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Abstract

This study examined the effects of cue conflicts between auditory and visual material information
in a virtual environment. All combinations of impact sounds and visual textures for four materials
were paired, creating sixteen conditions. Participants, wearing a VR headset, viewed the rendered
target object and heard the paired sound when it was struck with a virtual metal rod. To study the
effect of agency, half the trials involved an agent striking the target (agent-interaction), while in
the other half, participants struck it themselves (self-interaction). Once they classified the material

of the target object, their responses and response times were recorded.

Results show that participants relied largely on auditory properties when classifying materials,
no significant difference was found between agent-interaction and self-interaction modes, and in
four conditions, potential audiovisual illusions were observed. These findings underscore the im-
portance of high-quality auditory cues in VR, as discordant signals can distort perceived material

properties.
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Chapter 1

Introduction

Virtual reality headsets create a unique experience by allowing users to experience a computer-
generated virtual simulation. To create an immersive virtual experience, users' senses need to be
stimulated and engaged in order to mimic a real-world experience or create a plausible novel world
experience. Current research focuses on the senses of vision, audition, and touch. Extensive re-
search has been conducted on the visual aspects; however, recent years have witnessed an increase

in auditory research, as well as in the eld of haptics.

When we put on a VR headset, it takes a few moments for our senses to adjust and process the
given stimuli. We automatically start comparing the displayed scene to what we would expect to
see in reality. For example, the shadows may be pixelated or may not align with the direction of
the light source. Perhaps the scenes appear at and lack suf cient detail, or the colors are overly
bright. Additionally, there may be slight lag when a user moves to pick up a virtual object, among
other issues. Once we note any differences or points of similarity, we develop a clearer sense of
what to expect and begin adjusting our expectations of the virtual world. We can then interact with
the environment more con dently and comfortably as we continue adjusting to ieS&rbeitz,

2013).



In such an environment, if a given object exhibits all the expected properties of its material,
then the experience of the interaction should be enhanced (Skarbez et al., 2021; Slater, 2009). If
sound is considered a property of an object that varies based on its physical characteristics (such
as shape and material), it should change accordingly. Simulating real-world sounds increases the
likelihood that users will adapt to the simulation more quickly, as it reduces discrepancies between
the simulation and real-world conditions. Minimizing these differences requires a deeper under-

standing of how an object's properties in uence its associated sounds.

Human perception and identi cation of materials has been a subject of study for the past
few decades (Adelson, 2001; Bi & Xiao, 2016; Durst & Krotkov, 1995; Faul, 2021; Giordano
& McAdams, 2006; Hjortkjeer & McAdams, 2016; Koumura & Furukawa, 2017; Sharan et al.,
2014). Advances in computing, 2D display systems, data storage and processing, and virtual and
augmented reality have expanded opportunities to study how different types of stimuli in uence
material perception. Visual, auditory, and audiovisual stimuli are the most commonly used signals

in experimental models within this eld.

Understanding which factors affect perception in a virtual environment will help identify the
aspects of the simulation on which to focus efforts and how to reduce production costs while
maintaining quality. Ultimately, this will make VR simulations more accessible for use in various
industries. Additionally, this information can be leveraged in simulations and games to manu-
facture speci ¢ experiences—such as inducing confusion, distorting environmental perception, or
providing cues to enhance it—for entertainment or to further research on human behavior under

varying conditions.



1.1 Visual material perception

Visual cues such as smoothness, re ection, texture, and color provide information about the me-
chanical properties of objects by invoking learned associations accumulated over a person's lifes-
pan through interactions with the natural environment (Adelson, 2001). These associations help
identify and distinguish between materials, allowing us to intuitively understand how to interact
with objects made of different materials even before touching them. For example, we instinctively
handle sharp metallic objects or broken glass with caution, treat a ceramic vase or glass bottle
delicately, expect to lift multiple pillows with ease, and anticipate the weight of furniture based on

whether it is made of wood or plastic.

Fleming (2017) conducted an extensive review of various methods and studies that have ex-
plored visual cues for material classi cation. He categorized most studies in this eld into two
main groups: those focusing on optical properties (lighting, color, gloss, translucency, etc.) and

those examining visually observable mechanical properties (viscosity, elasticity, shape, etc.).

For optical properties, the way light re ects off an object is considered one of the most critical
features and has been studied through various methods, including bidirectional re ectance distri-
bution functions (BRDF), Fresnel effects, and light map orientations (Faul, 2021; Zhang et al.,
2020). Additionally, surface geometry and illumination affect how light is re ected and must be
carefully controlled and analyzed. A wide range of metals and plastics can be accurately identi ed
using a combination of these cues; however, many other materials, such as different types of cloth,
matte-textured objects, and liquids, are much more dif cult to distinguish. This is where mechan-
ical properties play a critical role. For different types of cloth, density and stiffness serve as key
identi ers (Bi & Xiao, 2016; Bouman et al., 2013), while for uids, a combination of appearance

and viscosity helps differentiate between various types (Van Assen et al., 2018; van Assen & Flem-



ing, 2016).

Unlike most existing literature on the topic, Sharan et al. (2014) sought to demonstrate that
material categorization is a distinct process, independent of re ectance properties (albedo, color,
and surface gloss) and object recognition. They designed experiments to examine the dif culty
of rapid material categorization tasks and the in uence of color, texture, surface shape, and object
identity on classi cation speed and accuracy using image datasets. Noting a lack of material-
related datasets, they created their own, comprising real-life objects with materials spanning nine
categories—fabric, glass, leather, metal, paper, plastic, stone, water, and wood—under varying il-

luminations, viewpoints, object geometries, and backgrounds.

First, they analyzed the dif culty of the standard material categorization task through two ex-
periments. In the rst one, observers were asked to categorize materials (e.g., plastic vs. non-
plastic) while reaction times (RTs) and accuracy were recorded. In the second, observers viewed
the same images for brief exposures (40, 80, or 120 ms), and their classi cation accuracy was
measured to assess how quickly materials could be categorized. The results indicated that material
categorization was both fast and accurate, with observers achieving 80.2% accuracy at 40-ms ex-

posures, which is comparable to performance reported for object and scene recognition.

Next, they evaluated the importance of speci ¢ features by manipulating images to emphasize
or de-emphasize particular surface properties (e.g., color, texture, gloss). Images were presented
in grayscale, grayscale with blurring, negatives, silhouettes, varied shading, pixelated textures, and
with altered color saturation. Performance on these modi ed images was then compared to perfor-

mance on the original images.

The ndings showed that removing individual surface cues (e.g., color or texture) had minimal

4



effects on accuracy, but observers struggled when only one property (e.g., shape or color) was
emphasized. Removing color had little impact, while contrast inversion caused a minor decline in

accuracy. However, degrading texture signi cantly reduced accuracy. Performance was especially
poor when participants were presented only with silhouettes and shading (i.e., shape, geometric
information, or texture alone). The authors concluded that when one or a few cues are absent, par-
ticipants can still rely on the remaining cues. However, when only a single cue is presented (e.qg.,

negatives, silhouettes), the task becomes more challenging, as re ected by the drop in participant

performance.

Finally, in their last experiment, observers were asked to classify objects as real or fake (e.qg.,
genuine fruits vs. plastic fruits) to examine the relationship between material judgments and ob-
ject recognition. While observers could distinguish real from fake objects, their performance was
slower and less accurate compared to basic object categorization. This demonstrated that material
categorization is not solely dependent on object recognition; shape-based object knowledge alone

was insuf cient to distinguish real from fake objects.

Overall, this study highlights the importance of combined cues in material recognition.

1.2 Auditory material perception

In addition to visual cues, auditory cues also play a crucial role in material identi cation. In daily
life, people commonly recognize the material of a oor by the sound of footsteps or determine

whether an object is hollow or solid based on the sound it produces when struck.

Before we delve deeper into this topic, a few key concepts need to be addressed rst. The in-

formation regarding sound waves and signal processing are discussed in depth in Photinos (2021),



Proakis & Manolakis (2013) and Lerch (2022). Concepts from these books that are relevant to this

thesis are discussed in this section.

Sound is the propagation of energy, often in the form of vibrations, that travels through a
medium (such as air, water, or solids) as pressure waves. These vibrations are typically generated
by an oscillating source, such as a guitar string, vocal cords, or a loudspeaker diaphragm. Shorter,
transient sounds are also generated by impact events (like 2 objects colliding), causing the objects
interacting with each other to vibrate. When an object vibrates, it disturbs the surrounding air
molecules (or the molecules of the medium), causing them to oscillate and initiate a chain reaction
of sound wave propagation through the medium. The waves compress and rarefy the medium,
creating alternating high- and low-pressure regions. Each region moves outward from the source,

transmitting energy through the medium.

The propagation of sound through a medium depends heavily on the properties of the medium
itself, speci cally on its density, compressibility, and elasticity. Speed of sound in air at 20 °C is
about 343 m/s, in water it is approximately 1,480 m/s and in solids like steel, it is 5,000 m/s or
higher. Aside from the speed, other properties like the duration of propagation also change based
on the medium, i.e. how quickly it loses energy or amplitude. Softer or more porous materials

(foams, fabrics) absorb sound more, reducing its intensity over distance.

While the material of the medium is important, the materials of the objects generating the sound
also in uence its characteristics. Speci cally, a material's elasticity and internal damping ability
affect the sound it produces. Elasticity refers to a material's ability to return to its original shape
after an impact, while internal damping refers to its ability to absorb or dissipate vibrational energy.
For example, hard and brittle materials like metals, glass, and ceramics tend to have high elasticity

and low internal damping, causing them to generate sharp, high-pitched ringing sounds. In con-

6



trast, softer materials like cloth or wood have low elasticity and high internal damping, meaning

they are more likely to absorb the impact energy and produce lower-pitched, muf ed sounds that
last for a shorter duration. When collision events occur between objects of different materials, the
resulting sounds differ from those produced by collisions between two objects made of the same
material. The characteristics of both materials in uence the sound produced. For example, a glass-
on-glass collision generates a sharp, ringing sound, while a wood-on-wood collision produces a
more muf ed sound. However, placing a glass cup on a wooden table results in a brief but sharp

“click’, combining the acoustic properties of both materials.

The unit of measurement used to measure sounds is usually a decibel. A decibel (dB) is a unit
of measurement used to quantify the ratio of two values (in terms of power, intensity, or ampli-
tude), i.e. it is a logarithmic unit. In the context of sound, O dB in most software, refers to the
chosen reference level which acts as a reference point for measuring louder sounds, but it does not

mean absolute silence.

With regards to signal processing, sound is treated as a time-varying analog signal (the contin-
uous oscillation of pressure over time). These signals are often represented in the form of waves
mapped on the basis of signal amplitude and time. To analyze these signals digitally, they need to
be converted into discrete signals. This is done through the process of sampling, where instanta-

neous amplitude values are taken at xed time intervals.

Fourier transforms are often used to analyze the content of a sound signal. It converts a
time-based representation of information into a frequency-based representation and vice-versa.
A Fourier series is a decomposition of a periodic wave into a series of sine and cosine transforms.
This decomposition reveals frequency components (e.g., fundamental tones, harmonics) that shape

what we perceive as pitch or timbre. A Fourier transform is the mathematical conversion of the
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time-domain signal into a collection of sinusoidal components of different frequencies, phases and
amplitudes (i.e. the frequency domain representation). For a continuous time fsfgnat is

de ned as:
Z 1

F()= f(t)e " dt (1.1)
1

F (! ) is the representation of the function in the frequency domais,the angular frequency
in radians per second,j = P “lande "' represents a complex sinusoid, combining both a
cosine and a sine wave and the integral computes the contribution of each frequency component in

the signal. The output is a continuous function in the frequency domain.

A Discrete-Time Fourier Transform (DTFT), calculated for a discrete-time sequence, is de ned
as:

3 .
X()= x[n]e " (1.2)

n=1

X (1) is the frequency-domain function ar¢h] is the discrete-time signal.

Traditional amplitude vs. time graphs give us a lot of information in the time domain, like
when the sound is generated, how the amplitude changes over time, when does it lose all energy
(i.e. when does it stop), what type of temporal events occurred (like detecting the type and number
of collisions and how far apart did they occurred), etc. However, many important sound proper-
ties, like pitch and timbre, relate to the frequency components (fundamental tones and harmonics).
The time-domain representation of information often hides these details. These details also tell us
how the energy of the sound wave is distributed across the different frequency bands. However,
converting the information to the frequency domain would lead to obscuring temporal events and

information instead. We can see this in both the continuous and discrete Fourier transform equa-



tions (equation 1.1 and 1.2), where the outputs are functions of frequency. These outputs does not

keep track of time or time intervals.

To better understand both frequency and time-domain information, spectrograms often present
a useful compromise. A spectrogram shows how the energy of a wave is distributed across the
different frequencies over time. The y-axis of a spectrogram represents the different frequency
levels, the x-axis depicts the progression of time and the colors/brightness at each point of the

graph represents the power of the signal at that point in decibels.

A traditional Fourier transform would convert the entire sound wave into its frequency repre-
sentation and would not allow us to observe the change in frequency over time. Instead we use a
Short-Time Fourier Transform (STFT). An STFT is a nite-length discrete Fourier transform taken
over a small segment of the signal (called a window) and can give a local measure of the frequency
response over the length of signal considered. We calculate this value for the rst window and then
slide the window forward in time to repeat the process. This way, we compromise to present both

the frequency and time-based information.

However, there are still trade-offs to consider when creating spectrograms. There is an implicit
assumption of stationary behavior i.e. we assume that the signal is unchanging over the time win-
dow. Butif the window is too large or the signal has multiple, quick transient bursts, then there may
be errors in the represented spectrogram. Selecting the window size thus becomes an important
but challenging decision. Using a shorter time window allows us to get a more detailed view of the
temporal information but it blurs the frequency details. Conversely, a longer time window offers
clearer frequency resolution but sacri ces precise timing information. Within the windows, a win-
dowing function is used to smooth out the edges of the signal so as to avoid abrupt cuts between

subsequent windows, but this could in turn introduce spectral leakage (spreading out frequencies)
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or other artifacts. Finally, spectrograms present a lot of information and can be hard to interpret.

Unlike time-domain graphs (which are helpful for determining the type of events that caused
the sound's generation), frequency-domain graphs are better for identifying intrinsic properties

such as the shape, size, or material of the sound-generating objects.

Over the past few decades, numerous studies have investigated the human ability to identify
an object's material and its physical properties through its impact sounds. A typical experimental
setup involves a participant observing a target object being struck and making judgments about its
material and various physical properties (Giordano & McAdams, 2006; Hjortkjeer & McAdams,
2016). Impact sounds convey valuable information, allowing for the identi cation of a range of

physical characteristics.

Traer & McDermott (2016) found that judgments of the environment and sound source loca-
tions based on reverberations are generally accurate, provided the reverberations are not arti cially
altered. The authors conducted experiments using recordings of sounds played in various natu-
ral environments with different levels of reverberation. Participants were asked to identify sound
sources and assess spatial properties (e.g., room size) of the environment. The study included both
normal recordings and recordings with arti cially induced reverberations to examine variations in
participant responses. Acoustic features such as decay rates and frequency were analyzed to de-
termine their in uence on participant judgments. The results indicated that participants accurately
identi ed sound sources and spatial environments. Early re ections of the sound contributed to
source identi cation, while late reverberations informed spatial judgments. These ndings suggest
that participants could distinguish material properties from environmental in uences based on im-
pact sounds and reverberations, which also explains why arti cially enhanced reverberations led

to decreased performance.
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Spectral and temporal cues, such as frequency, decay rate, and amplitude, help us make reliable
judgments about object properties, including size. For example, based on sound alone, we can rea-
sonably estimate the length of a dowel rod dropped on a hard surface (Carello et al., 1998) or the
size of balls dropped on plates (Grassi, 2005). Further research by the same author demonstrated
that ball size estimates were likely formed by integrating information derived from the amplitude
and frequency of sounds (Grassi et al., 2013). Kunkler-Peck & Turvey (2000) analyzed the sounds
generated by plates of different shapes and materials, while Tucker & Brown (2003) further exam-
ined the effects of plate shape when struck in air and underwater. Kunkler-Peck & Turvey (2000)
found that the height and width of rectangular plates could be estimated when struck with a pen-
dulum and that variations in shape also allowed for accurate shape identi cation purely based on
sound. These experiments were repeated for a small variety of materials and showed consistent
results, i.e., these physical properties can be estimated independent from the material of the object.
Lakatos et al. (1997) found similar results when listeners had to estimate the width and height of

struck bars.

Lut (2001) reported that on the basis of synthesized sounds generated from vibrating bars of
different materials, listeners could distinguish between hollow and solid bars. In this experiment,
they synthesized the impact sounds for solid and hollow clamped bars made of iron, aluminum,
and wood. Participants completed a two-alternative forced-choice task where they identi ed which
sound corresponded to a hollow bar. Regression analysis was conducted to see how much impor-
tance participants assigned to frequency, intensity, and decay rate. The researchers found two
main strategies for decision making emerge, one that was termed the “optimal strategy' where par-
ticipants made judgments based on a combination of all cues and the other strategy was called
the “frequency bias strategy' where judgments were made solely on frequency. Participants were

found to switch between strategies based on the material of the bar. For iron and aluminum, they
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relied more on the optimal strategy but for wood, they relied largely on the frequency to distinguish

between hollow and solid bars.

Durst & Krotkov (1995) also found frequency and decay to be important factors for material
classi cation. Klatzky et al. (2000) investigated how these shape-invariant factors affect material
categorization for synthesized sounds in virtual environments. They designed a series of experi-
ments to see how decay rate and frequency affect our judgments. Participants were asked to catego-
rize sounds into four material classes (rubber, wood, glass, steel), rate the similarity between pairs
of sounds (in terms of material properties) and lastly asked to rate the similarity between pairs of
sounds (in terms of object length). Unlike Lut (2001), Klatzky et al. (2000) found that the decay
rate of sound was the most important factor, followed by frequency. Decay rate was found to be a
more robust, shape-invariant parameter for material perception, correlating with intrinsic damping
properties of materials. Frequency had a smaller but consistent impact on judgments (for both
materials and object lengths). The authors conclude that based on these two factors, a rudimentary

model can effectively simulate material properties in virtual interactions.

Lemaitre & Heller (2012) researched how observers differentiated between and identi ed ma-
terials (e.g., metal, plastic, wood, glass) as well as the sound-generating action (e.g., scraping,
rolling, hitting, bouncing) responsible for a presented sound. The results of their study indicate
that identi cation of the actions was faster and more accurate than material classi cation. It was
also harder for listeners to distinguish between certain material categories like wood-plastic and
metal-glass. Material identi cation was also noted to be better when the sound was generated by

an impact action as compared to scraping or rolling.

Their results were supported by Hjortkjeer & McAdams (2016), who conducted a similar study

investigating how spectral cues (frequency content, spectral centroid, and damping) and temporal
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cues (timing and pattern of sound events) in uence listeners' identi cation of material properties
and collision events. The study found that samples with similar spectral information and decay
were more easily confused, whereas manipulating temporal information led to a decrease in the
accuracy of action identi cation. This suggests that temporal cues—such as the timing and pat-
tern of sound events—are more critical for identifying collision events, while spectral information
is more useful for classifying materials. Furthermore, the study highlights that a combination of

these cues is essential for accurately perceiving interactions in natural environments.

Further, research by Koumura & Furukawa (2017) showed how re ections and reverberations
affect material perception. In their study they provided the participants with the auditory stimu-
lus (impact sounds of wood, metal, and glass) under three different reverberant conditions - non
reverberant condition, constant room conditions (where the levels of reverberation were kept con-
stant within the same block) and varying room condition (where the level of reverberation was
randomized and inconsistent). Participants categorized each sound as wood, metal, or glass in a
three-alternative forced-choice task. Their responses were analyzed to measure accuracy and the
effects of reverberation. Attack time, decay rate, spectral bandwidth, and spectral roughness were
calculated for all sounds to assess their contributions to material perception under different condi-

tions.

They found that while on average reverberation has little effect, there was a great deal of vari-
ation in individual responses. This led the authors to conclude that while each participant used
different strategies, they all adapted to the reverberant conditions. In more reverberant conditions
- attack time increased, decay rate decreased, spectral bandwidth and roughness decreased, likely
due to smoothing effects of reverberation. Participants were found to rely more on spectral band-
width as a cue to distinguish materials under the varying room conditions, where reverberation

types changed frequently. They relied more on spectral roughness in the constant room conditions.
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This study highlights the importance of the spectral features of the sounds. The spectral fea-
tures were signi cantly altered by reverberation and allowed participants to use these features to

compensate for reverberation's effects and make accurate material judgments.

Acoustic research on material perception is a newer eld of study as compared to visual re-
search on this topic. But, based on papers reviewed so far, we can see that frequency, decay rate
and temporal information are important factors for material identi cation. Human audition is so

sensitive to these cues that even subtle elements like reverberation, affect our perception.

1.3 Multisensory research

Numerous studies have examined unisensory visual and auditory cues in material and object clas-
si cation. However, in real-world environments, multiple senses work together to provide infor-
mation about objects and events. Multisensory integration plays a crucial role in material catego-

rization, yet it is a topic that has only recently begun to receive signi cant research attention.

Malpica et al. (2020) ran a VR-based experiment to study crossmodal perception of materials.
Visual cues like glossiness and texture were made as realistic as possible. Auditory samples were
taken from the MIT hit sounds dataset. The visual textures were then rendered in both high and low
quality. The speci c sounds and materials that were paired together, remained xed despite differ-
ences in visual quality. Participants were then shown the stimulus in a visual-only condition and
an audiovisual condition and asked to rate the quality of the materials on the basis of glossiness,
roughness, and realism. It was found that the addition of audio greatly improved perceived quality

and realism. In their concluding remarks, the authors cautioned that these results were limited to
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the stimulus used, and future work should include different types and qualities of sounds alongside

varied visual qualities.

However, a previous study by Bonneel et al. (2010) did consider different qualities of both
sounds and visual cues to investigate how bimodal integration of information affected material
perception in VR. They researched different levels of detail (LoD)/quality in both visual and au-
ditory cues. Participants were shown 2 simulations of the same object falling on top of a surface.
One of the two simulations had the highest quality of both the sound and visual cues while the
simulation the quality of the cues were varied. The participants were not explicitly told which of
the two simulations used the higher quality settings and were asked to compare the two simula-
tions in terms of their overall quality. The results indicated that increasing the LoD of both the
sound and the appearance individually, improved the perceived quality of the object. And, similar
to Malpica et al. (2020), it was seen that pairing higher quality sounds with lower quality visuals
also improved the perceived quality of the object while the reverse (high quality visuals paired with
low quality sound) reduced perceived quality. Overall, for the same visual LoD, if sound LoD is

increased, the perceived quality of the simulation also increases.

Both studies by Bonneel et al. (2010) and Malpica et al. (2020) suggest that sound can be used
to enhance material perception in virtual environments while simultaneously reducing rendering
costs by allowing for reducing the visual quality while maintaining the overall perceived quality.
Thus, audio and video quality can be traded-off to produce the desired quality of simulation most

ef ciently.

While these studies showcase how the addition of sounds can aid our perception, if the audi-
tory cues do not match the visual cues, then their addition could just as easily misguide or distort

perception. There is less research on the suppressive or distortive effects of sound on perception.
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One such study by Hidaka & Ide (2015) investigated the effects of bursts of white noise on visual
perception. Participants were presented with Gabor patches (at 45 degrees) and asked to classify
them as tilted to the right or left. Bursts of white noise of different intensities were played through

a set of headphones. In one experiment, the noise was played through both the left and the right
sides of the headphones, while in the second experiment, the noise was played on the side con-
gruent with the tilt in the visual stimulus (for example, when the top of the Gabor patches tilt 45

degrees to the right, the sound is played on only the right side).

They found that the white noise reduced the accuracy of discrimination, and this effect was
enhanced when the burst of noise was played congruent to the tilt in the patches. An interesting
observation was that the suppressive effects weren't seen when the sounds were played using loud-
speakers. A previous study by the same authors (Ide & Hidaka, 2013) showed a similar suppressive
effect when the auditory cues were switched with tactile cues. It is possible that these effects of

noise were due to attention or semantic interference rather than multisensory object perception.

Lastly, a study by Teramoto et al. (2012) showcased how audio cues could alter the perceived
direction of motion of a moving object, especially if the object is moving in an observer's periph-
ery. The visual motion of the object was paired with a set of horizontally aligned or vertically
aligned speakers. The sounds alternated between the speakers (either played through the vertically
aligned speakers or horizontally aligned speakers at a time), and the direction of motion was al-
ways perpendicular to the direction of the alternating sounds. It was found that the auditory spatial
information negatively affected the perceived motion at the observer's periphery and reduced the
accuracy of judgments made. This could be attributed to the human brain's integration of sensory
inputs to obtain more accurate estimates of motion and spatial positioning, in which case, present-

ing con icting information reduced the performance.
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Thus, auditory cues enhance perceptual experiences when they align with visual information
and can inhibit or distort perception when they con ict with expected visual input in a given sit-
uation. However, relatively few studies have speci cally addressed the multimodal perception of

materials.

1.4 Perceptual illusions and how they come about

Suppressive effects that reduce task performance - like those discussed so far, are not the only
effects of con icting sensory information. Some good examples of how these sensory con icts are
processed come from studies that explore the various perceptual illusions observed. As mentioned
earlier, visual cues such as smoothness, re ection, texture, and color invoke learned associations
that have been collected over a person's lifespan and help identify and categorize materials (Adel-
son, 2001). These learned associations can skew perception when interacting with objects (Gau &

Noppeney, 2016).

Classical examples include the material-weight illusions. Objects of different materials are
made to have the same shape and hollowed out or stuffed with a ller, to have the same mass.
Here, the objects made of materials like expanded polystyrene were reported to weigh less than
objects made of metal or stone despite having the same mass. Buckingham et al. (2009) studied
this phenomenon to see how expectations based on material and size of the object in uence the
amount of force used to lift it and the perceived weight of the object. Their study showed that
despite using the same amount of force to lift blocks of identical mass, the blocks made of metal
were thought to be heavier than polystyrene. When asked to lift blocks that were of different ma-
terials and the same size but were not hollowed out to have the same mass, the participants were
able to accurately report on the weight of the objects. The visual input seems to invoke certain

expectations that in uence how the different properties of objects are judged.
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Considering audio-visual mismatch studies, a few notable ones are the McGurk effect (McGurk
& MacDonald, 1976; Moris Fernandez et al., 2017), sound-induced ash illusions (Hirst et al.,

2020; Shams et al., 2002), and the fusion effect (Andersen et al., 2004).

The McGurk effect (McGurk & MacDonald, 1976) is a rather famous audiovisual illusion
where mismatched vocal sounds and lip movements trick us into hearing a different sound alto-
gether. A common example of this phenomenon is when the observer is shown a video of a person
mouthing the syllable 'ga’ but is played with the sound of the syllable 'ba’, resulting in the ob-
server typically hearing ‘'da’ instead. A possible explanation for the phenomenon is that when the
mismatched stimulus gets integrated in our brains, instead of causing a confusion, it compromises

by mixing the two to give a third different result (Moris Fernandez et al., 2017).

Hirst et al. (2020) published an overview on the last few decades of research done on sound-
induced ash illusions. In the original iteration of the illusion (Shams et al., 2000), observers were
presented with a single visual ash paired with two auditory beeps, which was perceived as two
ashes instead of one. It was one of the rst studies to show that vision is not always the dominant
sense. Since then, several studies have focused on the effects of different parameters (like con-
trast and duration of ashes and the frequency and amplitude of the sounds) on the illusion. All

throughout, this illusion proves to be robust.

There is also a different variation to this illusion called the fusion effect (Andersen et al., 2004),
where two ashes appear as a single ash when accompanied by a single auditory signal. These
studies highlight how visual signals combined with differing auditory signals can create percep-
tual illusions. These sound-induced ash illusions provided a very malleable format for testing

cross-modal associations, and following the publication of this research, several others started in-
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vestigating how sounds alter visual perception (Adams, 2016; DelLoss et al., 2013; Jaekl & Harris,

2009; Shams et al., 2005, 2002, 2001; Williams et al., 2021).

When we consider audio-visual mismatch regarding material perception, very few studies can
be found on this topic. The two most prominent studies by Fujisaki et al. (2014) and Anderson et

al. (2016) have found incompatible results.

Fujisaki et al. (2014) conducted a study to investigate how auditory and visual information are
integrated and to compare different strategies used for material property judgments. To achieve
this, they generated 2D images of six materials (glass, ceramic, metal, stone, wood, and bark)
with realistic surface properties and recorded impact sounds for eight materials (glass, ceramic,
metal, stone, wood, plastic, paper, and peppers, representing soft organic matter). A total of 48
audiovisual combinations were created, and participants completed tasks under three conditions:
visual-only, auditory-only, and audiovisual. The stimuli were presented on an LCD monitor with
accompanying speakers. Participants performed two tasks: rst, they rated the likelihood that a
stimulus belonged to one of 13 material categories on a scale from 1 to 7; second, they evaluated
speci ¢ material properties such as glossiness, hardness, and roughness. Category and property

judgments were completed for all audiovisual combinations and conditions.

The results showed strong audiovisual interactions in material-category perception. When
sounds and appearances matched, participants rated these consistent material combinations highly
but during mismatch they were likely to rate it as belonging to neither category. For example, a

glass image coupled with vegetable sound had people categorizing it as plastic.

Regarding signal integration strategies, participants followed a multiplicative approach, mean-

ing they were most likely to classify an audiovisual stimulus as belonging to a particular mate-

19



rial category only if both visual and auditory cues aligned well. However, regression analysis
revealed that in cases of con icting stimuli, participants relied more on auditory signals. For ex-
ample, an auditory-only metal stimulus was primarily classi ed as metal, ceramic, or glass, while
a visual-only wood stimulus was mostly categorized as wood. When these were combined (a
metal sound with a wood texture), the stimulus was predominantly classi ed as metal, ceramic,
or glass—similar to the auditory-only condition—suggesting that participants prioritized sound in

their categorization.

Unlike the multiplicative strategy used for material classi cation, the integration of visual and
auditory cues for material property judgments followed a weighted averaging rule. The weight
assigned to visual or auditory information varied depending on the property being judged and the
congruence of the stimuli. For incongruent stimuli (e.g., a glass appearance paired with a vegetable
sound), auditory cues dominated more frequently, leading the authors to conclude that auditory in-
formation was perceived as more reliable in ambiguous scenarios. Overall, visual information
primarily in uenced judgments of surface properties, such as glossiness, whereas auditory infor-

mation played a greater role in assessing internal properties, such as hardness.

Their results contrast with those of Anderson et al. (2016), who primarily investigated the dif-
ferences between multimodal and unimodal perception in virtual reality. Their study reported that
integrating both sound and visual appearance led to higher accuracy in material identi cation. In
the multimodal condition, there were six cases where sounds and appearances matched and four
cases where they did not. The researchers analyzed the incongruent conditions to determine which
sense was more dominant in material classi cation. They tested nine participants and found that
in two of the incongruent conditions, participants categorized the material based on sound, while
in the other two, they relied on visual appearance. Based on these ndings, they concluded that

neither sense consistently dominated the other. However, due to the small number of conditions
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tested, they suggested that expanding the experiment would provide more conclusive results.

This difference between the results of the two studies might be attributed to the different modes
by which the experiments were carried out and the rigorousness of the testing conditions. Fujisaki
et al. (2014) presented the stimulus using an LCD monitor while Anderson et al. (2016) used a
VR headset. The additional immersive cues provided by a VR HMD may have in uenced the
outcomes. As noted by the authors, further testing under more controlled and elaborate conditions

is necessary to determine whether sensory dominance occurs in VR.

Based on the papers discussed so far, sensory con icts cause perceptual illusions to occur be-
cause the brain consistently misinterprets information, in a speci ¢, non-veridical way (i.e. not
fully aligned with objective reality). In most of the cases examined here, particularly the sound-
induced ash illusion, extensive research has demonstrated that these illusions are robust and lead
to consistent and unexpected alternative interpretations. For example, altering parameters such as
contrast and duration of ashes, as well as the frequency and amplitude of sounds, did not affect

the persistence of the sound-induced ash illusion.

However, the studies conducted by Fujisaki et al. (2014) and Anderson et al. (2016) present
con icting and varied ndings. In the study by Fujisaki et al. (2014), the perceptual outcomes for
each sensory con ict were less well-de ned. Participants exhibited confusion between multiple
categories rather than selecting one decisively. For instance, when presented with a combination
of metal sounds and wood textures, participants often categorized the material as metal, ceramic, or
glass. Unlike the sound-induced ashillusion, this effect cannot be reliably classi ed as aniillusion,
as it has not been tested extensively enough to determine its generalizability. While this example
provides evidence for a potential illusion, further research is needed under varying conditions (such

as different levels of immersion, changes in the geometric properties of samples, variations in
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sound generation, and differences in texture rendering quality and techniques) to establish whether

the observed phenomenon quali es as an illusion.

1.5 Effect of self-motion in virtual environments

In sound source localization studies (Brimijoin & Akeroyd, 2014; Kondo et al., 2012), it is com-
monly observed that self-motion improves the performance of a task, i.e., allowing the participant
to move around in the environment provides them subtle cues that allow for greater success in task
completion. In terms of material perception, perhaps allowing the user to interact with the object
themselves rather than asking them to observe a third party/agent do so may similarly provide ad-
ditional information and a boost in task performance. This would involve comparing the results of

material categorization under the two conditions.

1.6 Aim and research questions

Our aim is to investigate how auditory signals support or interfere with material classi cation in
virtual reality. To explore this, we designed a cue-con ict task to examine how discrepancies be-
tween visual and auditory information in uence material categorization. Would participants rely
more on sound or appearance? Would the con ict cause enough uncertainty to result in random
responses or the selection of an entirely different material category? Furthermore, if participants

were allowed to interact with the object directly, would that in uence their judgments?
In a virtual environment we are able to simulate events that are harder to replicate in reality.

We leveraged this property to create a realistic cue con ict experiment. We wanted to investigate

the following:
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Question 1: Between audition or vision, which modality do we rely more on for material iden-

ti cation?

In a virtual environment, it is possible to induce a con ict between the visual and auditory
stimulus delivered to an observer. In such a situation, would the material classi cation be based

more on the auditory information or on the visual information?

Hypotheses: On average, participants will classify more on the basis of sound than on visual

properties to determine the material of an object.

Question 2: How much would self-interaction affect perception of a material?

If a participant is allowed to strike the target object themselves, they would be more conscious
of factors like the amount of force used, the timing and speed with which the impact is made,
etc., as opposed to watching an agent strike the object. Will this additional information affect a

participant's judgments? Will it change how they respond or reduce the response time?

Hypotheses:

 Self-interaction will reduce response time as compared to observing another interact with
the target object.

* Participant response accuracy will be higher for self-interaction than agent-interaction con-

ditions.

Question 3: Is there any potential for audiovisual illusions in cue-con ict experiments that

confuse visual and auditory material information?
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Similar to the McGurk effect, are there any combinations of visual textures and impact noises
that confuse the participants enough that they consistently classify the material as a third different

option (different from both the sound and appearance)?

For a given combination of audio-visual stimuli, if participants label it as one material signif-
icantly more often than all the other materials and if the material selected differs from both the
impact sound and the visual texture of the object, then we can say that there is a potential for au-

diovisual illusions to occur in this type of a setup.

Hypotheses: When presented with con icting audiovisual stimulus for material perception,

audiovisual illusions are observed.

In this study, we designed an experiment to answer these questions and address previously
identi ed research gaps. Participants were tasked with categorizing the material of a target object
presented in virtual reality. The visual appearance and impact sounds were randomly paired and
presented, allowing us to examine how a cue con ict between an object's appearance and the sound

of a collision event in uenced material classi cation.
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Chapter 2

Methodology

2.1 Participant details

Fifty-three Participants were recruited from the Undergraduate Research Participant Pool (URPP)
at York University. After screening the data, 42 of those participants were considered (18-42 years,
mean = 22.21, SD =6.38). The exclusion criteria is discussed in Section 4.1.1. Their Demographic

data is shown in Table 2.1.
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Participant Attributes Number Percentage (%)
Gender

Female 35 83
Male 7 16
Experience with VR

None 21 50
Casual 13 30.9
Regular 8 19.1
Experiences Motion Sickness

None 36 85.7
Occasional 2 4.7
Easily motion sick 3 7.14
Experience with Music

None 23 54.7
Some (during childhood) 11 26.19
Casual 4 9.5
Regularly practices 4 9.5

Table 2.1: Participant demographic data

2.2 Auditory stimuli and setup

2.2.1 Recording the sounds

Given that our primary focus is on audiovisual integration, the selection of impact sounds for this
experiment required careful consideration. Online sound sources were not used, as the recording
conditions were often unclear or inconsistent. Factors such as microphone quality, recording envi-
ronment, and the objects used to generate sounds needed to be meticulously controlled to minimize
external variables that could skew the data. To ensure consistency, we opted to record our own im-

pact sounds.
The recordings were obtained in a nearly soundproof environment to eliminate noise and in-

terference, thereby preserving the integrity of the sound samples. This approach also allowed us

to avoid post-processing techniques that might alter the subtle material properties of the recorded
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sounds.

For this we arranged a recording studio with the desired environment and equipment available
as well as our own apparatus. York University's Library had a studio space available for student
usage. Itincluded:

» Sound booth (6 x 6 ft, 65 dB of sound attenuation)

* Microphones (Audio-Technica AT2020) with boom stands

» Headphones (Sennheiser HD 280 Pro)

» Recording-editing software (Hindenburg Pro) available at a workstation outside the sound

booth

* One USB Audio Interface (Focusrite Scarlett 18i8)

Bit resolution was set to 24-bits and Sampling rate used was 48000Hz.

2.2.2 Physical setup - Tapping mechanism

To reduce any dependency on loudness or volume being used as a means to differentiate between
sounds, all impact sounds needed to be generated using the same amount of force and speed. This
way the impact would be relatively similar and differences in the sounds samples would largely be
due to the intrinsic material properties. Therefore, for the physical sound production apparatus, a

tapping mechanism was built and used (Figure 2.1).

The tapping mechanism consisted of an electromagnet coupled with a spring that helped lever
the rod. The square plate of the material corresponding to the required sound was xed at the
other end of the setup. Utilizing the magnet and the spring ensured that no additional sounds were
made as it activated and pulled the rod upwards. A button was programmed so that once pressed,

it activated the magnet with a delay of two seconds. This way there was a short period of time
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between the button press and movement of the rod. - giving enough time to anticipate the impact
and reduce any additional additional sounds being generated. The rod was then dropped onto the

plate thus generating an impact sound.

Figure 2.1: An illustration of the tapping mechanism

By using this mechanism, we were able to keep the force and speed of impact consistent across

all our recordings and materials.

2.2.3 Physical setup - Materials

We required physical copies of the materials being presented in the experiment to generate equiv-
alent sounds. Further, to diversify the sound pool, two 4"x4” square plates of different thickness
(3/8” thickness and 1/4” thickness) were sourced per material. Similarly, rods of each material

were also obtained (8 inches in length and 1/4th inch in diameter).

The shape and size of the samples were kept identical to reduce any dependence on geometric
properties of the objects. We chose four common materials that most participants would have
had large amounts of day-to-day interactions with. This was done so that none of the sounds
or appearances would be new to them and their categorization of materials would be based on
experiences built over time in real life. The samples used were made of glass, steel, acetal plastic

and plywood and are shown in Figure 2.2. Sounds were recorded for each combination of target
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