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The human visual system effortlessly recognizes various objects made from many kinds of materials, such as steel,
wood, and plastic. It is easy to infer their physical, functional, and multisensory properties at a glance. This ability,
which we use involuntarily, is called “material perception,” and is broadly studied in various research fields to
understand an important aspect of the visual system. One challenging case is to distinguish a mirror (a perfect specular
surface such as polished metal) from glass (a transparent and refractive medium) because their appearances are totally
derived from their surroundings. Just changing the surroundings or the object shape dramatically alters the image.
Thus, discrimination is hard and complex, and remains poorly understood. In this thesis, we investigated how the
visual system distinguishes mirrors from glass materials, and clarified what visual cues contribute to this task.

First, we developed various models (classifiers), which were designed to mimic the visual system and trained to
distinguish mirror from glass using over 750,000 images rendered by computer graphics. Then, we compared the
performance of humans and the models, including thousands of feedforward neural networks and other models based
on “hand-engineered” image features. For randomly selected images, humans and all models performed with high
accuracy, and therefore correlated highly with one another. To tease the models apart, a series of human psychophysics
defined “diagnostic” images were used to decouple the true material class and the class perceived by humans. We used
these images for a large-scale and organized optimization to find a neural network that behaves like humans do. The
best network was relatively shallow, and none of the models correlated better than 0.6 with human responses despite an
extensive and systematic search. These findings imply the existence of three important gaps between humans and the
networks, such as the feedback architecture, training objective, and task generality.

Next, we clarified visual static and dynamic cues that contribute to distinguishing mirror from glass as image and
video stimuli, respectively. A new image editing method that we proposed modulates the luminance and color
saturation profiles along the trajectory from the object contour to its center. These two kinds of pixel information
altered material appearances between the mirror and glass in each other, suggesting that they contributed as static cues.
Additionally, as dynamic cues, we found that the motion ratio between the direction of object rotation and its opposite
direction determined the extent of material appearance between transparent and specular reflective objects. Our model
based on dynamic cues sufficiently identified the different materials.

Moreover, we tested two optical illusions involved in mirror and glass to understand material perception in the
aspect of a bridge between a physical property and our perception. We focused on the glare illusion to test the
relationship between brightness enhancement and self-luminosity related to specular highlights of the materials. This
was robust across stimulus intensities ranging from dark to light with subjective gray, white, and luminous
appearances. We also discovered a new illusion in which a rotating glass prism was perceived as being made of a
mirror, and simultaneously, its direction of rotation was also misperceived. This finding suggests that the interaction
between shape, surface properties, and illumination strongly affects our material and motion judgements.

Even though we only focused on two specific materials that are common and basic, they have entirely different
physical properties and enrich our lives. Our approach can expand the possibilities for other materials or optical
properties to help us understand the visual system more deeply. Thus, this thesis clarified various aspects of
distinguishing mirror from glass and provided further related challenges.
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Chapter 1

Introduction

1.1 Material perception (“shitsukan”)

We encounter various objects made of many kinds of materials in our daily life. For example, we
use a laptop made of steel, sit on a wooden chair, and eat an ice cream sundae from a glass cup.
We effortlessly recognize them and infer their physical, functional, and multisensory properties at a
glance. This ability is called material perception, that is, perception of objects’ features and physical
properties (Anderson, 2011; Fleming, 2014, 2017). It is also known as “shitsukan” in Japanese, a word
that broadly expresses both the physical and mental states of an object (Komatsu and Goda, 2018).

Material perception helps us make a decision about the most appropriate way to approach before
touching an object. For example, when we look at a flagk filled with liquid on an unstable surface, we
may grasp it delicately (see Figure 1.1). We can use all five senses to perceive object properties in the

external world. Here, this thesis discusses how we distinguish various materials using our vision.

1.2 Three physical factors for material perception

Our eyes obtain a pattern of light rays as visual information from the external world. Images are
constructed with three physical factors: three-dimensional shape, illumination, and optical properties
(Figure 1.2). This complex information is converted to a two-dimensional retinal image and our brain
recognizes it as shitsukan information. When we change an optical property of a silver-like material
to that of glass, the pattern of light rays actually changes dramatically. However, we simply perceive
changes in the material. Moreover, when we change the illumination to another source, the pattern of
light rays also changes dramatically, yet our perception of the target material remains stable. Thus,
the visual system somehow makes material recognition easy using certain heuristics (Fleming, 2012)

or efficient rules.



CHAPTER 1. INTRODUCTION 2

CXC,

Look

Figure 1.1: We approach appropriately before making contact with an object, using visual
information

1.3 Why mirror and glass?

1.3.1 Mirror and glass

One of the main streams of material perception studies is to clarify how the visual system distinguishes
various materials. Previous studies reported that the visual system comprehensively categorizes var-
ious materials, such as wood, metal, and glass, using static images (Hiramatsu et al., 2011; Fleming
et al., 2013; Sharan et al., 2014; Nagai et al., 2015; Tanaka and Horiuchi, 2015). This is important to
our survival and the function is known as “material recognition” or “material categorization.”

Here, we especially focus on two specific materials “mirror” and “glass” (Kim and Marlow, 2016;
Tamura et al., 2018). How does the visual system distinguish them? Mirror material is a specular
reflected material, such as a well ground smooth surface metal (Fleming et al., 2004). In contrast,
glass material is a thick transparent and refracted material, such as common glass or plastic (Fleming
et al., 2011; Schliiter and Faul, 2014, 2016). In this thesis, these materials are physically defined as

follows:

e An object has a smooth surface

e Mirror material a Bidirectional Reflectance Distribution Function model, which is perfectly

specular reflection (R=1, T=0)
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3D shape lllumination

Optical properties

Pattern of light rays

Figure 1.2: Three physical factors and an image with shitsukan

Three physical factors and an image with shitsukan. Three physical factors (3D shape, illumination, and optical prop-

erties) make a complex pattern of light rays. This figure is adapted from Fig. 2 in Komatsu and Goda (2018).

e Glass material has a physical property, in which refractive index is 1.5 (R=0.96, T=0.04)

As Figure 1.3, a relationship between an incoming light, reflectance, and transmittance are theo-

retically defined with the following formulas.

2
ng — N

R = { ! } (1.1)
ng + n;
dngn;

T = ERrE (1.2)
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Incoming light Reflectance R

nj

Nt

Refractive index

Transmittance T

Figure 1.3: Relationship between incoming light, reflectance, and transmittance

When incoming light travels from a medium with refractive index n; to another medium with refractive
index ng, the reflectance R and transmittance 1" of the output light are expressed by the relationship
as mentioned above. For example, when incoming light travels from air (n; = 1), to common glass(n
= 1.5), R and T are 0.04 and 0.96, respectively.

The appearance of both a mirror and glass derive strongly from their surroundings. Changing the
surroundings directly changes their appearance. For example, mirrors create a distorted and reflected
image of the surrounding world. In contrast, glass materials create an image, which is transmitted,
refracted, and reflected internally multiple times before emerging as incident light again. The cues
for distinguishing a mirror from glass are somehow generalized to deal with many varieties of images;
in other words, all situation that we would meet. Therefore, a perceptual border between mirror and
glass in our perception is sometimes ambiguous even when the physical properties of the materials are
totally different.

1.3.2 An ambiguity between mirror and glass

We use an example to illustrate the ambiguity between mirrors and glass in Figure 1.4. When we are
asked which materials comprise part of the door (within the green area) in Figure 1.4, it is difficult to
answer correctly quickly. In particular, within the yellow area inside the green area, we do not rapidly
judge whether the image on the surface is reflected from the bookshelf on the front side, or the image
shows the bookshelf on the rear side through the window. Although this example is shown as a special
difficult case from daily life, there is such an ambiguity when distinguishing a mirror from glass.

On the other hand, Figure 1.5 shows examples of actual target images (stimuli) in this study.
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Figure 1.4: An example of ambiguity in distinguishing a mirror from glass in the material used in
the door

It is difficult to distinguish whether the image is from the front or behind the door. This picture was taken by the author
at the John Rylands Library (Manchester, UK) on August 9th, 2018.

The target shape is not so simple in this context, which is similar to problems occurring in real life.
Reflectance, transmittance, and refraction of light from natural illumination have complex interrela-
tions and are input to our retina as two-dimensional visual information (image). The visual system
estimates real three-dimensional information from the image, and recognizes their surface properties.

It is quite unlikely that we process all image information because we recognize the surface property
or material of the target object at a glance. We usually perceive mirror and glass effortlessly and the

visual system may use certain efficient methods. Our aim is to identify the information, in other words,
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Figure 1.5: Mirror and glass objects

The left and right are made from mirror and glass materials, respectively.

what kinds of important cues are used for recognizing these materials. Thus, we hypothesized that
the visual system properly uses certain visual cues to distinguish mirror from glass without complex

information processing derived from reflection, transmittance, and refraction of the light.

1.4 Approach

An experiment to test the mirror-glass distinguishing problem using actual objects is not easy to
perform because the mirror object completely reflects not only an image of illumination but also that
of the camera or the observer on its surface. This strongly biases our perception and we cannot simply
compare the two materials. To solve this problem, we used images rendered by computer graphics to
accurately simulate the physical appearance of the target objects without the viewer. Use of rendering
software has become common recently and is a standard way to create stimuli for material perception
studies, such as with natural illumination (e.g., Fleming et al., 2003), a thick transparent object
(Fleming et al., 2011), translucency (Fleming and Biilthoff, 2005; Motoyoshi, 2010), with motion (e.g.,
Doerschner et al., 2011), and liquids (e.g., Kawabe et al., 2015b; van Assen and Fleming, 2016). In
this thesis, we rendered all simulated images using a Mitsuba renderer (Jakob, 2010).

We experimentally tested our hypothesis using a combination of human psychophysics (Chapters
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2-6), modelling (Chapters 2-4), and machine learning (Chapter 2). We collected behavioral data in
which human observers were asked to judge or rate stimuli, and regarded the data as target values.
Then, an ideal model was constructed to minimize differences between the target values and those of
the model, or to maximize the correlation between them. It is also useful to take a “big data” approach
in terms of using a massive number of models designed as the visual system and images of mirror and
glass. We performed data mining to obtain reliable cues using deep learning (e.g., Cichy et al., 2016;
Guclu and van Gerven, 2015; Hong et al., 2016; Khaligh-Razavi and Kriegeskorte, 2014; Kietzmann
et al., 2018; Kriegeskorte, 2015; Kriegeskorte and Douglas, 2018; LeCun et al., 2015; Yamins et al.,
2014; Yamins and DiCarlo, 2016).

1.5 Overview

This thesis comprises five studies (Chapter 2-6). First, we present what material perception is, why
we need to clarify perception of mirror and glass, and the goal and approaches of this study as an
Introduction in this chapter. Next, in Chapter 2, we present how the visual system and models devel-
oped by machine learning distinguish mirrors from glass, and discuss the insights from the results. In
that chapter, we also propose the use of diagnostic images that perfectly decorrelate image labels and
human perception. Then, in Chapters 3 and 4, we present static and dynamic cues for distinguishing
mirror from glass. Our main focus in these chapters is what visual cues contribute to distinguishing
them. Moreover, in Chapters 5 and 6, we present studies of two optical illusions, which are related
to the surface properties of mirror and glass derived from specular highlights. We examined the re-
lationship between brightness enhancement and self-luminosity perception of the glare illusion. We
also present the rotating glass illusion in which we discovered a new illusion involving material ap-
pearance, perceived shape, and motion. Finally, we summarize the outcomes of the five studies in the

final chapter as the conclusion (see also Figure 1.6).
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Chap. 1: Introduction

- Material perception (“shitsukan”)

- Three physical factors for material perception
- Why mirror and glass?

- Approach

- Overview

Humans vs models

Chap. 2: Comparing humans and models

- Predicting perception on randomly selected images
- Creating a dataset of images diagnostic of human vision
- Systematic exploration of the space of feedforward networks

Visual cues

Chap. 3: Static visual cues| |Chap. 4: Dynamic visual cues

- Luminance and color saturation - The visual system relies on dynamic cues
profiles along the object - Glass has more opposite motion relative
contour to its center to the direction of object rotation

Visual illusion as applications

Chap. 5: The glare illusion| |Chap. 6: The rotating glass illusion

- This illusion was observed in a - Arotating transparent and refractive
range of luminances relative to triangular prism (glass) is perceived as
background, brightness being made of a specular reflective
enhancement: 20 - 200%, material (mirror)
luminous-white appearance: - Its direction of rotation is also
145% misperceived

'

Chap. 7: Conclusion

Figure 1.6: Flowchart of this thesis



Chapter 2

Comparing humans and models

A similar version of this chapter will be submitted as:

Tamura, H., Prokott, K.E.,& Fleming, R.W. Distinguishing mirror from glass: A ‘big data’ approach

to material perception.

Visually identifying materials is crucial for many tasks, yet material perception remains poorly
understood. Distinguishing mirror from glass is particularly challenging as both materials derive their
appearance from their surroundings, yet we rarely experience difficulties telling them apart. Here we
took a ‘big data’ approach to uncovering the underlying visual cues and processes, leveraging recent
advances in neural network models of vision. We trained thousands of convolutional neural networks on
>750,000 simulated mirror and glass objects, and compared their performance with human judgments,
as well as alternative classifiers based on ‘hand-engineered’ image features. For randomly chosen
images, all classifiers and humans performed with high accuracy, and therefore correlated highly with
one another. To tease the models apart, we created a diagnostic image set for which humans make
highly systematic errors, allowing us to decouple accuracy from human-like performance. A large-scale,
systematic search through feedforward neural architectures revealed that relatively shallow networks
predicted human judgments best, although, surprisingly, no network correlated better than 0.6 with
humans. These results cast doubt on recent claims that such architectures are good models of human

vision.
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2.1 Introduction

Different materials, such as steel, silk, meat or glass, have distinctive visual appearances, and our
ability to recognize such materials by sight is crucial for many tasks, from selecting food to effective
tool use. Yet, material perception is challenging. The retinal image of a given object is the result
of complex interactions between the object’s optical properties, 3D shape and the incoming light
(Adelson, 2001; Fleming, 2014, 2017; Komatsu and Goda, 2018). Thus, a given material can take on
an enormous variety of different appearances depending on the lighting, object shape and viewpoint.
At the same time, similar objects with different material properties can create quite similar images in
terms of the raw spatial patterns of colour and intensity (Fleming et al., 2003). To succeed at material
perception, the visual system must somehow tease apart similar images belonging to different materials,
while at the same time grouping together very diverse images belonging to the same material class
(Rajalingham et al., 2018; van Assen et al., 2018b). This is a fundamental aspect of biological visual
processing, which remains poorly understood.

A particularly challenging case is to distinguish polished mirror-like specular materials (‘mirror’)
from colourless transparent materials (‘glass’) (Fleming et al., 2011; Kim and Marlow, 2016; Schliiter
and Faul, 2014, 2016; Tamura et al., 2018; Tamura and Nakauchi, 2018). Both kinds of material derive
their appearance entirely from their surroundings, but through different light transport processes.
Mirrors create a distorted reflection of the surrounding world, whereas for glass materials, incident
light also enters the material, refracts and may reflect internally multiple times before re-emerging.
Yet, in both cases, changing the object shape or surrounding world radically alters the image. As a
result, the visual cues we use to distinguish between mirror and glass must generalize well across an
enormous variety of images. At the same time, to distinguish the two kinds of material, the visual
system must presumably use quite sophisticated image measurements that latch onto often quite subtle
differences in the image resulting from the way light interacts with them (Figure A.1A, A.1B).

We reasoned that to work out how the visual system distinguishes mirror from glass, it is useful to
take a ‘big data’ approach in which we embrace the enormous diversity of images of mirror and glass
materials that confront the visual system. In particular, using computer graphics we sought to create
a dataset of hundreds of thousands of images, which could then be data mined for reliable visual cues.
To do the data mining, we turned to deep learning methods.

Over the last five or so years, artificial neural networks (LeCun Jackel, B. Boser, J. S. Denker, D.
Henderson, R. E. Howard, W. Hubbard et al., 1990; Lecun et al., 1998) have demonstrated significant
potential as models of biological vision (e.g., Cichy et al., 2016; Guclu and van Gerven, 2015; Jozwik
et al., 2017; Khaligh-Razavi and Kriegeskorte, 2014; Kheradpisheh et al., 2016a; Yamins et al., 2014).
See also reviews (Kietzmann et al., 2018; Kriegeskorte, 2015; Kriegeskorte and Douglas, 2018; LeCun
et al., 2015; Majaj and Pelli, 2018; Yamins and DiCarlo, 2016). We set out to leverage these advances
to gain insights into the visual processes underlying the challenging material perception task of distin-

guish mirror from glass. Comparisons between human vision and computational models typically use
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randomly selected images (Ghodrati et al., 2014; Kheradpisheh et al., 2016a,b; Yamins et al., 2014),
for which both humans and models achieve high performance. In contrast, our goal was to develop
a model that would behave like humans according to more strictly defined criteria. Specifically, we
sought a model that could not only predict the successes of human judgments, but also systematic
errors, which are presumably the hallmarks of the processes unique to human visual computations.
To do this, we created a ‘diagnostic’ image set that yielded systematic and consistent visual errors
(as well as correctly perceived images). However, to our surprise, we found that despite an extensive
and guided search, none of the neural networks we investigated correlated better than 0.6 with human

judgments.

2.2 Results and Discussion

2.2.1 Predicting perception on randomly selected images

Using computer graphics, we rendered over 750,000 images of mirror and glass objects (Figure 2.1A and
2.4.2) of a wide variety of shapes, naturalistic illuminations and viewpoints. Half were mirror objects
(pure specular reflection), the other half were glass (refractive index 1.5). Of these, we randomly
selected 500 images of each material class and asked 10 volunteers to rate each object on a five-
point scale where 1 indicated that it looked like compellingly like glass, 5 indicated that it looked
compellingly like a polished metal, and intervening values indicated different degrees of ambiguous
appearance. Figure 2.1B shows a clear bimodal distribution of ratings, with mean ratings of 3.64 for
mirror images and 1.75 for glass, with an accuracy of 77.9% correct responses. This suggests that
observers are generally quite good at distinguishing mirror from glass.

Before investigating deep learning models in depth, we tested the extent to which relatively simple
image measurements could predict perceptual mirror/glass judgments (see Figure A.2A). Specifically,
we compared human performance with two ‘hand-engineered’ image-computable classifiers based on
pixel intensity and color histograms (‘Color-Hist’), ‘mid-level’ texture statistics (Portilla and Simon-
celli, 2000) (‘Port-Sim’). All classifier types were trained on half the dataset (chosen at random) and
tested on the other half (all images that were shown to humans were excluded from training and test
sets). The Color-Hist classifier used eight pixel-histogram statistics (mean, variance, skewness, and
kurtosis of luminance and saturation distributions). ‘Port-Sim’ used 1,052 features derived—via PCA
—from both color and higher-order wavelet coefficient statistics (Portilla and Simoncelli, 2000); see
2.4). These two classifiers were trained to classify mirror and glass with a logistic regression, with the
output ranging from zero (glass) to one (mirror). Surprisingly, although based on quite simple image
measurements, both of these classifiers achieved accuracies that almost rivaled human performance on
the 1,000 images rated by our observers (Figure 2.1C). This suggests that despite the complex optics
of reflection and refraction, there are many potential cues that would suffice to perform significantly
above chance at distinguishing the two kinds of materials. However, we sought the specific cues that

the human visual system relies on. A better test of this is the correlation between the Color-Hist
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and Port-Sim models and humans on an image-by-image basis. Although the models did correlate
significantly with human performance, they did so significantly less well than individual humans do
(Color-Hist vs humans: #(18) = 6.056, p < 0.001; Port-Sim vs humans: #(18) = 2.356, p < 0.05,
t-test), suggesting that humans do not rely on the same cues as these simple classifiers (Figure 2.1D).

As an initial attempt to investigate the potential of CNNs to predict human performance, we
trained 10 instantiations of a feedforward network with three convolution layers (see Figure A.2B and
). The 10 instances had identical architecture and training, but different initial random weights. On
the same random images as before, the networks achieved and accuracy that superseded humans,
and correlated with mean human responses within the same range as individual humans did, thus
outperforming the two ‘hand engineered’ classifiers. This suggests that CNNs learn features that are
inherently superior to the simple color and texture statistics. This in itself is unsurprising as the
CNNs learn many more features (99,410), and thus perform the classification in a higher dimensional
space. For the purposes of understanding biological vision, the key question is whether the features

learnt by the CNNs resemble those used by the human visual system.
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Figure 2.1: Results of randomly selected renderings

(A) Examples of images from the test stimuli (randomly selected renderings) from the data set. Each row shows mirror
and glass renderings. (B) Human rating result. The horizontal axis indicates human rating score of 10 observers from
glass to mirror (0-1). The vertical axis indicates a frequency of each bin. (C) Accuracy of human and the classifiers’
response for the test stimuli. These are average accuracy of 10 repetitions in each classifier and 10 observers. Error bars
represent the standard error of the mean across all 10 classifiers or observers. Note that the error bar of Color-Hist is
not visible but just tiny in the scale of the horizontal axis. The gray area indicates mean * 2SD of all human observers.
(D) The correlation coefficient between human to the classifiers for the test stimuli. The human-to-human correlation
was defined as the average of 10 correlations that between each observer and the left observers’ average. The symbols

are the same as C.

To gain further insights into the nature of the internal representations of the classifiers, we then
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performed representational similarity analysis (RSA) (Kriegeskorte et al., 2008) using the images that
had been rated by humans. Figure 2.2A shows the Representational Dissimilarity Matrices (RDMs;
(Kriegeskorte et al., 2008)) for each of the classifiers, as well as ground truth. The rows/columns of
the matrix represent the different images, ordered into two blocks by their true class (mirror vs. glass)
and within a block by their mean human ratings (from most mirror-like to most glass-like). Individual
entries represent the dissimilarity between the corresponding pair of images in terms of the perceived
or predicted mirror vs. glass ratings. Thus, low values indicate the corresponding pair of images are
represented as highly similar, while higher values indicate they are more dissimilar.

The patterns in the matrices suggest that for these randomly selected images, humans and clas-
sifiers broadly agree. We can summarize the relationships between the RDMs in a Classifier Correla-
tion Matrix (CCM; also known as a ‘second-order RDM’ (Kriegeskorte et al., 2008)), in which each
row/column indicates a different observer or computational classifier, and each entry contains the
mean correlation between the RDMs for the corresponding pair of observers/models (Figure 2.2B).
For comparison, we also included 10 random RDMs, to characterize how much more similar the clas-
sifiers are to humans than would occur by chance. Applying multidimensional scaling (MDS) to the
CCM allows us to visualize the relationships in 3D (Figure 2.2C). The correlation between each clas-
sifier and humans were 0.30 (Color-Hist), 0.31 (Port-Sim), and 0.58 (CNN), respectively. This reveals
that all three classifier types learn inter-image relations that are significantly and substantially closer
to humans than occurs by chance, and of all classifier types, the CNNs appear to acquire the most
similar representation to humans. These results tend to suggest that feedforward convolution neural

networks have significant potential as models of human visual judgments of mirror and glass materials.
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Figure 2.2: RSA of randomly selected renderings

(A) RDMs for each of the classifiers and the ground truth. The rows/columns of the matrix represent 1,000 images,
ordered into two blocks by their true class (mirror vs. glass) and within a block by their mean human ratings from most
mirror-like to most glass-like. Individual entries represent the dissimilarity between the corresponding pair of images in
terms of the perceived or predicted mirror vs. glass ratings. The darker entries indicate the corresponding pair of images
are represented as highly similar, whereas the brighter entries indicate they are more dissimilar. (B) CCM among the
models. Each row/column indicates a different classifier, human, and random RDM as a control. Each entry contains
the mean correlation between the RDMs for the corresponding pair of observers/models. The color code of entries is the
same as A. (C) 3D visualization of the relationship between the models by MDS using the CCM. The three axes indicate
the first three dimensions obtained by MDS.

2.2.2 Creating a dataset of images diagnostic of human vision

Based on the high correlations between observers and the computational models, it could be tempting
to conclude that the models accurately simulate human visual processes. However, there are several

reasons for caution. First, the main purpose of comparing models based on different features is to
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identify which features best predict human material perception. Yet, for randomly selected images,
even the most primitive models appear to match human perception quite well. Given what we know
about early vision and material perception (Anderson and Kim, 2009; Kim and Anderson, 2010;
Marlow et al., 2012), it seems highly unlikely that visual perception of mirror vs glass is based on raw
luminance and color distributions, which are entirely insensitive to the spatial structure of the image.
Second, and more importantly, it is possible that the high correlations simply result from the fact that
both humans and classifiers achieve quite high accuracies. If all models correctly assign most images
to one of the two distinct modes (‘mirror’ or ‘glass’), then it follows that they will tend to correlate
with one another. Indeed, in Figure 2.2A, most (58%) of the variance in the human judgments is
accounted for by the ground truth. A good model must be able to predict not only the successes of
human vision, but also the specific pattern of errors, on an image-by-image basis. To test this, we
need a set of diagnostic images that decouples accuracy from human judgments.

Creating such a dataset is nontrivial as most images are perceived correctly. It is not sufficient
to identify images for which participants are inconsistent in their interpretation, as a deterministic,
image-computable model cannot even in principle account for variations between observers when
presented with the same image. Our goal is to predict that proportion of the variance in judgments
which is consistent across observers, and therefore we need an image set that includes images that are
consistently misperceived. Specifically, the goal was to identify a ‘benchmark’ set of images with a
flat distribution across the five bins ranging from ‘mirror’ to ‘glass’ ratings, for both mirror and glass
images (in contrast to the skewed distributions for random images in Figure 2.1B), thereby perfectly
decorrelating the true material class from the perceived class. We set as our criterion of consistency
that ten out of ten naive observers should rate each image in the same bin of the 5-point rating scale.

To obtain this diagnostic image set, we performed a sequence of experiments using both crowd
sourcing and laboratory judgments to progressively funnel images down to a set that is highly diagnos-
tic of human performance (Figure 2.3A; see Figure A.3 and 2.4 for details). Identifying images that
are perceived veridically is relatively straightforward, so we prioritized identifying ‘illusory’ images
that are misperceived, reasoning that the bins corresponding to veridical percepts could be filled in
afterwards. Specifically, from the full set of renderings, we selected 30,000 images at random, 1,500 of
which were presented to each of 20 observers. Based on the responses, we then selected about 11,000
images—sampling uniformly from the judgments—which proceeded to the next round, in which images
were rated by more observers via crowdsourcing. From their responses, we selected the 522 images
which had been consistently rated as belonging to the wrong class by (at least) three observers. In the
final round, ten observers rated each of these images, resulting in a total of 102 images which had been
consistently rated as belonging to non-veridical bins. To fill in the veridical bins of the distribution
we then had another ten observers rate 1,000 randomly chosen images from the renderings. From
the responses, we selected 68 images that were consistently perceived correctly by all ten observers,
yielding 170 images, i.e., 34 images in each of the five bins from perceived mirror to perceived glass,

half of which were actually mirror and half glass. Some examples are shown in Figure 2.3B (see Figure
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A4 for details).

To increase the number of diagnostic images, we also trained a generative adversarial network
(GAN; (Goodfellow et al., 2014; Radford et al., 2015)) on our renderings. GANs consist of a generator
network, G, that is trained to produce images, which a discriminator network, D, has to distinguish
from a given dataset. During training D improves at distinguishing the synthesized images from the
training data, while G learns to create images that are hard to discriminate from the training data.
The result is a model that can synthesize images with many of the visual characteristics in common
with the renderings (see Figure 2.3B, also Figure A.4 for details). We find that such images include
many cases that are more ambiguous than renderings, appearing somewhere between mirror and glass.
In another ‘funnel’ sequence of experiments, we identified 95 images (out a set of 1,400), which were
consistently rated by ten observers as belonging to specific bins. Combining the selected GAN images
with the renderings yielded a total 265 diagnostic images, in which true material class was perfectly

decorrelated from perception (Figure 2.3B).
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Figure 2.3: Diagnostic image set and systematic exploration of the space of the feedforward networks

(A) A flowchart of creating a diagnostic image set. The diagnostic images are composed of three different image types,
such as ‘veridical’, ‘illusory’, and ‘GANSs’. Veridical images that their true and perceived classes are identical were selected
from the result of the human rating experiment in Figure 2.1B. In contrast, those of illusory images are opposite. They
and the GANs’ images were funneled through each sequence of experiments (see 2.4 and Figure A.5). (B) RDM of
diagnostic image set. The format is the same as Figure 2.2A except adding GANs as the third true class. The panel
shows six example images that are extremely high or low rating score in each class. (C) A general form of the feedforward
network architecture in this study (see also Figure A.2). (D) Results of BHS. The horizontal axis indicates the number
of iterations of BHS. The vertical axis indicates correlation between human to each model with different network depth
(from 1 to 12). A black thicker line represents the average of all 12 depths.
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2.2.3 Systematic exploration of the space of feedforward networks

With this diagnostic image set in hand, we then sought neural network models that would correlate
strongly with humans for these diagnostic images. It is important to note that the space of potential
convolution network models is very large: they can vary widely in terms of their architectures, hyper-
parameters and training schedules. We reasoned that within the space of feedforward neural networks,
some networks are likely to approximate human visual processing better than others. We therefore
ran a large-scale search through the space of feedforward networks with the general form depicted in
Figure 2.3C, varying the network depth systematically (see also Figure A.5A). All networks consisted
of an input layer followed by a basic ‘block’ of layers comprised of convolution, batch normalization
(Ioffe and Szegedy, 2015), ReLU (Glorot et al., 2011), and max pooling layers, which were repeated
several times, followed by dropout (Srivastava et al., 2014), fully connected and softmax layers, and
ending with a two-unit classification output (‘mirror’ vs ‘glass’). To investigate the effect of architec-
ture depth, we systematically varied the number of basic blocks in the sequence from one to twelve.
(See Methods). Then, for each network depth, we ran 200 iterations of Bayesian hyperparameter
search (BHS) to identify the values of 11 hyper-parameters controlling the network architecture and
training (e.g., number of filters per layer, initial learning rate, momentum; see Figure A.5B) in ‘the
optimization-stage’. The objective of the BHS was to optimize correlation to human judgments on
the diagnostic image set, which progressively improved across iterations (Figure 2.3D). All networks
were trained on a randomly chosen 400,000 renderings (200,000 images in each class) with 2-fold cross
validation in order to converge the network quickly.

Having identified promising hyperparameters for each architecture depth, in ‘the validation-stage’,
we then trained 30 instances of each of the resulting neural networks (differing only in the initial
random state), again using the same number of renderings with half for training and the other half
for testing. Importantly, these networks were never trained on the diagnostic images, and training
proceeded until the validation accuracy had not improved for at least three validations, independently
for each architecture depth. The mean correlations between the networks and humans on the diagnostic
image set is shown in Figure 2.4. Of all depths, the 3-layer network architecture (‘OptCNN’) was the
one that correlated best with human judgments, and was the network class we considered for further
analysis. Importantly, however, none of the thousands of networks trained throughout the BHS or the
final validation exceeded a correlation with humans of 0.6; whereas human-to-human correlations was
between 0.61 and 0.81. In other words, although OptCNN was the closest of all models we considered,
it still failed to capture average human performance as well as even the most unrepresentative of the
individual humans did.

Figures 2.4A and 2.4B compares the highest of OptCNN to humans and the other classifiers on
the diagnostic image set. By design, humans perform at chance on these images (Figure 2.4A). All
classifiers outperform humans in terms of accuracy, yet OptCNN is the closest, making the most

errors on these images, even though it was trained with the same objective function and a very similar
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training set to the original CNN, which performs too well to resemble humans. In terms of image-
by-image correlations to human judgments (Figure 2.4B), none of the classifiers reaches the noise
ceiling, but OptCNN significantly outperformed all other classifiers (Color-Hist vs OptCNN: #(9) =
4.79 x10'3, p < 0.001; Port-Sim vs OptCNN: #(9) = 5.19, p < 0.001; CNN vs OptCNN: #9) = 20.23,
p < 0.001, t-test).

To compare the nature of the representations in the different classifiers and humans, we then
performed RSA. To do this, we measured the similarity between all images in the diagnostic image
set according to the final classification output of each classifier. To visualize the relationships between
the different classifiers, we computed the mean correlation between the different classifier types, and
then performed MDS as same as Figure 2.2D. Figure 2.4D shows the different classifier types arranged
in the first three resulting dimensions. This analysis reveals that OptCNN was the most similar to

humans, although, there is still a substantial residual difference.
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(A) Accuracy of human and the classifiers’ response for the test stimuli. (B) The correlation coefficient between human

to the classifiers for the test stimuli. The symbols of A and B are the same as Figure 2.1C and 2.1D, respectively. Note
that OptCNN represents the highest correlation of 30 instances of 3-layer CNN in the exploration. (C) Relationship

between the number of depths of the feedforward networks and the correlation to humans. The horizontal axis indicates

the correlation to humans. The vertical axis indicates the number of convolution layers (i.e. the number of repeating

blocks) of the feedforward neural networks in our systematic exploration. The red vertical line and gray area indicate

mean £ 2SD of all observers. (D) 3D visualization of the relationship between the models by MDS. A sequence of

analyses using RSA is the same as Figure 2.2 and this panel shows the final stage only. The format is the same as Figure

2.2C.
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The greater similarity between OptCNN and the default CNN is also revealed by a more detailed
view into the representations at different processing stages of the networks. We applied RSA using the
diagnostic image set, to the input stage, the three ReLU stages after each convolution layer, the fully
connected layer (FC) and the final output in both the original CNN and OptCNN. We then computed
correlations between each of the resulting RDMs (‘Layer Correlation Matrix’, LCM), and performed
MDS to visualize the relationships between the different representations, along with the true labels
and human judgments (Figure 2.5A). At the input stages of the network, images that are perceived
by humans as mirror and glass materials are thoroughly entangled, such the further processing is
required to separate them. As we proceed through network layers, we see that the representations
in CNN and OptCNN diverge. While CNN’s representations increasingly approach the ground truth,
OptCNN'’s representation increasingly organizes images in the way that humans do, such that in the
output stages, images that subjectively appear like mirror or glass are teased apart.

OptCNN also outperforms the original CNN in terms of its robustness to noise, another key
characteristic of human vision (Geirhos et al., 2017). If we perturb the input images with noise, the
networks’ predictions about the material tend to change (Figure 2.5B). Importantly, we find that while
the correlation between CNN'’s predictions and the human judgments of the unperturbed images falls
precipitously as noise is added, for OptCNN, not only is the correlation higher across all noise levels,
the decline is also gentler. This suggests that by identifying networks that more closely resemble
humans in terms of their solution to the objective function, we also identify representations that

capture other aspects of human perception, such as robustness to noise.
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Figure 2.5: Comparing CNN and OptCNN in terms of the internal representation and robustness to
noise

(A) 2D visualization of network internal representations between the layers by MDS. The horizontal and vertical axes
indicate the first two dimensions obtained by MDS using LCM (the 2nd-stage RDMs between the layers). Two main
streams show the relationship between layers in CNN (one of 10 instances) and OptCNN (the highest of 30 instances)
with human judgements and the ground truth (see also text). (B) Robustness to noise. The horizontal axis indicates
sigma of Gaussian noise (i.e., the amount of image perturbations). Four images show examples with different sigma
(1073, 1072, 107, and 10"). The vertical axis indicates the correlation to humans. Error bars represent the standard
error of the mean across all 10 classifiers (CNN). Note that OptCNN represents the highest correlation of 30 instances
(the same as OptCNN in A).

2.3 General Discussion

As many materials that we can easily recognize did not exist until the last few centuries—or even
decades—our ability to recognize them must be learned rather than evolved. How the visual system
acquires the visual computations and internal representations that allow us to succeed at material
perception remains poorly understood. Here we investigated the extent to which deep learning can
reveal representations that resemble human judgments.

Studies comparing humans to machine learning models often focus on overall performance at a task
(Ghodrati et al., 2014; Hong et al., 2016; Kheradpisheh et al., 2016a,b; Kubilius et al., 2016; Majaj
et al., 2015), or correlation on arbitrary images (Hong et al., 2016; Kheradpisheh et al., 2016a,b;

Kubilius et al., 2016; Majaj et al., 2015) for which both humans and successful machine vision system
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tend to perform well. Here, by contrast, we defined a new criterion for comparing neural networks with
human judgments, by creating a diagnostic set of images in which human performance is decorrelated
from ground truth. This allows us search for networks that capture the characteristics eccentricities of
human vision, reproducing the tell-tale errors that humans tend to make. Although identifying such
an image set is time consuming and effortful, it provides a benchmark against which all future models
of human vision can be tested. Here, we created one such set for a challenging material perception
task: the discrimination of mirror and glass materials.

By comparing human performance on the diagnostic image set against an array of models, we were
able to show that neither simple color statistics, nor more sophisticated texture statistics can predict
human judgments of mirror vs glass. More importantly, we also showed that an arbitrary CNN, which
appeared to resemble humans when tested on arbitrary images, did not resemble humans very closely
at all when evaluated on the diagnostic image set. We then performed a large-scale, systematic search
through the space of feedforward networks trained to distinguish mirror from glass objects in search
of a neural network that more closely resembled human performance. The network architecture that
performed most similarly to humans (OptCNN) was a three-layer network, which was not especially
good at distinguishing mirror from glass in terms of the true physical labels (at least compared to rival
models). This suggests that humans are far from optimal at the task; indeed, many artificial neural
networks can outperform them. However, importantly, to our surprise, even the optimised model did
not reproduce average human behaviour on the diagnostic image set as well individual humans do.
While previous studies have noted that neural networks have reached the ‘noise ceiling’ of human-to-
human performance (e.g., Kheradpisheh et al., 2016a; Kubilius et al., 2016), we find that when tested
on a test set that is truly diagnostic of human vision, such conclusions might not in fact be warranted,
and that further research is required to find good models of human vision.

Why did OptCNN fail to match human performance? There are at least three important respects
in which the models differ from humans and the human brain. First, one of the most striking aspects
of human visual cortical processing is the massive amount of feedback (Budd, 1998; Felleman and Van
Essen, 1991; Muckli and Petro, 2013). It is widely believed that feedforward processing is responsible
for many of our visual abilities. For example, high-level visual tasks, such as animal detection (Thorpe
et al., 1996) can be completed successfully too rapidly for feedback to contribute. Nevertheless, the
feedback presumably plays an important role, potentially in selective visual attention, visual imagery
and the learning process that establishes the representations in the first place. Here, we considered
only feedforward architectures. It could be that a key missing ingredient in OptCNN is recurrent
processing, and that adding feedback signal flow could make up some of the shortfall in correlation
with humans.

A second important difference is the nature of the training objective. Here—as in almost all neural
network-based putative models of human vision (Kriegeskorte, 2015; Majaj and Pelli, 2018; Yamins
and DiCarlo, 2016)—we used supervised learning in which the network is trained on hundreds of

thousands of accurately labelled images. Human vision cannot, even in principle, be trained this way,
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as there is no objective way to establish the ground truth, and the scale of the training set almost
certainly exceeds human visual experience with mirror and glass objects. In particular, we very rarely
get to see mirror and glass versions of the same objects under the same lighting and viewpoint, and we
presumably also exploit that vision unfolds continuously over time, rather than in independent static
snapshots as CNNs are typically trained (although see Karpathy et al. (2014); van Assen et al. (2018a)).
It is much more likely that visual representations are learned through unsupervised processes, and this
may have a critical effect on the internal representations that the visual system learns.

A third important difference between the artificial neural networks and humans lies in the na-
ture of the task that the networks are trained on. Human vision is not tailored solely to the task
of distinguishing mirror from glass objects, whereas here, we trained the networks on a binary clas-
sification, effectively separating the entire world into two possible states. The representations that
optimize performance on this task may well be quite general purpose, as has been found with neu-
ral networks optimized for object recognition, which can easily be repurposed for other tasks, such
as action recognition (Simonyan and Zisserman, 2014) and image semantic segmentation (Dai et al.,
2015). Nevertheless, it is quite possible that in being trained on such a constrained task, the networks
learned representations that do not resemble human visual processes.

Future work should use a combination of unsupervised learning, more naturalistic objective func-
tions and network architectures that more closely resemble primate cortex to tease these possibilities
apart. Although artificial neural networks have substantial potential as models of human visual pro-
cesses, they still have important shortcomings. They should be seen not so much as an accurate
working model of human brain processes, but rather as an experimental platform for further research,

much as animal models of neurological disorders are.

2.4 Methods

2.4.1 Observers

Lab experiments (i.e., not ‘crowdsourcing’)

60 observers were students of Justus-Liebig-University Giessen and Toyohashi University of Technology
with normal or corrected-to-normal vision. All experimental protocols were approved by the Ethics
board at Justus-Liebig-University Giessen and were conducted in accordance with the Code of Ethics
of the World Medical Association (Declaration of Helsinki). Observers in the former were paid 8

Euro/hour. Informed consent was obtained from all observers.

Crowdsourcing

247 participants were recruited via the Clickworker platform and were paid 1.2 Euro each. Before the
beginning of the experiment participants were shown a consent form that explained the purpose and

procedure of the experiment, as well as the uses and benefits of their participation. All participants
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that took part in the experiment agreed to these conditions and that their data be recorded and stored

anonymously for research and publication in scientific journals.

2.4.2 Stimuli

Renderings

Images were rendered using Mitsuba renderer (Jakob, 2010). We selected 1,583 objects from Ever-
motion (https://evermotion.org) and 253 light fields for the illumination from the Southampton-York
Natural Scenes (SYNS) dataset (Adams et al., 2016) and the other sources (Debevec, 1998; Debevec
et al., 2000) (see also A.1). For the ‘mirror’ objects, the BSDF was a ‘conductor’ model with 100%
specular reflectance. For the ‘glass’ material, BSDF was ‘dielectric’, with internal refractive index of
1.5. Objects were uniformly scaled to fit within the unit sphere, and placed at the origin. The camera
was randomly located at a position between 30 and 60 degrees elevation angle and any azimuth with
a constant distance of 2 units in Mitsuba. The sampling count was 512 per pixel with the Sobol
Quasi-Monte Carlo sampler. The reconstruction filter was set as Gaussian. The renderer generated
the final image, at 256 x 256 pixel resolution with gamma correction (Reinhard et al., 2002). Then,
they were resized to 64 x 64. Note that mirror and glass images were paired using same object and
illumination but different camera locations to avoid that the classifiers simply learn a pixel difference
between mirror and glass images. We screened all images and excluded a small number of images with

rendering artifacts. The final dataset contains 753,696 images.

GAN images

Two generative adversarial networks, GANs (Goodfellow et al., 2014; Radford et al., 2015) were
trained to synthesize images that they could not distinguish from a given training set of renderings.
Specifically, the rendered images (see 2.4.2) were split into two subsets (mirror and glass) as the
training sets (376,848 images in each). The network architecture and the hyper parameters were
same as a previous network (Radford et al., 2015), except for the minor modifications in the standard
Tensorflow DCGAN implementation that avoid the discriminator of the network converging too fast
(Kim, 2017). After 20 epochs training, we then generated 700 images from each GAN by inputting

random noise vectors to create a total of 1,400 images, which were then rated by humans.

2.4.3 Apparatus

Stimuli were displayed on a 27-inch liquid crystal display (Eizo CG276 at TUT and CG277 at JLU)
using factory default settings with a resolution of 1920 x 1200 pixels. Stimulus presentation was
controlled by MATLAB using Psychtoolbox 3.0 (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997).
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2.4.4 Experiment 1: Random renderings

Ten observers participated (7 women; age range: 19 to 38 years; average 25.1 + 5.2 years) in the lab.
We randomly selected 1,000 images from the dataset (500 mirror and 500 glass images) and presented
them in random order to each observer (i.e., each image was rated by all 10 observers). A uniform
gray with a fixation cross was displayed as a background. The observers were asked to rate each
stimulus with a five-point scaling (glass to mirror) by pressing a corresponding key on the keyboard.

They could respond at any time, but the stimulus disappeared after one second.

2.4.5 Experiment 2: Diagnostic images

The purpose of this experiment was to create a ‘benchmark’ set of diagnostic images, with (1) a
uniform distribution of appearances ranging between mirror from glass; (2) perceptual appearance
that is decorrelated from the true material class (‘ground truth’) and (3) consistent judgments across
observers. Identifying images that correlate with ground truth (upper left and lower right quadrants
of matrix in Figure 2.3B) is straightforward, as humans are generally very good at distinguishing
mirror vs glass for our renderings. Thus, most of the procedure revolves around finding images that
systematically yield errors (i.e., the upper right and lower left quadrants of Figure 2.3B). To achieve
this, we ran two parallel series of experiments using renderings (series A) and images generated
by GANs (series B), respectively. Each series starts with a large number of images, with images
being progressively excluded in each round, to arrive at a much smaller final set covering the desired
distribution (see also Figure A.3 and A.4).

Round A1l (Rendering ratings)

Twenty observers (all men; age range: 21 to 26 years; average 23.1 & 1.4 years) participated in the lab.
We randomly selected 30,000 renderings from the dataset (50% mirror, 50% glass) and distributed
1,500 images to each observer. The procedure was the same as in experiment 1, except that the
task was a three-way judgment (‘mirror’, ‘glass’, or ‘hard to recognize’). The last option was used to
exclude rendering artifacts for further rounds (2.9% of the images were excluded here). Figure A.6A
shows results of this round and 11,192 images (randomly selected 2,798 images in each bin except

‘hard to recognize’) moved ahead the round A2.

Round A2 (Rendering ratings)

247 crowdsourced participants observed the stimuli selected by round A1, and were asked to rate them
with a five-point scale (glass to mirror). They were shown 100 images - 98 test images and 2 catch trial
images, consisting of photographs with clear mirror or glass appearance. Only 5,586 images that were
rated by at least three crowd-workers were analyzed further. Figure A.6B shows rating results of this
round. We selected 522 images, in which ground truth are actual material but often seen as the other

material. Specifically, 261 mirror images which rating score was ranged from 0.0 to 0.4 (often seen
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as glass) and 261 glass images which rating score was ranged from 0.6 to 1.0 (often seen as mirror).

These selected images were moved ahead the round A3.

Round A3 (Rendering ratings)

Ten observers participated in the lab (9 women; age range: 21 to 30 years; average 24.8 + 2.8 years).
The procedure was the same as in experiment 1 (rating task). The experiment was composed of 1,566
trials (3 trial x 522 images from round A2), and all trials were randomly ordered. Figure A.6C shows
rating result of this round. We selected 102 images as well as Round A2. Specifically, 51 mirror images
which rating score was ranged from 0.0 to 0.6 (often seen as glass and ambiguous) and 51 glass images
which rating score was ranged from 0.4 to 1.0 (often seen as mirror and ambiguous). These selected

images were included the diagnostic image set.

Round B1 (GAN-image screening)

Some GAN-generated images resemble textures rather than objects with distinct material properties.
The purpose Round B1 was to exclude such images from subsequent rounds. Ten observers participated
in the lab (8 women; age range: 20 to 32 years (average 24.8 + 4.1 years). The stimuli were 1,400
images generated by GANs (see 2.4.2). The procedure was the same as in experiment 1, except that
the task was to indicate in a binary decision whether the object shape and material are recognizable
or not). Figure A.7A shows result of this round. Based on the responses, 500 images that were judged

to be recognizable by at least six observers were moved ahead to Round B2.

Round B2 (GAN-image rating)

Ten observers participated in the lab (all women; age range: from 21 to 34 years; average 25.1 pm 3.8
years). The stimuli were 560 images including 500 GAN images from Round B1 and 60 renderings (30
mirror and 30 glass images) from round A2, which had received ratings that were highly consistent
with ground truth. The procedure was the same as in experiment 1 (rating task). The experiment was
composed of 1,680 trials (3 trial x 560 images from Rounds Bl and A2), and all trials were randomly
ordered. Figure A.7B shows result of this round. We selected 95 images (19 images from each bin) as
GANSs’ images.

Final Diagnostic Image set

The two streams of experiments resulted in a final diagnostic image set of 265 images including both
mirror and glass renderings, and GANs images with prediction score uniformly distributed from 0.0
to 1.0 (Figure 2.3B and Figure A.3). These are composed of 68 veridical images (from experiment 1),
102 illusory images (from Round A1-A3), and 95 GANs’ images (from Round B1 and B2).
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2.4.6 ’Hand-Engineered’ Classifiers

We developed three different classifiers (Figure A.2A), Color-Hist, Port-Sim, and CNN with manually
selected parameters. Color-Hist used eight features: mean, variance, skewness and kurtosis of intensity
and color saturation from 64 x 64 RGB image. The features of Color-Hist were z-scored across all
images. To get the features of Port-Sim, we first used the texture analysis algorithm of Portilla and
Simoncelli (Portilla and Simoncelli, 2000) to extract 3,381 higher-order image statistics. These were
z-scored and the number of dimensions reduced to 1,052 by principal component analysis (cumulative
explained variance of complete image set >99%). For both Color-Hist and Port-Sim, a logistic regres-
sion was trained to distinguish mirror from glass based on the ground truth labels. CNN was defined
as a three-layer convolutional neural network with 64 x 64 RGB image input and the binary (mirror
vs. glass) classification output. The network architecture and training hyperparameters are shown
in Figure A.2B. All classifiers trained and tested with 2-fold cross validation, which was repeated 10
times with different randomly selected training and test sets (images that were shown to human were
excluded here). The final output—a prediction score ranging from zero (as glass) to one (as mirror)

—was averaged across training repetitions.

2.4.7 Identifying optimal CNN models through Bayesian hyperparameter search

We used Bayesian hyperparameter search through a space of feedforward architectures to identify
which CNNs correlated best with humans (using MATLAB R2017b with Neural Network Toolbox and
Statistics and Machine Learning Toolbox; Figure A.5A). The objective was to maximize the correlation
coefficient between CNN and human on the diagnostic image set. The network architectures were
basically the same as the CNN in experiment 1, except that we parametrically varied the ‘depth’,
i.e., the number of layers (convolution, batch normalization, rectified linear unit, and max pooling
layers) before the first fully connected layer, from 1 to 12. Note that the max pooling layers were only
used up to 3 layers (the last 3 layers) because of the size constraints of the filters. For each depth,
we ran 200s iterations of the Bayesian hyperparameter search (i.e., 200 CNNs were generated with
different hyperparameters, in search of the optimal values for each depth (Figure A.5B)). Each CNN
was trained and tested with same training and test set. Having identified the optimal hyperparameter
values, we then trained 30 new CNNs with those optimal parameters, but with different random initial

weights and training/test images. These are the networks that are reported in Figure 2.3C.

2.4.8 Representational similarity analysis (RSA)

We defined two different representational dissimilarity matrices (RDM), a 1st-stage RDM to identify
how dissimilarity relationships between images are represented in each human and classifiers; and a
2nd-stage RDM (‘Classifier Correlation Matrix’, CCM), characterizing how similar the 1st-stage RDMs
are across different humans and classifiers, allowing us to compare their internal representations. We

also defined a ‘Layer Correlation Matrix’ (LCM) as well as CCM to compare different layers. The 1st-
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stage RDM was defined as Euclidean distance of prediction scores (final output) from each classifier
or average of observers’ response from human. The 2nd-stage RDM was defined as a dissimilarity,
which was one minus Pearson’s correlation between each 1st-stage RDMs.

The number of dimensions of the 2nd-stage RDM was reduced to three or two dimensions using
MDS and we visualized a relationship between the targets as three-dimensional space in Figure 2.2C
(1,000 images from the random image set) and Figure 2.4D (265 images from the diagnostic image

set), and as two-dimensional space in Figure 2.5A (265 images from the diagnostic image set).



Chapter 3

Static visual cues

A part of this chapter has been presented as:

Tamura, H., Prokott, K.E.,& Fleming, R.W. (2018). Modulating luminance and color saturation
disambiguates mirror and glass, Furopean Conference on Visual Perception 2018 (ECVP 2018).

The visual system uses static cues of some kind to recognize object material categories because
we can easily distinguish them at a glance. Here, we examined what static cues contributes to dis-
tinguishing mirror (perfect specular surfaces) from glass (transparent and refracted objects) using an
image editing approach. First, we observed rendered and generated images of the data set (Chapter
2) to find common appearances, which can verbally express each material feature. We found that the
common features on a pixel-by-pixel basis strongly relate to each material’s impression but not the
actual material. Then, we developed an image editing method using luminance and color saturation
profiles along the object contour to its center, to change the material appearance to be mirror-like or
glass-like. To test the effect of the editing, we ran a series of psychophysical experiments. The results
were that the mirror-like images were perceived more as being a mirror than the original with the
background. In contrast, the glass-like were perceived more as being glass without the background.
These results suggest that the luminance and saturation profiles contribute to distinguishing mirror

from glass as static cues with an interaction between materials and their backgrounds.

31
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3.1 Introduction

3.1.1 Common appearances based on our perception

It is important to clarify what kind of static cues the visual system uses to recognize object material
categories from a visual image. This is one of the main streams of material perception research. For
example, simple image statistics such as the skewness of the luminance histogram and the skewness
of sub-band filter outputs contribute to estimating surface properties (glossiness) (Motoyoshi et al.,
2007). Here, we examine what visual static cues contribute to distinguishing mirror from glass using
an image editing method.

First, we observed the images from the data set in chapter 2, and looked for some common
appearances among the images, which can verbally express certain kinds of material features. Figure
3.1 shows example images from the category of the mirror, glass, and GANs images with the scores
rated by the previous series of experiments in chapter 2. We found that the images highly seen as
mirror (on the rightmost column in Figure 3.1) have in common a flat surface on the object. This is
highly likely to be based on a similarity to common mirrors in our daily life. Moreover, they show
some bluish pixels on the surface, suggesting that a blue sky is reflected on the object surface from
natural illumination. This type of illumination also gives the object’s coloring a gradation (e.g., from
structural colors). Thus, we predict that these findings would be highly related to determining an
impression of a mirror.

In contrast, in the leftmost column in Figure 3.1, the images highly seen as glass have bright pixels
on the object fringe. This area strongly represents the specular highlights on the surface. Moreover,
the pixels inside the object contour have the same color as the background, suggesting that they play
an important role in determining an impression of glass because we see the background through the
object without any doubts.

It is an important point that these descriptions are not related to their original actual material
(mirror or glass) and the generating methods (computer graphics rendering or GANs generating). The
material impressions were simply derived from the regions of the images. Therefore, some static visual

cues contributed to distinguishing mirror from glass on a pixel-by-pixel basis.

3.1.2 Luminance and color saturation profiles

Next, we quantified the characteristic features differentiating mirror and glass using pixel information
from the images, and employed luminance and color saturation profiles along trajectories from the
object contour to its center. Figure 3.2 shows a quantified difference between mirror and glass based
on this index. We randomly selected 1,000 images from the data set (500 images of each material), and
took their average luminance and saturation profiles along the trajectories from the object contour
to its center. From the average luminance profile (in the left panel of Figure 3.2), the mirror images
tend to increase in luminance from the object contour to the center. In contrast, the profile of glass

images has an opposite tendency, which decreases along the trajectory from the object contour to the
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Figure 3.1: Example images
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The horizontal direction indicates the average score by the human observers in chapter 2. The vertical direction indicates
the different image classes (the mirror rendering, glass rendering, and GANs images) from top to bottom. The four images

in each panel were selected from each bin and ranged from 0 to 1. We briefly describe some image features or aspects

from the image observation below the example images.

center. Additionally, the average saturation of the mirror images was relatively higher than that of the
glass (in the right panel of Figure 3.2). These findings demonstrate that there is a difference between
mirror and glass derived from the luminance and saturation profiles. Therefore, we hypothesized that
these quantified differences are highly likely to provide each mirror and glass impression. To test this
hypothesis, we developed an image editing method to change the static cues. After that, we ran a

series of experiments using images in which the static cues were edited to verify their effects.
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Figure 3.2: Luminance and color saturation differences between mirror and glass

The left panel shows the average luminance profile of mirror and glass along the trajectory from the object contour to its
center. The horizontal axis indicates the trajectory. The vertical axis indicates a normalized luminance, which is based
on an average across all possible trajectories around the object contour in an image. This shows the average across 500
images in each material. The right panel shows the average color saturation profile. The format is the same as the left

one.

3.2 Methods

3.2.1 Editing material appearance

If we modulate the luminance and saturation profiles to change an image appearance to be more mirror-
like or glass-like, the modulated information is regarded as static cues for determining mirror vs. glass.
Here, we propose an image editing method modulating the luminance and saturation profiles of the
images, which contain an object with certain materials. Figure 3.3 illustrates the editing procedure

as a flow diagram. The procedure is described as follows:
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1. Convert an original RGB image to HSV image.

e V of the HSV image is defined as the luminance (or the intensity) of the image.
e S of the HSV image is defined as the color saturation of the image.

2. Obtain an alpha map to separate a region of the object and its background from the original
RGB.

3. Obtain pixel profiles of the object contour to its center by repeating binary erosion on the alpha

map.

4. Modulate the V' and S of the item 1 and obtain V' and S’. Specific modulating functions we

used are shown in Figure B.1.
5. Reconstruct the HSV image from the original H, V', and 5.

6. Convert the HSV image of the item 5 to RGB image.

3.3 Human psychophysics
3.3.1 Overview

We designed two stages of psychophysical experiments. In the first stage, we selected rendering images
as stimuli from the data set (in experiments 1A and 1B). In the second stage, we tested how impressions
of the material appearance changes using the image editing method. We prepared two conditions as
“with background” (in experiment 2A) and “without background” (in experiment 2B) to test how the
material appearance is affected by the background. In the latter case, the background was excluded

and a uniform gray was used instead.

3.3.2 Apparatus

Stimuli were displayed on a 27-inch LCD (CG277, Eizo) using factory default settings with a resolution
of 1920 x 1200 pixels. Stimulus presentation was controlled by MATLAB using Psychtoolbox 3.0
(Brainard, 1997; Pelli, 1997; Kleiner et al., 2007).

3.3.3 Experiment 1

All observers had normal or corrected-to-normal acuity. All experimental protocols were approved by
the Ethics board at Justus-Liebig-University Giessen and were conducted in accordance with the Code
of Ethics of the World Medical Association (Declaration of Helsinki). Informed consent was obtained

from all observers.
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Figure 3.3: Flow diagram of editing material appearance

Edited

This is an example to edit the material appearance from an original image to a glass-ish edited one. Note that the
images of the modulating function (described as “f(x)”) were overdrawed to make the description easy to understand.

The actual functions and values were shown in Figure B.1.

Observers

Experiment 1A (pre-screening using the images rendered by computer graphics: Ten naive observers

participated in this experiment. Their ages ranged from 18 to 31 years (average 25.6 £ 4.2 years).
Experiment 1B (distinguishing mirror from glass materials using the images rendered by computer

graphics): Fifteen naive observers participated in this experiment. Their ages ranged from 20 to 32

years (average 24.7 = 3.7 years).

Stimuli

For experiment 1A, the stimuli were selected from the dataset and the number of images was 1,400,
that is, 700 images for each material (mirror and glass) with 256 x 256 pixel resolution.

Then, we selected 169 mirror and 203 glass images as candidates for stimuli that met the criterion
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that all observers answered yes (the number of counts was 10) in experiment 1A (see Figure 3.4). Then,
we reduced the number of glass images to 169, the same as the number of mirror images. Finally, 338

images were used as stimuli for experiment 1B.

Procedure and Task

The purpose of experiment 1A was to exclude stimuli that had an ambiguity depending on the object
shape and rendering artifact. A grey background and a fixation cross were displayed and remained
throughout the experiment. The first trial was started by a key press and a target stimulus was
randomly presented. The observers were asked, “is the object shape and material appearance clearly
recognizable?” and responded with a key press from a numerical keyboard to indicate yes or no. The
next trial was started with a further key press. The experiment consisted of 1,400 trials (one trial X
1,400 images), and all trials were randomly ordered.

For experiment 1B, the procedure was the same as in experiment 1A, except that the task was
replaced with a material distinguishing task (mirror or glass). The experiment consisted of 1,690 trials

(five trials X 338 images), and all trials were randomly ordered.

3.3.4 Experiment 2

Observers

Experiment 2A (with background): Eight naive observers participated in this experiment. Their ages
ranged from 21 to 37 years (average 25.9 + 4.9 yeas).

Experiment 2B (without background): Ten naive observers, who had not participated in experi-
ment 2A, participated in this experiment. Their ages ranged from 21 to 27 years (average 23.7 £+ 1.9

years).

Stimuli

The images used in experiment 1B were sorted into five subsets by the average rating scores among all
observers, such as 0.0 - 0.2, 0.2 - 0.4, 0.4 - 0.6, 0.6 - 0.8, and 0.8 - 1.0. Then, we randomly selected 25
images in each bin; in total, 125 images were selected as the stimuli based on the results of experiment
1B. Note that we did not consider the actual material of the original images in these selections. Finally,

the images were edited to mirror-like and glass-like by the method we proposed above.

Procedure and Task

A pair of two images was presented on the display and the observers were asked which looked more
like a mirror (mirror-like task), or more like glass (glass-like task). The pair had an unedited image
(original) and a mirror edited (mirror-like) one with the same objects in the former task. In the latter

task, instead of a mirror-like image, a glass edited (glass-like) image was used.
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Experiment 2A consisted of 1,250 trials (five trials X 125 images X two tasks), each task was
separated as two different blocks, and all trials in each block were randomly ordered. Experiment 2B

was the same as 2A except the stimuli were different (with/without background).

3.4 Results and Discussion

3.4.1 Image selection for the material editing

As the stimuli, we used images that possessed a clear object shape and material properties, because
they increased the effect of changing the material appearance using the image editing method. There-
fore, we performed an image selection to obtain a few hundred of images from the data set, on the
basis of the results of psychophysical experiments. Figure 3.4A shows the histogram of yes answers
from the observers. We found that 372 images were answered with yes (in the rightmost bin) from all
observers. This also shows that the number of images in each bin decreased depending on the number
of yes answers. A few example images selected from bins 1, 5, and 10 are shown in Figure 3.4.

After that, we selected 338 images (169 images for each material) for the stimuli from the bin
in which all observers answered yes. In the next experiment, the observers were asked to judge the
object material (mirror or glass). Figure 3.4B shows the rating score, which is clearly bimodal and
distributed with 84.6% accuracy. The number of images with ambiguous responses (in the range
between 0.4 - 0.6) was smaller than the result of chapter 2 (see also Figure 2.1B). We suggest that this
difference depends on the image resolution of this experiment (256 X 256) and the previous one (64
X 64) because the observers could use more precise information from fine pixels, which were made
by light reflection, refraction, and transmission, except that at this point, there was the almost same
tendency as in that experiment, even though the task was different (a binary judgment or a five-point

scale rating).

3.4.2 Test of the edited images
With background

The stimuli were labeled with the average score of the observers in experiment 1B. On this basis, 125
images were selected as candidate images for image editing (25 images from each bin divided by 0.2
steps). Then, we edited these images using the proposed method described above to make the image
look more like a mirror (mirror-like editing) or more like glass (glass-like editing). The observers were
asked to judge which looked more like a mirror between the original image and the same image edited
as mirror-like in a mirror judging task. In the same way but in a different block, they were also asked
to judge which looked more look like glass between the original image and the glass-like edited image
in a glass judging task (see 3.3.4). Next, we estimated how effective the editing was by a chose-edited
ratio.

Figure 3.5A shows the results of mirror-like and glass-like images with a background condition (in
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Figure 3.4: Image selection results

(A) Image screening. The horizontal axis indicates the count of yes answers, which means how clearly recognizable the
stimulus was. The vertical axis indicates the number of images (frequency). This figure also shows three example images
from bins 1, 5, and 10. (B) The results of the material judging task. This panel shows the histogram of the average

responses across all observers with five bins.

the left and right panels, respectively). In the mirror judging task, the average of all observers was
higher than the chance level (0.5). Moreover, the results of six out of eight observers were significantly
higher than the chance level in at least one of these bins (binomial test, p < 0.05).

By contrast, in the glass judging task, the average of all observers was almost lower than the
chance level. Specifically, even in the highest bin (the most seen as the mirror), the average ratio was
almost the same as the chance level. Only one out of the eight observers was significantly higher than
the chance level (binomial test, p < 0.05). These results suggest that some static cues related to the
mirror were enhanced by the material editing and helped to distinguish mirror from glass with the
background condition. However, the editing was only effective for the mirror judging task in this case.

Figure 3.5B shows the average ratio of each stimulus. In the mirror judging task, 40 out of 125
images were significantly higher than the chance level (one-tailed t-test, p < 0.05). Moreover, the
images with a lower score (seen as the glass) tended to have relatively a higher ratio. In the glass
judging task, although only two out of 125 images were significantly higher than the chance level
(one-tailed t-test, p < 0.05), they showed an opposite tendency to the mirror judging task between
the original score and the chose-edited ratio. This suggests that the magnitude of the editing effect

depends on the original score.
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Figure 3.5: Results with the background condition
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(A) The average and each observer’s chose-edited ratio in each material. The horizontal axis indicates the original score
of stimuli, which were rated by experiment 1B. The vertical axis indicates the average chose-edited ratio in each bin.
The thicker line shows the average result of all observers and the thin lines show the results of each individual observer.
The left and right panels are mirror-edited and glass-edited conditions, respectively. (B) The average chose-edited ratio
in each image. The filled and blank circles indicate whether significant difference or not from 0.5 (one-tailed t-test,
p < 0.05), respectively. The error bars represent the standard error of the mean across all eight observers. The images
labeled as (a) and (b) are the highest of all in each task, respectively. The left image indicates the original and the right

one indicates the edited one (mirror-like or glass-like). The other format is the same as in A.

Without background

One of the reasons the glass-like images were less effective with background (Figure 3.5) was that a
higher contrast between the object edge and its background made the object shape stands out from
the background. Then, it provided an unnatural impression for the material judgement. Therefore,
if the contrast was lower, the editing effect of the glass-like images might be bigger. To test this, we
ran the same experiment excluding the background. We simply changed the background to a uniform
gray (without the background condition).

Figure 3.6 shows the results without the background condition. We found that the average response
of all observers of the glass-like images was higher than the chance level in the glass judging task (in
the right panel of Figure 3.6A). Then, six out of ten observers were significantly higher than the
chance level in at least one of these bins (binomial test, p < 0.05). Moreover, 49 out of 125 images
were significantly higher than the chance level (one-tailed t-test, p < 0.05). This suggests that in the
glass judging task, the material editing without background is basically effective but it depends on
the observers.

However, in the mirror judging task, five out of ten observers were significantly higher but their
average was almost at the chance level. Moreover, a one-tailed t-test revealed that there no image
was significantly higher than the chance level. This means that there were large individual differences
between the observers. Furthermore, the material condition (mirror and glass) and the background
condition (with/without background) had an interaction. In fact, the mirror-like images with the
background and the glass-like images without the background were only effective under these specific
conditions. This suggests that background information works as one of the cues for distinguishing

between mirror and glass.
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Figure 3.6: Results without the background condition

Two images (the original and glass-like) labeled as (c) are from the highest of all stimuli in the glass judging task. The
other format is the same as in Figure 3.5.
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3.5 General Discussion

In this study, we hypothesized that the luminance and saturation profiles along the object contour to
its center are static visual cues to distinguish mirror from glass materials. On this basis, we proposed
an easy and simple material editing method, and tested the magnitude of the editing effect by human
psychophysics. The result was that the mirror-like images were perceived more as mirror than the
original images with the background condition. In contrast, the glass-like images were perceived more
as glass than the original images without the background condition. A glass material object has
transparent and refractive components, and a distorted image on the object surface is strongly related
to the background behind the objects (e.g., the distortion field: Fleming et al., 2011). Likewise, the
relationship between the materials and with or without background condition suggests that this kind
of image cue plays an important role in distinguishing glass from other materials.

Previous studies reported that a simple luminance modulation can change an image’s material
appearance. For example, Fleming and Biilthoff (2005) reported that the image appearance of an
opaque object can be edited to a translucent object using a luminance modulation only. Similarly,
Motoyoshi et al. (2005) reported using luminance re-mapping to make an opaque object translucent.
Moreover, this also makes a metallic surface like the mirror material. Although our method is similar
to these in that the editing provides some permeability to the object, this is the first study to propose
modulation to make clear transparent objects, such as glass. In addition, our results suggest that color
saturation also plays a role for determining materials (see also Zaidi (2011)). From observation of the
characteristic images in the data set, the color saturation of an image on an object surface with mirror
material tends to be high because it reflects from an image of various natural illuminations, which
has a blue sky or the green of a forest. Thus, we suggest that the visual system uses such heuristics
(Fleming, 2012) to distinguish mirror from glass.

There was a big variance between the observers in Figures 3.5 and 3.6. We speculate that the
perceptual border between mirrors and glass is ambiguous and relatively depends on each observer’s
top-down bias. Furthermore, common images of mirrors and glass may not be very specific. Even if
there are enough visual cues to determine the material, it is possible that some of them are highly
effective for seeing an image as a mirror but others are not so. To decrease the bias effect, we could
show some example images of mirror and glass as a catch trial to provide observers with a specific
material image. We could also employ a rating task instead of the 2AFC task because this way can
more precisely represent the magnitude of perception between mirror and glass.

The material editing method we proposed in this study does not depend on an object’s shape
and the number of regions of the object. This is a simple modulating method and possible to use
generally. Moreover, the method only needs an RGB image and its alpha map for editing. If we
include any other information related to a cue for determining the materials, we could get more
natural material appearances and consistent results. For example, an image modulation including

three-dimensional shape information of the target object could work well because it contributes a cue
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to albedo estimation (Marlow and Anderson, 2015; Marlow et al., 2015). Object depth estimated by
a two-dimensional image could provide more natural luminance and saturation biases for the image.

Through the series of experiments in this study, we found that the luminance and saturation profiles
along the object contour to its center disambiguate mirror and glass. In mirror-like editing, increasing
luminance and saturation can enhance pixels, which has a brighter luminance as specular highlights
or is reflected from illumination from the natural environment. These contribute to providing the
original images a mirror-like impression as static cues. In addition, in glass-like editing, increasing
luminance near the edge of the object and decreasing saturation work as static cues to provide the
original images a glass-like impression. This editing enhances the specular highlights on the object
surface and emphasizes light transmittance from the background through the object. These findings
suggest that common image features of mirror and glass derived from luminance and saturation are

used as static cues to distinguish the two materials.



Chapter 4

Dynamic visual cues

A similar version of this chapter has been published as:

Tamura, H., Higashi, H., & Nakauchi, S. (2018). Dynamic Visual Cues for Differentiating Mirror and
Glass, Scientific Reports, 8, 8403. DOI:10.1038/s41598-018-26720-x

Mirror materials (perfect specular surfaces such as polished metal) and glass materials (transparent
and refraction media) are quite commonly encountered in everyday life. The human visual system can
discriminate these complex distorted images formed by reflection or transmission of the surrounding
environment even though they do not intrinsically possess surface colour. In this study, we determined
the cues that aid mirror and glass discrimination. From video analysis, we found that glass objects have
more opposite motion components relative to the direction of object rotation. Then, we hypothesised
a model developed using motion transparency because motion information is not only present on the
front side, but also on the rear side of the object surface in the glass material object. In materials
judging experiments, we found that human performance with rotating video stimuli is higher than
that with static stimuli (simple images). Subsequently, we compared the developed model derived
from motion coherency to human rating performance for transparency and specular reflection. The
model sufficiently identified the different materials using dynamic information. These results suggest

that the visual system relies on dynamic cues that indicate the difference between mirror and glass.

45
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4.1 Introduction

Visual information reaching the human retina potentially contains temporal components due to the
motion of objects and/or observers. It has been revealed that several dynamic cues contribute to
perception of x-from-motion: e.g., depth, shape, and structure. Although most studies on material
perception have focused predominantly on static cues to reveal how the visual system recognises
materials, it is highly probable that dynamic visual cues strongly contribute to perception of certain
kinds of material, e.g., glossiness (Doerschner et al., 2011; Dovencioglu et al., 2017; Doerschner et al.,
2013; Dovencioglu et al., 2015; Sakano and Ando, 2010; Tani et al., 2013; Marlow and Anderson, 2016;
Wendt et al., 2010), transparent flow perception (such as for liquid (Kawabe et al., 2015b) and hot air
(Kawabe and Kogovsek, 2017)) from image deformation, liquid viscosity perception (Kawabe et al.,
2015a; van Assen and Fleming, 2016), and stiffness (Paulun et al., 2017; Schmidt et al., 2017).

Mirror and glass have completely different optical properties. They do not intrinsically possess
surface colour; thus, humans somehow differentiate mirror and glass by perception of the distorted
images formed by reflection or transmission of the surrounding environment. However, the visual
features the human visual system uses to achieve this task are still unknown, because the distor-
tion of the reflected/transmitted image is largely and complicatedly dependent on the 3D shape and
surroundings of the object. The visual system has constancy for surface properties under natural
illumination to some extent (Fleming et al., 2003), meaning that humans can accurately distinguish
various materials under natural illumination via static visual features (Hiramatsu et al., 2011; Fleming
et al., 2013; Nagai et al., 2015; Tanaka and Horiuchi, 2015). Therefore, it is natural to assume that
the visual system discriminates mirror/glass based on certain visual cues of the distorted images. For
example, Kim and Marlow (2016) previously reported an illusion in which a specular reflected object
is seen as a refracted and transparent object when it is turned upside-down. They suggested that the
reflected /refracted illumination appears right side up for convex mirror surfaces whereas it appears
upside down for convex glass surfaces.

This study focuses on mirror and glass materials, because both are, as stated above, quite common
in everyday life and easy to discriminate under natural conditions, but both are also determined
only based on visual cues existing in the image distorted by the reflection (for mirror materials) or
transmission (for glass materials). The type and degree of distortion varies significantly according to
the 3D shape of the object, which is generally unknown and should be recovered by the visual system.
Therefore, even though it should be difficult for the visual system to discriminate mirror and glass,
this is actually quite easy for humans under everyday conditions. We therefore hypothesised that,
in addition to static visual cues, certain dynamic cues caused by the motion of the object and/or
observers play an important role in the discrimination of these materials.

Although it was previously unknown that dynamic cues are used to directly distinguish mirror and
glass, some related cues have been reported for specular reflected or transparent objects. Doerschner

et al. (2011) have reported that there are characteristic differences between moving matte and shiny
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objects. They proposed three cues (coverage, divergence, and 3D shape reliability) on which the
brain relies to distinguish those objects. In this study, we do not consider matte objects, but aim
to distinguish mirror and glass, which can both be regarded as shiny. This is highly challenging,
because it is more difficult to distinguish these materials using optic flows only than to distinguish
matte and shiny objects (see Fig. C.1). Fleming et al. (2011) have reported that the distortion field
derived from the refractive index of a thick transparent object (glass) determines human perception
when judging refractive indices. Although this provides a cue for perceiving glass, this perception
might arise because of similar distorted images derived from the specular surface depending on the
object’s shape, motion, and surrounding environment. Further, Kawabe et al. (2015b) have reported
that image deformation by some specific spatiotemporal frequencies allows perception of transparent
liquid layers. This is one of the cues for perceived transparency for non-rigid objects, but may also be
related to rigid glass appearance. These previously proposed cues provided by motion do not directly
explain the mechanism used to distinguish mirror and glass.

When a transparent object rotates about its vertical axis, the rear side of the object surface moves
in the direction opposite to the object’s rotational direction (e.g., an Ullman cylinder Ullman, 1979).
In other words, dynamic information is not only present on the front side of the object surface, but
also on the rear side of the object surface in the glass object. This is because the transparent medium
of the glass object transmits the light through the object. This phenomenon is similar to motion
transparency (Qian et al., 1994; Snowden, 1999). Therefore, we hypothesised that a model developed
using motion information in the same manner as motion transparency (e.g., Qian and Andersen, 1994;
Nowlan and Sejnowski, 1995) explains perceptual material discrimination between mirror and glass,
based on the results of human psychophysics.

To identify the difference between the motion information of the mirror and glass materials, we
first computed optic flows using the method previously reported by (Lucas and Kanade, 1981). Ex-
amples are shown in Figure 4.1A (see also, Movie 5.1). A mirror-like material has a specular highlight
component on the surface of the object (e.g., polished metal), and glass is a transparent and refractive
medium (e.g., ice). The mirror material was defined as a material with perfectly specular reflection
on the surface, which is similar to an object having an infinite refractive index. The glass material
was defined as a material with a transparent and refractive medium, with a refractive index of 1.5, to
be similar to common glass (see Stimuli). The stimuli comprised 60 video frames rendered with three
different shapes under five real-world illuminations (Adams et al., 2016; Debevec et al., 2000), and
an object rotating about the vertical axis. A colour map indicating the magnitudes of the horizontal
motion components in each pixel is shown in Figure 4.1B and Movie 5.2. In the mirror object, brighter
luminance areas, such as specular highlights and the contour configuring the object’s shape, predomi-
nantly moved in the object’s rotational direction. In the glass object, the components described above
and additional opposite motion components were present around the centre of the object. Here, we
quantitatively express this difference using a histogram (Figure 4.1C). The histogram indicates the

directions of motion of the optic flows of the mirror and glass materials. Figure 4.1C shows that there
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are peaks towards the right (0 rad) in the glass materials in each shape. The glass material has more
components towards the right than the mirror material. This is because it is a transparent object and

opposite direction components exist on the rear side of the object surface such as motion transparency.
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Figure 4.1: Differences between mirror and glass materials in video stimuli

(A) Examples of stimuli (see Movie 5.1 for the dynamic condition). The top row contains the mirror material objects

and the bottom row contains the glass material objects. The left block shows three different shapes under illumination
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1 (environment light field). The right block shows five different illuminations with object shape 1. (B) Visualisations
of motion components in object rotation direction. The top column shows the mirror material objects and the bottom
column shows the glass material objects. Colour maps indicate the magnitude of the motion components in each pixel.
Red indicates the left direction and blue indicates the right direction. We selected three examples, frames 1-2, 11-12,
and 21-22, for shape 1 under illumination 1. (C) Histogram indicating the directions motion of the optic flows of mirror
and glass materials. The horizontal axis indicates the direction in radians (right is zero and left is pi). The vertical
axis indicates the probability of appearance frequency. The optic flows were included for all frames and the five natural
illuminations. Note that these components only move in the horizontal direction because the object was rotated around

the vertical axis.

From these observations, the visual system would use the distinctive motion information to dis-
tinguish mirror and glass. If so, perceptual material discrimination performance with motion could
be better than without motion. In experiment 1, we compare the performances with/without motion.
Then, in experiment 2, we collect human rating data for perception of transparent and specular re-
flection to propose a model explaining the human perception in this task. Finally, in experiment 3

and experiment 4, we validate the model by excluding motion transparency and static cue.

4.2 Methods

4.2.1 Observers

Experiment 1 (perceptual material discrimination between mirror and glass materials): Ten naive
observers participated in this experiment. Their ages ranged from 21 to 25 years (average 22.4 4+ 1.4
years).

Experiment 2 (rating for perception of transparent and specular surface): Ten naive observers,
who had not participated in experiment 1, participated in this experiment. Their ages ranged from
22 to 25 years (average 23.2 £+ 1.1 years).

Experiment 3 (rating using edited videos): Ten naive observers participated in this experiment.
Their ages ranged from 23 to 26 years (average 24.2 £+ 1.1 years).

Experiment 4 (perceptual material discrimination using binary noise stimuli): Ten naive observers
participated in this experiment. Three observers were excluded because their performance for the
static condition was equal to or higher than that for the dynamic condition and quite different from
the others. Thus, the final sample consisted of seven observers aged from 23 to 26 years (average 24.1
+ 1.1 years).

All observers had normal or corrected-to-normal acuity. All experimental protocols were approved
by the institutional review board of Toyohashi University of Technology on the use of humans in
experiments. Informed consent was obtained from all observers and all methods were performed in

accordance with the approved guidelines and regulations of the review board.
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4.2.2 Apparatus

Stimuli were displayed on a calibrated 32-inch LCD (Display++, Cambridge Research Systems) with
1920 x 1080 pixel resolution and a 60-Hz refresh rate. Stimulus presentation was controlled by
MATLAB using Psychtoolbox 3.0 (Brainard, 1997; Pelli, 1997; Kleiner et al., 2007). While they
observed the stimuli, each observer was seated on a chair facing the display in a dark booth, with

their head secured on a chin rest to maintain a constant distance (57 cm).

4.2.3 Stimuli
Modelling

The stimuli were modelled using Blender 2.77. First, the object was created as a UV sphere with
10 segments and 10 rings. Then, the subdivide function of the mesh tool was used with the number
of cuts set to one, fractal set to 15, and along the normal set to one as parameters for subdividing
shape 1. For shape 2, these parameters were 1, 10, and 1, respectively; and for shape 3, 1, 5, and
1, respectively. Then, a subdivision surface was added to these objects, with two views and two
renderers using the modifier tool. Finally, the object was set as having a smooth surface using the
shading smooth function. The specific modelling procedures were as described above and the other

procedures retained the default parameters.

Rendering

The reflectance and transmittance of smooth-surface materials are theoretically defined by the refrac-
tive index of the material (Hecht, 1998). For example, the refractive index of common glass is 1.5 and
its reflectance and transmittance are 0.04 and 0.96, respectively. Therefore, most of the incoming light
passes through the object and we perceive the object as being made of glass. As the refractive index
increases, so does its reflectance (see Fig. C.2). Moreover, when the refractive index approaches infin-
ity, all components of light are reflected. Some metals, such as silver and aluminium, have a complex
refractive index and their reflectance exceeds 0.9. Therefore, the light is almost perfectly reflected by
the material surface and humans perceive it as a polished metal such as a mirror. All objects were
rendered using the Mitsuba renderer (Jakob, 2010). For the natural illuminations, we used two light
fields, called ‘Uffizi Gallery’ and ‘Dining room of the Ennis-Brown House’, from the High-Resolution
Light Probe Image Gallery (Debevec et al., 2000), and three light fields, called ‘“Whiteley shopping
centre’, ‘Bolderwood forest’, and ‘Piazza café’, from the Southampton-York Natural Scenes (SYNS)
dataset (Adams et al., 2016). For the binary noise illumination, we set a random binary noise image as
an environment illumination. The object was set on the default position in the scene. The camera was
located at five units from the object. For the mirror material properties, the bidirectional scattering
distribution function (BSDF) parameter was a conductor and the surface was set to 100% specular
reflection. For the glass material properties, the BSDF parameter was a dielectric, the internal re-

fraction index was 1.5 (as with common glass), and the external refraction index was 1.0 (as in air).
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With the camera fixed, the object was rotated about the vertical axis by 0.5° per frame. We rendered
60 frames per stimulus. The sampling count was 512 per pixel with a low-discrepancy sampler. The
reconstruction filter was set as Gaussian and each output frame was a 512 x 512 image. Finally, all
images were resized to 256 x 256, and a 1000-ms video containing 60 frames was created. Stimuli for
the ‘original’ condition were created using the above procedures. Then, stimuli for the ‘upside-down’

condition were finally obtained via an operation that rotated the image by 180°.

Image morphing for rating experiment

When light is input from a medium with refractive index n; to another medium with refractive index

ng, the reflectance R and transmittance T' of the output light are expressed as follows:

2
ne — Ny
ny +n;
4nyny

b= (ne + ny)? 2

For example, when the light is input from air, which has a refractive index of one (n; = 1), to
a medium with refractive index 1.5 (n; = 1.5), such as common glass, R and 7" are 0.04 and 0.96,
respectively. A target image that has an arbitrary refractive index was made using (a) a perfect
reflectance image, (b) a perfect transmittance image, (c) the target reflectance, and (d) the target
transmittance. The perfect reflectance image was simply an image of the mirror material. The perfect
transmittance image was created using the following steps: 1) the image of the mirror was multiplied
by 0.04 and the resultant image was outputted; 2) the image of the glass material was subtracted from
the image in 1) and the output was divided by 0.96. Finally, the sum of the multiplication products of
(a) and (b) and (c) and (d) was used as the target image. This image morphing was performed for the
hi-dynamic range components and the image was processed using gamma curve correction (gamma =
2.2). See also Figure C.4.

4.2.4 Procedure and Task

Experiment 1

At the beginning of the experiment, a grey background (33.7 cd/m?) and fixation point were displayed,
which remained throughout the experiment. After a 1-min adaptation period, the first trial was
started by pressing a key. A target stimulus was randomly presented for 1000 ms at a 60-Hz refresh
rate. An image was presented as the static stimulus for the static condition. The image was one
frame selected once from four frames (frame numbers 1, 16, 31, and 46) extracted from the video
(60 frames). The performance for the static condition was the average result for those four frames.

A video was presented as the dynamic stimulus for the dynamic condition. To cancel any effect of
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rotation direction, we prepared trials in which the object rotated leftward and rightward about the
vertical axis; these rotations were each included twice in the stimulus conditions. The performance of
the dynamic condition was the average result for those four conditions (two trials x two directions).
The observer responded by pressing a key on a numerical keyboard to indicate mirror or glass material.
The experiment was composed of 480 trials (two materials x three shapes X five illuminations x two
rotations x eight present conditions), and all trials were randomly ordered. As the control, we prepared
the shuffle condition, which had four frames as described above, but it randomly presented four frames
(frame numbers 1, 16, 31, and 46) in 15 frames as a cut-off animation. For this condition, the
observers could obtain image information from various viewpoints, similar to the dynamic condition,
but virtually no dynamic information (such as rotational motion) was provided (see supplementary

experiment).

Experiment 2

The procedure was the same as in experiment 1, except the yes/no task was replaced with the seven-
point rating task. All stimuli were presented under the dynamic conditions. The experiment was
composed of 270 trials (two trials x nine materials x three shapes x five illuminations), and all trials

were randomly ordered.

Experiment 3

The procedure was the same as in experiment 2. The experiment was composed of 60 trials (four

trials x five conditions x three shapes), and all trials were randomly ordered.

Experiment 4

The procedure was the same as in experiment 1, except the upside-down condition was excluded, and
the binary noise condition was included. The experiment was composed of 96 trials (two materials x

three shapes x two illuminations x eight present conditions), and all trials were randomly ordered.

4.2.5 Video Analysis

We estimated the optic flows from each pair of frames of the video stimuli using the Lucas-Kanade
method (Lucas and Kanade, 1981) in the MATLAB Computer Vision Toolbox. For preprocessing, the
stimuli were sharpened using image sharpening processing. The optic flows in the vicinity along the
object contour were excluded, because the effect of the optic flows along an object contour inhibits

true temporal deformation information on the object surface.

4.2.6 Quantification for Dynamic Cue (Model Output)

The dynamic cue was defined as the ratio between the positive and negative value motion components

along the object rotation direction. In this case, all stimuli were horizontally rotated, and the object
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rotation direction was the = direction. The ratio k; between the ¢ th frame and the ¢t + 1 th frame
was defined as described below. The horizontal components of the optic flows v, (i, j,t) between two
frames (¢t and ¢ + 1) of the material were used to calculate k. The step function f was defined with
parameter a, which is related to the threshold of the step function. We set a = 0.001. The stimulus
had 60 frames and the optic flows were produced as 59 frames (7' = 59). Finally, the dynamic cue
of one stimulus, in other words, the model output k, was defined as the average of the ratios of all

frames.
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4.3 Results

4.3.1 Perceptual Discrimination between Mirror and Glass

To test whether the visual system uses distinctive motion information to distinguish mirror and glass,
we compared the performance of two presenting conditions: static and dynamic. Under the static
condition, the observer was presented with a single image frame, randomly extracted from the video.
The dynamic condition was simply presented in video form. These conditions were defined as ‘original’,
and an additional condition was defined as ‘upside-down’ stimuli, in which images were rotated by
180°; this operation was performed in order to measure the amount of additional information provided
by static cues (Kim and Marlow, 2016). Both original and upside-down stimuli were intermingled in
one block. One stimulus (60 frames) was displayed on a liquid crystal display (LCD) monitor for 1000
ms (i.e. the frame rate was 60 frame/s), and observers were asked to state their opinion on which
material (mirror or glass) was being observed in a yes/no task paradigm. The observer performance
was defined as the average of the percentage of correct answers for the mirror and glass materials (see
Procedure & Task).

Figure 4.2A shows the performance for each condition. We performed two-way repeated-measures
analysis of variance (ANOVA) for the presenting condition and the rotating condition. The main
effect of the presenting condition was significant (F(1, 9) = 18.311, p < 0.005) and indicated that the
performance under the dynamic condition was higher than that under the static conditions. The main
effect of the rotating condition was significant (F(1, 9) = 10.018, p < 0.01), meaning that turning the
image upside-down decreased the performance of perceptual material discrimination. There was no
significant interaction (F(1, 9) = 0.048, p = 0.832).
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Figure 4.2: Perceptual material discrimination between mirror and glass

(A) Results for perceptual material discrimination under two presenting conditions, along with the rotating conditions.
The horizontal axis indicates each condition combined with the rotating and presenting conditions. The vertical axis
indicates the percentage of correct answers. ‘OR’ signifies original, and ‘UD’ signifies upside-down stimuli. Averages
and standard errors among observers were obtained. The error bars represent the standard error of the mean across all
ten observers. (B) Percentage of glass answers for different shapes. The horizontal axis indicates the shape number and
the vertical axis indicates the percentage of glass answers. Different numbers along the horizontal axis indicate different

shapes. The symbols are the same as in A.

The dynamic condition exhibited higher performance, in support of our hypothesis. Under this
condition, the visual system acquired consecutive images as rich three-dimensional structural informa-
tion from the video, as in Ullman (1979), for example. The three-dimensional information gives a cue
to albedo estimation on the surface (Marlow and Anderson, 2015; Marlow et al., 2015). This result
suggests that there is a cue for not only albedo estimation, but also perceptual material discrimination
between mirror and glass materials, even those with complex optical features on their surface.

The performance for the upside-down stimuli was significantly lower than that for the original
stimuli. One reason for this is that turning an image upside-down decreases a cue derived from ‘the
light-from-above prior’, i.e. the assumption that light simply comes from above one’s head (Mamassian
and Goutcher, 2001; Ramachandran, 1988; Sun and Perona, 1998; Adams et al., 2004). These results
suggest that both the dynamic cue derived from the video stimuli containing consecutive images and
the static cue derived from the image itself contribute to perceptual material discrimination.

Then, to determine the motion information, we confirmed a tendency associated with the percent-

age of glass answers in each shape and the rotating conditions under the dynamic condition (Figure
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4.2B). Specifically, the percentage of glass answers increases depending on the bumpiness of the shape,
regardless of the material. This suggests that the more spherical an object is, the more easily it is
perceived as being made of glass material, as shape 1 in Figure 4.1 has the bumpiest surface, whereas
shape 3 has the least bumpy surface.

We also included a ‘shuffie’ condition to examine whether the increasing performance was not
simply caused by the number of viewpoints. Although the shuffle condition provided image information
from various viewpoints, similar to the dynamic condition, its performance was almost same as the
static condition. Simultaneously, we tested the effect of changing the luminance polarity to measure
the amount of information provided by static cues derived from the natural environment, similar to
the upside-down condition. This operation had the same tendency as that of turning upside-down

(see supplementary experiment).

4.3.2 Model Development and Performance

Our findings (Figure 4.1B, C) suggest that it is possible for the simple quantified index to express
perceptual material discrimination between the mirror and glass materials. We defined a quantified
index k as the motion ratio between the direction of object rotation and its opposite direction based
on the relationship between motion coherency and behavioural performance (Nowlan and Sejnowski,
1995) (see Quantification for the dynamic cue). Figure 4.3 illustrates the model. We assumed that
the visual system detects two kinds of motion: (1) motion in the object rotation direction and (2)
motion in its opposite direction, and we estimated the ratio of the opposite motion in all motions.

It is possible to develop a model that can explain not only two specific materials (mirror and glass),
but also a general material with a smooth surface depending on the refractive index. To achieve this
goal, we collected the rating data for specular reflection and transparency as perceived by the human
observers. We assumed a general material with a smooth surface and material property changing with
the refractive index. Then, we created images of an object composed of a material with an arbitrary
refractive index via image morphing, using the mirror and glass materials (see Stimuli). Finally, we
prepared nine different materials as stimuli with nine different refractive indexes (1.33, 1.5, 1.7, 2.42,
5, 10, 20, 50, and infinite). The stimuli were then presented under the dynamic condition (i.e. as
video) and the human observers rated the materials on a seven-point scale from perceived specular
reflection to perceived transparency. The other conditions were the same as in the experiment for
perceptual material discrimination.

Figure 4.4A shows the rating score obtained for each condition. We performed two-way repeated-
measures ANOVA for the refractive index and shapes. The main effect of the refractive indexes
was significant (F(1.665, 14.989) = 58.57, p < 0.001). The material with the same refractive index
(infinite) as the mirror material was rated significantly lower than others; in other words, it was
perceived as having the most specular reflection among all the different refractive index materials
(multiple comparison test). The main effect of the shapes was significant (F(1.263, 11.366) = 50.562,
p < 0.001). The ratings for the shapes were significantly different (multiple comparison test; shape 1
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vs. shape 2 (p < 0.01); shape 1 vs. shape 3 (p < 0.001); shape 2 vs. shape 3 p < 0.001) and shape
3 obtained the highest rating; in other words, it was perceived as being the most transparent object.
There was no significant interaction (F(16, 144) = 1.100, p = 0.361). Note that we described adjusted
degrees-of-freedom using Greenhouse-Geisser correction when the assumption for sphericity was not
in effect (Mauchly’s test of sphericity).

The ratings changed depending on the materials, which physically changed in accordance with
the refractive index. This means that the visual system can appropriately rate stimuli simulated by
image morphing. In addition, there was a tendency to perceive less bumpy objects as being more
transparent. Thus, the perception of transparency changes for three-dimensional shapes, much like
the perception of glossiness 36. The difference in rating score between shape 1 (most bumpy) and

shape 3 (least bumpy) was 1.48 on average. This suggests that the object shape easily changes human
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perception of a material even if it has the same refractive index.

Figure 4.4B shows the relationship between the refractive indexes and the output score k of the
model. As in Figure 4.4A, it expresses a nonlinear function that indicates the relationship between
the refractive indexes and the rating given by the human observers. Further, the model output well
explains the rating via the refractive index shown in Figure 4.4C. Note that these results are signif-
icantly correlated (r = 0.83, p < 0.001). We also performed a two-way ANOVA without replication
of the model output. The main effect of the refractive indexes was significant (F(8, 16) = 175.15,
p < 0.001). The main effect of the shapes was also significant (F(2, 16) = 1854.03, p < 0.001). These
statistical features of the model output are consistent with the statistical features of the ratings given
by the human observers. Therefore, this model offers an explanation, i.e. that the visual system uses
dynamic information for material perception of a rotating object. Note that the correlation between
these results is not perfect, because some factors that are not affected by either the refractive indexes
or the shapes remain.

Moreover, the model can also explain the results of perceptual material discrimination. Figure
4.4D shows the relationship between the model output, which is used instead of the shape conditions,
and the percentage of glass answers. This indicates the extent to which the model estimates the
observer performance for perceptual material discrimination. If the dynamic cue contributes to this
material perception, the model output and the percentage of glass answers should be connected in a
correlative relationship. Note that our premise is that the relationship between the rating dimensions
from the perceived specular reflection to transparency and the percentage of glass answers obtained
in a yes/no task paradigm is a monotonically increasing function. In the original case, although the
percentage of glass answers increased with the model output, there is a separation between the mirror
and glass materials (in Figure 4.4D, the filled symbols). This suggests that the dynamic information
and other factors contribute to the material perception. The question now becomes the following:
which static cues contribute to the distinction between mirror and glass materials? Considering that
these cues exist among the original stimuli but not among the upside-down stimuli, one possibility is
the luminance distribution along the vertical direction of the stimuli, because the effect derives from
‘the light-from-above prior’ (Mamassian and Goutcher, 2001; Ramachandran, 1988; Sun and Perona,
1998; Adams et al., 2004). These results suggest that the visual system naturally hypothesises that
the light is located above the observer’s head. We thus speculate that the other factor is a static cue
from the image.

In contrast, when we rotated the image by 180°, the model output and percentage of glass answers
were significantly and more highly correlated (r = 0.88, p < 0.05) (in Figure 4.4D, open symbols).
This correlation coefficient was greater than that obtained with the original stimuli. Although both
the original and upside-down stimuli had the static and dynamic cues, the visual system could not
sufficiently use the static cue in the upside-down stimuli because the images were rotated, which
inhibits the static cue. Therefore, the visual system was basically more dependent on the dynamic

cues.
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In addition, turning upside-down seems to more strongly affect to our perception when the k value
was medium (in this case, at around 0.3). To quantify the effect of turning upside-down, we focused
on the change of material appearance (mirror-to-glass or glass-to-mirror) by turning upside-down to
manipulate the static cue and calculated the ratio of the appearance change for various k values.
Figure 4.4E shows the appearance change ratio significantly varied depending on the & value (F(5, 45)
= 10.281, p < 0.001; one-way repeated-measures ANOVA). A multiple comparison test showed that
the change rate of the mirror of shape 3 (black circle) was significantly higher than that of the mirrors
of shapes 1 and 2, and the glass of shape 3 (p < 0.05). These results suggest that the effect of the
dynamic cue is limited, i.e. the visual system relies more on the static cue when the dynamic cue is

ambiguous for distinguishing mirror and glass.
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(A) Rating score of the perceived specular reflection and transparency. The horizontal axis indicates the refractive
index of the stimuli on a log scale. The vertical axis indicates the rating score on a seven-point rating system, where
perceived specular reflection is one and transparency is seven. Averages and standard errors among observers were
obtained. The error bars represent the standard error of the mean across all ten observers. (B) Model output. The
horizontal axis is the same as in A. The vertical axis indicates the model output k. (C) Correlation between model
output and ratings given by human observers. (D) Correlation between the model output k£ and the percentage of glass
answers for original and upside-down stimuli under dynamic conditions. The horizontal axis indicates the model output
k. The vertical axis indicates the percentage of glass answers; this axis is the same as in Figure 4.2B. The filled and open
symbols indicate the original and upside-down stimuli, respectively. Averages and standard errors among observers were
obtained. The error bars represent the standard error of the mean across all ten observers.(E) The appearance change
rate. The horizontal axis is the same as in C and D. The vertical axis shows the rate indicating how much the material

appearance changes. In B-E, the symbols are the same as in A.

4.3.3 Model validation

Our model predicts that glass objects may be misperceived as mirror surfaces if the glass generates
little or no motion transparency. To test this prediction, we attempted to reduce the amount of motion
transparency that glass objects generate by rendering the glass as a purely transmittance component
that only refracts light and does not generate any specular reflection.

We generated three stimuli: 1) glass only, possessing the transmittance component of the light
(‘transmittance only’, Movie 5.3A) and created through image morphing (see Stimuli); images created
by superimposing two different shape mirrors images in the 2) same (‘superimposed’, Movie 5.3B)
and 3) opposite directions (‘oppositely superimposed’, Movie 5.3C). The last two also changed the
amount of motion transparency. Figure 4.5A shows the rating scores for five conditions including ac-
tual mirror and glass. We performed one-way repeated-measures ANOVA for the stimulus conditions.
The main effect for the stimulus conditions was significant (F(1.962, 17.656) = 68.842, p < 0.001, ad-
justed degree-of-freedom using Greenhouse-Geisser correction). We predicted that the ‘transmittance
only’ condition would be perceived as being more transparent than the glass, because the reflectance
component of the former is eliminated, and its k value increases according to the model. However,
there was no significant difference (multiple comparison test; transmittance only vs. glass (p > 0.05)),
suggesting that the transmittance component mainly provides us with transparency perception. The
superimposed and oppositely superimposed conditions were perceived as being more transparent than
the mirror (multiple comparison test; mirror vs. superimposed (p < 0.001); mirror vs. oppositely
superimposed (p < 0.001)). We speculate that the superimposition of two different shapes provides
humans with an impression of a transparent layer on the surface. The oppositely superimposed condi-
tion additionally increased the opposite motion relative to the rotation direction (the model output £,
see Figure 4.5B). This was not the same rating as the glass, because the pixel information derived from
the mirror reduced the perceived transparency. If we could naturally match two different shapes on

a pixel-by-pixel basis, a clearer glass appearance would be obtained. Then, the relationship between
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the k value and the rating score would more generally support the model.

Even if the rotating stimuli in which static cues were maximally eliminated, motion transparency
would still provide sufficient cues to distinguish the materials. To test this, we rendered new stimuli
(Figure 4.5C, see also Movie 5.4A and Movie 5.4B) in a random binary noise illumination using more
complex shaped objects based on our proposed model. We tested them using a material judgement
test. Figure 4.5D shows that the dynamic condition was significantly higher than the static condition
(t(12) = 3.399, p < 0.01, t-test), supporting our findings. This result suggests that the dynamic
cue is informative for the distinction of materials, even without a simple static cue. Moreover, we
found a tendency that the luminance distribution in the vertical axis of the binary noise condition was
almost flat and the absolute difference between mirror and glass was smaller than that for the natural
illumination (Figure 4.5E). In the real world, we naturally exhibit a luminance bias, i.e. the upper
area of the object surface is brighter, and the bottom area of the object surface is darker because the
lights from sources such as the sun and illumination lamps tend to come from above. However, in
the binary noise condition, this bias does not exist, and the visual system cannot rely on this cue.
We speculate that measuring this kind of difference provides us with information on how the visual

system is sensitive to the static cue.

4.4 Discussion

Previous studies on surface properties focussed on highly reflective surfaces and included dynamic
information (Doerschner et al., 2011; Dovencioglu et al., 2017; Doerschner et al., 2013; Dovencioglu
et al., 2015; Sakano and Ando, 2010; Tani et al., 2013; Marlow and Anderson, 2016; Wendt et al.,
2010). It has also been suggested that three kinds of cues from optic flows can distinguish the surface
property (matte or shiny) of an object (Doerschner et al., 2011). Both the mirror and glass materials
in our study were shiny objects and had similar features to identify the shiny surface. In addition,
our results reveal that the optic flows can identify whether the material of a rotating object is mirror,
glass, or its medial materials depending on the refractive index. We suggest that this dynamic cue
from the video can somehow be detected by the visual system, for example, through perception of
motion transparency, and be used for perception of smooth surface materials and distinction between
mirror and glass.

In this study, the visual system could distinguish between materials under the static condition
to an extent, because it can use a distorted image reflected from surrounding illumination on the
surface of the mirror object (Fleming et al., 2004), and a refraction image derived from the shape
of thick transparent objects such as glass (Fleming et al., 2011). A recent study reported that a
specular object and a transparent object perceptually change each other by vertically reversing, and
suggested that the direction of illumination affects this phenomenon (Kim and Marlow, 2016). In ‘the
light-from-above prior’, for the mirror object, the upper area of the object surface becomes brighter

because the light reflects off the object. Likewise, for a glass object, the bottom area of the object
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Figure 4.5: Validation of the proposed model with new stimuli

(A) Rating scores of perceived specular reflection and transparency for new stimuli. The horizontal axis indicates the
rating score corresponding to the vertical axis of Figure 4.4A. The vertical axis indicates the stimulus conditions. The
error bars represent the standard error of the mean across all ten observers. (B) Relationship between model output
and rating score. (C) Stimuli rendered in random binary noise illumination (top: mirror, bottom: glass). See also,
Movie 5.4A and Movie 5.4B. (D) Result of perceptual material discrimination using the binary noise condition. The
horizontal axis indicates each condition. The vertical axis indicates the percentage of correct answers. Averages and
standard errors among observers were obtained. The error bars represent the standard error of the mean across all
seven observers. (E) Different luminance distributions between original and the binary noise conditions. The horizontal
axis indicates the absolute differences of the image pixel intensities (luminance) between mirror and glass. The pixel
intensities were averaged along each row in the image, excluding the background. The vertical axis indicates the vertical

position of the image.

surface tends to become brighter because the light is transmitted through the object. Our results

suggest that the visual system uses such a simple static cue for perceptual material discrimination
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between mirror and glass materials. Further, image statistics could be given as the other static cue in
this case, because the visual system can estimate a surface property (glossiness) on the object using
those statistics (Motoyoshi et al., 2007) (but subsequent works have questioned the idea that those
statistics play a causal role in material perception (see Anderson and Kim, 2009; Kim and Anderson,
2010). The stimuli for our study were comprised of mirror and glass materials, where both had a
specular highlight component and their surfaces were glossy. Therefore, we speculated that a cue
from the image statistics was not the only contribution to the material distinction, and that other
luminance information, such as the luminance distribution along the vertical direction of the stimuli,
also contributed to this distinction.

An image on the surface of mirror object is more clearly visible than that on glass because the
surrounding illumination is directly reflected by the surface. By contrast, an image on the surface of
a glass object has complex patterns due to the distortion field (Fleming et al., 2011). We premised
that these midlevel features distinguish the reflected image from the surrounding illumination or the
refracted image through the background. The static cue surely has an influence on overwriting the
dynamic cue. We suggest that the visual system automatically shifts its focus to use only one cue or
multiple cues in various contexts. We found that the magnitude of the object’s bumpiness provides an
effect to aid perception of specular and transparent materials (Fig. 4.2B, Fig. 4.4A). A smooth surface
tends to be perceived as glass, because it is easy to track the motion on the object’s rear surface. In
contrast, a bumpy surface tends to be perceived as specular, because there are enough feature points
to track the motion on the object’s front surface. Some material appearances change largely depending
on bumpiness (e.g. specularity (Ho et al., 2008; Anderson et al., 2014) and translucency (Chowdhury
et al., 2017)). Thus, we speculate that the ability to track the object motion aids distinction between
mirror and glass.

Some observers reported perceiving liquid in the rotating glass material object, especially in shape
3 (lowest bumpiness). Almost all liquids are transparent or translucent, and recent studies have
reported the importance of liquid perception for the visual system (Kawabe et al., 2015b,a; Kawabe
and Kogovsek, 2017; van Assen and Fleming, 2016; Paulun et al., 2015). In our study, although the
glass material object was definitely rigid and solid, the visual system perceived a non-rigid object
like water, because the visual system distinguishes non-rigid object shapes from the motion cue (Jain
and Zaidi, 2011). This study was mainly aimed at rigid objects only; however, it is necessary to
discover how the visual system distinguishes between non-rigid specular and transparent objects such
as mercury and water.

From neuroscience and neurophysiological perspectives, our glossiness perception (Nishio et al.,
2014; Goda et al., 2014)4 and material perception (Hiramatsu et al., 2011; Goda et al., 2014) are rep-
resented in the inferior temporal (IT) cortex through the ventral pathway. The structures determined
from motion (Bradley et al., 1998; Grunewald et al., 2002) and motion transparency are represented
in the middle temporal area (MT) (Qian and Andersen, 1994; Snowden et al., 1991) and the fundus of
the superior temporal sulcus (FST) (Rosenberg et al., 2008) through the dorsal pathway. It is possible
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that both processes are in parallel or provide mutual feedback to each other, raising the recognition
level. We suggest that examination of the relationship between them will provide further insight into
the perception of smooth surface materials by dynamic cues.

In-depth understanding of the material perception performed by the visual system can be obtained
by considering not only the static cue from the image, but also the dynamic cue, because the findings
of this study provide one piece of evidence to explain this mechanism. Our finding can also explain
perception of any motions other than rotation. In future work, we would like to study not only smooth
surface objects such as mirror and glass materials, but also objects with matte surfaces such as wood,

fabric, and other materials, or a mixture of materials.



Chapter 5

The glare illusion

A similar version of this chapter has been published as:

Tamura, H., Nakauchi, S., & Koida, K. (2016). Robust brightness enhancement across a luminance
range of the glare illusion, Journal of Vision, 16(1), 10, 1-13. DOI:10.1167/16.1.10.

The glare illusion refers to brightness enhancement and the perception of a self-luminous appear-
ance that occurs when a central region is surrounded by a luminance gradient. The center region
appears to be a light source, with its light dispersing into the surrounding region. If the luminous
edge is critical for generating the illusion, modulating the perceived luminance of the image, and
switching its appearance from luminous to nonluminous, would have a strong impact on lightness and
brightness estimation. Here we quantified the illusion in two ways, by assessing brightness enhance-
ment and examining whether the center region appeared luminous. Thus, we could determine whether
the two effects occurred jointly or independently. We examined a wide luminance range of center re-
gions, from 0 to 200% relative to background. Brightness enhancement in the illusion was observed for
a wide range of luminances (20-200% relative to background), while a luminous-white appearance was
observed when the center region luminance was 145% of the background. These results exclude the
possibility that brightness enhancement occurs because the stimuli appear self-luminous. We suggest

that restoring the original image intensity precedes the perceptual process of lightness estimation.

66
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5.1 Introduction

Lightness estimation of objects within scenes is an important function of our visual system. The
perception of lightness is related to the proportion of reflected light from a surface (Kingdom, 1997).
This lightness percept can be categorized, such as by the descriptive terms white, gray, or black.
Since the Middle ages, numerous reports, such as those of Alhazen, and later by Helmholz and Hering
(Kingdom, 1997), have described lightness perception and its basis. Current vision researchers have
built upon such works (Gilchrist, 2007). To estimate the lightness of an object’s surface, several cues
are available, such as its luminance, spatially adjacent stimuli, three dimensional configuration, and
texture statistics (Adelson, 1993; Anderson and Winawer, 2005; Gilchrist, 2007; Knill and Kersten,
1991). Based on these cues, the visual system could estimate the mapping between the retinal output
and reflectance, which is required for lightness perception (Adelson, 2000; Gilchrist, 2007; Murray,
2013). Numerous studies have addressed lightness perception and illumination estimation (Adelson,
2000; Adelson and Pentland, 1996; Arend and Goldstein, 1987; Gilchrist, 2007; Kingdom, 2011; Land
and McCann, 1971). One hypothesis is that lightness perception describes how the visual system
decomposes images into separate layers based on illumination geometry, shading due to shape, and
surface albedo (Gilchrist, 2007). These three components correspond to the physical attributes of
scenes, and are indispensable for rendering objects in computer graphics. If two of them, such as
illumination and shape, are clearly defined, the other component, in this case, reflectance, can be de-
termined theoretically. However, if the target object is self-luminous, this calculation is not possible.
Thus, it is important to know how humans discriminate self-luminous from non-luminous surfaces. A
stimulus that is higher in luminance than its surroundings has a luminous appearance (Bonato and
Gilchrist, 1994; Evans, 1959; Gilchrist et al., 1999; Radonjié¢ et al., 2011; Uchikawa et al., 2001). The
contrast between an object and its surroundings is important for lightness and brightness perception.
The physiological basis of this function is lateral inhibition in the retina (Schneck, 2010; Shapley et al.,
1984; Walraven et al., 1990) and higher-order cortical mechanisms (Boyaci et al., 2007; Haynes et al.,
2004; Kinoshita and Komatsu, 2001; MacEvoy and Paradiso, 2001; Roe and Tso, 1995; Shevell et al.,
1992; Whittle, 1994). If there exist circumstances whereby a luminous appearance is not explicable
by the contrast model, these would potentially assist our understanding of lightness/brightness per-
ception mechanisms. The glare illusion is an optical illusion in which brightness enhancement and
self-luminosity occur for a bright central region relative to the equiluminant surface (Agostini and
Galmonte, 2002; Zavagno, 1999). It has a surrounding gradient that mimics the spread of intense light
due to atmospheric or ocular dispersion (Kakimoto et al., 2005; Spencer et al., 1995). Figure 5.1A
shows examples of the glare illusion. In the top right of the figure, the central circles appear rela-
tively bright and self-luminous due to their annular blur, even though the central region has the same
luminance as the circle with no annular blur, directly below. The glare illusion is very robust across
various displays, and even occurs in printed images. As early as the Renaissance period, painters such

as Tintoretto and Rembrandt employed blur to produce the appearance of self-luminosity (Zavagno
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and Massironi, 1997). Perceived self-luminosity induced by annular blur has been frequently used as a
stimulus in psychological experiments (Correani et al., 2006; Hanada, 2012; Keil, 2007; Yoshida et al.,
2008; Zavagno et al., 2004; Zavagno and Caputo, 2001, 2005), including fMRI studies (Leonards et al.,
2005). Further, such blur is widely used in computer graphics to represent an intense light source
or specular reflection (Nakamae et al., 1990; Rokita, 1993; Shinya et al., 1989; Spencer et al., 1995).
This illusion raises questions about how our visual system integrates contextual information when
evaluating lightness or brightness, and how self-luminosity is judged.

Measurement of the effect of visual illusions has been considered important in neuroscience (Ea-
gleman, 2001). It is possible to measure illusions consistently in animals as well as humans (Kelley
and Kelley, 2014). Thus, quantitative measurement of the illusion is important in order to evalu-
ate similarities in perception across species and to understand the neurophysiological basis of our
visual system. Zavagno and Caputo (2001) measured self-luminosity thresholds of the glare illusion
by modulating the luminance of the central and inducing regions and found that the illusion occurred
even when the central region was darker than the white background. Yoshida et al. (2008) measured
the amount of brightness enhancement in the glare illusion. Subjects perceived the central region in
the illusion as 20-35% brighter than the reference white. These two studies implicitly assumed that
two ways exist to quantify the glare illusion, namely via self-luminosity thresholds and by assessing
the amount of brightness enhancement. Further, it was assumed that these two attributes can be
measured separately. In this study, we asked how the illusion elicits two kinds of perceptual effect—
brightness enhancement and a self-luminous appearance—and whether they are elicited either jointly
or independently. To test this, we modulated the stimulus intensity while keeping the background
stimulus constant and asked the subjects to report perceived brightness and to provide a categorical
judgment of appearance. Does the glare illusion induce a brighter, self-luminous appearance for both
dark and bright stimuli, and what luminance level effectively induces the illusion? If the illusion is

observed at specific range, do the two aspects of the illusion appear jointly?

5.2 Methods

5.2.1 Subjects

Subjects were eight naive volunteers aged from 22 to 25 years (average 22.8 years, seven males and
one female). They had normal or corrected-to-normal acuity and normal trichromatic color vision.
All experimental protocols were approved by the institutional review board of Toyohashi University
of Technology with respect to the use of humans in experiments. Informed consent was obtained from

all participants.
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(A) Examples of glare stimuli (top) and reference stimuli (bottom). The luminance of a central circle and surrounding
inducer were modulated from dark to light (left to right). Circles in the same column have the same intensity (luminance).
(B) Screen appearance: The sample and reference stimuli were placed to the left and right of the central fixation point,
respectively. (C) Luminance profiles of Glow (blue), Halo (green), and Uniform (red) stimuli. The annulus is labeled as
“inducer,” the inner circle as “patch,” and the surrounding uniform area covering the remaining display as “background.”

In this example, the luminance of the center patch was 160 cd/ m?2. The background was always 100 cd/ m? irrespective

of sample intensity.

5.2.2 Apparatus

Stimuli were displayed on a 27-inch (screen size 596 X 335 mm) liquid crystal display (LCD; CG276,
EIZO) with a resolution of 2560 X 1440 pixels, calibrated by ColorCAL II (CRS). Stimulus presen-
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tation was controlled by MATLAB using Psychtoolbox 3.0 (Brainard, 1997) on a desktop computer
(Dell Precision T7500). Subjects observed the stimuli binocularly, while seated on a chair facing the
display with the head secured on a chin rest to keep a constant distance from the display (1340 mm).

The only luminous object present in the room was the LCD monitor.

5.2.3 Stimuli

Figure 5.1B shows the screen layout in both experiments. The stimulus on the left is an example
of an image that evokes the glare illusion. That is, the central circle is surrounded by a luminance
gradient extending toward the periphery of the annulus. The stimulus on the right is a reference
where the center patch is surrounded by an annulus of uniform luminance. The diameters of the
outer and inner stimulus boundary were 9 deg and 3.4 deg of visual angle, respectively. Two stimuli
were simultaneously displayed 5.5 deg to the left and right of the fixation point. The background was
uniform, with a luminance of 100 cd/m?. Figure 1C illustrates the luminance profiles of the three types
of stimuli used in this study. Center patches of the three stimuli were the same, but the surrounding
inducers were different. Glow had a linear profile, which modulated from zero on the outer boundary
to the highest luminance adjacent to the central region. Halo had a similar profile as Glow but the
direction of the gradient was reversed. Halo was used to examine the effect of contrast polarity and to
reduce visual adaptation to Glow. Uniform had a spatially uniform profile, with a luminance of 44%
of the central region. The value of 44% was arbitrarily determined. We also used a uniform black
inducer in an additional experiment for comparison (see D.1). After taking into account the number
of pixels, the mean inducer luminance of Glow and Halo compared to the center patch was 41% and

59%, respectively. All stimuli were achromatic gray (CIE: x = 0.290, y = 0.331).

5.2.4 Procedure

Experiment 1: brightness comparison

Two stimuli were presented while participants were fixating; they were asked to report which of the
two stimuli had the brighter central region. The two stimuli were presented horizontally to the left
and right of the fixation point; one was the sample and the other was the reference. The sample
was selected randomly from three profiles (Glow, Halo, and Uniform), and the reference was always
Uniform. The horizontal position of the sample was randomly switched. There were 18 luminance
levels: 0, 5, 10, 15, 20, 30, 40, 50, 60, 70, 80, 90, 100, 120, 140, 160, 180, and 200 cd/m?. Both the
sample and reference in each trial had the same luminance. We also used other reference stimuli with
20% higher (bright reference) or 20% lower (dark reference) luminance. In this case, both center and
annulus luminance varied together while the contrast between center and annulus was kept constant.
At the beginning of the experiment, the background and a fixation point were displayed and remained
throughout the experiment. After three minutes of adaptation, the first trial was started by a mouse

click. Stimuli were presented for 0.3 seconds, after which only the background was shown. The subject
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then responded with a right or left mouse click to indicate which stimulus was brighter. The next
trial began following a further click. One session was composed of 648 trials (2 repeats X 2 positions
X 18 luminance levels X 3 profiles X 3 references), and all conditions were randomly ordered. Each
subject participated in four sessions; thus, each condition was repeated eight times. In the analysis,

we combined the data for the two horizontal positions, thus providing 16 repeats per condition.

Experiment 2: categorical labeling

After three minutes of adaptation to the background, a single stimulus was displayed either to the
right or to the left of the center. Stimulus position was switched on every trial. Subjects were asked
to report the appearance of the central region of the stimulus using four categories: black, gray,
white, or luminous-white. The response was recorded by keyboard. There was no fixation point, and
the subjects were allowed to freely view the stimuli. We also conducted the additional experiment to
confirm that the responses were stable even when eye position was controlled (see D.2). The luminance
profiles of the stimuli consisted of Glow, Halo, and Uniform. There were 21 luminance levels, ranging
from 0 to 200 cd/m?. The stimulus appeared after the key press and was displayed until a response
was obtained (the mean response time was 1.05 s). The next trial started following a further key press.
One session was composed of 504 trials (4 trials X 2 positions X 21 luminance levels X 3 profiles)

and all conditions were randomly intermingled. Each subject participated only in one session.

5.3 Results

5.3.1 Results (Experiment 1)

Brightness enhancement was observed across almost the entire range of target luminance (Fig. 5.2A).
Significant enhancements of Glow compared to chance (50%) were observed from 20 to 200 cd/m?
(p < 0.05, binomial test), which included both higher and lower luminance values than the background
luminance (100 cd/m?). The probability never reached 100% at any luminance level. This was due to
individual differences in the luminance level inducing brightness enhancement (Supplemental Figure
1). The majority of observers (n = 6) showed monotonically increasing functions, while other observers
showed a maximum response probability at specific luminance levels (50-100 cd/m?). Two observers
did not show 100% probability even at the most effective luminance level; nevertheless, the response
was significantly higher than chance. In the low luminance range, the probabilities were distributed
around 50% or slightly below. This significant negative bias was observed in at least two observers.
Halo also showed significant brightness enhancement at several luminance levels (60 and 80-200 cd/m?,
p < 0.05, binomial test); however, its probabilities were lower than those of Glow. No significant
effects were observed for the Uniform control. Similar trends were observed for the different reference
conditions (Fig. 5.2B, C). The largest response was observed for the Glow condition, followed by Halo

and Uniform. For the bright reference condition (Fig. 5.2C), responses for Glow were still greater
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than chance, indicating that the magnitude of brightness enhancement for Glow was still higher than
the 20% increase in luminance of the reference. Responses for Halo were slightly lower than chance,
indicating that the magnitude of brightness enhancement for Halo did not attain the 20% increase in
luminance of the reference. By combining the data from the three reference conditions, we obtained
psychometric functions for each luminance level (Fig. 5.2D). The response probabilities obtained for
the three reference levels were then fit to a maximum-likelihood logistic function. With this function,
we could estimate the brightness enhancement quantitatively. The point of subjective equality (PSE)
between the Glow and Uniform reference was calculated as the luminance ratio between the mid-point
of the function and zero. The observed PSEs were 30%. Similar calculations were performed for each
sample luminance (Fig. 5.2E). The average PSE was 42.8% (Fig. 5.2F) when we included data showing
good fit (slope significantly different from zero, p < 0.05 by Matlab GLMfit). The average PSEs of
Halo and Uniform were 8.5% and 2.1%, respectively. The number of samples in the present study was
relatively small for calculating psychometric functions (i.e., there were only three reference levels).
Therefore, to validate whether the PSEs were estimated appropriately, we performed an additional
experiment that used more reference levels (specifically, 7) for one luminance of the target stimulus
(120 cd/m?, see Figure D.2). The observed PSE was 31% of the luminance ratio, i.e., almost identical
to that in the main experiment (Fig. 5.2E). Thus, we conclude that the observed PSEs in the main
experiment were reliable.
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Figure 5.2: Brightness enhancement in the glare illusion

(A) The horizontal axis indicates the luminance of the center patch, and the vertical axis the probability of the sample
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appearing brighter than the equiluminant reference uniform stimulus. Filled symbols indicate a significant difference from
chance (50%). Response probabilities for each subject were calculated, and averages and standard errors among subjects
were obtained. Error bars represent the standard error of the mean across all eight subjects. (B) Response probabilities
for a dark (-20%) reference condition. (C) Response probabilities for a bright (+20%) reference condition. (D) Example
psychometric function at a luminance level of 120 cd/m?. Response probabilities for three reference conditions with a
fitted logistic function are shown. (E) Brightness enhancement quantified by the point of subjective equality (PSE).
Symbols are the same as in A. Data were clipped to 100% or -25% if the function returned values greater than 100%
or less than -25%, respectively. Filled symbols indicate goodness-of-fit of the psychometric functions. (F) Means and

standard errors of significant PSEs for each condition.

5.3.2 Results (Experiment 2)

We found that the Glow stimulus (Fig. 5.3A) was perceived as self-luminous between 100 and 200
cd/m?, while very few self-luminous percepts were reported for Halo and Uniform stimuli, even at
200 cd/m?2. We calculated the response probabilities of the four alternatives at each luminance level
and fit cumulative Gaussian functions via a maximum-likelihood estimation procedure. Using these
functions, we determined the categorical thresholds corresponding to the 50% probability level. Note
that in Fig. 5.3A, the four responses black, gray, white, and luminous-white are vertically stacked.
The threshold between white and luminous-white responses occurred at 145 cd/m?, a clearly lower
luminance than for the other two stimuli. The thresholds for the Halo and Uniform conditions were
248 cd/m? and 243 cd/m?, respectively. Although the illusion had a strong impact on luminance at
which the percept transitioned from white to luminous-white, the transition between gray and white
percepts was very similar for all conditions (117-135 cd/m?). Thus, the thresholds between gray and
white simply depended on the luminance of the central region; the surrounding annulus had limited
influence. The transition between percepts of black and gray for Glow occurred at a slightly higher
luminance than for Halo and Uniform stimuli. The majority of subjects (n = 5) showed this tendency.
At low luminances, the central region of the Glow stimulus was less visible than in the other conditions

due to low edge contrast between the center and annulus.

5.4 Discussion

5.4.1 Comparison

We examined the effect of stimulus luminance on the glare illusion from two aspects: brightness
enhancement and the induction of a self-luminous appearance. The results confirmed that the glare
illusion enhanced brightness across a wide range of luminances (20-200% relative to the background);
the resulting luminance enhancement was 40% (Experiment 1). Self-luminosity emerged when the
central stimulus region was 145% of the luminance of the background (Experiment 2). Comparing

the results of the two experiments, we found that brightness enhancement arose when the stimulus
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Figure 5.3: Categorical response probability

The horizontal axis indicates the luminance of central circle, and the vertical axis the response probability for each
category. A, B, and C show the response for the Glow, Halo, and Uniform conditions, respectively. The categorical
responses black, gray, white, and luminous-white increased in probability from low to high luminance. For example,
gray, white, and luminous-white responses were observed with approximately equal probability at 120 cd/m? for the
Glow condition. Functions are cumulative Gaussians, fit via a maximum likelihood method. Crosses indicate 50%

probability points of each function.

was not perceived as self-luminous. Indeed, the brightness enhancement of the glare illusion was
observed even when the stimulus was categorically perceived as gray. This excludes the possibility
that brightness enhancement occurs because the stimulus appears self-luminous. Zavagno and Caputo
reported subjective experiences of self-luminous grays in the glare illusion (Zavagno and Caputo,

2001). However, they did not measure these subjective judgments directly. A shift in the categorical
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threshold due to the illusion was observed only for the white/luminous-white threshold and only a
minor shift was observed for the gray/white threshold. In the luminance range of the gray/white
threshold (120-130 cd/m?), glare stimuli enhanced brightness significantly. The white/luminous-white
threshold varied by 68% (145-243 cd/m?) from Uniform to Glow; however, the quantitative effect
of brightness enhancement was only 40%. These results suggest that the luminous appearance did
not quantitatively match the metric evaluation of brightness. These discrepancies between brightness
estimation and categorical reports might originate from independent underlying mechanisms (Witzel
and Gegenfurtner, 2013). There was a small but significant decrease in brightness estimates for low-
luminance Glow stimuli (Experiment 1), and an increased probability of black responses for these
stimuli (Experiment 2). These two occurrences might share the same origin, namely invisibility of the
stimulus due to low contrast at the edge of the central region, which might cause filling-in (Paradiso
and Hahn, 1996): observers might fail to experience the central region. This would reduce brightness
and thus increase the probability of a black categorical judgment. There were differences in viewing
conditions between the two experiments. First, eye positions were not controlled. In Experiment
1, the stimuli were presented in the peripheral visual field while the observers were fixating on the
center of the display. In Experiment 2, observers freely moved their eyes. Second, sample presentation
periods were not matched. Presentation duration was fixed at 0.3 s in Experiment 1 and open-ended
in Experiment 2. The typical response time was 1 s, which was longer than the presentation duration
in Experiment 1. The result might vary depending on gaze fixation and presentation time; however,
brightness enhancement and the categorical labeling would appear the same across viewing conditions
as demonstrated in Figure 1. To examine this, we performed an additional experiment that tested the
effect of eye position on the appearance of stimuli (see D.2 details). As a result, observed thresholds
of gray/white and white/luminous-white were the same between foveal and peripheral observation. In
addition, the thresholds were the same as those in the original experiment in which eye position was
not controlled. Thus, the discrepancy between brightness estimation and categorical judgments would

likely persist, even if gaze were controlled in the categorical judgment task.

5.4.2 Importance of the illusion

The current findings suggest that the glare illusion is not an exceptional phenomenon that is limited to
the perception of self-luminosity under specific conditions, but rather a general brightness enhancement
that is simply generated by a luminance gradient surrounding an object. The glare illusion induces
robust brightness enhancement, which does not depend on the luminance of the central region. This is
an important and useful property for both scientific and engineering fields. Intense lights are not only
generated from self-luminous objects, but are also present as specular highlights on glossy surfaces.
Thus, it is natural to assume that when an intense light is present on part of an object’s surface,
the surface is glossy. The spatial configuration of an image affects both its perceived lightness and
glossiness (Motoyoshi et al., 2007; Sharan et al., 2008). Gloss perception also depends on object

segmentation and three-dimensional configuration (Anderson and Kim, 2009; Kim and Anderson,



CHAPTER 5. THE GLARE ILLUSION 7

2010; Marlow et al., 2015; Olkkonen and Brainard, 2010). Indeed, glossiness is perceived when it
is generated from both bright specular highlights and dark specular “lowlights” (Kim et al., 2012).
That both bright and “dark” lights induce glossiness is consistent with the current findings that
illustrate the robustness of the glare illusion. Those two perceptions might share similar mechanisms.
Recently, the effect of glossiness on lightness and color perception was investigated (Granzier et al.,
2014; Olkkonen and Brainard, 2010); these interactions, and the glare illusion, might help us further
understand lightness/brightness perception. Our current finding of constant brightness enhancement
in the glare illusion is also potentially useful for computer graphics and image processing, to signify
brighter and more luminous objects. The robustness of the illusion across illumination conditions is

further useful if one wishes to show printed images.

5.4.3 Halo

We included Halo as one of the test conditions. If Halo were not included, repeated presentations of
Glow would have caused an afterimage (Anstis et al., 2007) and subsequently affected the appearance
of the following trial’s stimulus. If the afterimage added to the sample stimulus brightness, Glow
and Uniform would become similar to Uniform and Halo, reducing the illusion effect size. Indeed,
we observed such effects in our preliminary experiments. We also noted interactions between the
afterimage and the breathing light illusion, which was dynamically induced by the glare pattern
(Anstis et al., 2007; Gori et al., 2010; Gori and Stubbs, 2006).

5.4.4 Comparison with studies of Gilchrist and Zavagno

Bonato and Gilchrist (1994) reported that a target begins to appear luminous when its luminance is
1.7 times that of a reference white. The stimulus configuration used in their study was similar to the
uniform condition in our experiment, in which subjects responded that the stimulus appeared white
above 123.9 cd/m?, and luminous-white above the extrapolated value of 242.9 cd/m? (Fig. 3C). If we
use 123.9 cd/m? as reference white, 242.9 cd/m? corresponds to a 1.96-fold increase. In contrast, the
transition between the percepts of white and luminous-white in the Glow condition only required the
stimulus luminance to be 1.23 times that of the reference white. This reduction in the threshold for the
perception of self-luminosity represents the effect of the glare illusion. Zavagno (1999) indicated that
luminosity perception occurred even when the target was darker than subjective white. Thus, there is
a possibility of a “luminous-gray” response. Therefore, we should discuss whether our four available
choices in Experiment 2 were appropriate. Alternatively, the subjects could be asked to respond in
two steps, i.e., color naming and providing a luminosity judgment. If this response schedule was used,
the luminosity threshold might be lower than suggested in our data, because our current task did not

)

allow a “luminous-gray” response. However, the magnitude of the decrease would be limited, and it
is unlikely that the threshold would drop to a very low level, such as 20 cd/m?, which corresponds to

the lower limit of brightness enhancement in Experiment 1. This is because if the “true” luminosity
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threshold were very low, white (and non-luminous) responses would not have been observed in our
original task; however, the observed data showed substantial white (and non-luminous) responses.
Thus, even if the luminosity threshold decreased further in a different task, our conclusion still holds:

brightness enhancement is observed below the luminosity threshold.

5.4.5 Effect of edge contrast

Both Glow and Halo stimuli had similar image statistics except for the direction of the luminance
gradient. The mean luminances of the annuli were 41% (Glow), 59% (Halo), and 44% (Uniform) to
the center patch. If we assume that the contrast between the center and the mean luminance of the
annulus is critical in determining brightness enhancement, the largest contrast should be obtained
for Glow, followed by Uniform and Halo. This order is not consistent with the observed brightness
enhancement in Experiment 1. Another consideration is the adjacent contrast between center and
annulus. In this case, contrast is maximal in Halo (~100%), followed by Uniform (44%), and least in
Glow (~0%). Again, this order is not consistent with the observed data. These luminance contrasts
do not explain brightness enhancement in the glare illusion, and thus other image statistics must be
considered. Brightness enhancement was determined via comparison to the particular reference stimuli
of the annulus’s luminance level of 44% to the center. Thus, the use of other luminance might induce
different results. Low luminance level of the uniform annulus may have resulted in increased lightness
of the center, leading to less brightness enhancement in the glare stimuli, as compared to the reference
dark annulus. To examine the effect of reference selection, we performed an additional experiment
that was similar to Experiment 1, except for the reference, whose annulus was black. Again, the
Glow condition led to significant brightness enhancement as compared with the reference; indeed, the
magnitude of the brightness enhancement was almost comparable (35%, see D.1 details). Thus, we
conclude that brightness enhancement is robust across different luminances of target and reference

stimuli.

5.4.6 Image restoring and glare illusion

An empirical explanation that may be applicable to the glare illusion is that it is similar to a hazy, mul-
tilayered scene (Anderson and Winawer, 2005, 2008). Blurring an intensely bright object corresponds
to a convolution of the object with a point spread function, which results in a glare image. The glare
illusion could be a perceptual process that restores the true image. For example, when an observer
sees an object in a foggy scene, he or she would realize the true brightness of the object on coming
closer to it. Once one learns the association between blurred and veridical images, it is possible to infer
the true brightness of the image, even when only the blurred image is available. Similar optical effects
would occur in a variety of situations such as the sun through a cloudy sky, a translucent lampshade,
and defocusing the lens of our eye. The original image, which typically has a sharp outline, is always

brighter than a blurred version of that image. Thus, perceived brightness would be enhanced in the
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glare illusion. This perceptual restoring process might be related to lightness constancy of the visual
system. Since the blurring and restoring would not be limited to bright and self-luminous objects, but
would also apply to surfaces with various reflectances, including those perceived as gray, it results in

robust brightness enhancement in the illusion.

5.5 Conclusion

Brightness enhancement in the glare illusion is surprisingly robust across stimulus intensities, ranging
from dark to light, including subjectively gray, white, and luminous appearances. The magnitude of
brightness enhancement is almost constant and corresponds to an effective increase in the luminance
of at least 30%. Thus, the surrounding gradient, which was originally thought to mimic the spread
of intense light, strongly and robustly increases brightness estimation even for stimuli that are not

self-luminous.



Chapter 6

The rotating glass illusion

A similar version of this chapter has been published as:

Tamura, H., & Nakauchi, S. (2018). The rotating glass illusion: material appearance is bound to
perceived shape and motion, i-Perception, 9(6), 1-5, DOI:10.1177/2041669518816716.

We report a novel illusion in which a rotating transparent and refractive triangular prism (glass
object) is perceived as being made of a specular reflective material (mirror), and simultaneously,
its direction of rotation (clockwise or anticlockwise) is also misperceived. Our findings suggest that

physical motion strongly influences viewers’ judgements of material in some situations.

80
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6.1 Introduction

Although motion aids in perception of a material and its surface properties on a rigid object (e.g.,
Doerschner et al., 2011; Tamura et al., 2018; Ueda et al., 2015), some particular types of motion of a
refractive and transparent rigid object induce mistakes in viewers’ perceptions of material and motion.
We report a novel illusion in which a rotating refractive triangular prism is perceived as being of a
specular reflective material and its direction of rotation is simultaneously misperceived. Figure 6.1(a)
shows examples of the illusion (see Movie 6.1). A triangular prism with randomly distributed bumps,
rendered using computer graphics, and rotates clockwise (when viewed from above) about the vertical
axis. The left panel in Movie 6.1 shows this rotating object made of specular reflective material, and
viewers can correctly discern its material and direction of rotation. In the right panel in Movie 6.1,
however, viewers see a rotating object made of a transparent and refractive material, such as glass;
from certain specific viewpoints, they perceive this as a specular reflective material, such as a mirror.
Moreover, at that point, the object’s direction of rotation (clockwise or anticlockwise) is perceived to

be reversed.

6.2 Methods

We investigated the error rate in perception of material appearance and direction of rotation. The
stimuli were videos of a bumpy triangular prism rotating through 30° from 1 of 12 starting positions
(see Figure 6.1(b)). Two versions of each stimulus were prepared in which the prism was made of dif-
ferent materials: “mirror,” a perfectly specular reflective surface, or “glass,” a refractive medium (with
a refractive index of 1.5; its reflectance and transmittance were 0.04 and 0.96, respectively). Stimuli
were rendered using a physically based renderer Mitsuba (Jakob, 2010) under realistic illumination
“Utlizi Gallery” (Debevec et al., 2000). One stimulus was for a second video with 60 frame/s refresh
rate and the speed of the object’s rotation was 0.5° per frame. Ten observers were exposed to the
stimuli and asked to judge the material of the object (mirror or glass) in the material task. In different
blocks, they were also asked to judge the object’s direction of rotation (clockwise or anticlockwise) in

the direction task. The order of the two blocks was counterbalanced.

6.3 Results

Figures 6.1(c) and 6.1(d) show the percentage of correct answers of all observers in the material
and direction tasks, respectively. Although performance was stable for mirror stimuli, that for glass
stimuli tended to be worse at specific starting angles (30°, 60°, 150°, 180°, 270°, and 300°) in the
material task (Figure 6.1(c)), and there was a significant difference in performance depending on the
combination of material and starting angle, with a two-way repeated measures analysis of variance
indicating a significant interaction, F(3.849, 34.645) = 9.371, p < .001. Similarly, performance differed
at the same specific angles in the direction task (Figure 6.1(d)), F(3.278, 29.500) = 23.978, p < .001.
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Figure 6.1: The illusion producing misperception of material and direction of rotation

(a) Example stimuli for the material and direction tasks (see also Movie 6.1). The left panel shows the mirror object
and the right one, the glass object. (b) A diagram explaining where viewers misperceived the object. (c¢) Results of
the material task. The horizontal axis indicates starting angles for the object’s rotation. The vertical axis indicates the
percentage of correct answers. Averages across all ten observers are shown; error bars represent the standard error of
the mean. (d) Results of the direction task, presented as in (c).

These results suggest that the observers misperceived the appearance of the material and direction of
rotation in both tasks, and that the starting positions in which these misperceptions occurred were
consistent. Note that we present adjusted degrees of freedom using Greenhouse-Geisser correction

when the criterion for the assumption of sphericity (using Mauchly’s test) was not met.
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6.4 Discussion

Although the object physically rotates in a fixed direction, the viewer’s visual system misperceives
the object’s material and direction of rotation in certain instances, because the visual system relies on
the components of motion to distinguish reflective and refractive materials (Tamura et al., 2018). For
example, even if the object physically rotates clockwise, the opposite motion components anticlockwise
could be dominant, depending on the complex light reflection and refraction resulting from the inter-
actions between shape, surface properties, and illumination. This illusion suggests that these physical
motions of a triangular prism with rich optical properties induce confusion in viewers’ perceptions of
material and motion.

The visual system narrows down a target structure by accumulating relative motion information at
a given time for the structure based on its motion (e.g., Ullman, 1979). This allows for the ambiguity
to be resolved when viewing only the object’s front surface or both the front and the rear surfaces. At
the specific starting angles at which the illusion occurs, a convex edge of the triangular prism made
of glass was facing toward the rear (see Figure 6.1(b)). The visual system could be misperceiving
this edge as that facing the front, as in the hollow-face illusion (Gregory, 1997; Hill and Johnston,
2007), thus reversing perception of the object’s direction of rotation. This means that the visual
system more easily recognizes the object when it has a specular reflective surface and tends to ignore
refractive media.

From the viewpoint of a change in material appearance, this illusion is similar to the type of illusion
in which a refractive object is perceived as a specular reflective object when it is turned upside-down
(Kim and Marlow, 2016). However, in that case, the authors reported on a static image illusion;
the illusion we report here is a video illusion and simultaneously changes the viewer’s perceptions of
material and motion. This illusion could be a new tool to further explore the relationship between

material appearance and motion.



Chapter 7

Conclusion

In this thesis, we investigated how the visual system distinguishes mirror from glass and what visual
cues contribute to this challenging task. Here, we summarize the findings and insights from the five

studies.

7.1 Comparing humans and models

We compared the performance of humans and models (classifiers) for distinguishing mirror from glass
with thousands of neural networks (Chapter 2)
Purpose

e Compare the performance of the visual system, the hand-engineered classifiers, and the feedfor-

ward neural networks for mirror/glass judgements.
e Develop a model that would behave like humans according to both the success and systematic
errors.
Contribution

e On the random images, the CNNs overperformed the other models because they learn many

more features but not simply resemble those used by the visual system.

e We proposed the use of diagnostic images that perfectly decorrelate the true material class from

the perceived class.

e Despite the extensive and guided search, none of the OptCNNs we investigated correlated better
than 0.6 with human judgements, implying the existence of three important respects, such as

the feedback, training objective, and task generality.
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e RSA and noise addition revealed that the OptCNN was gradually organized and acquired ro-

bustness to noise like humans through the training, respectively.

We mainly discussed why the models differ from the human brain and behaviors. Three important
respects, such as feedback processing in the network architecture, the nature of the training objective
function, and the nature of the task have potential to be the networks that resemble human visual
processes. In future work, we will use a combination of unsupervised learning, more naturalistic

objective functions, and network architectures that more closely resemble the human visual system.

7.2 Static and dynamic visual cues

We tested what visual cues contribute to distinguish mirror from glass (Chapters 3 and 4).

Purpose

e Clarify visual static (Chapter 3) and dynamic (Chapter 4) cues that contribute to distinguishing

mirror from glass as image and video stimuli, respectively.

Contribution

e Modifying the luminance and color saturation profiles along the trajectory from the object

contour to its center changes material appearances between mirror and glass.

e We proposed the image editing method, which can change the object material in an image using

these simple cues.

e The motion ratio between the direction of object rotation and its opposite direction contributed
to determining the extent of material appearance between transparent and specular reflective

objects.

e Our model explained well that the visual system uses dynamic information for material percep-

tion of a rotating object.

We showed that both luminance and color saturation of static images contribute to determining
material appearances. On this basis, we changed an object material to be more mirror-like or glass-like
even though they have complex optical properties. In addition, we connected the refractive index of
an object with the magnitude of perception between mirror and glass. This will be a better bridge
between a physical factor and our perception. Thus, constructing a model with complex materials

and motion is one of the future tasks to further understand the visual system.
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7.3 Illuisions

We tested properties of luminosity perception, which occurred by specular highlights derived from
mirror and glass materials (Chapter 5). Moreover, we discovered a new illusion in which the material
and rotation direction of a rotating glass object is misperceived, and tested the effect of the illusion

using human psychophysics (Chapter 6).

Purpose
e Test how the glare illusion elicits a brightness enhancement and a self-luminous appearance.

e Clarify fundamental properties of a new illusion, which is defined as the rotating glass illusion.

Contribution

e Brightness enhancement in the glare illusion was robust across stimulus intensities ranging from

dark to light with subjective gray, white, and luminous appearances.

e We found that the interaction between shape, surface properties, and illumination strongly

affects our material and motion judgements.

These findings will be a new tool to provide further insights for understanding mirror and glass

perception.

7.4 Future work

Although distinguishing mirror from glass is a challenging problem in material recognition /classification,
our neural networks performed well in terms of accuracy (CNN with the random images) and corre-

lation (OptCNN with the diagnostic images). Despite this, there is still a gap between our globally

optimized model and the visual system. To fill it, we can design a more general objective function for

the training and plausible networks with both feedforward and feedback architectures. Furthermore,

our approach can expand the possibilities for other materials or optical properties even though we

only focused on two specific materials in this thesis.

In addition, the proposed models based on static and dynamic cues correlated well to human
behavior. These cues are simple and easy to measure, and allow us to design a new system of object
recognition or discrimination based on the human visual system. It would have high accuracy, more
robustness to noise, and particularly similar behavior to humans. Thus, this thesis clarified various

aspects of distinguishing mirror from glass and provided further challenges.
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Appendix A

Comparing humans and models

A.1 Supplement information
Iluminations
e https://syns.soton.ac.uk/
e http://www.pauldebevec.com/
e http://hdrmaps.com/freebies
e http://dativ.at/lightprobes/
e http://www.openfootage.net/7cat=15
e https://hdrihaven.com/hdris.php?thumb=all&sort=date&search=all&page=2&npp=12

e https://www.doschdesign.com/

A.2 Supplement figures

100


https://syns.soton.ac.uk/
http://www.pauldebevec.com/
http://hdrmaps.com/freebies
http://dativ.at/lightprobes/
http://www.openfootage.net/?cat=15
https://hdrihaven.com/hdris.php?thumb=all&sort=date&search=all&page=2&npp=12
https://www.doschdesign.com/

APPENDIX A. COMPARING HUMANS AND MODELS 101

Mirror Glass
Mirror Glass

Figure A.1: Distinguishing mirror from glass

(A) Example objects made of mirror and glass materials. The left and right image show mirror and glass objects,
respectively. Those of 3D shapes, illuminations, and camera positions are identical but the object’s optical properties
are different. (B) Illustration of different light paths through mirror and glass objects.
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A Logistic regression

Images
Color-Hist '

Luminance (Intensity): V of HSV
Saturation: S of HSV

Model
753,696 —p 752,592

v

.
.
.

x10
Train+Test Low-level features 2 x4 =8 features
Human Logistic regression
1. PS statistics
1,104 (Portilla & Simoncelli, 2000)
C—— Port-Sim <! 2. PCA (99% explained)
Psychophysics x 10

. 3,381 -> 1,052 features
Mid-level features

3-layers CNN

"
"x10

High-level features

|

Image input
Normalization: zero center
Augmentation: randomly horizontal flip

(Filter size, Num. of filters)

Mean, Variance, Skewness, Kurtosis

= (4x4, 16)
(Pool size, Stride)
=(2x2,[2 2)) Max epochs: 20
. Mini batch size: 2,617
(8x8, 32) Repeating block Initial learning rate: 0.01
L2 regularization: 0.00001
(2x2, [2 2) Momentum: 0.9
(33, 32) Convolution
Batch nomalization
RelLU
(2x2,122)) Max pooling
10% Dropout Dropout
Fully connected
Softmax

Classification output

Figure A.2: Classifiers and CNN architecture

(A) Flowchart of developing three classifiers. (B) Network architecture of CNN. The text box shows the hyper-parameters

for training the CNN. The other hyper-parameters were the same as default settings in MATLAB.
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All renderings GANs

Generate 700 images
from each GAN

Random

Random

Round A1

Mirror | Glass

Exp. 1
Rating: N =10 Judging M/G (+neither) Screening: Yes/No
N =20 N=10
17 x 2 = 34 Mirror (0.6-1.0) o
17 x 2 = 34 Glass (0.0-0.4) 2,798 x 2 [GT is Mirror, Glass] +60% Yes
Round A2 X 2 [Seen as Mirror, Glass] = 11,192 Round B2
68 —[60
Rating: N = 247 Rating: N =10
(crowdworkers) 30 Mirror (0.8-1.0)
80 Glass (0.0-0.2) 19 x5 = 95 GANs (0.0-1.0)

261 Mirror (0.0-0.4) (to keep rating range)

Round A3 ] 267 Glass (0.6-1.0)

Rating: N =10

17 x 3 = 51 Mirror (0.0-0.6)
17 x 3 =51 Glass (0.4-1.0)

lllusory images:
v Seen consistently (N = 10)

Veridical images”  Mirror 265
Glass
GANs’ images
GANs
0.0-0.2 0.2-04 0.4-0.6 0.6-0.8 0.8-1.0
Seen as glass + » Seen as mirror

Diagnostics
(See also Figure S4)

Figure A.3: Flowchart to create the diagnostic image set

See also 2.4.
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Diagnostics (See also Figure S3)

)\ ol ]

Ground truth
Glass

GANs

Average  ¢0.0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0

score
Highly seen as glass Highly seen as mirror

Ambiguous

Figure A.4: Example images from the diagnostic image set

Each row indicates different ground truth (mirror, glass, and GANs). Each column indicates average rating score of 10

observers.
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A B Optimized hyperparameters
Name Min Max Type  Transform
Random 1 Initial learning rate 107 101 Real Log
images
I 2 Factor for L regularization ~ 10-7 10 Real Log
Train 3 Mini batch size 100 2000 Real -
+ 4 Momentum 0.9 0.96 Real -
i Test i 5 Dropout rate 0 0.3 Real -
6 Filter size 1 2 3 Integer -
Optimization Hyperparameters: Validation 7 Filter size 2 2 4 Integer -
8 Filter size 3 2 4 Integer -
: ) 9 Num. of filters 1 4 8 Integer -
Diagnostic
images 10 Num. of filters 2 4 30 Integer -
11 Num. of filters 3 4 30 Integer -

Figure A.5: Systematic exploration of the space of feedforward networks

(A) Ilustration of the optimization-stage and validation-stage in exploration. (B) Eleven hyper-parameters controlling
the network architecture. Each hyper-parameter was searched in the range between ‘min’ and ‘max’. The fist two
hyper-parameters were transformed to log space during the searching. A pair of filter size 1 and num. of filters 1 was
set to the convolution layers from the 1st to the n-2 th repeating block. A pair of filter size 2 and num. of filters 2, and
a pair of filter size 3 and num. of filters 3 were set to the convolution layer in the penultimate and last repeating blocks.

The learning rate was dropped by 0.1 times in each 10 epochs.
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A Round A1
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Figure A.6: Results of Round A1-A3

Each panel shows result of each round as histogram of images. See also 2.4.
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A Round B1 B Round B2
Lab. experiment (N = 10)
400 - 174 Task: 5-point rating
Lab. experiment (N = 10)
3501 Task: binary decision (whether the object shape 150 f 181
300 and material are recognizable or not)
>
~.250 - )
g $ 100
033_200 qg;
T 450t o
50+
100
50
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0 1 2 3 4 5 6 7 8 9 10 0 0.2 0.4 0.6 0.8 1
Count of yes answers Glass Mirror

; | i
500 > Round B2 ENENTEENCENNTIE - o

(GANs’ images)

Figure A.7: Results of Round B1-B2

FEach panel shows result of each round as histogram of images. See also 2.4.
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Appendix B

Static visual cues

B.1 Supplement figure

0.351 0.35r1
—— Mirror-ish —— Mirror-ish
0.3 —— Glass-ish 0.3 —— Glass-ish
© 025 o 025
© S
0.2 — 02¢
£ 2
8 0.15 T 0.15°1
3 3
(@) L
£ 0.1 g 0.1
8 0.05 5 0.05
© S
s oF-—--= 5 0F—————————-
= s
2-0.05 N 005+
0.1+ -0.1
-0.15 : ! -0.15 : !
0 50 100 0 50 100
Normalized trajectory Normalized trajectory

Figure B.1: Luminance and color saturation modulating rate

The horizontal axis indicates the normalized trajectory from the object contour (0) to its center (100). The vertical axis
indicates the modulating rate of luminance and saturation (in the left and right panel, respectively). The zero means no

change, and the positive and negative rates mean increasing and decreasing pixel values, respectively.
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Appendix C

Dynamic visual cues

C.1 Optic flows in different materials

Figure C.1: Optic flows in different materials

The optic flows (in the left column) were generated from between the first frame (in the right column) and the second

frames of the videos, which featured three different materials, i.e., mirror, glass, and matte (textured).
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Figure C.2: Material appearance with changing refractive index

Eight glass objects with different refractive indices (1.0, 1.5, 2.5, 5.0, 7.5, 10, 20, and 50 from the top left to the bottom

right) are shown.

C.2 Material appearance with changing refractive index

C.3 Supplementary experiment
Observers

Ten naive observers participated in this experiment. One observer was excluded from analysis because
their performance was almost equal to the chance level (50%) and quite different from the others. Thus,
the final sample consisted of nine observers ranging in age from 23 to 26 years (average 24.2 + 1.2

years).

Procedure and Task

The procedure was the same as in experiment 1, except the shuffle and the colour inversion conditions
were included. The shuffle condition was set as the control condition. It was comprised of four frames
extracted from the video presented in a random sequence, like a cut-off animation (see also Stimuli).
All three presenting conditions (static, dynamic, and shuffle) were defined as ‘natural’. An additional

condition was defined as ‘colour inversion’ stimuli, in which colours were inverted so that positive
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values became negative in RGB colour space. This condition was created to measure the amount of
information provided by static cues derived from the luminance polarity of the natural environment.
Both natural and colour inversion stimuli were intermingled in one block. The experiment was com-
posed of 720 trials (two materials x three shapes x five illuminations X two naturalness x 12 present

conditions), and all trials were randomly ordered.

Results

Figure C.3 shows the performance for each condition. We performed two-way repeated-measures
analysis of variance (ANOVA) for the presenting condition and the naturalness. The main effect of
the presenting condition was significant (F(2, 16) = 13.234, p < 0.001), and the performance under
the dynamic condition was the highest for all conditions (multiple comparison test; dynamic condition
vs. static condition (p < 0.005); dynamic condition vs. shuffle condition (p < 0.05)). Not only image
information from various viewpoints but also the consecutive images from motion provide us dynamic
cues, which supports our hypothesis. The main effect of naturalness was significant (F(1, 8) = 29.001,
p < 0.005) and indicated that the colour inversion decreased the performance of perceptual material
discrimination. This is the same tendency as the rotating condition (Figure 4.2A). There was no
significant interaction (F(2, 16) = 0.348, p = 0.712). The performance for the colour inversion stimuli
was significantly lower than that for the natural stimuli, similar to the upside-down stimuli. These
results suggest the luminance polarity of the natural illumination also contributes to the static cue for

perceptual material discrimination.
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100

I N at-Static
95 1 I Nat-Dynamic
I Nat-Shuffle
90 [ |CI-Static
[ ICl-Dynamic
[ |CI-Shuffle

Percent correct (%)

i

Condition

Figure C.3: Perceptual material discrimination with the shuffle and colour inversion conditions

The horizontal axis indicates each condition combined with the naturalness and presenting condition. ‘Nat’ signifies
natural illumination, and ‘CI’ signifies colour-inverted illumination. The vertical axis indicates the percentage of correct

answers. Averages and standard errors among observers were obtained. The error bars represent the standard error of
the mean across all nine observers.
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C.4 Image morphing method
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Figure C.4: Image morphing method

(A) Characteristics of reflectance and transmittance versus refractive index. The horizontal axis indicates the refractive
index. The vertical axis indicates the ratio from 0 to 1. (B) Description of image morphing method. This example shows
how to create an image with an arbitrary refractive index of 5. In this case, the reflectance and transmittance are 0.4444

and 0.5556, respectively. The components from (a) to (d) are consistent with the main text.

C.5 Movie

Movie 5.1
https://static-content.springer.com/esm/art’%3A10.1038%2Fs41598-018-26720-x/Medialbjects/
41598_2018_26720_MOESM1_ESM.mp4

Movie 5.2
https://static-content.springer.com/esm/art’%3A10.1038%2Fs41598-018-26720-x/Medialbjects/
41598_2018_26720_MOESM2_ESM.mp4

Movie 5.3A

https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MedialObjects/
41598_2018_26720_MOESM3_ESM.mp4


https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM1_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM1_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM2_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM2_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM3_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM3_ESM.mp4
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Movie 5.3B

https://static-content.springer.

41598_2018_26720_MOESM4_ESM.mp4

Movie 5.3C

https://static-content.springer.

41598_2018_26720_MOESM5_ESM.mp4

Movie 5.4A

https://static-content.springer.

41598_2018_26720_MOESM6_ESM.mp4

Movie 5.4B

https://static-content.springer.

41598_2018_26720_MOESM7_ESM.mp4

com/esm/art?3A10.1038%2Fs41598-018-26720-x/Medialbjects/

com/esm/art%3A10.1038%2Fs41598-018-26720-x/Medialbjects/

com/esm/art’3A10.1038%2Fs41598-018-26720-x/Medialbjects/

com/esm/art%3A10.1038%2Fs415698-018-26720-x/MedialObjects/


https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM4_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM4_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM5_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM5_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM6_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM6_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM7_ESM.mp4
https://static-content.springer.com/esm/art%3A10.1038%2Fs41598-018-26720-x/MediaObjects/41598_2018_26720_MOESM7_ESM.mp4

Appendix D

The glare illusion

D.1 Brightness estimation with reference to a black annulus

The method was the same as that used in Experiment 1 (see 5.2.4), except for the reference stimulus.
In this experiment, the reference had a uniform black (0.56 cd/m?) annulus instead of gray (44% of
the center region). Samples included Glow, Halo, Unif44, and Unif0. Unif44 was the same as Unif
in Experiment 1. UnifO was the control condition, in which the sample and reference were the same.
Five subjects who also took part in the main experiment were the participants in this additional
experiment. We observed robust and significant brightness enhancement in the Glow condition across
the luminance range of the samples (p < 0.05, binomial test; see Figure D.1). Unif44 was darker than

the control, corresponding to the effect of simultaneous contrast.

D.2 Effect of viewing angle

The method was the same as that used in Experiment 2 (see 5.2.4), with the exception of the eye
control. Seven observers participated in two different view angle sessions. Firstly, in the peripheral
observation session, the sample stimulus was presented on the peripheral visual field while the observers
fixated on the fixation point on the screen, as in Experiment 1 in the main text. Secondly, in the foveal
observation session, no fixation point was presented and the observers were asked to gaze at the center
patch of the sample stimulus. The stimulus was displayed until a response was obtained. The sample
stimuli were the same (Glow, Halo, and Uniform). There were six luminance levels: 0, 40, 80, 120, 160,
and 200 cd/m2. Each session was composed of 144 trials (4 trials x 2 positions x 6 luminance levels x
3 profiles), and all conditions were randomly intermingled. The results are shown in Figure D.2. The
categorical responses were almost the same across viewing conditions, including the original condition
of the main experiment. If differences existed, the thresholds of the original condition were slightly
lower. This lowering due to eye control could help to support the main conclusion that brightness is
enhanced even when its category is gray. Thus, we conclude that the difference of eye position is not

critical for the categorical responses.
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Figure D.1: Brightness enhancement in the illusion in an additional experiment

The format is the same as Figure 5.2 in the main text, except for the two uniform conditions.
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Figure D.2: The results of Additional experiment 2

(A) Categorical response probability in the foveal observation. (B) Those in the peripheral observation. The formats
are the same as Figure 5.3 in the main text. (C) Luminance thresholds in Glow condition. Horizontal axis indicates
three luminance thresholds: Black/Gray, Gray/White, and White/Luminous from the left. Each bar indicates a different

view condition: Original (same as Experiment 2, free viewing), Foveal (foveal observation), and Peripheral (peripheral
observation).



Appendix E

The rotating glass illusion

E.1 Additional experiment

When information on the top and bottom parts and their edges of the object are visible, the illusion
does not appear (as in control condition; see Figure E.1). This suggests that the parts and edges
of the top and bottom of the object help us to perceive the entire object shape and it leads to an
accurate perception of material and direction. If the parts and edges (enough information to detect
entire object shape) are not visible, the illusion appears even when the object has more homogenous

bumpiness.
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Figure E.1: Control condition

Control condition. Results of the material and the direction task in (a) and (b), respectively. Ten observers participated

the experiment and the format is the same as that of Figures 6.1 (c¢) and (d).

E.2 Movie
Movie 6.1

https://players.brightcove.net/4988507115001/BJ5hvqqbQ_default/index.html?videold=ref:
sj-vid-1-ipe-10.1177_2041669518816716
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