mean.

iv This new normalized vector served as input vector to the machine learning model.

The sound files were used to train the DNN shown in Figure5.3. The DNN used mean

square error as loss function with SGD optimizer for training. The model was subjected

to Monte Carlo cross validation with 25 repetitions. The mini batch for training and

validation of the 25 words for sharp and 43 words for round. Of this a fixed number of

words from each class ranging from 10 to 15 were were randomly chosen out for validation

in each repetition of the cross validation process. The words in all languages were used
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Table 5.1: The words labeled round by most subjects(n=199)

Object Word Written Sharp p-value
Classification (language) word labeling

round Foam (German) Schaum 63 2.467 ∗ 10−07

round Sphere (Italian) sfera 79 4.455 ∗ 10−3

round Bloom (French) fleur 74 3.681 ∗ 10−4

round Droplet (French) gouttelette 78 2.815 ∗ 10−3

round Ripple (German) kleine Welle 81 01.053 ∗ 10−2

round Bloom (European Portuguese) flor 65 1.131 ∗ 10−06

round Foam (Brazilian Portuguese) espuma 70 3.477 ∗ 10−05

round Droplet (Brazilian Portuguese) got́ıcula 73 2.105 ∗ 10−4

round Bloom (German) Blüte 72 1.179 ∗ 10−4

round Sphere (European Portuguese) esfera 75 6.308 ∗ 10−4

round Bloom (Italian) fiore 73 2.105 ∗ 10−4

round Foam (European Portuguese) espuma 80 6.915 ∗ 10−3

round Sphere (German) Kugel 83 2.306 ∗ 10−2

round Bloom (Brazilian Portuguese) flor 62 1.114 ∗ 10−07

round Bloom (Latin American Spanish) floración 71 6.469 ∗ 10−05

round Ripples (European Portuguese) ondulação 74 3.682 ∗ 10−4

Table 5.2: The words labeled sharp by most subjects(n=199)

Object Word Written Sharp p-value
Classification (language) word labeling

sharp Bayonet(French) bäıonnette 123 01.059 ∗ 10−3

sharp Shears(Italian) cesoie 115 3.319 ∗ 10−2

sharp Tusk(Brazilian Portuguese) presa 114 4.689 ∗ 10−2

round Droplet(European Spanish) gotita 115 03.319 ∗ 10−2
sharp Icicles(European Spanish) carámbano 132 4.751 ∗ 10−6
sharp Bayonet(European Spanish) bayoneta 119 06.915 ∗ 10−3

for training and validation. The mini batches had 20 sounds for both round and sharp

objects for training, 80 sounds for both sharp and round objects for validation. The list

of words and languages used for training and validation is in Appendix A.

5.3 Results

5.3.1 Psychophysics

The psychophysics experiment was done on 199 subjects aged between 9 and 54. Of this

172 subjects were school students between ages of 11 and 15. Of the set of 35 words

for round objects and 35 words for sharp objects, the number of times each word got

labeled to the sharp figure instead of the round figure was tabulated. The full list of

tabulations is provided in Appendix A. The t test for the number of labeling for words

in both the tests were calculated. A t test statistic of 5.958 with p-value of 1.007 ∗ 10−7
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Table 5.3: The results of cross validation of the model. The values were filtered with
a gaussian filter of sigma 5 before calculating the maximum and minimum values.

Iteration Validation Training Training Validation Validation Validation
words for Loss Accuracy Loss Accuracy Accuracy

a class (lowest) (highest) (lowest) (lowest) (highest)

0 8 0.241 0.593 0.23 0.5 0.676
1 12 0.216 0.672 0.237 0.5 0.609
2 11 0.243 0.574 0.242 0.492 0.647
3 9 0.236 0.627 0.238 0.519 0.647
4 8 0.224 0.647 0.25 0.446 0.539
5 9 0.22 0.672 0.239 0.5 0.602
6 8 0.238 0.601 0.238 0.5 0.632
7 12 0.221 0.655 0.231 0.517 0.629
8 8 0.226 0.635 0.242 0.496 0.586
9 11 0.218 0.672 0.24 0.5 0.6

10 8 0.212 0.688 0.253 0.434 0.503
11 10 0.228 0.651 0.242 0.499 0.603
12 9 0.23 0.651 0.244 0.49 0.577
13 10 0.217 0.649 0.235 0.5 0.626
14 10 0.223 0.653 0.24 0.5 0.623
15 9 0.226 0.645 0.242 0.5 0.599
16 12 0.19 0.724 0.231 0.496 0.634
17 9 0.23 0.638 0.233 0.499 0.62
18 8 0.225 0.66 0.24 0.5 0.624
19 11 0.222 0.657 0.234 0.499 0.62
20 11 0.18 0.755 0.236 0.516 0.628
21 9 0.224 0.664 0.239 0.5 0.613
22 10 0.197 0.74 0.24 0.499 0.607
23 10 0.227 0.661 0.243 0.497 0.579
24 9 0.216 0.69 0.242 0.5 0.588

Mean 9.64 0.221 0.659 0.239 0.496 0.608

Median 9.0 0.224 0.655 0.24 0.5 0.613

was obtained. A subject was able to assign sounds to figures with an accuracy as high

as 85.7%. The words so labeled were all from the category of chosen round objects. The

words labeled mostly as sharp and round can be seen in Tables 5.1 and 5.2 and these

words were matched to either of the figures better than by chance.

5.3.2 Machine Learning

The cross validation was done by Monte Carlo Cross validation method. The dataset

was trained separately 25 times and the results of training with maximum and minimum

accuracies filtered over iterations with a Gaussian filter of sigma 5 can be seen in Table

5.3. It can be seen that the proposed method yields an accuracy higher than chance

of ∼ 60%. The input data which was not divided by the mean of values did not fit

the network. The machine learning algorithm was tested with the 70 words used in
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Figure 5.4: Four trainings done with the words used in psychophysics experiments
used as test data. The losses and accuracies have been Gaussian filtered with a sigma
of 5. The Person correlation between the output for the test set as well as number of
sharp labeling made by the subjects have also been plotted. The weights corresponding

to a selected iteration has been marked by the black vertical line.

psychophysics experiments. The training curves for five different trainings are plotted

in 5.3.2. The classification by the machine corresponding to the weights that gave highest

Pearson Correlation with psychophysics readings on the same word has been plotted in

Figure 5.5.
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Figure 5.5: The ROC curve for the human classifcation based on probability of sharp
labellig by humans and a machine classifcation that gave similar classification
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5.4 Conclusion

The psychophysics experiments shows that humans have a tendency to associate words

for sharp and objects in natural languages to sharp and round figures used in the Kiki

Bouba experiment. The experiment also show that there could be outliers in classifica-

tions made by human subjects. Many words will also be labeled randomly by people

with no affinity to either round or sharp figures. The machine learning algorithm was

able to distinguish between the round and sharp words better than chance. Many words

in the dataset could be assigned by a human to sharp or round figure independent of

the fact whether the corresponding object is sharp or round. This problem can be over-

come in future by performing psychophysics test on sounds in the dataset with multiple

human subjects. The sounds that get labeled to a particular image better than chance,

can be used to train and test models. In future, better algorithms to make use of the

phenomena of sound symbolism for natural language processing could be developed via

machine learning algorithms.
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to bridge the gap between the psychophysics of flicker fusion and the electro-

physiology associated with flicker stimulus, through a Deep Learning based

computational model of flicker perception. Convolutional Recurrent Neural

Networks (CRNNs) were trained with psychophysics data of flicker stimulus

obtained from a human subject. We claim that many of the reported features

of electrophysiology of the flicker stimulus, including the presence of the fun-

damental and harmonics of the stimulus, can be explained as the result of

a temporal convolution operation on the flicker stimulus. We further show

that the convolution layer output of a CRNN trained with psychophysics

data is more responsive to specific frequencies as in human EEG response

to flicker, and the convolution layer of a trained CRNN can give a nearly

sinusoidal output for 10 hertz flicker stimulus as reported for some human

subjects.

6.1 Introduction

Human visual psychophysics is a field of research that employs specialized methods

generating several established findings[115]. The flicker stimulus, which is a stimulus

with intermittent illumination is one such stimulus used in visual psychophysics. Under

a given circumstance, a flicker stimulus may appear steady or flickering to a human

subject depending on a number of parameters like size, shape, luminance, color compo-

sition, and the temporal waveform of the stimulus[57]. When a flickering stimulus no

longer appears flickering but appears steady, the flicker is said to be fused, or flicker

fusion has occurred. The psychophysics of flicker perception has been studied for the

last two and a half centuries[60]. A related domain in the study of flicker perception is

the electrophysiological signals of the cortical activities induced by the flicker stimulus.

The electrophysiological signals can be the scalp EEG of humans or invasive recordings

from the cortex of animals like cats[65][85]. Although psychophysics and EEG use com-

pletely different methodologies to explain the processing of signals within the brain, there

have not been many attempts to integrate, combine or compliment these two behavioral

(macro) and electrophysiological (micro) viewpoints in order to better understand brain

signal processing. So far, there does not seem to be much of relationship between the

electrophysiology and psychophysics of flicker stimuli[86]. The present work attempts to

bridge this gap between the two domains through a DNN based computational model

of flicker fusion that provides an explanation for some important features of the electro-

physiological response to flicker stimuli. We have shown that the intermediate layers of

the DNN may show features of the electrophysiological response to the stimulus.
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6.1.1 Electrophysiology of flicker perception

The electrophysiological response to flicker stimuli at areas 17 and 18 of the cat cortex

has been recorded as Multi Unit Activities(MUAs) and Local Field Potentials (LFP) by

Rager and Singer[85]. The anesthetized cat’s retinas were exposed to flicker stimuli in

screen in front of them[85]. Both LFPs and MUAs, thus recorded for a flicker stimulus

of a particular frequency, show the fundamental amplitude associated with the flicker

stimulus as well as its harmonics[85]. In contrast to multiunit activities components

of lower frequencies were present in the LFPs though there is no evidence that they

could be subharmonics[85]. Herrmann did a study with ten subjects in which the sub-

jects were exposed to flicker stimulus using specially designed goggles, and their EEG

responses to flicker were measured. The diagrammatic representation of the light pulse

by Herrmann showed square waves. The human EEG response to flicker stimulus with

ten subjects shows the fundamental, harmonics as well as the first subharmonic of the

flicker stimulus[65]. The EEG response also shows resonances for stimuli around 10, 20,

40 and 80 hertz[65]. The oscillations are evoked up to 90 hertz and are evoked even

when there is no conscious perception of flicker[65]. The average of the fundamental

frequency of the evoked EEG response in ten subjects showed a clear resonance for 10

hertz flicker stimulus[65]. Tweel had detected a clear sinusoidal response near 10 hertz

stimulus in some subjects[86]. In another study with ten subjects that used both square

and sinusoidal flicker, the subharmonic frequencies were hardly detectable in the occipi-

tal electrodes but were instead detected in the parietal electrodes[74]. In the same study,

subharmonics were detected only in eight of the ten subjects[74].

6.1.2 Prevailing explanations for EEG response to flicker stimulus

There are two hypotheses on the origin of Steady State Visually Evoked Potentials

(SSVEPs) to flicker stimulus: the entrainment of brain oscillators and the superposition

of Event Related Potentials(ERPs)[116, 117, 118]. It has been assumed by many authors

that the harmonics and subharmonics in electrophysiological response to flicker are gen-

erated by nonlinearities in the visual system[74]. The source of these nonlinearities has

never been demonstrated conclusively[74]. Previous modeling of EEG response to human

stimulus involved feeding periodic signals to models of cortex like the corticothalamic

model and the neural mass model[119, 74, 120, 121]. Labecki et al. have shown that

harmonics and subharmonic responses can be generated by feeding the representation

of flicker stimulus to a neural mass model with inhibitory and excitatory neurons[74].

6.1.3 Aim of the current work

This work aims to connect the relation between psychophysics and electrophysiology of

a human subject through a Deep Neural Network (DNN) based computational model
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that will be trained with psychophysics data of flicker fusion of a human subject, and no

characteristics of EEG data obtained from human subjects will be taken into considera-

tion while training the network. While the network will be trained by backpropagation,

it does not imply that any equivalent computational mechanism in the human visual

system was similarly trained by backpropagation. The biological brains are instead the

product of evolution by natural selection. The flicker stimuli with controlled waveforms

used in laboratories are not something that occur naturally, but are instead artificial

stimuli used to understand the human visual system which is a product of biological

evolution.

6.1.4 The methodology of the work

The first work to model the computational activity in the brain using Artificial Neural

Networks (ANN) via backpropagation was by Zipser and Andersen[35], who modeled

the neuronal activity in the parietal cortex of monkey brain, used for calculating the

head-centered coordinates of the external objects from the position of their images in

the retina and slope of the eyes[35]. The outputs of the internal hidden layers of an

ANN trained to mimic the same task via supervised learning, gave outputs which were

visually similar to the electrophysiological readings obtained from parietal neurons of

the monkeys performing the same task. This was not the case with untrained ANNs

with random weights[35]. The position of an external object in the world for the purpose

of calculating its head-centered coordinates is static, and the task is a problem in static

vision. But in experiments of flicker fusion the stimulus is kept fixed at a particular

location, and the stimulus intensity varies with time. In a flicker fusion experiment,

where the size, shape, and position of the stimulus are invariant with time and the only

variant parameter is the intensity, the stimulus can be represented as a timeseries of

intensities. Since a human subject classifies the stimulus as flickering or steady, the

output can be represented as a binary classification. The input representation will be

in the form of a sequence of intensities sampled over time. Recurrent neural networks,

which are a family of neural networks for processing sequential data[5], will be used

to model flicker phenomena. The human visual system performs low pass and band

operations on flicker stimulus[80]. The mammalian retina can also generate transient on

and off responses to change in luminance[81]. Receptive field based convolution filters can

also detect sudden changes in intensity as is their use for edge detection[122]. Low pass

and band pass operations can be mathematically achieved using a linear filter through

convolution sum[123]. This work will train Convolutional Recurrent Neural Networks

(CRNNs), which consist of convolution layer followed by a recurrent and dense layer[77].

The output of convolution layer of the trained CRNN could be subjectively compared

to the features of the EEG response to flicker stimulus.
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6.1.5 Contributions

• The work shows that the fundamental and harmonics of a flicker stimulus can be

elicited by a temporal convolution operation on the stimulus.

• The convolution layer of a CRNN trained on psychophysics data will be more

sensitive to particular frequencies, similar to the human EEG response to flicker.

• A pure sinusoidal output can be elicited for a 10 Hz flicker stimulus from the

convolution layer of CRNN trained on psychophysics data.

6.2 Related Works

6.2.1 Entrainment

Entrainment is a phenomenon where two oscillators interact with each other to synchro-

nize their oscillations[124]. These synchronizations can enhance or negate each other’s

effects as well as synergize with each other to achieve amplitudes greater than the sum

of amplitudes of both the oscillators[124]. The frequency of one or both the oscillating

systems can be altered so that they become phase locked or the phase difference between

the oscillating systems remains invariant in time, and robust to perturbations[124]. The

interaction between the oscillators can be linear or non-linear, and oscillations are merely

superimposed with each other. Kirschfeld found that phase of alpha wave oscillations

is not affected by flash evoked potentials, and the flash evoked potentials are superim-

posed on alpha waves without resetting their phase[125]. Schwab et al. found evidence

of entrainment to flicker stimulus in both EEG and magnetoencephalography (MEG)

with stronger frequency entrainment in MEG when compared to EEG[116]. Notbohm,

Kurths, and Herrmann found evidence of entrainment in EEG response to flicker stim-

ulus but not to the superposition of event related potentials[118]. Gulbinaite et al.

showed that flicker stimulus with frequencies near the alpha oscillation can impair stim-

ulus processing in a selective attention task[126]. MEG study by Duecker et al. found

that gamma oscillations in the human brain and EEG response to flicker stimulus are

evoked in different areas of the human visual cortex [66].

6.2.2 Role of attention

Flicker stimulus elicits human EEG response in two separate cortical networks depending

on attention and temporal frequency[127]. The effect of attention on resonance to flicker

stimulus is negative for a flicker stimulus with frequency in alpha band and positive for

s stimulus with frequency in gamma band[128].
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6.3 Materials and Methods

6.3.1 Materials

The psychophysics data previously published in [62], but never used in training any

neural network or any other brain computational model to the best of our knowledge,

was used in training our proposed model. In this work [62], the CFF was established by

the method of limits. The published data was for an observer S. H. seen in Table 6.1,

was used for training the neural networks. The flickers in [62] were produced on an opal

glass surface, and the subject classified the stimulus as either flickering or a steady after

observing it for ten seconds. The stimulus target subtended a visual angle of 2◦ 5’ with

the vertical and 4◦ 5’ with the horizontal. The CFFs were obtained for PCFs 1
6 , 2

3 ,
1
2 ,

2
3 ,

5
6 . The CFFs for five different PCFs were obtained for intensities 5340 cd/ft2 , 534

cd/ft2, 53.4 cd/ft2 , 5.34 cd/ft2 and 0.53 cd/ft2 [62]. The CFFs can be seen in Table

6.1.

Intensity PCF 1
6 PCF 1

3 PCF 1
2 PCF 2

3 PCF 5
6

(cd/ft2)

5340 58.17 51.83 59.17 52.5 47.00
534 48.0 50.0 50.83 48.7 46.17
53.4 34.67 36.17 36.33 35.2 32.67
5.34 23.17 27. 25.67 25.2 20.83
0.53 17.17 19.0 17.83 19.0 15.67

Table 6.1: The CFFs for photic pulses for five different intensities and five PCFs for
an observer S.H. (in hertz) published by Nelson, Bartley, and Harper[62]

6.3.2 Methods

6.3.2.1 Model

A photic pulse can be represented as a timeseries array of intensities. The retina can

have on pathways, off pathways as well as transient on and transient off cells[81]. The

on pathways are activated when there is light falling on them, and off pathways are

activated when there is no light falling on them. In addition to these, there are transient

on and off pathways which are activated when there is a sudden change in the intensity

of light falling on them. The transient on and off operations can be mathematically

represented by linear filtering operations. The machine could thus mimic the transient

on and off pathways by performing a convolution operation on the signal. While the

machine stores the whole representation of the photic pulse in memory while doing the

convolution operation, that will not be the case in reality. Only the intensities in the

immediate past will be necessary for the human visual system to perform transient on
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and off operations. The output of the convolution layer are fed into a recurrent layer.

Recurrent neural networks are a family of neural networks for processing sequential

data[5]. The final state of the recurrent layer is fed into a Multi Layer Perceptron for

classification.

Python based Keras library was used to train and run the model. Loss function

sparse categorical crossentropy with Adam optimizer was used to train the model. Cross

entropy is a loss function which is used in classification problems. The cross entropy H

for a datapoint is given by equation H(p, q) = −
∑

x∈classes p(x)log(q(x)) where p(x) is

the true probability distribution of the classes and q(x) is the probability distribution

of the classes predicted by the model[129]. Sparse categorical cross entropy was used

to provide labels as integers. Time series representation of flicker stimulus with desired

PCF and intensity can be generated as one dimensional arrays. These could be assigned

the labels flickering or fused based on psychophysics data.

6.3.2.2 Minibatch Generation
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Figure 6.1: The frequency ranges used to select the train flickering and fused data-
points for photic pulses with intensity 53.4 cd/ft2, for training the network. The photic
pulses with a particular frequency and PCF lying in the blue line were assigned the la-
bel ’flickering’. Those in the red line were assigned the label ’fused’. The corresponding

CFFs for the five PCFs have been marked in green.
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The time series data with a desired PCF and frequency were generated with the

Python library function scipy.signal.square(). The square waves so generated will have

two values -1 and 1 in them. By adding the value 1 to that wave, and then multiplying

by 0.5, followed by further multiplication by the intensity value of the wave we get the

sampled representation of a wave with desired intensity.

Label Label
Fused Flickering

Validation n waves with n waves with
Data frequency frequency
(n=50) between between

CFF+1.3 CFF−2.5
to 100 Hz to CFF−1.3 Hz

Training 50% probability n waves with
Data of waves frequency
(n=10) with frequency between

CFF+1.3 to CFF−2.5
CFF+10 Hz to CFF-1.3Hz

25% probability
of a continuous
signal with

with value between
intensity of wave

and zero

25% probability of
a continuous signal

with value 0

Table 6.2: Frequency ranges or constant amplitudes associated with the photic pulses
in a minibatch for training and validation for a particular range and PCF.

We have interpolated the data based on the assumption that for a frequency above

CFF for a particular PCF, the photic pulse will appear as fused to the subject, and

for frequencies below that CFF it will appear as flickering. Waves with frequencies just

below CFF were assigned the label of flickering stimulus. Training data and validation

data were generated from scratch in each iteration during the training process. Waves

with frequencies between CFF−1.3 and CFF−2.5 were assigned the label flickering for

each PCF. The frequency interval in which photic pulses were assigned the label flickering

was kept small, as a photic pulse of long duration is indistinguishable from a steady

source of light. We had no way to estimate that duration. Waves with frequencies

between CFF+1.3 and CFF+10 were assigned the label non-flickering. This was done

as any stimulus above the CFF will be perceived as non-flickering or fused. A constant

non-flickering stimulus is indistinguishable from a fused flicker stimulus. So constant

stimuli with amplitude between intensity of the flicker stimulus and 0 cd/ft2, as well
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as a complete dark stimuli with 0 cd/ft2 throughout it were used in training dataset

with the label fused. A diagrammatic representation of data ranges used for training for

intensity 53.4 cd/ft2 is seen in figure 6.1.

For validation, waves with frequencies of CFF+1.3 to CFF+100 were assigned the

label fused. This was because photic pulses with frequencies above the CFF should be

labeled as fused or steady by a subject. Waves with frequencies between CFF−1.3 and

CFF−2.5 were used in with label flickering for validation as well. The trained neural

network should detect a time series of constant amplitudes as fused. Since we did not

know the minimum time period for which the neural network will classify a constant

amplitude series as fused, the frequency range of photic pulses used in validating the

neural network was kept the same as that was used for training the neural network. For a

training minibatch, ten photic pulses each for both flicker and fused were generated for all

PCFs. For five PCFs and two labels it provided 100 samples. Similarly, 50 photic pulses

with label flicker and fused were generated for each PCF in validation minibatch. It

provided 500 photic pulses for validation minibatch in each iteration. New minibatches

were generated for each iteration by randomly sampling from the frequency range in

both Experiment 1 and Experiment 2 described in the next sections. The training and

validation data for each iteration is shown in table 6.2. In Table 6.2, n is the number

of photic pulses generated for a class with a particular PCF in a minibatch. The total

number of samples in the minibatch will be 10 times n, as there are 5 PCFs and two

classes.

6.4 Experiments and Results

6.4.1 Experiment 1

Only the photic pulses with the middlemost intensity of 53.4 cd/ft2 were used for train-

ing and testing in this experiment. Photic pulses of desired frequency and PCF with

intensity 53.4 cd/ft2 were generated with the method mentioned before for 12 seconds

duration and sampled at 1 milliseconds. From this array, a smaller array of 7168 ele-

ments was selected from one of the first 3000 elements chosen at random. This was done

to make the last element in photic pulse irrelevant during the training process. The

classification of a photic pulse is independent of the fact whether the last element is of

intensity 0 cd/ft2 or some other intensity. From this representation of a photic pulse

with 7168 elements, one of the first 500 elements was chosen at random. The elements

in the array from index 0 to that of chosen element were filled with random intensity

between 0 and the intensity of the photic pulse which is 53.4 cd/ft2. This was done

under the assumption that for a photic pulse of a finite enough time duration, some

small perturbations at the start of the photic pulse will not have any effect on the final

classification after a prolonged time period.
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The neural network model used in the experiment is shown in Table 6.3. Eight

convolution filters of 120 elements were each used in the layer 1. Biases were used in

each layer. Activation function Leaky ReLU with default parameters (alpha=0.3) from

the tensorflow library was used for convolution operation (layer 1). Valid convolution

was performed in convolution layer.

Layer Dimension Dropout Activation Number of
Function Parameters

Layer 0 [None, 7168, 1]
(Input Layer)

Layer 1 [None, 7049, 8 ] leaky ReLU 968
(1 dimensional convolution)

Layer 2 [None, 8] 0.5 sigmoid 136
(RNN Basic Cell Final State)

Layer 3 (Dense Layer) [None, 8] 0.5 sigmoid 72
(Dense Layer)

Layer 4 (output Layer) [None, 2] softmax 18
(output Layer)

Table 6.3: Structure of neural network used in Experiment 1

6.4.2 Results of Experiment 1

For testing, photic pulses of desired frequency, intensity 53.4 cd/ft2 and PCF 1
2 generated

for a duration of 7.168 seconds, sampled at a frequency of 1 millisecond, were generated

by scipy.signal.square function from the Python library. They were fed to the input

layer (Layer 0). For a neural network with random weights, no noticeable differences

could be observed for convolution outputs for 10 hertz or 20 hertz stimuli and stimuli of

other frequencies. The set of weights for iteration with the lowest loss was chosen. The

weights after iteration 1582, with a loss of 0.1153 and an accuracy of 0.972 for validation

data were loaded into the network.

6.4.2.1 Output for 10 hertz signal

The output of a convolution layer for an untrained neural network can be seen in Figures

6.2a, 6.2c, and 6.2e for input stimuli of frequencies 8.5, 10, and 11.5 hertz. No particular

resonance can be seen for a stimulus of frequency 10 hertz.

The outputs of a convolution layer for a trained neural network can be seen in Figure

6.2b, Figure 6.2d, and 6.2f for input stimuli of frequencies 8.5, 10, and 11.5 hertz.

Sinusoidal ouputs can be observed for 10 hertz input in Figure 6.2d which cannot be

seen for 8.5 hertz input and 11.5 hertz input in Figure 6.2b and Figure 6.2f. The

outputs of neurons that gave sinusoidal outputs at ten hertz have been plotted with red
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(a) For an untrained neural
network

(b) For a trained neural net-
work

(c) For an untrained neural net-
work

(d) For a trained neural net-
work

(e) For an untrained neural net-
work

(f) For a trained neural net-
work

Figure 6.2: Convolution layer outputs of the eight different neurons for input stimulus
representations for 8.5, 10, and 11.5 hertz square waves are shown in the figure. The
left side images show the output of an untrained neural network and the right side
images show the output for the trained neural network. Sinusoidal outputs can be seen
in the output to 10 hertz square wave inputs for the trained network for neurons 3 and

6, marked by red and green colors.

and green lines. For a pure sinusoidal signal, its fourier transform will have amplitudes

at the frequency of the signal alone. It can be seen that for a ten hertz signal, the six

neurons whose Fourier amplitudes have been plotted in 6.3 are not sinusoidal. For the

two neurons that showed sinusoidal output at ten hertz stimulus, the neurons showed a

prominent peak at 10 hertz in fourier transform compared to subharmonics as can be
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Figure 6.3: The amplitudes of the Fourier transform of the convolution output of
the trained neural network for the six neurons whose convolution outputs did not show
clear sinusoidal patterns for the ten hertz signal. The Fourier amplitudes for 8.5, 10,
and 11.5 hertz have been plotted in blue, red, and green, respectively. We can see that
multiple peaks can be observed for the 10 hertz signal at subharmonics of 10 hertz.

seen in Figure 6.4. The The output of two neurons for which the sinusoidal response at

10 hertz is prominent can be observed from Figures 6.5a, 6.5b, 6.5c.

6.4.2.2 Profile of fundamental frequency

The amplitude associated with the fundamental frequency of a subject as plotted by

Herrmann showed clear resonance peaks around 10, 20 and 40 hertz[65]. The amplitude

of fundamentals associated with neurons 3 and 6, which showed sinusoidal responses for

ten hertz can be seen Figure 6.6. The profile of the trained network shown in Figure
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Figure 6.4: The amplitudes of the Fourier transform of the convolution output of the
trained neural network for the six neurons whose convolution outputs showed sinusoidal
patterns for the ten hertz signal. The Fourier amplitudes for 8.5, 10, and 11.5 hertz
have been plotted in blue, red, and green. The peaks at subharmonics for ten hertz are

much lower than the fundamental frequency for the output of a ten hertz signal.

6.6b shows four distinct peaks around 10, 20, 40 ,and 80 hertz for the neurons. This is in

contrast with the profile for an untrained network in figure 6.6a, which shows numerous

peaks but no distinct resonance peaks. Previous works on human EEG response to

flicker stimulus have shown that the average of fundamental frequency across 10 subjects

exhibited strong resonance peaks around 10 hertz and weaker peaks in the 20-30 hertz

and 40-50 hertz range[65]. The data for a single subject consisted of only one peak in

the mentioned three ranges[65].

6.4.2.3 Output for 80 hertz signal

An 80 hertz flicker stimulus is known to invoke clear ten hertz response in human EEG

which is not present at adjacent frequencies[65]. The output of the convolution layer for

an untrained neural network for frequencies 79, 80 and 81 hertz can be seen in Figures

6.7a, 6.7c and 6.7e. The output of the convolution layer for an trained neural network

for frequencies 79, 80 and 81 hertz can be seen in Figures 6.7b, 6.7d and 6.7f. We could

not obtain a sinusoidal 10 hertz response to 80 hertz stimulus as reported in literature.

But an envelope which is not observed at 79 and 81 hertz stimulus could be observed

for 80 hertz stimulus for some neurons of a trained neural network as can be seen in

Figure 6.8. The envelopes of a signal can be obtained by extrema sampling followed

by signal reconstruction using sampled extrema with methods like Cubic Spline[130].

The envelopes were constructed by the method of sampling the maxima with a sample

window of 25 points and signal reconstruction using cubic spline. The amplitudes of the

evoked frequencies for stimulus of 79, 80 and 81 hertz for both trained and untrained

neural networks can be seen in Figure 6.9. A clear subharmonic of 40 hertz can be

seen in output of trained network for 80 hertz as can be seen in Figure 6.9d while the

subharmonic is absent for output of stimulus of 79 and 81 hertz of the same network as

can be seen in Figures 6.9b and 6.9f.
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(a) Convolution layer output of two selected neurons for 8.5 hertz input signal

(b) Convolution layer output of two selected neurons for 10 hertz input signal

(c) Convolution layer output of two selected neurons for 11.5 hertz input signal

Figure 6.5: The convolution layer output of the trained neural network used in Exper-
iment 1 for two selected neurons for 8.5, 10, and 11.5 hertz. A clear sinusoidal output
could be observed for 10 hertz signal which is not the case with 8.5 or 11.5 hertz signals.
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(a) Profile of untrained network

(b) Profile of a trained network

Figure 6.6: Profile of the fundamental for the two neurons that gave sinusoidal output
for 10 hertz stimulus. Previous studies have shown that the human EEG output of
individual subjects gave three distinct peaks around 10 hertz and in 20-30 hertz and
40-50 hertz ranges[65]. The subjective comparisons show that the profile of fundamental
frequency for a trained network is closer to that of human EEG when compared to that

of an untrained network, which is having a lesser number of peaks

.
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(a) For an untrained neural
network

(b) For a trained neural net-
work

(c) For an untrained neural net-
work

(d) For a trained neural net-
work

(e) For an untrained neural net-
work

(f) For a trained neural net-
work

Figure 6.7: Convolution layer outputs for input stimulus representations for 79, 80 and
81 hertz. Previous studies have found a 10 hertz component in human EEG response
to 80 hertz flicker[65]. Two envelopes with a low frequency can be seen in output of

the trained network for 80 hertz stimulus.
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(a) For an untrained neural
network

(b) For a trained neural net-
work

(c) For an untrained neural net-
work

(d) For a trained neural net-
work

(e) For an untrained neural net-
work

(f) For a trained neural net-
work

Figure 6.8: The convolution layer output of the trained neural network used in Ex-
periment 1 for two selected neurons 1 and 2 have been plotted in cyan and yellow for
79, 80 and 81 hertz. An envelope with low frequency can be seen in the convolution
output for 80 hertz signal. The envelops have been constructed using maxima sampling

and reconstruction of signal using cubic spline interpolation.
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(a) For an untrained network (b) For a trained network

(c) For an untrained network (d) For a trained network

(e) For an untrained network (f) For a trained network

Figure 6.9: The amplitudes associated with various frequencies in the convolution
output for square wave stimulus of frequencies 79, 80 and 81 hertz for both trained and
untrained neural network. A clear subharmonic with frequency 40 hertz can be seen in

output of 80 hertz stimulus for the trained neural network.
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6.4.3 Experiment 2 and Results

The data was trained with a different neural network, having ReLU activation function

in the convolution layer. The outputs of convolution layer were added together in a

dense layer before going to the recurrent layer. It was done under the assumption

that different cells in human visual system can have different temporal responses to a

flickering stimulus and they might be present in the same biological layers in the visual

system. In human retina the midget and parasol ganglion cells, have different temporal

responses[131].

The photic pulse trains were sampled at 0.5 milliseconds to create a representation

of waveforms. Square Wave arrays of 22384 elements with desired frequencies were

generated. From these an array of length 16384 elements were selected, starting with

one of the first 3000 elements chosen at random. The initial elements of this array were

chosen at random from a number between 0 and 700. The initial elements of photic pulse

representation so generated, was filled with a random intensity between 0 and intensity

of the wave. The reason for this randomization was the same as in Experiment 1. These

perturbations augment the training data. The whole train represented a photic pulse of

duration 8.192 seconds.

Layer Dimension Dropout Kernel Activation Number of
constraint Function Paramenters

Layer 0 [None, 16384, 1]
(Input Layer)

Layer 1 [None, 16245, 8 ] ReLU 2248
(Convolution Layer)

Layer 2 [None, 16245, 4] ReLU ReLU 36
(Dense Layer)

Layer 3 [None, 5] 0.5 sigmoid 50
(RNN Basic Cell

Final State)
Layer 4 [None, 5] 0.5 sigmoid 30

(Dense Layer)
Layer 5 [None, 2] softmax 12

(Output Layer)

Table 6.4: Structure of neural network used in Experiment 2

The structure of neural network used in the experiment can be seen in Table 6.4.

Bias were used for both dense layers, convolution layer and RNN basic cell. In the dense

layer after convolution (layer 2), kernel constraint Rectified Linear Output was applied

to the kernel parameters. A convolution layer with a convolution operator length of 280

weights was used in the first layer. It corresponded with a time period of 140 ms.



116
Chapter 6. A deep learning based cognitive model to probe the relation between

psychophysics and electrophysiology of flicker stimulus

The loss and accuracy for each iteration was tabulated after training. The losses and

accuracies for validation set over iterations were filtered with a Gaussian filter of sigma

11. The selected iterations have been listed in Table 6.5.

Intensity cd/ft2 Total iterations Least Loss Selected Iteration Accuracy

5340 4000 0.649 1893 0.6040
534 4000 0.3298 3411 0.89
53.4 4000 0.1065 2128 0.968
5.34 2000 0.0448 1938 0.998
0.53 4000 0.043 3953 0.994

Table 6.5: The iteration whose corresponding weights were chosen for neural network.

Figure 6.10: The differences in maximum and minimum amplitudes in a 1 second
interval from the output of Layer 2 of an untrained neural network used in experiment

2.

For testing, the model waves of intensities 5340 cd/ft2 and 534 cd/ft2 were not

considered due to low training accuracies. The difference in maximum and minimum

values from layer 2, for one second interval for an untrained neural network for various

frequencies for photic pulse of intensity 53.4 cd/ft2, can be be seen in Figure 6.10. The

differences from layer 2 output of neural network trained twice, with 53.4 hertz stimuli

can be seen in figure 6.11 and 6.12. A peak can be observed at 10 hertz in both Figures.

Peaks could also be seen near 20 hertz and 40 hertz. Some extra peaks including those

at 30 hertz were obtained in both the Figures. The output for a neural network trained

with 5.34 cd/ft2 for same operation can be seen in Figure 6.13. The output did not

show peaks at 10, 20, 40 or 80 hertz.
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Figure 6.11: The differences in maximum and minimum amplitudes from the output
of layer 2 for 1 second interval for a neural network trained and tested with 53.4 cd/ft2

photic pulses.

Figure 6.12: The differences in maximum and minimum amplitudes from the output
of layer 2 for 1 second interval of a neural network trained and tested with 53.4 cd/ft2

photic pulses. The neural network was trained with same method for a second time.
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Figure 6.13: The differences in maximum and minimum amplitudes from the output
of layer 2 for 1 second interval for a neural network trained and tested with 5.34 cd/ft2

photic pulses.

(a) For a untrained neural network (b) For a trained neural network

Figure 6.14: The response frequencies vs stimulus frequencies in output of neural
network in Neuron 3 for Layer2
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(a) For an untrained neural network.
This shows that harmonics of fun-
damental frequencies of the square
waves will be present in the output
of a random convolution operation on

it.

(b) For a trained neural network. It
can be seen that response frequencies
are more for some specific frequencies
unlike a random convolution opera-

tion.

Figure 6.15: The response frequencies vs stimulus frequencies in output of Neuron 0
of Layer1 of neural network used in Experiment 2.

The stimulus frequencies for square waves that invokes responses for frequencies from

2 to 100 hertz for this neural network for photic pulse of intensity 53.4 cd/ft2 have

been plotted in figures 6.14a, 6.14b, 6.15a and 6.15b. The present model corresponding

to Experiment 2 (referred to as Model 2) predicts fundamental frequencies as well as

harmonics in the output of the neural network as can be seen in figures 6.14b and

6.15b. Even a convolution filter with random weight can generate harmonic frequencies

in output of a periodic stimulus as is evident from 6.15a. It can be seen from the figures

that the convolution output of a trained neural network is more sensitive to specific

frequencies than an untrained neural network. The output of a trained neural network

is similar to human EEG response to flicker in being sensitive to certain frequencies.

Further as can be seen in Figure 6.16 the fundamental as well as harmonics are evoked

even in the sinusoidal response to flicker stimulus.

6.5 Discussion

The findings from the present work indicate that CRNNs can be used to train psy-

chophysics data of photic pulses for a particular intensity that varies in PCF and fre-

quency. The present work shows that it is possible to obtain a clear sinusoidal response
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(a) For neuron 0 in Layer 1 (b) For neuron 0 in Layer 2

Figure 6.16: The response frequencies vs stimulus frequencies for a sinusodial stimulus
of waveform I = Io(1 + msin(ωt)) for the neurons for a neural network of Model 2
trained with photic pulse representations of 54.3cd/ft2. Here Io = 54.3, m = 0.1 and
ω = 2πf where f is the the frequency of the stimulus. The subharmonics are present

in the output of the sinusoidal stimulus.

at 10 hertz from a neural network trained with psychophysics data, in spite of the fact

that no 10 hertz photic pulse signal or EEG data were used in training the neural net-

work. Clear sinusoidal responses have been previously obtained near 10 hertz for EEG

response to flicker[86]. It also shows that the convolution layers of such a CRNN are

more likely to show resonant output at some particular frequencies, similar to the human

EEG response to flicker. The similarities in output between the convolution layer of the

CRNN and the EEG response to the stimulus can be explained by the assumption that a

small region in a cortical layer with thousands of neurons in it, acts in a manner similar

to that of an artificial neuron in an ANN. When neurons present in a cortical layer fire

in unison, the electric fields generated by the neurons can be measured outside the brain

via EEG. The model put forth in this work that human EEG response to flicker stim-

ulus is a convolution operation on the stimulus is in line with the hypothesis that the

response is the superposition of event related potentials as opposed to the entrainment

hypothesis.

The main sources of light in the natural world, viz., sun and moon, emit steady light

with no sudden change in intensity. The only way the intensity of light emitted from

any point in the natural world would change is when there is some motion at that point.

The cell assemblies that lead to characteristic response in EEG, to flicker stimuli may

have evolved in order to detect motion at particular points.
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Flicker fusion can happen at various stages of information processing, beginning with

the retina. Here, only one stage of differentiation in the brain was considered. This can

be the reason why only one intensity was able to produce an EEG-like response in the in-

termediate layers of CRNN, trained to imitate the human brain. It could also be a reason

why the neural network could not be trained with photic pulses of intensities greater than

53.4 cd/ft2. The intermediate outputs of neural networks trained with intensities lesser

than 53.4 cd/ft2 did not show resonances near the reported frequencies where human

EEG shows resonant response to flicker stimulus. Also, harmonics and sub-harmonic

oscillations, in addition to fundamental frequency of flicker stimulus have been detected

in human EEG response to flicker stimulus. The sub-harmonic oscillations, unlike har-

monic oscillations, were reported to come from the parietal electrodes instead of the

occipital electrodes[74]. No clear evidence of sub-harmonic oscillations were reported in

local field potentials and multi unit activities of cat visual cortex stimulated with flicker

stimulus[85]. The present work has been unable to detect sub-harmonic oscillations in

the intermediate convolution layers. Digital circuits with flip flops are can be used as

frequency doublers to generate a pulse with doubled frequency of the clock pulse[132].

A similar mechanism might be happening in the generation of the sub-harmonics of the

fundamental frequencies of the flicker stimulus, with the flicker stimulus acting as a clock

signal.

6.5.1 Limitation and future work

The present work was trained only on the data of a single subject, which is a limitation of

this study. But the work does provides support for the methodology that can be tested

with psychophysics and EEG data acquired for the purpose in future. The amplitudes

of the fundamental and the first and second harmonics in SSVEPs are not stable over

time in some human subjects[133]. The present model has been unable to explain this

phenomenon. Moreover, we generated training and validation data on the assumption

that, for a particular PCF and intensity, the human visual system will perceive all photic

pulses with frequencies above the CFF as flickering. However outliers exist above and

below CFF as demonstrated in Chapter 7 of this thesis. Also, in the present work, no

EEG recordings were made at the time of acquisition of psychophysics data used in

training the neural network. A future experiment with both psychophysics data and

EEG data collected from the same subject in identical circumstances will possibly be

able to ascertain more correlations between the two. In this case, direct mathematical

correlations can be carried out instead of relying on subjective comparisons alone. The

classification for data points represented by intensity, PCF and frequency can be mea-

sured for the subject by the method of constant stimulus. A large set of data points

for a particular intensity with two parameters, viz. frequency and PCF, labeled into

two classes, could be used to train a similar neural network. In spite of some of these

limitations mentioned above, the present work provides the first such computational
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framework that involves training a deep neural network with psychophysics data to

predict brain activity at electrophysiological level.

6.6 Conclusion

The present work used a recurrent neural network based framework to model flicker,

a time dependent psychophysics data. We have shown that the intermediate layers of

the network could show features of the electrophysiological response to the stimulus.

Clear sinusoidal responses could be obtained from intermediate layers of the network

for a ten hertz stimulus input although no electrophysiological data was used to train

the model. The presence of the fundamental frequency of the flicker stimulus as well

as the harmonics can be explained as a temporal convolution operation of the stimulus.

We have further shown that the output from convolution layer of a CRNN trained with

psychophysics data will be more responsive at particular frequencies, similar to the

human EEG response to flicker. The proposed CRNN model could be used to test the

relationship between the psychophysics of flicker fusion and electrophysiology of flicker

from a same subject.
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Chapter summary:

This chapter describes an instrument that can generate simple as well as

complex flicker patterns, and record subject classification of the stimulus as

either flickering or steady by button press. The experimental system also

includes a mechanism to prevent dark adaptation by automatic lighting of a

high intensity lamp after the button press for a certain time period. The next

set of photic trains to be tested can be generated immediately after. The

device is controlled by an Arduino, and the experiment can be done without

the need of of human assistance to change temporal waveform and record

the readings. We also describe a mechanism to measure the intensity of the
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photic pulse train from a voltage reading generated from the instrument. The

instrument is powered by a constant voltage source, and the intensity of pulse

can be controlled by changing a variable resistance in series with the circuit.

The instrument can generate photic pulses with different intensities and color

in the same pulse train and allows the generation of data for simpler pulses

which may be used for constructing a brain computational model as shown

in Chapter 3 of this thesis. The model can be tested on the psychophysics

results of the complex pulses.

7.1 Introduction

One of the important challenges in the measurement of human perception is its instru-

mentation and methods. The instrument-oriented research involves the measurement

of external physical stimuli that gives rises to psychological responses. It also involves

measurement of perception of the stimulus as well as development of sensors that can

mimic human perception[134]. This thesis had proposed a DNN based brain computa-

tional model model for Flicker Fusion phenomena in Chapter 3. This chapter describes

the construction and calibration of an instrument, for generating data to train and test

such models. This work describes an instrument that may generate huge volume of

psychophysics data on simple square flicker waves that can be described by four param-

eters color, luminance, PCF and frequency. This data, in turn, can be used to train

Brain Computational Models via machine learning techniques. A central challenge of

machine learning is that an algorithm should perform well on previously unseen input.

This ability to perform well on previously unobserved inputs is called generalization.

The generalization error of a machine learning model is tested on a test set of inputs

that have been collected separately from the data used to train the model[5]. Since our

device can generate complex waveforms where the alternate pulses might be of different

intensity or color, the model may be validated using such psychophysics data on complex

stimuli.

7.2 Disadvantages of computer screens

It would seem that computers could be programmed to produce many of the former ex-

periments done on psychophysics of flicker perception on the screen. However, computer

monitors are ill suited to conduct psychophysics experiment on flicker stimulus[135].

Cathode Ray tubes have fixed framerates[136]. It will impose limits on temporal sam-

pling of flicker stimulus[136]. If the framerate is not an integer multiple of the flicker

frequency, it will lead to temporal aliasing[136]. CRT monitors time to go off is depen-

dent on phosphor decay times that can range from microseconds to milliseconds[136].
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It severely limits higher frequency flickers whose psychophysics properties can be stud-

ied with a CRT monitor [136]. Computer monitors with Liquid Crystal Displays have

slower response times than CRT monitors [135], making them ill suited for experiments

on flicker perception.

7.3 The Instrument

Figure 7.1: The Light Emitting diodes soldered together in the device

Light Emitting Diodes(LEDs) have been used for generating flicker stimulus for mea-

suring CFF[137]. These are semiconductor devices that can emit photons, with typical

spectrum line width between 5 and 20 nanometers. The light is nearly monochromatic

[138] and it allows us to study flicker perceptions and pathways in human visual sys-

tems involved with the particular wavelengths of light. Both the rise time of an LED

(or the time it takes to reach the maximum value of its output in photons per second)

and the fall time of the LED (or the time it takes to reach the minimum value of its

output from maximum) are in the order of nanoseconds[139]. As the LEDs work very

fast when compared to the human visual system, these constitute an ideal light source

for the study of flicker perception.

Twenty eight Common Anode RGB LEDs together were used as the source of light.

Each anode was connected to the positive terminal of a constant voltage source through

a 100Ω resistance. The cathodes corresponding to Red, Green and Blue LEDs were

shorted together. The soldered together LEDs can be seen in Figure 7.1. This made it

possible to light up all the LEDs of a particular color together. Wires were connected and

taken out from either side of a 100Ω resistance connected to an anode. The intensity
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Figure 7.2: The device with no lights on (in the left-hand picture) and with green
lights on (in the right-hand picture)

of light emitted by an LED will be a function of the current flowing through it. By

measuring the potential difference across the 100Ω resistance, it is possible to calculate

the intensity of the light. The Light Emitting Diodes were then placed in a box and

mounted as shown in Figure 7.2 in two modes of operation. The light from the LEDs fall

on a diffusion plate and the plate can be seen through a circular aperture of diameter

1.45 cm. The diffusion plate is used to create an even source of illumination from the

light of LEDs. The light emitted out of the device will be uniform throughout the

diffusion plate. The aperture blocks like from coming out of the entire diffusion plate

and the light comes out of a source with circular shape.

The signals for photic pulses were generated using an Arduino UNO R3. Arduinos

are an open source platform used for construction and programming in electronics in

high level language[140]. The high level languages codes used for experiments have been

provided in Appendix B. The setup includes a keypad with two buttons for subject

response. Arduino is programmed to generate a new waveform after each button press

as well as to print the subject response and physical parameters of the stimulus on a

desktop computer. The signal from the Arduino was used to control flow of current

from the cathode to the ground of a constant voltage supply with the use of transistors.

Multiple transistors were connected in parallel, as the current through the collector

could get higher than the rated current of the transistor. The emitters of transistors

were connected in two different paths to the ground in series with variable resistances.

By changing the resistance, it would be possible to vary the flow of current through the

LEDs and hence the intensity of light. The current from the cathodes could flow to the

ground of the power supply through two pathways that could be switched on and off via

transistors.
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Moreover, if an observer stays in a dark room for a long amount of time, the eyes

will get dark adapted. It will change the values associated with the photic pulses in

our psychophysics experiments[57]. In order to prevent it, a floodlight was switched on

between the readings for a few seconds. The floodlight was powered by external AC

power supply. A BT136 Triac controlled by an MOC3021 optocoupler was used to turn

the floodlight on and off. The MOC3021 was controlled with signal from the Arduino.

7.4 Calibration
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Figure 7.3: The top plot shows the variance of potential difference across the 100
Ω resistance with the resistance value in post office box for LEDs. The bottom graph

shows variance of luminance with voltage across that resistance..

For calibration purpose, the circuits for LEDs of three colors were separately switched

on without flicker. Calibrations were made between the potential difference across the
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100 Ω resistance connected in series with an anode and resistance of a post office box used

as a variable resistance. The luminance at the position of the eye was measured with

a Gossen Mavospot 2 Luminance meter. It was calibrated with the voltage. It would

then be possible to know the luminance of the device from the potential difference across

the 100 Ω resistance. The device could be set to a desired luminance by changing the

external resistance. The calibrations for LEDs of two colors can be seen in Figure 7.3.

7.5 Measurement Procedure and techniques

Figure 7.4: A subject seated infront of the device

The measurements were made in a dark room. The subject’s head was kept fixed by

a chin rest. The device was kept at a distance from subject to make a viewing angle

of 2◦. A subject viewed the aperture monocularly with right eye and left eye was left

closed with an eye patch. A subject with the keypad and the floodlight to prevent dark

adaptation can be seen in Figure 7.4.

7.5.1 Binary Search Method

In computer science, binary search is a searching algorithm that finds a position of a

target value within a sorted array. Binary search compares the target value to an element

in the middle of the array. If they are not equal, the half in which the target cannot lie

is eliminated and the search continues on the remaining half, again taking the middle

element to compare with the target value, and repeating this until the target value

is found[141]. Our device makes use of binary search algorithm with the assumption

that there is a threshold time period below which the flicker will appear as fused. The
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Figure 7.5: Data generated by binary search method

Arduino was programmed to employ a binary search algorithm to find this threshold

time period. For a particular PCF, the device searches for this threshold time period

for time period intervals between 64 and 8 milliseconds. The time period was measured

for 19 PCFs between 1
20 and 19

20 . The PCFs were presented in a random order.

7.5.2 Method of Constant Stimuli

Method of constant stimuli is a psychophysics procedure in which each of a fixed set

of stimuli (ranging near the threshold) is presented repeatedly in random order[142].

The threshold values detected by binary search method were used as thresholds. Twelve

time period values near threshold values were presented for a PCF. The waveforms were

presented to the subject in a total random order. The subject took readings by the

method of constant stimulus twice on two different days. The readings obtained from

method of constant stimulus can be seen in Figure 7.6.

7.5.3 Intra subject variation in measurement

The datapoints which were labeled as either flickering or steady in both readings, as well

as datapoints that labeled differently in both readings have been plotted in Figure 7.7.

The subject classified 113 datapoints as flicker and 113 datapoints as steady on both

the days. The subject classified 13 datapoints differently.
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Figure 7.6: Data generated by the method of constant stimuli.
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Figure 7.7: The datapoints labeled as flickering and steady by the subject in both
set of readings as well as points marked flicker in one reading and steady in another

reading

7.5.4 Uncertainty in measurement

• To calculate the uncertainty in such response, we can begin with the null hypothesis

that the subject is giving completely random responses.

• In that case the possible responses of subject for two days for same data point is

{(flicker, flicker), (flicker, steady), (steady, flicker), (steady, steady)}.

• So for a particular data point, there is a probability p = 1
2 that subject gave same

response on both the days and a probability q = 1
2 that subject the subject did

not.

• From experimental data, the subject gave same responses for 215 data points and

different responses for 13 data points.

• Assuming null hypothesis is true, the probability value that there will be events

with same or lower probabilities than the event in which 13 data points had differ-

ent responses is, p − value = 2
∑i=13

i=0

nCi

piqn−i where n=228, which is total number

of datapoints and i varying from 0 to 13.

• Calculating the above, we get p− value = 2.514897 ∗ 10−48

• So there is probability of 2.514897 ∗ 10−48 that null hypothesis is true.

• So we can reject null hypothesis that the subject gave random responses and

conclude that subject did not give random responses.



132 Chapter 7. A device to generate mass psychophysics data on flicker fusion

7.5.5 Binary search threshold as a classifier

0 0.25 0.5 0.75 1
0

0.25

0.5

0.75

1

1-Specificity

S
en
si
ti
v
it
y

First Set of datapoints
Second Set of datapoints
Common Datapoints

Figure 7.8: The ROC curve for the threshold obtained by binary search method. Its
performance was tested on the two sets of readings and their common data points. The
threshold does a better work in classifying the datapoints that were common on both

days, as it has a slightly bigger area under the curve.

The efficacy of the threshold obtained by binary search method can be seen in the

ROC curve plotted in Figure 7.8. The label flicker has been treated as positive and

steady as negative. The binary search threshold line obtained in Figure 7.5 has been

moved vertically along time period in Figures 7.6 and Figure 7.7 to obtain the ROC

curve. As we can see that there does not exist a perfect threshold time period to classify

a photic pulse as flickering or fused. There are outliers.

7.6 Conclusion

The device requires no human assistance to change the frequency or PCF while taking

the readings. The generation of psychophysics data in large volume may enable it to be

used in the construction of brain computational models using deep learning techniques.

The photic pulses generated by the machine could be represented as a one dimensional

temporal signal with multiple channels as seen in Figure 7.9b. The model thus trained

by the device can be fitted with more complex flicker patterns where the alternate photic

pulses can have different time periods, intensities, or colors as in Figure 7.9. Further the

psychophysics study showed the presence of outliers in human flicker fusion data, that

there is no strict time period or frequency separating steady from label flicker.
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(a) A complex flicker pattern (achromatic) with pulses of different luminance in the same train

0 0.10.20.30.40.50.60.70.80.9

100

Time (seconds)

Lu
m
in
an

ce
(c
d/

m
2 )

(b) A chromatic flicker pattern with photic pulses of different colors in the same train.

Figure 7.9: Examples of two complex photic pulse patterns that can be generated
by the instrument. In the top image the alternate photic pulses are of green light but
have different intensities. In the bottom image, the alternate photic pulses are of of

two different colors, red and blue.





Chapter 8

Probing temporal filters of vision

via a falsifiable model of flicker

fusion

Publications

• Keerthi S. Chandran and Kuntal Ghosh “Probing Temporal Filters of Vision via

a Falsifiable Model of Flicker Fusion”. In: Brain Informatics. BI 2024. Lecture

Notes in Computer Science, vol 15542. Springer, Singapore, 2025. doi: https:

//doi.org/10.1007/978-981-96-3297-8_14

Chapter summary:

This work trains a Deep Neural Network (DNN) based model of flicker fusion

with human psychophysics data. The convolution filters of DNNs trained on

natural images acquire the features of Gabor filters. This work shows that in

a similar fashion, the convolution filters of the DNN trained with temporal

psychophysics data acquired symmetrical features. Derivatives of Gaussian

and Gabor functions found in human visual systems are often symmetric.

The predictions made by the DNN on a complex flicker stimulus was tested

with psychophysics experiment. The model is shown to be falsifiable and can

be improved with further training.
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8.1 Introduction

Many studies have suggested similarities between Deep Neural Networks(DNNs) trained

for engineering tasks and the cognition in biological brains[9]. Many of the conclusions

on similarities between DNNs and human cognition rely on the concept of emergence,

which is training DNNs to one task leading to another known phenomena[9]. For in-

stance, training DNNs on object recognition can lead to emergence of shape bias in

neural networks[9]. Another emergent property of DNNs trained in object recognition is

the emergence of Gabor like filters in convolution layer of DNNs trained on object recog-

nition[2]. There have been criticisms that similarities between DNNs and biological or

human vision are overstated, and the claims of similarities between DNNs and biological

vision have been put to severe testing[9]. As per philosopher Karl Popper, falsifiability

is a necessity for a theory to be considered scientific. Bowers et al. emphasizes the need

to incorporate falsification tests in models comparing DNNs with human cognition[9].

This chapter uses data from psychophysics experiments done on the device described in

previous chapter to model flicker fusion. An emergent phenomena that could be investi-

gated is the presence of temporal filters in visual system. The spatiotemporal filters are

are used to detect motion in models of computer and human vision[143]. Previous works

have shown the existence of spatiotemporal filters in mammalian visual system[144][145].

This work examines only the temporal aspect of the visual system. In addition to it,

the model is put to a falsification test via an empirical psychophysics experiment. This

work shows that its possible to build falsifiable models of psychological phenomena, and

that falsification tests can show that models could be further improved to be closer to

biological reality.

8.1.1 Linear filters in the biological system and DNNs

The convolution filter of DNNs trained on object recognition acquire the features of

Gabor filters, which are found in V1 neurons of biological brains[2]. Gabor wavelets

were also learned as a result of training with sparse coding on natural images[146]. Fil-

ters in the shape of difference of Gaussian, and Laplacian of Gaussian are also found

in the retinal receptive fields of cats and primates[147]. Previous works have modeled

spatiotemporal filters in the visual system, which turned out to be derivatives of Gaus-

sian[144][145]. Spatiotemporal filters are used as motion detectors in computer and

human vision[143]. This work will probe the possibility of existence of filters similar to

Gabor or derivatives of Gaussian in the human visual system via the CRNN model.
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8.1.2 Contributions

There are two contributions in this work. The first is to show that, it is possible to

model the temporal filters in visual system via data obtained from human psychophysics

experiments. We go on to show that the filters so modeled have symmetric features.

Second, we show that the model is falsifiable with human psychophysics experiments

and the model can be further improved by fitting data to the model more rigorously.

8.2 Proposed Methodology

8.2.1 Artificial Neural Network Model

Figure 8.1: Model of DNN

The model used for training the psychophysics data of flicker fusion is a Convolutional

Recurrent Neural Network, as done in previous chapters. The network used to train the

model can be seen in Figure 8.1. The final predictions are made by the single neuron

with a sigmoid activation function in the output layer. The network is trained to give

an output of 1 if there is flicker and 0 if the output is steady. While training the network

the output layer made predictions from the final state of recurrent layer. After training

the network, the DNN structure can be changed to predict the output at all time points

by connecting the dense layer above recurrent layer to outputs of all states instead of

just the final state.
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Figure 8.2: Data generated by the method of constant stimuli.

8.2.2 Training Data

The psychophysics data from a male subject generated from the device described in

Chapter 7 was used to train the network. The psychophysics experiments were done with

green light of luminance ∼ 1000cd/m2. The dataset can be can be found at https://

github.com/keerthischandran/flickerfusiondata . The dataset had classifications

made by a subject on photic pulses with 19 PCFs from 1
20 to 19

20 with an increment of 1
20 .

The measurements were made twice by the method of constant stimulus and the photic

pulses that were classified same, both times, were added to the dataset. There were 113

photic pulses with label flicker and 102 photic pulses with label steady. The datapoints

in both labels were split in the ratio 7:3 for training and validation. There are 71 and

and 79 datapoints for training with labels steady and flicker. There are 31 and and 34

datapoints for validation with labels steady and flicker. The datapoints along with their

sets have been plotted in Figure 8.2.

8.2.3 Signal Generation

• Waveform Construction: A binary wave representation was created for each

combination of time period and Pulse Cycle Fraction (PCF). Time points where

the green light was active were assigned a value of 1, while periods of inactivity

were assigned 0.

• Pulse Synthesis: Photic pulses were synthesized by concatenating these binary

sequences to match the desired PCF and time period characteristics.

• Temporal Extension: The wave representation was repeated to create a 10-

second signal consisting of 200,000 datapoints.

• Subsampling: From the initial 10-second signal, a 5-second segment (100,000

datapoints) was extracted at a random starting position. This was done to ran-

domize how the signal terminates.

https://github.com/keerthischandran/flickerfusiondata
https://github.com/keerthischandran/flickerfusiondata
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• Initial Perturbation: To ensure the final classification remained robust against

onset artifacts, a random value between 0 and 1 was assigned to the initial 0.5 to

0.75 seconds of every waveform. This introduction of noise provides a controlled

perturbation that does not influence the final classification.

8.2.4 Minibatch Selection

New minibatches were generated for both training and validation in each iteration. Each

minibatch had a selection of 64 datapoints for both flicker and steady with repetitions

allowed in selection. In total a minibatch had 128 datapoints in it.

8.3 Results

Figure 8.3: The training curve. The accuracies and losses have been Gaussian filtered
with a sigma 5.

The training curve for the network for the dataset is in Figure 8.3. Of it the weight

corresponding to iteration 5954 was chosen as it had highest accuracy in the array

accuracies filtered by Gaussian filter of sigma 5.

8.3.1 Symmetric filters

The filters for the trained network have been plotted in Figures 8.4. The filters of Convo-

lutional Neural Networks (CNNs) trained on engineering tasks like object classification

acquire the features of Gabor filters[2]. An elementary Gabor filter can have an odd and

even component[148]. The even component will be symmetric. Similar derivatives of

Gaussians known to exist in the visual system can be symmetric. In order to find out if

these are symmetrical filters, the filter arrays of dimension 2200 were flipped. The Pear-

son correlation were calculated for all possible wavelets of dimension 2100 from the filter

and its flipped array. The filters which are symmetric or are even will have a high cor-

relation. Three filters which showed symmetric features along with their shifted flipped



140 Chapter 8. Probing temporal filters of vision via a falsifiable model of flicker fusion

(a) Filter 0 (b) Filter 1 (c) Filter 2

(d) Filter 3 (e) Filter 4 (f) Filter 5

Figure 8.4: The convolution filters of the trained neural network

images have been plotted in Figure 8.5. The training of CRNN with psychophysics data

led to formation of symmetric functions in the convolution filters.

(a) For neuron 0
with Pearson correla-

tion of 0.665

(b) For neuron 3
with Pearson correla-

tion of 0.902

(c) For neuron 4
with Pearson correla-

tion of 0.840

Figure 8.5: The filters which showed symmetry have been plotted along with their
time shifted reversed images. The filters have been plotted in red and their mirror

images in green.

8.4 Falsifiability tests for the model

Bowers et al. have argued that many of the previous conclusions between DNNs and

human brain arose because of lack of severe testing of hypothesis[9]. A theory is falsifi-

able if there are are basic statements that contradict it[149]. ANNs can be understood

as computational languages in which falsifiable hypothesis can be expressed[150]. The

model used in this work is shown to be falsifiable via two empirical experiments. For

testing the model the output at all timepoints can be predicted by connecting the clas-

sifier over the recurrent layer to all recurrent states, instead of just being connected to

final state as used for training the network.
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8.4.1 Constant stimulus

Figure 8.6: The output for stimulus of PCF 1
2 and frequency 1 hertz.

A stimulus with constant amplitude should be classified as steady. It will give a

classification of flicker only when there is a sudden change of luminance. As we can see

in Figure 8.6, the network failed to satisfy this criteria.

8.4.2 A Complex flicker pattern

Psychophsyics experiments have been conducted on photic pulses in which alternate

pulses have different time periods[61][84] as in Figure 8.7a. The shape of the plot show-

ing fused and flickering areas for various stimuli obtained from experiments have been

plotted in Figure 8.7b. Former experimental works had determined that the boundary

conditions for the fusion contour is determined by the lines x+ y = P and x+ y = 2P ,

where P is the period associated with CFF of a simple stimulus of PCF 1
2 [61].

The experiment was simulated with the trained DNN. The mean of last one second

outputs for a trained and untrained network have been plotted in Figures 8.7c and 8.7d.

It can be seen that the fusion curves for DNN predictions are also enclosed by the lines

x+ y = P and x+ y = 2P .

8.4.3 An empirical test with the complex waveform

To identify the boundary between the ”fusion” and ”steady” regions predicted by the

neural network in Figure 8.7d, we located datapoints where the value differed from its

neighbors by an absolute magnitude greater than 0.5. From this intersection, a test

dataset of 100 datapoints was randomly selected; each selected point was located within

a maximum distance of five datapoints (horizontally or vertically) from the boundary.

These points are visualized in Figure 8.8a.Psychophysics experiments were conducted

using the device described in Chapter 7, under the same conditions and with the same

subject used for the training data. The subject’s classifications, along with their mirror
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Figure 8.8: The psychophysics and simulation data for photic pulses with alternate
timeperiods. The dark regions denotes the classification as steady and white region

denoted classification as flickering.

images across the line x = y, are plotted in Figure 8.8b. As illustrated, the subject’s psy-

chophysics data aligns more closely with the patterns observed in previous experiments
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(Figure 8.7b) than with the model predictions shown in Figure 8.7d.

8.5 Revising the Model

Figure 8.9: Training curve of new training with pretrained data

When a scientific theory is falsified, scientists can reject or revise the theory or

maintain the theory as is and changing an auxiliary hypothesis[151]. Here the model

is improved on further training the pretrained model with a few more conditions. In

the new condition, the process of signal generation was the same. However in every

minibatch, there was a probability 1
2 that every wave with label fused was replaced by

a new wave. The new wave had equal probability of being from the steady or flicker

dataset. The last 0.5 to 0.25 seconds of the signals were all made zero in half of those

signals, and a random value between 0 and 1 in the other half. This change was only

done in the training set and not validation set. This was done to force the condition

that constant stimulus should be classified as steady onto the DNN. The training curve

on the pretrained dataset is seen in Figure 8.9 and weights of iteration 958 were loaded

to test the model.

8.5.1 Results

The convolution filters were similar to the pretrained model. But now, the output for

constant stimulus are closer to zero as seen in 8.10a which was not the case with the

previous weights as can be seen in 8.6. The predictions after training are closer to

the actual psychophysics results than DNN with previous weights as can be seen in

comparison of Figure 8.7b with Figures 8.7d and 8.10b. The network with new weights

classified lesser number of photic pulses in flickering region as steady.
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(a) Constant Stimulus Output (b) Complex Stimulus Output

Figure 8.10: Training curve and output of revised model

8.6 Conclusion

The present work trained psychophysics data of flicker fusion on a proposed DNN model.

The training yielded symmetric filters as found in biological visual systems. The model

was put to falsifiability test via an empirical experiment. The psychophysics results

did not match exactly with the predictions of the model. But it could be seen that

model trained with a dataset forcing the condition that a constant stimulus should be

classified steady did a better job of predicting psychophysics results. The model can

be improved by bigger training datasets and changing hyperparameters associated with

the network. The datasets used for training and testing are in https://github.com/

keerthischandran/flickerfusiondata.

https://github.com/keerthischandran/flickerfusiondata
https://github.com/keerthischandran/flickerfusiondata
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Conclusion

This thesis explored the use of deep learning as a tool to model psychophysics phenom-

ena. Psychophysics experiments can be used to obtain a black box model of the brain.

The psychophysics experiments provide a clear relation between a set of input and out-

put signals, where the input signals are the structured representations of stimuli and the

output signals are the corresponding behavior responses. The conclusions drawn from

this thesis are listed in the next section.

9.1 Inferences drawn from the work

9.1.1 New architectures should be constructed to fit psychophysics

data

While many of the existing neural network architectures have shown correlations with

brain signals obtained from humans, they are not the perfect models of biological vision.

New models, different from engineering goal oriented DNNs need to be built to fit

psychophysics data. As has been shown in Chapter 4, two existing neural network

architectures VGG16 and VGG19 failed to classify the psychophysics data generated for

flicker wheel illusion.

9.1.2 Psychophysics knowledge is needed to design DNNs

This thesis proposed biologically inspired models for flicker fusion, flicker wheel illusion

and sound symbolism. The convolution operation in CRNNs proposed for flicker fu-

sion, were inspired by transient on off operations in retina which is mathematically a

convolution operation. The appropriate activation function in the lowest layer of DNN

for modeling flicker fusion turned out to be the logarithmic function. The logarithmic

145
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activation function was inspired by Fechner’s law. The knowledge of microsaccades and

the role it plays in perception of various illusory motions, aided in the construction of a

proposed model for flicker wheel illusion in Chapter 4. Previous literature had shown ex-

istence of phonetic differences in words of English language for objects perceived as sharp

or round. This along with the fact that previous psychophysics work showed differences

in Fourier spectrum in words labeled to sharp and round Figures in Kiki Bouba experi-

ment, paved a path for designing an experiment to model sound symbolism phenomena

through machine learning.

9.1.3 Understanding psychological phenomena can have practical ap-

plications

Sound symbolic phenomena is considered to be an aid in the learning of languages in

humans. However machine perception of languages do not incorporate sound symbolic

process. Building computational models of sound symbolic phenomenon, as done in

Chapter 5, can aid in machines understanding and learning natural languages better.

9.1.4 Building DNN models explain other biological phenomena

In Chapter 6, a relation between psychophysics of flicker fusion and EEG response to

flicker stimulus was investigated through CRNN based model of flicker fusion. Similarly

in chapter 8, we demonstrated that training such models with psychophysics data, can

yield insights like the temporal properties of biological filters acting in the temporal

dimension.

9.1.5 Structured experimental setups facilitate the acquisition of high-

volume data required for DNN training

The thesis mentioned the construction of a device to generate mass data to train and test

DNN models in Chapter 7. Visual angle was kept constant throughout the experiment.

Intra-subject variations in psychophysics data, that can arise from dark adaptation of the

eye was avoided by programming the device to turn on a floodlight in between readings

of individual pulses. The results thus obtained showed that psychophysics experiments

on flicker fusion are repeatable with greater accuracy without much uncertainty due to

intra-subject variation. Such data can be used to reconstruct the accurate computational

mechanism of the psychophysics phenomena through a deep learning model. In case of

experiments with high intra-subject variation as that on flicker wheel illusion as described

in chapter Chapter 4, DNNs were able to predict with similar accuracies that can be

obtained with the repetition of the experiment.
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9.1.6 DNN based models of psychophysics are falsifiable

A genuine scientific theory must be falsifiable. As shown in Chapter 3, the proposed DNN

based model of flicker fusion is falsifiable in many ways. The model can be trained with

rectangular waveforms and then be tested with sinusoidal or complex waveforms. The

falsification test has been done with data specifically obtained for training Deep Neural

Network in Chapter 8. The DNN was be trained with psychophysics data of rectangular

waveforms and the data could nearly fit the model. The model made a prediction

on a complex waveform which was falsified by doing psychophysics experiment on the

prediction.

9.1.7 Corollary

The comprehensive corollary of this research is that the human visual system can be

effectively modeled as a hierarchy of discrete, specialized agents, aligning with Minsky’s

’Society of Mind’ framework. This work demonstrates that DNNs, when biologically

constrained, serve as the ideal building blocks for these agents—representing fundamen-

tal processes such as cross modal correspondences, flicker perception or motion illusion.

Crucially, this implies that artificial general intelligence (AGI) in vision should not be

pursued through a single, monolithic architecture, but through the integration of smaller,

psychophysically-grounded DNNs. By showing that standard engineering-oriented ar-

chitectures are non-optimal for human-specific phenomena, this thesis establishes a new

design requirement: complex cognitive models must be constructed by stacking or shar-

ing layers between these specialized, ’low-intelligence’ agents to truly replicate human

perception. Further many of the present DNN architectures could be more similar to

animal brains than human brains.

9.2 Future Directions

The methodology explored in the work and articulated in Chapter 2, opens the scope of

further research. The proposed CRNN architecture applied on flicker fusion in Chapter

3, can be trained and tested with more psychophysics data obtained from subjects. The

chapter Chapter 7 had described the construction of device to gather more psychophysics

data on flicker fusion. The correlation of brain signals like EEG, fMRI or MEG with the

mid layers of the model can be probed by method described in Chapter 6, or by other

techniques like Representational Similarity Analysis. The data gathered for flicker wheel

illusion as well as proposed modeling technique as described in Chapter 4 can be applied

for modeling more complex visual illusions. Other sound symbolic phenomena unrelated

to sharpness and roundness like big and small, can be modeled via the methodology

explored in Chapter 5.
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9.2.1 Some Preclusive Insights

The findings of this thesis provide several preclusive insights that constrain and guide

the direction of future computational psychophysics:

• Inadequacy of Generic Architectures: The failure of standard architectures

like VGG16 and VGG19 to classify flicker wheel illusions (Chapter 4) precludes the

use of generic, task-oriented DNNs for modeling biological vision. Future models

must prioritize the integration of oculomotor data, such as microsaccades, into the

architecture to account for illusory motion.

• Non-linearity in Temporal Dimension: The falsification of the flicker fusion

model when tested with complex waveforms (Chapter 8 and Chapter 3) precludes

the reliance on simple linear temporal integration. This indicates that future mod-

els must incorporate non-linear feedback or adaptive biological filters to maintain

predictive accuracy across diverse stimulus profiles.

• Linguistic Perception: Incorporating sound-symbolic process may help compu-

tational models of language acquire human like depth as per the results in Chapter

5. This precludes purely statistical approaches to natural language understanding

when the goal is to replicate human-centric learning biases.
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[102] Wolfgang Köhler. “Gestalt psychology”. In: Psychologische Forschung 31.1 (1967),

pp. XVIII–XXX.

[103] Konstantina Margiotoudi et al. “Bo-NO-bouba-kiki: picture-word mapping but

no spontaneous sound symbolic speech-shape mapping in a language trained

bonobo”. In: Proceedings of the Royal Society B: Biological Sciences 289.1968

(Feb. 2022). doi: 10.1098/rspb.2021.1717. url: https://doi.org/10.1098/

rspb.2021.1717.
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Appendix A

Appendix to the Sound

Symbolism work

This list of words used to model the sound symbolism in Chapter 5 is presented below.

The mp3 files of the words were downloaded from the Collins Dictionary website (https:

//www.collinsdictionary.com/dictionary/).

A.1 Languages and objects used for machine learning

A.1.1 Languages

Arabic, American English, Brazilian Portuguese, Chinese, Croatian, Czech, Danish,

Dutch, Finnish, French, German, Greek, Italian, Japanese, Korean, Norwegian, Polish,

Russian, Swedish, Thai, Turkish, Vietnamese

A.1.2 Sharp Objects

Scissors, Knife, Saw, Sword, Axe, Pin, Blade, Tweezers, Nail, Fork, Hook, Dart, Needle,

Pine, Beak, Claws, Screw, Sting, Shovel, Razor, Chisel, Drill, Spine, Tooth, Cactus

A.1.3 Round Objects

Moon, Sun, Bubble, Melon, Ball, Poppy, Pepper, Doughnut, Pea, Onion, Rings, Egg,

Eyes, Orange, Dandelion, Tyre, Button, Wheel, Beads, Cookies, Coins, Medal, Grapes,

Tomato, Plate, Cabbage, Disk, Globe, Hole, Clock, Bulb, Lemon, Clouds, Bracelet,

Apple, Potato, Circle, Oval, Blossom, Daisy, Bun, Wool, Flower
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A.2 Psychophysics results

All words were presented in the same random order to subjects.

Table A.1: The psychophysics results for words in category sharp. (n=199)

Presentation Object Language Word Sharp
Order Labelings

0 Horn German Horn 84
2 Icicle French glaçon 94
4 Bayonet French bäıonnette 123
5 Spike Latin American Spanish punta 103
7 Bayonet Brazilian Portuguese baioneta 109
10 Dagger Italian pugnale 93
11 Shears Brazilian Portuguese podadeira 100
13 Shears European Portuguese podadeira 110
14 Shears Italian cesoie 115
15 Dagger German Dolch 87
16 Bayonet European Portuguese baioneta 101
18 Tusk Brazilian Portuguese presa 114
21 Spike European Spanish punta 96
22 Dagger Brazilian Portuguese punhal 102
25 Spike German Spitze 99
26 Tusk Latin American Spanish colmillo 109
27 Dagger Latin American Spanish puñal 100
29 Sabre Latin American Spanish sable 97
30 Sabre European Spanish sable 94
32 Scalpel Italian bisturi 102
36 Tusk French défense 92
40 Icicle European Portuguese sincelo 91
44 Sabre French sabre 108
45 Sabre German Säbel 100
46 Spear Latin American Spanish sable 98
48 Scalpel French scalpel 113
51 Dagger French poignard 108
53 Icicle European Spanish carámbano 132
54 Bayonet European Spanish bayoneta 119
56 Horn Italian corno 102
58 Horn Brazilian Portuguese chifre 109
59 Icicle Latin American Spanish carámbano 113
60 Shears French cisaille 113
64 Spike European Portuguese ponta 110
67 Horn French corne 102
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Table A.2: The psychophysics results for words in category round. (n=199)

Presentation Object Language Word Sharp
Order Labelings

1 Ripple Latin American Spanish onda 98
3 Foam German Schaum 63
6 Sphere Italian sfera 79
8 Bloom French fleur 74
9 Droplet European Portuguese got́ıcula 92
12 Droplet French gouttelette 78
17 Droplet Italian gocciolina 101
19 Sphere Brazilian Portuguese esfera 91
20 Ripple Brazilian Portuguese ondulação 104
23 Sphere Latin American Spanish esfera 102
24 Droplet European Spanish gotita 115
28 Ripple German kliene Welle 81
31 Bloom European Portuguese flor 65
33 Foam Latin American Spanish espuma 96
34 Foam Brazilian Portugese espuma 70
35 Foam French écume 96
37 Sphere French sphère 84
38 Ripple European Spanish onda 102
39 Ripple Italian increspatura 109
41 Droplet Brazilian Portuguese got́ıcula 73
42 Bloom German Blüte 72
43 Sphere European Portuguese esfera 75
47 Ripple French ondulation 103
49 Foam European Spanish espuma 93
50 Bloom Italian fiore 73
52 Foam European Portuguese espuma 80
55 Droplet German Tröpfchen 95
57 Sphere German Kugel 83
61 Bloom European Spanish floración 92
62 Bloom Brazilian Portuegese flor 62
63 Foam Italian schiuma 93
65 Bloom Latin American Spanish floración 71
66 Sphere European Spanish esfera 95
68 Ripple European Portuguese ondulação 74
69 Droplet Latin American Spanish gotita 96





Appendix B

Codes used for the device

This is the code for Arduino for the device described in Chapter 7. The randomizations

have been done from a desktop computer before being written down in Arduino code.

The datapoints in constant stimulus program has been chosen from the results of a binary

search program as described in Chapter 7. The binary search program and the constant

stimulus method program were used in Chapter 7. The complex stimulus program was

used in Chapter 8.

B.1 Binary Search Program

1 int SignalPin=7;

2 int TriacPin=6;

3 int SmallLEDPin=5;

4

5 int FlickerPin=8;

6 int FusedPin=9;

7

8 int PValues[]={16, 6, 4, 5, 11, 3, 14, 2, 9, 10, 15, 18, 8, 12, 7, 1, 17, 13, 19};

9 int p=0;

10 int P=0;

11 int UpperTimePeriod=64;

12 int LowerTimePeriod=8;

13 int TimePeriod=0;

14 int time=0;

15 int flickers=0;

16 /*int flickerCount=2500; */

17

18 int OnMilliSeconds=0;
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19 int OffMilliSeconds=0;

20 int OnMicroSeconds=0;

21 int OffMicroSeconds=0;

22 int incomingByte = 0;

23

24 void setup()

25 {

26 pinMode(SignalPin, OUTPUT);

27 pinMode(TriacPin, OUTPUT);

28 pinMode(SmallLEDPin, OUTPUT);

29 pinMode(FlickerPin, INPUT);

30 pinMode(FusedPin, INPUT);

31 updateValues();

32 Serial.begin(9600);

33 }

34 void loop()

35 {

36 ++flickers;

37 digitalWrite(SignalPin, HIGH);

38 delayMicroseconds(OnMicroSeconds);

39 delay(OnMilliSeconds);

40 digitalWrite(SignalPin, LOW);

41 delayMicroseconds(OffMicroSeconds);

42 delay(OffMilliSeconds);

43 if(digitalRead(FlickerPin)==HIGH)

44 {

45 Serial.print("Flicker\t");

46 PrintDetails();

47 if((TimePeriod-LowerTimePeriod)<=1)

48 newP();

49 else

50 UpperTimePeriod=TimePeriod;

51 updateValues();

52 }

53 if(digitalRead(FusedPin)==HIGH)

54 {

55 Serial.print("Fused\t");

56 PrintDetails();

57 if((UpperTimePeriod-TimePeriod)<=1)

58 newP();

59 else

60 LowerTimePeriod=TimePeriod;
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61 updateValues();

62 }

63 if (Serial.available() > 0)

64 {

65 // read the incoming byte:

66 incomingByte = Serial.read();

67

68 UpperTimePeriod=64;

69 LowerTimePeriod=8;

70 if(incomingByte==48) // 0 is pressed

71 ++p;

72 else

73 if(incomingByte==49) // 1 is pressed

74 p=p+2;

75

76 else

77 if(incomingByte==50) // 2 is pressed

78 p=p+4;

79

80 else

81 if(incomingByte==51) // 3 is pressed

82 p=p+8;

83

84 else

85 if(incomingByte==52) // 4 is pressed

86 p=p+16;

87 Serial.print("p value set to ");

88 Serial.println(p);

89 updateValues();

90 }

91 }

92 void newP()

93 {

94 ++p;

95 if (p>=20) // if all 19 PCFs value have been tested

96 while(1>0)

97 {

98 digitalWrite(TriacPin, HIGH); // keep LED constantly on

99 digitalWrite(SignalPin, HIGH); // keep LED constantly on

100 }

101 UpperTimePeriod=64;

102 LowerTimePeriod=8;
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103 }

104

105

106 void PrintDetails()

107 {

108 digitalWrite(TriacPin, HIGH);

109

110 Serial.print("Time:\t");

111 Serial.print(TimePeriod);

112 Serial.print("\tP\t");

113 Serial.print(P);

114 Serial.print("\tFlickers\t");

115 Serial.print(flickers);

116 Serial.print("\tMilliMicroValues\t");

117 Serial.print(OnMilliSeconds);

118 Serial.print("\t");

119 Serial.print(OnMicroSeconds);

120 Serial.print("\t");

121 Serial.print(OffMilliSeconds);

122 Serial.print("\t");

123 Serial.print(OffMicroSeconds);

124 Serial.print("\n");

125 delay(4000);

126 digitalWrite(TriacPin, LOW);

127 delay(2000);

128 }

129 void updateValues()

130 {

131 TimePeriod=(UpperTimePeriod+LowerTimePeriod)/2;

132 /*flickerCount=10000/TimePeriod;*/

133

134 flickers=0;

135 P=PValues[p];

136 time=P*TimePeriod;

137 OnMicroSeconds=50*(time%20);

138 OnMilliSeconds=time/20;

139 time=(20-P)*TimePeriod;

140 OffMicroSeconds=50*(time%20);

141 OffMilliSeconds=time/20;

142 }

143

144
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B.2 Constant Stimulus Method Program

1 int SignalPin=7;

2 int TriacPin=6;

3 int SmallLEDPin=5;

4

5 int FlickerPin=8;

6 int FusedPin=9;

7

8 int currenttimePoint=0;

9 int timepoint=0;

10 int timepoints[]={90, 75, 3, 5, 125, 86, 227, 149, 33, 144, 152, 63, 38, 180, 160,

11 113, 98, 168, 114, 207, 37, 43, 146, 186, 12, 215, 172, 104, 65,

12 46, 107, 109, 61, 155, 158, 70, 77, 91, 163, 176, 195, 196, 60,

13 26, 0, 159, 187, 28, 111, 137, 115, 205, 198, 27, 56, 218, 131,

14 138, 92, 153, 179, 185, 224, 47, 71, 17, 140, 221, 174, 100, 139,

15 105, 78, 68, 22, 121, 119, 194, 44, 164, 97, 192, 19,

16 202, 81, 24, 94, 8, 30, 210, 42, 143, 20, 136, 130,

17 49, 40, 112, 141, 154, 50, 18, 177, 89, 142,

18 102, 122, 184, 25, 101, 167, 110, 203, 148, 54, 58,

19 128, 85, 166, 211, 64, 15, 161, 96, 134, 35, 11,

20 72, 84, 223, 188, 197, 208, 59, 36, 171, 74, 23,

21 14, 145, 150, 129, 151, 175, 133, 108, 118, 76, 182,

22 80, 135, 4, 10, 124, 178, 169, 212, 87, 116, 117, 147,

23 173, 51, 193, 191, 48, 170, 53, 31, 52, 219, 2,

24 204, 69, 67, 62, 39, 127, 216, 95, 126, 41, 156, 1, 32,

25 132, 66, 226, 201, 165, 190, 57, 34, 79, 123,

26 45, 99, 82, 209, 225, 29, 13, 55, 181,

27 220, 222, 88, 7, 157, 9, 6, 189, 199, 120,

28 206, 214, 213, 103, 217, 93, 21, 83, 183, 16, 106, 73, 162, 200};

29 int TimePeriods[]={19 , 19 , 19 , 14 , 19 , 18 , 19 , 14 , 19 , 15 ,

30 22 , 14 , 22 , 23 , 23 , 23 , 26 , 29 , 34};

31 int p=0;

32 int P=0;

33 int TimePeriod=0;

34 int time=0;

35 int extratime=0;

36 int flickers=0;

37

38 int OnMilliSeconds=0;

39 int OffMilliSeconds=0;

40 int OnMicroSeconds=0;
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41 int OffMicroSeconds=0;

42 int incomingByte = 0;

43

44 void setup()

45 {

46 pinMode(SignalPin, OUTPUT);

47 pinMode(TriacPin, OUTPUT);

48 pinMode(SmallLEDPin, OUTPUT);

49 pinMode(FlickerPin, INPUT);

50 pinMode(FusedPin, INPUT);

51 updateValues();

52 Serial.begin(9600);

53 }

54 void loop()

55 {

56 ++flickers;

57 digitalWrite(SignalPin, HIGH);

58 delayMicroseconds(OnMicroSeconds);

59 delay(OnMilliSeconds);

60 digitalWrite(SignalPin, LOW);

61 delayMicroseconds(OffMicroSeconds);

62 delay(OffMilliSeconds);

63 if(digitalRead(FlickerPin)==HIGH)

64 {

65 Serial.print("Flicker\t");

66 PrintDetails();

67 updateValues();

68 }

69 if(digitalRead(FusedPin)==HIGH)

70 {

71 Serial.print("Fused\t");

72 PrintDetails();

73 updateValues();

74 }

75 if (Serial.available() > 0)

76 {

77 // read the incoming byte:

78 incomingByte = Serial.read();

79

80

81 if(incomingByte==48) //0

82 ++currenttimePoint;
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83 else

84 if(incomingByte==49) //1

85 currenttimePoint=currenttimePoint+2;

86

87 else

88 if(incomingByte==50) //2

89 currenttimePoint=currenttimePoint+4;

90

91 else

92 if(incomingByte==51) //3

93 currenttimePoint=currenttimePoint+8;

94

95 else

96 if(incomingByte==52) //4

97 currenttimePoint=currenttimePoint+16;

98

99

100 else

101 if(incomingByte==53) //5

102 currenttimePoint=currenttimePoint+32;

103

104 else

105 if(incomingByte==54) //6

106 currenttimePoint=currenttimePoint+64;

107

108 else

109 if(incomingByte==55) //7

110 currenttimePoint=currenttimePoint+128;

111

112 Serial.print("Current time point set to ");

113 Serial.println(currenttimePoint);

114 time=0;

115 updateValues();

116 }

117 }

118

119 void PrintDetails()

120 {

121 digitalWrite(SmallLEDPin, LOW);

122 digitalWrite(TriacPin, HIGH);

123

124 Serial.print(currenttimePoint);
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125

126 Serial.print("\ttimepoint:\t");

127 Serial.print(timepoint);

128

129 Serial.print("\tTime:\t");

130 Serial.print(TimePeriod);

131 Serial.print("\tP\t");

132 Serial.print(p);

133 Serial.print("\tFlickers\t");

134 Serial.print(flickers);

135 Serial.print("\tMilliMicroValues\t");

136 Serial.print(OnMilliSeconds);

137 Serial.print("\t");

138 Serial.print(OnMicroSeconds);

139 Serial.print("\t");

140 Serial.print(OffMilliSeconds);

141 Serial.print("\t");

142 Serial.println(OffMicroSeconds);

143 delay(4000);

144 digitalWrite(TriacPin, LOW);

145 delay(2000);

146 ++currenttimePoint;

147 }

148 void updateValues()

149 {

150 timepoint=timepoints[currenttimePoint];

151 if (currenttimePoint>=228)

152 while(1>0)

153 {

154 digitalWrite(TriacPin, HIGH);

155 digitalWrite(SignalPin, HIGH);

156 }

157 p=timepoint/12;

158 extratime=timepoint%12;

159

160 flickers=0;

161 TimePeriod=TimePeriods[p]+extratime-5;

162 ++p;

163 time=p*TimePeriod;

164 OnMicroSeconds=50*(time%20);

165 OnMilliSeconds=time/20;

166 time=(20-p)*TimePeriod;
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167 OffMicroSeconds=50*(time%20);

168 OffMilliSeconds=time/20;

169 }

170

B.3 Complex Stimulus Program

1 int SignalPin=7;

2 int TriacPin=6;

3 int SmallLEDPin=5;

4

5 int FlickerPin=8;

6 int FusedPin=9;

7

8 int currenttimePoint=0;

9

10 int m1seconds;

11 int m2seconds;

12

13 int m1microseconds;

14 int m2microseconds;

15

16 int m1[]={ 6 , 12 , 7 , 54 , 58 , 49 , 19 , 16 , 6 , 53 , 8 , 39 , 12 , 53 , 7 , 47 , 18 , 10 , 21 ,

17 50 , 15 , 58 , 14 , 11 , 42 , 44 , 7 , 46 , 16 , 10 , 14 , 15 , 21 , 58 , 19 , 12 , 3 , 13 , 56 , 3 , 31 ,

18 37 , 14 , 46 , 16 , 13 , 21 , 16 , 17 , 54 , 16 , 18 , 54 , 52 , 16 , 15 , 83 , 19 , 15 , 73 , 16 , 84 ,

19 18 , 51 , 55 , 17 , 13 , 68 , 40 , 81 , 14 , 18 , 52 , 20 , 19 , 8 , 12 , 55 , 38 , 18 , 59 , 57 , 42 , 66 ,

20 13 , 9 , 44 , 63 , 14 , 53 , 15 , 17 , 73 , 48 , 11 , 31 , 10 , 8 , 14 , 51 };

21 int m2[]={ 76 , 80 , 31 , 20 , 14 , 40 , 55 , 4 , 15 , 20 , 52 , 37 , 80 , 13 , 45 , 35 , 6 , 15 , 11 , 11 ,

22 65 , 59 , 18 , 30 , 46 , 39 , 94 , 46 , 73 , 10 , 21 , 54 , 14 , 45 , 80 , 89 , 43 , 22 , 12 , 15 , 14 , 42 ,

23 55 , 56 , 56 , 55 , 17 , 9 , 10 , 45 , 89 , 10 , 57 , 7 , 58 , 59 , 7 , 13 , 70 , 19 , 85 , 7 , 58 , 39 , 53 ,

24 57 , 21 , 21 , 43 , 17 , 87 , 20 , 45 , 16 , 72 , 74 , 55 , 14 , 44 , 62 , 21 , 12 , 6 , 16 , 8 , 8 , 44 ,

25 53 , 15 , 10 , 63 , 79 , 8 , 39 , 7 , 9 , 60 , 29 , 56 , 11 };

26 int flickers=0;

27 int incomingByte = 0;

28

29 void setup()

30 {

31 pinMode(SignalPin, OUTPUT);

32 pinMode(TriacPin, OUTPUT);

33 pinMode(SmallLEDPin, OUTPUT);

34 pinMode(FlickerPin, INPUT);
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35 pinMode(FusedPin, INPUT);

36 updateValues();

37 Serial.begin(9600);

38 }

39

40 void loop()

41 {

42 ++flickers;

43 digitalWrite(SignalPin, HIGH);

44 delayMicroseconds(m1microseconds);

45 delay(m1seconds);

46 digitalWrite(SignalPin, LOW);

47 delayMicroseconds(m1microseconds);

48 delay(m1seconds);

49

50 digitalWrite(SignalPin, HIGH);

51 delayMicroseconds(m2microseconds);

52 delay(m2seconds);

53 digitalWrite(SignalPin, LOW);

54 delayMicroseconds(m2microseconds);

55 delay(m2seconds);

56

57

58 if(digitalRead(FlickerPin)==HIGH)

59 {

60 Serial.print("Flicker\t");

61 PrintDetails();

62 updateValues();

63 }

64 if(digitalRead(FusedPin)==HIGH)

65 {

66 Serial.print("Fused\t");

67 PrintDetails();

68 updateValues();

69 }

70 if (Serial.available() > 0)

71 {

72 // read the incoming byte:

73 incomingByte = Serial.read();

74

75

76 if(incomingByte==48) //0
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77 ++currenttimePoint;

78 else

79 if(incomingByte==49) //1

80 currenttimePoint=currenttimePoint+2;

81

82 else

83 if(incomingByte==50) //2

84 currenttimePoint=currenttimePoint+4;

85

86 else

87 if(incomingByte==51) //3

88 currenttimePoint=currenttimePoint+8;

89

90 else

91 if(incomingByte==52) //4

92 currenttimePoint=currenttimePoint+16;

93

94

95 else

96 if(incomingByte==53) //5

97 currenttimePoint=currenttimePoint+32;

98

99 else

100 if(incomingByte==54) //6

101 currenttimePoint=currenttimePoint+64;

102

103 Serial.print("Current time point set to ");

104 Serial.println(currenttimePoint);

105 updateValues();

106 }

107 }

108

109

110 void PrintDetails()

111 {

112 digitalWrite(SmallLEDPin, LOW);

113 digitalWrite(TriacPin, HIGH);

114

115 Serial.print(currenttimePoint);

116 Serial.print("\tm1:\t");

117 Serial.print(m1[currenttimePoint]);

118 Serial.print("\tm2:\t");
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119

120 Serial.print(m2[currenttimePoint]);

121

122 Serial.print("\tm1seconds:\t");

123 Serial.print(m1seconds);

124

125 Serial.print("\tm1microseconds:\t");

126 Serial.print(m1microseconds);

127

128 Serial.print("\tm2seconds:\t");

129 Serial.print(m2seconds);

130

131 Serial.print("\tm2microseconds:\t");

132 Serial.print(m2microseconds);

133 Serial.print("\tFlickers\t");

134 Serial.println(flickers);

135 delay(4000);

136 digitalWrite(TriacPin, LOW);

137 delay(2000);

138 ++currenttimePoint;

139 }

140 void updateValues()

141 {

142 if (currenttimePoint>=100)

143 while(1>0)

144 {

145 digitalWrite(TriacPin, HIGH);

146 digitalWrite(SignalPin, HIGH);

147 }

148 m1seconds=m1[currenttimePoint]/2;

149 if (m1[currenttimePoint]%2==0)

150 m1microseconds=0;

151 else

152 m1microseconds=500;

153

154 m2seconds=m2[currenttimePoint]/2;

155 if (m2[currenttimePoint]%2==0)

156 m2microseconds=0;

157 else

158 m2microseconds=500;

159 flickers=0;

160
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161 }
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