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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 field 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 flat and lack sufficient 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 confidently and comfortably as we continue adjusting to it (Seriès & Seitz,

2013).

1



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 influence its associated sounds.

Human perception and identification 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; Hjortkjær & 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 influence

material perception. Visual, auditory, and audiovisual stimuli are the most commonly used signals

in experimental models within this field.

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 specific 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.
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1.1 Visual material perception

Visual cues such as smoothness, reflection, 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 classification. He categorized most studies in this field 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 reflects off an object is considered one of the most critical

features and has been studied through various methods, including bidirectional reflectance 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 reflected and must be

carefully controlled and analyzed. A wide range of metals and plastics can be accurately identified

using a combination of these cues; however, many other materials, such as different types of cloth,

matte-textured objects, and liquids, are much more difficult to distinguish. This is where mechan-

ical properties play a critical role. For different types of cloth, density and stiffness serve as key

identifiers (Bi & Xiao, 2016; Bouman et al., 2013), while for fluids, a combination of appearance

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

and surface gloss) and object recognition. They designed experiments to examine the difficulty

of rapid material categorization tasks and the influence of color, texture, surface shape, and object

identity on classification 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 difficulty of the standard material categorization task through two ex-

periments. In the first 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 classification 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 specific 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 modified images was then compared to perfor-

mance on the original images.

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

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

performance.

Finally, in their last experiment, observers were asked to classify objects as real or fake (e.g.,

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 insufficient 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 identification. In daily

life, people commonly recognize the material of a floor 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 first. The in-

formation regarding sound waves and signal processing are discussed in depth in Photinos (2021),
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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, specifically 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 influence its characteristics. Specifically, 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-
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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, muffled 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 influence the sound produced. For example, a glass-

on-glass collision generates a sharp, ringing sound, while a wood-on-wood collision produces a

more muffled 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, 0 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 fixed 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 signal f(t), it is

defined as:

F (ω) =

∫ ∞

−∞
f(t)e−jωtdt (1.1)

F (ω) is the representation of the function in the frequency domain, ω is the angular frequency

in radians per second, −j =
√
−1 and e−jωt 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 defined

as:

X(ω) =
∞∑

n=−∞

x[n]e−jωn (1.2)

X(ω) is the frequency-domain function and x[n] 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-
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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 finite-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 first 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. But if 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 sacrifices 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; Hjortkjær & McAdams,

2016). Impact sounds convey valuable information, allowing for the identification 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 artificially

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 artificially induced reverberations to examine variations in

participant responses. Acoustic features such as decay rates and frequency were analyzed to de-

termine their influence on participant judgments. The results indicated that participants accurately

identified sound sources and spatial environments. Early reflections of the sound contributed to

source identification, while late reverberations informed spatial judgments. These findings suggest

that participants could distinguish material properties from environmental influences based on im-

pact sounds and reverberations, which also explains why artificially 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 identification 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.

Lutfi (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 identified 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

classification. 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 Lutfi (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 identified 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 identification of the actions was faster and more accurate than material classification. It was

also harder for listeners to distinguish between certain material categories like wood-plastic and

metal-glass. Material identification 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 Hjortkjær & 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) influence listeners’ identification 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 identification. 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 reflections 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 significantly 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 field 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 identification. 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-

sification. 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 significant 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 specific sounds and materials that were paired together, remained fixed 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

efficiently.

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 conflicting 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 conflict with expected visual input in a given sit-

uation. However, relatively few studies have specifically 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 conflicting sensory information. Some good examples of how these sensory conflicts are

processed come from studies that explore the various perceptual illusions observed. As mentioned

earlier, visual cues such as smoothness, reflection, 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 filler, 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 influence 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 influence 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 flash 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 flash illusions. In the original iteration of the illusion (Shams et al., 2000), observers were

presented with a single visual flash paired with two auditory beeps, which was perceived as two

flashes instead of one. It was one of the first 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 flashes 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 flashes appear as a single flash 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 flash 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; DeLoss 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: first, they rated the likelihood that a

stimulus belonged to one of 13 material categories on a scale from 1 to 7; second, they evaluated

specific 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-
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rial category only if both visual and auditory cues aligned well. However, regression analysis

revealed that in cases of conflicting stimuli, participants relied more on auditory signals. For ex-

ample, an auditory-only metal stimulus was primarily classified 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 classified 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 classification, 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 influenced 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 identification. 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 classification. 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 findings, 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 influenced 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 conflicts cause perceptual illusions to occur be-

cause the brain consistently misinterprets information, in a specific, non-veridical way (i.e. not

fully aligned with objective reality). In most of the cases examined here, particularly the sound-

induced flash 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 flashes, as well as the frequency and amplitude of sounds, did not affect

the persistence of the sound-induced flash illusion.

However, the studies conducted by Fujisaki et al. (2014) and Anderson et al. (2016) present

conflicting and varied findings. In the study by Fujisaki et al. (2014), the perceptual outcomes for

each sensory conflict were less well-defined. 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 flash illusion, this effect cannot be reliably classified as an illusion,

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 qualifies 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 classification in

virtual reality. To explore this, we designed a cue-conflict task to examine how discrepancies be-

tween visual and auditory information influence material categorization. Would participants rely

more on sound or appearance? Would the conflict 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 influence 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 conflict 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-

tification?

In a virtual environment, it is possible to induce a conflict between the visual and auditory

stimulus delivered to an observer. In such a situation, would the material classification 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-conflict 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 conflicting audiovisual stimulus for material perception,

audiovisual illusions are observed.

In this study, we designed an experiment to answer these questions and address previously

identified 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 conflict between an object’s appearance and the sound

of a collision event influenced material classification.
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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. It included:

• 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 fixed 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

27



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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object and rod. However, the metal rod recordings were the most clear and were used in the

experiment.

Figure 2.2: On the left are the plate materials sourced and on the right are the different rods.

2.2.4 Spectral analysis

We recorded a total of 16 sounds - 4 for each material. There were plates of 2 levels of thickness,

and each plate was struck near the edge or at the center of the plate. This was done to diversify

the sound samples. However, 16 sounds were later deemed to be too many and instead we used

8 sounds. Each of the 8 plates were struck near the edge (since that gave the loudest and clearest

sound).

Figures 2.3-2.6 show the spectrograms of each of the sounds. The nomenclature of the sound

files is: [Plate material]-[Rod material]-[thickness and position of impact]. Since we use a metal

rod for this experiment, that remains constant. As for the number at the end of the file name, 1 =

Thin plate struck at the edge, 2 = thin plate struck at the center, 3 = thick plate struck at the center,

4 = thick plate struck at the center.

Based on these spectrograms, we can observe that impacts on glass and metal exhibit two dis-

29



tinct peaks, likely due to the rod bouncing on impact. In contrast, impacts on plastic and wood

show merged or less distinct peaks, possibly due to higher damping properties. Glass and metal,

being high-density and rigid materials, allow for sharper, more defined impacts. On the other hand,

plastic and wood, having lower densities and higher absorption, potentially caused the sound waves

from the impacts to merge together.

Figure 2.3: Glass spectrograms, Glass-Metal1 is the thinner plate and Glass-Metal3 is the thicker
plate

Figure 2.4: Metal spectrograms, Metal-Metal1 is the thinner plate and Metal-Metal3 is the thicker
plate

Given the complex nature of sound waves and the vast amount of information one can obtain

from it, no standard method exists to compare two sounds to each other. Comparing the data on

the basis of spectrograms is one way to do so but obtaining something quantifiable like a simi-

larity score is a harder task. Previous studies discussed, like Fujisaki et al. (2014); Hjortkjær &

McAdams (2016) analyzed frequency specific information like the spectral centroid, spectral band-
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Figure 2.5: Plastic spectrograms, Plastic-Metal1 is the thinner plate and Plastic-Metal3 is the
thicker plate

Figure 2.6: Wood spectrograms, Wood-Metal1 is the thinner plate and Wood-Metal3 is the thicker
plate
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width and spectral contrast.

The spectral centroid is often called the “center of gravity” of the magnitude spectrum calcu-

lated via the Short-Time Fourier Transform (STFT). The spectral centroid represents the weighted

average frequency of the spectrum, with each frequency weighted by its corresponding amplitude

over a short analysis window. Each individual window produces one single spectral centroid which

is the weighted average frequency for that frame, giving us a series of centroid values over time.

Low values indicate concentration of energy at lower frequencies; high values indicate stronger

high-frequency energy. It often correlates to the perceived “brightness” or timbre of a sound and

how it changes over time (since the calculations are done frame-by-frame).

The spectral bandwidth is more commonly called “spectral spread” or “instantaneous band-

width”. Lerch (2022) defines spectral bandwidth as the weighted spread of frequencies around the

spectral centroid i.e. it tells you the range of frequencies that carry most of the sound’s energy. It is

almost like a standard deviation (spread) of the spectrum. A narrow bandwidth means most energy

is clustered around a small frequency range (like a pure flute tone). A wide bandwidth suggests

the sound spans a broad set of frequencies and imply a broad or noise-like distribution. Just like

the centroid, spectral bandwidth is also computed frame by frame, thus giving us a time-varying

bandwidth measure across the entire recording, describing how the spectral content changes over

time.

Spectral contrast measures the difference between the loudest and quietest regions of the fre-

quency spectrum within specific frequency bands. Instead of looking at the entire frequency range

as a single unit, it is broken down into several frequency bands. For this study the bands chosen

were logarithmically spaced, giving us 7 bands, with the band edges being (in Hz): 32.703 , 75.111,

172.510, 396.212, 909.998, 2090.033, 4800.273 and 11025. For every frequency band, the differ-
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ences between the average of the most prominent frequency bins and average of the quieter bins

in that band are calculated (generally the ratio is taken in decibels). This way, the contrast per fre-

quency band is obtained, which collectively describe the overall shape or “texture” of the spectrum.

In order to obtain a quantifiable measure of similarity between sound samples, we combined

the spectral centroid, contrast and bandwidth into feature vectors for each sound sample (one fea-

ture vector per sound) and computed the Euclidean distances between these vectors. The table with

the feature values can be seen in the Appendix (Figure A.1). Figure 2.7 shows the heatmap based

on the distance calculations

Figure 2.7: The heatmap of the calculated distance between the feature vectors of the sound sam-
ples. The colors represents how close the sounds are to each other and the numbers represent the
numeric distance between the feature vectors. The more similar the sounds the darker the shade
assigned.

Analyzing column 1 with the distance measures calculated for Glass-Metal1, we see that glass
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is closest to metal. In fact, Glass-metal1 is more similar to Metal-metal3 than Glass-metal3. Fur-

ther away are plastic followed by wood. Looking at all of the distance measures calculated for

any sound with glass or metal, we see that the values are very similar. Further, in last column of

Wood-Metal3, plastic is the most similar to wood followed by metal and glass. Thus, if we were

to group similar sounds based on this, they would be [glass and metal], [plastic and wood].

2.3 Visual stimuli and setup

2.3.1 Using AmbientCG converter tool

The experiment was coded in Unity (version 2021.3.47f1). The texturing tool used for the purpose

of this study is called the AmbientCG to Unity converter 2.0 developed by Burning Mime software

[https://gitlab.com/burningmime/ambientcg-to-unity/-/tree/master]. This tool allowed us to select

textures available at the AmbientCG website [https://ambientcg.com/] and apply it in Unity to

make realistic looking looking objects as seen in Figure 2.13.

2.3.2 Glass Shader

The AmbientCG website did not have a suitable glass texture available. Other available glass

shaders were not satisfactory - some did not reflect properly, some were tinted, some did not cast

shadows and some did not show other glass objects behind them. To overcome these limitations,

we created a custom shader as seen in Figure 2.8.

To achieve this, we created individual nodes that calculated the reflection, refraction and fres-

nel effect. The inputs to each of these nodes were fed using the values from the camera and normal

vector. For refraction, we needed a user defined variable IOR (index of refraction) to control the

amount of refraction seen through the glass object. Then the values from these 3 nodes were com-
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bined using a lerp function (linear interpolation) and used as input to shader’s ’base color field’.

As the name suggests, this field decides the main color of the shader. Since we need it to be trans-

parent, reflecting and refracting light, we used the stated combination of nodes as the inputs. All

the other values of the shader were left as the defaults. The result can be seen in Figure 2.8.

Figure 2.8: The custom glass shader created in Unity and how it looks in the scene.

2.3.3 Agent/bot

An integral part of the experiment was setting up an agent character which would hold the metal

rod and execute the animation of striking the surface of the target object. We used a model from

the Mixamo website because of its ease of integration in Unity projects as well as the wide variety

of different models and animation already available for import. We applied a breathing idle ani-

mation on the model to give it a little natural sway while it moved but could not find a ready-made

animation that matched the striking action we required for our experiment.

After importing the model and breathing animation to Unity, we then used Unity’s animator

and animation system to design the interaction. Since Mixamo animations are not editable, we

duplicated the animation file to make it mutable. The animation needed was broken down into 5
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poses or keyframes, as seen in Figure 2.9, to model the transition. Unity’s animator interpolated

between them and produced a smooth animation.

Figure 2.9: Keyframes created for smooth animation of striking motion

2.4 Programming in Unity and SteamVR

We used Unity and Visual Studio (C #) for development and the HTC Vive Pro Eye headset to carry

this experiment out. Vive headsets require the SteamVR package for development. The following

subsections detail the smaller working parts required to put this experiment together.

2.4.1 Velocity Function

For self-interaction, we also needed to measure the force with which the participant struck the

target object. To calculate the force, we required velocity of impact as well. Using Unity’s physics

engine and the rigidbody’s properties, velocity could be easily obtained. But, these measures were

very inaccurate and oftentimes gave values of the order 10−15 to 10−22 even for quick and big

displacements. We instead coded a custom function that calculated the position of the tip of the

rod per frame, its velocity per frame and then averaged the values obtained from the five frames
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before the impact. Averaging was done to reduce noise and avoid data loss during random frame

drops.

2.4.2 Friction coefficient and physic materials

In Unity, several behaviors of physical objects can be simulated including the surface properties

that guide how objects interact with one another. This is done by manipulating the rigidbody’s

physic material properties. By changing the various friction coefficients and bounciness, more re-

alistic impact interactions can be simulated. We set the physic properties as shown in Figure 2.10.

In addition to this, we attached the rod to the controller using a spring joint so as to reduce the

number of times the rod got detached from the controller due to the force of the motion. However,

for situations where it would still get detached, a re-spawn function was mapped to the controller’s

trigger button. This reset the position of the rod to the end of the controller whenever pressed.

Figure 2.10: On the left is the target object’s rigidbody properties and on the right is the specific
settings of the physic material chosen

2.5 Experimental Design

2.5.1 Variables

The basic setup of the task involved a target object being struck by either a third party/agent or

by the participant. The appearance and associated impact sounds were used by the participant to
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identify the material of the target object.

Independent Variables that were considered in the study:

• Target object’s visual identity (Glass, Metal, Plastic or Wood)

• Target object’s auditory identity (Glass, Metal, Plastic or Wood)

• Agency (Agent strikes the object/Participant strikes the object)

Visual identity of the object refers to what the object looks while the auditory identity of the

object refers to what the object sounds like.

Dependent Variables here were:

• Response - the option selected for the presented combination of the visual and auditory

properties

• Speed/force of impact

• Response time - the amount of time taken for them to select an option

2.5.2 Conditions

For this study, we considered four materials—wood, metal, glass, and plastic—resulting in 16

experimental conditions. Among these, four conditions featured matching auditory and visual

identities, while the remaining 12 involved mismatched pairings.

Additionally, we aimed to investigate whether agency influenced material classification. To

examine this, the experiment was divided into two parts. In one part, an agent held the rod and

struck the target object, with participants merely observing the interaction before selecting the most

suitable option. In the other part, the virtual rod was attached to a VR hand controller, allowing par-

ticipants to strike the object themselves. These two conditions are referred to as agent-interaction
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Agency
Audio-visual Identity Agent Self-Interaction

Matched Condition set 1 Condition set 2
Mismatched Condition set 3 Condition set 4

Table 2.2: Summary of different condition sets in the experiment

and self-interaction, respectively.

The 16 conditions were repeated under the 2 modes of interactions giving rise to 32 conditions

(4 materials x 4 sound types x 2 modes of interaction) which can be divided into 4 sets of con-

ditions as summarized in Table 2.2. During all conditions, the participants were presented with

a target object and asked to identify its material. The target object was struck by either a third

party/agent (Conditions sets 1 and 3) or by the participants themselves (Condition sets 2 and 4)

using a rod. The sound upon impact would either match the target visually (Condition sets 1 and

2; for example: it looks like wood and sounds like wood) or differ from it (Condition sets 3 and 4;

for example: it looks like wood but sounds like glass).

2.5.3 Procedure

Using a VR headset, in each trial, we presented a thin square plate/slab (target object) to the par-

ticipant. In the simulation, a virtual metal rod was used to strike the target object and an impact

sound played on collision. Based on the sound and appearance, they were asked to categorize the

material of the target object as one of four options: Glass, Metal, Plastic or Wood.

The participants were briefed on the experiment and were instructed to use the familiarization

task (which is discussed more in detail later in this section) to get used to the virtual environment,

the sound samples and the task. For the agent interaction task, they had to carefully observe the
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agent striking the object. In the self-interaction task, where the metal rod was attached to the VR

hand controller, they were asked to strike the object just once (to mirror the other condition). Fig-

ure 2.12 shows the different elements of these two modes of interactions.

After each trial where the target object was struck, a dialog box appeared (Figure 2.11), prompt-

ing the participant to use a virtual laser pointer to select which option would best categorize the

material. The option selected for the particular stimulus and the decision time i.e. the time it took

for them to categorize the material, was recorded.

Figure 2.11: The dialog box prompting the user to classify the previously shown object’s material

After all the trials were completed, the participants were asked a few questions about their

experience. Those questions were:

• How did you find the experiment?

• Were there any sounds you found distinct or any pairs you found very confusing to distin-

guish between?

40



• Between the two modes of interaction, did you find one to be easier than the other? Do you

think you did better in one as compared to the other?

Figure 2.12: Elements of the agent-interaction and self-interaction parts. On the left, is the agent
used in the agent-interaction parts. In the middle is the virtual rod attached to the hand controller
as seen by the participant. On the right is the laser pointer attached to the other hand controller.

Block order and distribution

Each of the 16 condition was repeated 10 times to get a good sample of data leading to a total

of 160 trials. Since a block of 160 trials is too long and prone to get tiring, the trials were split

into two blocks of 80 trials presented in an randomized order, where each condition appeared five

times. This was done for both agent-interaction and self-interaction i.e. 2 blocks of 80 trials for

agent-interaction and 2 blocks of 80 trials for self-interaction with each block taking approximately

5-8 minutes.

During pilot experiments, participants commented that the self-interaction tasks were more en-

gaging as it involved active participation as opposed to mere observation. So, when considering

the block order, we decided to alternate between the two types of blocks. Half the participants
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were tested in the order of agent-self-agent-self while the other half were tested in the order of

self-agent-self-agent blocks. This would also balance any order effects seen.

Familiarization task

Before testing, each participant completed a familiarization task followed by a practice task.

In the familiarization task, four target objects with different visual textures were arranged in front

of the participant (Figure 2.13). The impact sounds associated with each object matched its tex-

ture—for example, a wood texture was paired with a wood impact sound, and a glass texture with a

glass impact sound. The purpose of this task was to familiarize participants with the experimental

setup, the sounds used, and the visual appearances of the materials. During this phase, participants

used a rod to strike the target objects and acclimate themselves to the corresponding sounds. This

was followed by a short practice session consisting of 48 trials, with each condition presented three

times.

Figure 2.13: The Familiarization task. It shows the target objects used during the blocks and allows
the users to familiarize themselves with both the appearances and associated impact sounds.

Given the confusing nature of the mixed audio-visual stimuli, the participant spent a minute

or two between the blocks, in the familiarization task to reacquaint themselves with the reference

sounds and materials to avoid any incorrect associations that may have formed during the trials.
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Chapter 3

Results

To recap, for the four materials being considered, we obtained sixteen conditions comprising of the

various combinations of four textures and four impact sounds. Each condition was then repeated

twenty times, for a total of 320 trials. In half the trials, the participant observed an agent interact

with the target object, and in the remaining trials the participant interacted with the object directly.

A total of fifty-three participants were tested.

3.1 Data Pre-processing

3.1.1 Elimination criteria for dropping datasets

During data collection, it became apparent that some participants were not attentive during the

trials while others struggled to perform the task. In order to segregate the datasets of the inatten-

tive participants from data of the attentive participants (whether they were struggling or not), an

elimination criteria was developed.

Out of the 16 experimental conditions, four involved matching auditory and visual properties
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(the matched condition). Each of these conditions was presented 20 times, resulting in a total of

80 trials where the impact sound and visual appearance were congruent—40 trials during agent-

interaction and 40 during self-interaction.

Since participants had four response options per trial, random guessing would yield a 25%

probability of selecting the correct answer. To exclude participants who were either guessing or

not paying sufficient attention, we set a performance threshold of 15 correct responses out of 40

trials (slightly above chance). Participants who scored below this threshold in either of the two

interaction conditions were eliminated from the dataset. Based on this criterion, 11 datasets were

removed, leaving data from 42 participants for analysis. Appendix A.2 provides plots illustrating

individual participant data distribution.

3.1.2 Outlier analysis and Winsorizing

Participants were informed that the time spent on each trial was being recorded, which led to

shorter trial durations. However, analysis revealed the presence of outliers, typically resulting

from misclicks, technical issues with the hand controller, or similar factors. Before conducting the

analysis, these outliers in the recorded decision times needed to be addressed.

To handle these outliers, the data was winsorized - i.e. values beyond the 95th percentile were

replaced by the value of the 95th percentile and the values below the 5th percentile were also

replaced such that they equaled to the value of the 5th percentile. This way the extreme values on

both ends were replaced with less extreme values from the same participant’s dataset.
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3.2 Self-interaction vs Agent interaction

To study the effect of interaction, we recorded participant responses and decision time, in both

modes of interaction. After they completed the experiment, they were asked a few follow-up

questions. One of them was if they found one mode of interaction easier than the other.

Figure 3.1: Bar chart illustrating the distribution of participant preferences after testing.

As shown in Figure 3.1, 16 participants found agent interaction easier than self-interaction, not-

ing that they did not have to divide their attention between performing the action and hearing the

sound. In contrast, 20 participants preferred self-interaction, stating that their active involvement

made it easier to focus on the task. They also reported that having control over the rod allowed

them to better anticipate the impact event and adjust parameters such as timing and volume. The

remaining six participants did not perceive a difference between the two interaction modes.

We performed a set of binomial tests (with the confidence interval set at 95%) to determine

whether the overall preference was statistically significant for any category. When testing for

preference for self-interaction (where the alternative hypothesis stated that participants were more

inclined to prefer self-interaction), we obtained a p-value of 0.0383. Thus, we can conclude that,

statistically, participants demonstrated a significant preference for self-interaction.
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The following subsections compare the obtained data to examine how participants’ responses

varied across different modes of interaction.

3.2.1 Results of the matched condition

For the matched conditions, we compared the overall response by calculating the percentage of

trials where each participant categorized the target correctly and the average time taken to do so.

This data is represented in Figures 3.2 and 3.3.

Figure 3.2: Percentage of correct responses for
matched condition Figure 3.3: Average time for matched condition

The Box plots here (and throughout this thesis) represent the percentage of responses correctly

categorizing the matched conditions across all participants. The line across the boxes show the

median and the triangle represents the mean. The bottom of the box is the 25th percentile and the

top is the 75th percentile. The whiskers typically extend to 1.5 x the Interquartile Range, beyond

which data points are considered outliers (represented by circles).

While there is variation per participant, based on Figure 3.2 and 3.3, we can see that about 70%

of the trials were correctly matched and the average decision time was approximately 2.5 seconds -

for both agent-interaction and self-interaction. The statistical analysis can be seen in section 3.2.3
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below.

3.2.2 Results of Agent v/s Self-interaction when option selected matched the

audio played

Unlike in matched conditions, when the appearance and sound conflict with each other, there is no

correct response to select. One way to analyze how agent interaction differs from self-interaction

is to examine how participants’ responses vary when they categorize the target object’s material

based on the impact sound played during these mismatched conditions. Figure 3.4 compares the

percentage of times participants classified the material based on sound for the two modes of inter-

action, while Figure 3.5 compares their decision time. Based on these charts, we can see that there

were no major differences between the two modes of interaction.

We see a similar result when comparing the responses of participants when they classified the

object’s material based on its visual appearance (please see Appendix A.3 for these graphs).

In all cases, the percentage of responses matching the auditory cue remained consistent across

both interaction modes, despite participants’ reported preferences after the experiment. In this

study, the action performed remained the same for both modes of interaction. This suggests that as

long as the observed or executed action is identical, the presence of agency in the interaction does

not influence the perception of the object or its material.

3.2.3 Statistical comparison between Agent interaction and Self-interaction

Since our variables are categorical, we can analyze whether the frequency of responses (classifi-

cations based on auditory properties, visual properties, or neither) differed significantly between

agent-interaction and self-interaction trials. To assess whether the mean response varied between
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Figure 3.4: Percentage of responses when se-
lected option matches the audio

Figure 3.5: Average time taken when selected
option matches the audio

these two interaction modes, we conducted a paired-samples t-test. Using Python’s Pandas and

Scipy packages, three paired samples t-tests were performed which found no significant difference

in participant response when they classified based on the sound, appearance or neither between the

two modes of interaction (t(41) = −0.575,−0.230, 0.187; p-value = 0.568, 0.819, 0.853, respec-

tively). Thus, there is no evidence that interaction affected material judgments.

Further, observing Figures 3.3 and 3.5, we can see that the average decision times do not

depend on interaction or condition. Thus, we do no further investigations based on decision times

in this thesis.

3.3 Auditory Properties v/s Visual Appearance

When the auditory properties do not match the visual appearance, a person can respond in one of

four ways when classifying the target object’s material. They may match the material based on its

appearance or its sound, select a third option randomly, or choose a third option consistently for a

given combination (based on neither the sound played nor the appearance shown).

48



To evaluate how materials are perceived when there is an audiovisual mismatch, we plotted the

data to check if participants favored one modality over the other or if they selected an option based

neither on the visual component nor the auditory component.

3.3.1 Results for when option selected matched audio/visual/neither

Figure 3.6: Percentage distribution of responses show the percentage of times each participant has
classified the material based on either auditory information, visual information or selected a third
unrelated option

Figure 3.7: Distribution of participant response
when divided based on whether it matched the
sound, appearance or neither of the two

Figure 3.8: Difference in Log-odds of partici-
pant preference

Figure 3.6 shows the percentage of responses matched to the sound, to the appearance or to

neither of the two options for each participant. The average response of all participants is summa-
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rized in Figure 3.7, which shows that they tend to classify based on the audio signal first, followed

by a preference towards an unrelated third option over the visual component.

Signal preference can also be analyzed by calculating the log-odds. Per participant differences

in log-odds were obtained by calculating: loge(odds choosing audio) - loge(odds choosing video).

The log-odds were calculated for each participant from the random intercepts of logistic regres-

sion models for audio and visual matches. Figure 3.8 shows a histogram depicting this information,

where the y-axis is the number of participants and the x-axis is the difference in log-odds of par-

ticipant responses between responses matched to sound and matched to appearance. We can see

that very few participants tend towards visual information when conflicting auditory cues were

presented.

3.3.2 Statistical analysis of signal preference

Since interaction caused no significant differences in responses, we can analyze the data with-

out considering it by combining observations across interaction modes. This results in 20 data

points per condition per participant, for a total of 320 trials. We performed two repeated-measures

two-way ANOVAs, with texture and sound as the independent variables. The dependent variable

for the first ANOVA was the percentage of responses in which the participant categorized based

on sound, while for the second ANOVA, it was the percentage of responses based on visual texture.

We observe high F-values and very low p-values in both cases. For example, when examining

the effect of the interaction between the two input stimuli, F(9,369) = 29.3483, p-value = 2.0263

x 10−38, and η2p = 0.417 when the dependent variable is the percentage of participant responses

matched to audio. Similarly, when the dependent variable is the percentage of participant responses

matched to video, F(9,369) = 63.4160, p-value = 1.6870 x 10−69, η2p = 0.607.
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The high f-value and small p-value could be due to violation of the assumption of spheric-

ity of a repeated measures ANOVA. We ran the Mauchly’s sphericity test and confirmed that this

assumption is not being met. Thus, using the Greenhouse-geisser correction, we calculated the

epsilon correction and recalculated p-values but found no major changes in the outcomes. For all

corrected values see appendix section A.4.

These ANOVAs tell us that there are significant effects of texture and sound on response. To

better understand the effects, we then broke down the two-way ANOVA into a sets of 4 one-way

ANOVAs, where the appearance was kept constant while the audio factor was varied.

Consider one such one-way ANOVA case, where we keep the glass texture fixed and see how

varying the sound effects how participants categorized the materials. The independent variable is

the audio played (ignoring the matched condition we get 3 sounds: metal, plastic and wood) and

dependent variable is the percentage of times participants matched the presented stimulus to the

sound. Figures 3.9 shows the ANOVA results (F(2,82) = 39.8627 and p-value = 8.0623 x 10−13)

and below that is the Tukey pairwise comparisons between each of the categories (using Family-

wise error rate corrections with α = 0.05). We see that wood is selected significantly more than

metal and plastic (which is also visualized in Figure 3.10). This means that participants are more

likely to classify based on the sound when presented with a wood impact sound despite the object

appearing to be made of glass.

For cases where participants matched responses to sound, appearance, or neither, we performed

one-way ANOVAs and found that the main effect was significant in all cases (the associated tables

and pairwise comparisons are provided in Appendix A.4). Thus, for every texture or sound, the

likelihood of an auditory or visual match in a conflict scenario depended on the identity of the
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Figure 3.9: Repeated measure one-way ANOVA
and post-hoc pairwise test when texture is fixed
to glass and sound is varied

Figure 3.10: The frequency of responses
matched to audio (nAud) when texture is
glass and sound is varied

conflicting cues. Therefore, we will focus on post-hoc comparisons for each condition to better

understand the observed effects, which are summarized in the next section.

3.4 Analysis of individual testing conditions

When participants select a third, unrelated option for a target’s material, they may either choose

randomly or consistently select the same alternative for a given combination. The latter resembles

the McGurk effect, in which hearing one sound while seeing a different mouth movement reliably

leads to the perception of a third, distinct sound.

To determine whether a similar phenomenon occurs in material perception, we analyzed par-

ticipant responses across all 16 conditions. Figure 3.11 illustrates the percentage distribution of

responses for each condition, while detailed box plots for individual conditions are provided in

Appendix A.5.

Based on the graphs in Figure 3.11, we see that the likelihood of a response being based on the
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 3.11: Participant responses in all conditions. The peak response for a given condition
is indicated using - “ > ” symbol before the percentage label. The significance values of the
differences between the peak response and the other categories have been depicted using: ns as
p >= 0.05, “∗” = p−value < 0.05, “∗∗” = p−value < 0.01 and “∗∗∗” = p−value < 0.005.
The pairwise test tables are in Appendix A.5.
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Glass Audio Metal Audio Plastic Audio Wood Audio
Glass texture - Vision Dominant Anomaly Audio Dominant
Metal texture Anomaly - A/V Tie Audio Dominant
Plastic texture Anomaly A/V Tie - Audio Dominant
Wood texture Audio Dominant Audio Dominant Anomaly -

Table 3.1: Results of the statistical analysis. The cases where participants were equally likely to
select based on the sound or appearance are labeled ‘A/V Tie’.

audio, visual or other option vary on a case-by-case basis. Using the Tukey HSD pairwise tests

we checked to see if the differences in responses are statistically significant. The patterns of the

significant results are summarized in table 3.1 and the individual statistical tests for each condition

can be found in Appendix A.5.

For each condition, we generated bar charts and box plots and conducted pairwise Tukey HSD

tests with Familywise error rate corrections (α = 0.05). We then analyzed pairwise comparisons to

identify which response option was selected significantly more frequently than the others. Based

on the comparisons with the predominant choice, we categorized each condition as vision/texture

dominant, audio dominant, audio-visual tie, or ambiguous/anomalous.

Vision-dominant cases were those in which participants categorized based on appearance sig-

nificantly more often than other options. Audio-dominant cases were those where participants re-

lied significantly more on sound. Additionally, we introduced two other labels, Ambiguous/anomalous

cases and ‘Audio Visual Tie’ cases. The Ambiguous/anomalous cases exhibited greater variability,

often reflecting confusion between different categories. The ’Audio-Visual Tie’ cases were where

classification rates based on sound and texture did not differ significantly.

A few interesting observations can be immediately inferred from the table. In most cases where

wood was an element—either in sound or appearance—participants tended to categorize based on
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sound. In contrast, most cases involving plastic as an element resulted in some degree of ambiguity.

Notably, there was only one strongly visually dominant case: glass texture coupled with a metal

impact sound.

3.4.1 Audio dominant cases

A closer examination of the results reveals that all audio-dominant cases involved the wood mate-

rial. When presented with a wood impact sound, participants predominantly classified the target

as wood, regardless of its visual appearance.

Examining graphs (e), (i), and (j) from Figure 3.11, we identify two anomaly cases and one

audio-visual tie case, where some degree of confusion between glass and metal sounds is evident.

This observation is supported by the spectral analysis and distance calculations in Section 2.2.4

and Figure 2.7, which indicate a high degree of spectral similarity between glass and metal sounds.

These findings highlight the difficulty in distinguishing between the two materials based solely

on auditory cues. However, as seen in graphs (m) and (n), when a wood texture is presented,

participants’ ability to differentiate between glass and metal impact sounds improves significantly,

leading to the classification of these cases as audio-dominant.

3.4.2 Anomaly cases

As mentioned earlier, anomaly cases refer to instances where the predominant response did not

align with either the visual appearance or the sound, often resulting in considerable confusion

among multiple options. Figure 3.12 presents the box plots for these anomaly cases. Each anomaly

case is unique:

• Figure 3.12 (a) - when presented with glass texture and plastic audio, participants were

uncertain on whether to classify the material as glass, metal or plastic
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(a) (b)

(c) (d)

Figure 3.12: Box plots for the Anomaly cases
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• Figure 3.12 (b) - when presented with metal texture and glass audio, participants were

equally likely to categorize the material metal, plastic or wood.

• Figure 3.12 (c) - when presented with plastic texture and glass audio, participants were

confused between all the categories.

• Figure 3.12 (d) - when presented with wood texture and plastic audio, participants selected

metal and plastic the most often.

Figures 3.12 (a), (b) and (c) show that participants response was scattered across multiple cate-

gories, where as figures 3.12 (d) shows a tie between an expected option and an unexpected option.

Figure 3.12 (d) shows the strongest case of a potential audiovisual illusion, where despite be-

ing presented with a combination of wood texture and plastic audio, participants categorized it as

metal the most often (42.62%) followed by plastic. We also see metal being selected more often

than expected when presented with glass texture and plastic audio (Figure 3.12 (a)).

But this is not simply metal being selected as a type of default option in times of confusion, as

this behavior is not reflected in Figure 3.12 (c). In fact, in Figures (b) and (c), we see wood being

selected more often then expected instead.

The presence of these anomaly cases, as well as the audio-visual tie cases, provide evidence

that audio-visual illusions can occur in terms of material categorization.
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Chapter 4

Discussion and Conclusion

4.1 Summary

In this study, a VR headset was used to present a virtual target object that was struck with a rod

while an associated impact sound was played. The participant’s task was to classify the material

of the object. We aimed to investigate three key questions: whether participants favor one sense

over the other when presented with mismatched audiovisual stimuli, whether there is potential for

audiovisual illusions to occur, and whether agency influences material judgments.

Based on the data obtained and the analysis performed in the previous section, we can sum-

marize our findings as follows. First, there was no difference in classification response or clas-

sification time between the agent interaction trials and the self-interaction trials. Second, initial

graphical analysis suggests that participants most often classified materials based on sound. Sta-

tistical analysis confirmed this trend and indicated that cue preference depended on the specific

combinations of audio and texture presented. However, there were more audio-dominant cases

than visual-dominant ones, leading to the conclusion that material perception is influenced more

by auditory cues than by visual cues. Finally, in four of the sixteen conditions, we observed be-
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haviors suggesting the potential occurrence of audiovisual illusions, similar to the McGurk effect,

when auditory properties did not match visual properties.

4.1.1 Effect of Agency

Research on sound source localization (Brimijoin & Akeroyd, 2014; Kondo et al., 2012) suggests

that allowing participants to move freely in virtual space typically improves accuracy of the tasks

performed. Inspired by these findings, we sought to determine whether permitting participants to

interact with an object themselves would similarly enhance their material judgment.

After completing the task, participants were asked whether they had a preference between the

two modes of interaction. Some preferred the agent-interaction mode, as the agent consistently

struck the rod with the same force and speed, ensuring uniform sound volume and making it easier

to anticipate the impact event. Additionally, some participants noted that in self-interaction mode,

they had to divide their attention between performing the action and observing the object, which

they found challenging. Others favored the self-interaction mode, appreciating the freedom to con-

trol the force, speed, and timing of their strikes. Given that the force of the impact also determined

the loudness of the sound, they were able to choose how loud or soft the impact had to be (and thus

select their desired volume for the audio stimulus). And finally, there were a few participants who

did not have a preference and found both modes of interaction to be equivalent.

Our data indicated that although most participants had a personal preference for a particular

mode of interaction, their performance did not vary between conditions. We compared the per-

centage of correctly identified responses in the matching condition (Figure 3.2), as well as the

percentage of responses categorized based on auditory cues, visual cues, or neither during mis-
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matched conditions (Figures A.10 and A.11 in the appendix). Additionally, we analyzed average

response times for these cases. Both graphical and statistical analyses revealed that interaction

mode had no significant effect, as the average response accuracy and response times were sta-

tistically indistinguishable between agent-interaction and self-interaction trials. Furthermore, an

analysis of individual responses, grouped according to participants’ stated preferences, showed no

differences in performance between the two modes of interaction.”

This could be because the action being performed and observed were very simple and similar,

in which case agency may not matter. That is, to keep the agent interaction and self-interaction

trials comparable, we restricted the degree of freedom that free interaction with an object usually

entails. Even though the goal was to compare the sounds made by the target object, participants

were not allowed to tap multiple times or do any other action like scraping the rod across the

surface, dropping it on the floor etc. It is possible that allowing participants to interact with the

object with more freedom may lead to different results.

4.1.2 Auditory dominance over visual

Given the multi-sensory nature of material perception, it is hard to say if one sense is inherently

more important than another. Fujisaki et al. (2014) extensively studied this with 48 audiovisual

combinations made from 13 material categories (six visual stimuli and seven auditory stimuli).

They concluded that auditory inputs had more dominance over visual inputs during cue-conflicts.

However, their study was performed using an LCD monitor - a non-immersive device. This makes

it hard to generalize their results. The lack of depth cues could have caused the visual stimulus to

be less informative and reliable. This could be one of the reasons why participants relied more on

the auditory stimulus.
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Anderson et al. (2016) conducted experiments focused on understanding multimodal integra-

tion of audiovisual information for material perception in VR. The results for their cue conflict

conditions suggested that neither of the two senses have dominance over the other (except when

visual cues were diminished, in that case the participants relied on the auditory cues). However,

given the small number of cases tested, they stated that expanding on their experiment would give

a clearer idea.

Our study addressed these limitations and helped reconcile the findings of the two previous

studies. By conducting our experiment in VR, we created a more immersive environment than that

of Fujisaki et al. (2014). The inclusion of depth cues and 3D spatial sound better simulated real-

world conditions, enhancing the generalizability of our results. Furthermore, our experiment was

more extensive and comprehensive than that of Anderson et al. (2016). We tested four materials

and created 16 conditions by examining all possible combinations of sounds and textures, allowing

for a thorough investigation of the effects of mismatched audiovisual stimuli under various condi-

tions.

All audio-dominant cases involved the wood material, likely because participants found the

wooden impact sounds to be the most distinctive. The distinctiveness was so strong that even

when a transparent glass plate or a metal plate was paired with a wood impact sound, participants

showed a strong tendency to categorize the object as wood.

Further, based on our spectral analysis, we could see that glass and metal sounds were very

similar, while plastic and wood shared more similarities. In our data, we see this manifesting as

confusion when distinguishing between glass and metal sounds (as seen in graphs 3.11 (e), (i), (j)).

This is similar to results reported in the study by Lemaitre & Heller (2012) where they found that

it was harder for listeners to distinguish between similar material categories like wood-plastic and
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metal-glass.

Despite this confusion, participants were able to distinguish between glass and metal sounds

when presented with a wood texture. As shown in Figures 3.11 (m) and (n), when a wood texture

was paired with either glass or metal impact sounds, participants were more likely to categorize

the material based on the auditory cue. This suggests that although differentiating between glass

and metal sounds alone was challenging, participants were able to do so when the visual element

was distinctly different from their expectations of what the sounds should match.

The only visually dominant case was when glass texture was paired with a metal impact sound.

As previously noted, glass and metal sounds were the most difficult to distinguish. This difficulty

may explain why, in this case, participants relied more heavily on visual appearance for classifica-

tion.

There were two cases where participants were equally likely to categorize based on sounds or

appearances - plastic texture combined with metal audio and metal texture combined with plastic

audio.

Re-examining Table 3.1, we observe a high amounts of ambiguity associated with the plas-

tic material. With the exception of the matched condition and the case where plastic texture was

paired with wood audio, all conditions involving plastic were either classified as audio-visual ties

or anomaly cases. Notably, the only anomaly or audio-visual tie case that did not involve plas-

tic—either as the auditory or visual component—was the condition where a metal texture was

paired with glass audio. A possible explanation for this ambiguity is that, despite plastic being a

common material in everyday life, it exists in many different forms, leading to significant variabil-

ity in its appearance and sound. The plastic sample used in this experiment was acetal plastic in
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the form of 1/4” and 3/8” thick slabs, whereas plastic is more commonly encountered in thinner

variations, such as bottles, cutlery, and plates. As a result, the plastic sounds used in this study may

have differed from participants’ expectations, contributing to increased confusion during mismatch

conditions.

Overall, we see more audio dominant cases than visual dominant conditions. Based on this,

we can conclude that audio has more dominance when matched with conflicting visual textures for

material categorization. Thus, our results are in-line with the conclusions drawn by Fujisaki et al.

(2014) who investigated the same phenomena using non-immersive displays (LCD monitor).

There are several possible reasons why sound may have dominance over visual inputs in ma-

terial categorization. One explanation is a lower trust in visual appearances due to the increasing

prevalence of faux materials in real life, which are often used to disguise lower-quality materials

or conceal faults in products. Another possibility is the lower level of immersion in VR compared

to reality, where underperforming graphics may lead participants to rely less on visual information

and compensate by relying more on other senses.

4.1.3 Potential for Audiovisual illusions

In Chapter 1.4 we discussed several cases of how incongruent sounds and visual appearances can

skew perception (Gau & Noppeney, 2016; Hidaka & Ide, 2015; Teramoto et al., 2012) and also give

rise to audiovisual illusions (Hirst et al., 2020; McGurk & MacDonald, 1976; Moris Fernandez et

al., 2017; Shams et al., 2005, 2000). We see a similar potential in this study when incongruent

sounds and visual textures are presented for material categorization tasks. This is demonstrated by

the existence of our anomaly cases. The anomaly cases we observed in our study were:

• Metal texture and glass audio (where participants were equally likely to categorize it as
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metal, plastic and wood)

• Plastic texture and glass audio (where participants were equally likely to categorize it as any

of the presented options)

• Glass texture and plastic audio (where participants were equally likely to categorize it as

glass, metal or plastic)

• Wood texture and plastic audio (where participants were equally likely to categorize it as

metal or plastic)

These cases were classified as anomaly cases because participants did not exhibit a clear pref-

erence for any single material, and often their selections did not consistently align with either the

sound or the appearance. Participant responses were distributed across multiple options, with the

exception of the wood texture paired with plastic audio (where it was a tie between 2 options).

This condition presented the strongest evidence for a potential audiovisual illusion, as participants

most frequently categorized it as metal, followed by plastic. One possible explanation for this

preference toward metal is the use of a metal rod to generate the impact sounds in this experiment.

Although the rod remained constant across all recorded sounds, it may have subtly influenced the

final acoustic properties. In this case, participants may have been uncertain enough to resort to

classifying on the rod’s material instead. This could also explain why metal was selected more

frequently than expected when glass texture was paired with plastic audio (Figure 3.15 (a)).

But this does not justify the behavior seen for the other two anomaly cases where we see par-

ticipants selecting wood more often than one would assume. This is a point of interest because

looking at the audio dominant cases, it is evident that wooden impact sounds are very distinct. De-

spite this, as shown in Figures 3.15 (b) and (c), when presented with glass impact sounds coupled

with plastic or metal textures, participants categorized the material as wood more frequently than

expected.

64



One thing to note about the effects seen in this study is that they may be specific to the ma-

terials used to generate the sounds. If we change factors like the dimensions, hollowness, the

specific type of metal/plastic/wood used etc, it will cause a change in the impact sounds gener-

ated and may also change the effects seen here. While the specific effects may shift and vary,

based on the results of this study and the study conducted by Fujisaki et al. (2014), it is likely

that we will continue to witness some variation of audiovisual illusions. Further, our study is

specifically about understanding how audio-visual cue conflicts affect our material categorization

in VR. While we managed to replicate one of the major findings of the non-immersive version of

this experiment (material categorization being more audio dominant), if we were to change medi-

ums to non-immersive or semi-immersive displays, the exact illusions seen in our experiment may

change. More research is needed to understand interactions between signals of different material

combinations under different immersive conditions.

4.1.4 Relevance of the study

Real-time visual graphics quality has already been pushed to the limits of current technology, and

further advancements will require significant investments in terms of cost, hardware, computa-

tional power, and memory. Our research highlights the crucial role of sound in virtual simulations,

demonstrating that effective soundscaping can reinforce visual information and enhance immer-

sion. Since improving graphics often necessitates costly hardware upgrades, investing in high-

quality sound design presents a more cost-effective alternative that is likely to yield substantial

improvements in user experience.

Audiovisual illusions can also be employed for entertainment purposes in the gaming indus-

try, including inducing confusion, distorting perception of the environment, enhancing immersion
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through cues, or providing hints to players (Garner et al., 2010; Zlobin, 2024). One example is

their use in horror or mystery games to create a sense of ’wrongness’ by making subtle changes to

the environment that unsettle or confuse the player. With respect to our findings, one such case can

be altering the sound of a wooden door to instead sound like plastic, making it difficult for players

to determine whether they can break it with enough force, as they are likely to perceive it as a

metal door. Current research on effective soundscaping is regularly applied to enhance the gam-

ing experience (Cao et al., 2023; Guillen et al., 2021). However, VR game development remains

a relatively new field with limited corresponding research. Understanding how to create a more

immersive experience is essential, and insights into perceptual manipulation can serve as valuable

narrative tools.

Lastly, knowing how sounds interfere or integrate during VR simulations can guide the tech-

nical hardware specifications of newer headsets, leading to better hardware, specialized recording

equipment, and new sound generation techniques.

4.2 Limitations and future work

Material perception is a multisensory phenomenon influenced by the combined processing of mul-

tiple sensory signals. Additionally, individual perception is shaped by various biological factors

and personal experiences accumulated over a lifetime. The following subsections discuss impor-

tant factors that may affect an individual’s perception. Since our study does not account for these

variables, they also represent limitations that highlight opportunities for future research.

4.2.1 Age and gender

The dataset in this study, is unbalanced between male and female participants. We had an over-

representation of female participants in our study. This is a potential concern as it is currently
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unknown if there are any gender based effects with regards to material perception in VR. Ad-

ditionally, the majority of the participants were undergraduate students around the age of 18-20

years. This is a very young demographic and the results can thus, not be generalized for all age

groups.

The affect of age on perception is a an area of research that has always been of interest in

the scientific community. The brain relies on information that it has previously encountered to

contextualize events it perceives in real time. This means that perception relies on integration of

sensory input with the prior knowledge gathered through past experiences. The commonly agreed

upon theory is that with increasing age, susceptibility to audio-visual illusions also increases and

the intensity or magnitude of the illusions perceived tells us the relative degree by which the brain

relies on prior knowledge (Chan et al., 2021; Moran et al., 2014; Petzschner et al., 2015; Seriès

& Seitz, 2013). However, recent studies on the effects of age on various visual phenomena have

proven that this hypothesis is over-generalizing the effects of age.

Mazuz et al. (2024) published a recent study on the effect of age on three different visual il-

lusions - the Ponzo illusion, the Ebbinghaus, and the Height-width illusions. They concluded that

these illusions were the results of different perceptual mechanisms, leading to differences in the

overall effect of age across the illusions.

Additionally, existing studies centered on the effects of aging on perception of audiovisual

stimuli are usually with regards to speech (Avivi-Reich et al., 2018; Boncz et al., 2024; Füllgrabe

et al., 2015; Rahne et al., 2023; Yang et al., 2022). To better understand the impact of age on

material perception in VR, future studies should include a more diverse range of age groups.
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4.2.2 Level of musical experience and training

Given that audio was found to be a dominating factor in our study, another point of interest is the

affect of musical training on our perception. The dataset collected for our study, did not have an

equal distribution of musicians and non-musicians which prevented us from analyzing the effects

of musical training. Previous studies (Burns & Houtsma, 1999; Hennessy et al., 2022; Liang et al.,

2016; Spiegel & Watson, 1984) have reported that musicians outperformed non musicians in their

respective experiments related to frequency discrimination, harmonics and identifying speech in

noise. However, there are also studies where there was no difference between the performance of

the two groups for their given tasks (Boebinger et al., 2015; Eagleson & Eagleson, 1947; Lutfi et

al., 2005).

These mixed results and our limited data prevent us from generalizing the effect of musical

training on material perception. Further, little to no studies exist that test the difference in percep-

tion of musicians and non musicians in virtual reality or in the field of material perception and is

thus an area that that future research can explore.

4.2.3 Quality of the signal used

Prior work has also shown that equipment, environment and recording techniques affect our per-

ception of sound and its quality (Peters et al., 2013). This is important as higher sound quality

leads to better immersion and higher reliability - be it in games (Moreira et al., 2019), in virtual

simulations (Bonneel et al., 2010) or in assimilating information (Newman & Schwarz, 2018).

Given that studies have also shown that sound can both aid and hinder visual perception (Hidaka

& Ide, 2015; Teramoto et al., 2012; Williams et al., 2021), it is possible that the sound quality in

an audiovisual virtual simulation may affect material perception. Thus, follow-up experiments can
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be designed to see how differing sound quality affects our material perception in VR.

4.2.4 Physical samples and sound generation

As discussed in Chapter 1.1 we can infer a lot of information about an object’s physical properties

like material, shape, size, thickness, hollowness etc. from sound (Dimiccoli et al., 2022; Fujisaki

et al., 2014; Giordano & McAdams, 2006; Grassi, 2005; Grassi et al., 2013; Klatzky et al., 2000;

Kunkler-Peck & Turvey, 2000; Lutfi, 2001). Further, we know that humans are also able to tell

apart different materials within the same category based on sound (El-Hadad et al., 2018; Wegst,

2006). And finally, based on the experiments conducted in this study, we can say that mismatch

between the auditory properties and visual elements can lead to audiovisual illusions.

This means that if recording of impact sounds are used, then they have to be generated from

objects of physical properties similar to what is being simulated in VR. For controlled studies like

ours, recording the auditory stimulus under carefully controlled circumstances is necessary but

more importantly, it is feasible. It is relatively easy to source material samples of the desired di-

mensions, creating a tapping mechanism to control and keep constant the force and speed of impact

and selecting a suitable recording environment with appropriate recording equipment. However,

for large-scale studies requiring a greater variety of sound samples, it would be more effective to

use modern sound synthesis methods, which can generate sounds that are nearly indistinguishable

from recorded ones (Aramaki & Kronland-Martinet, 2006; Lutfi et al., 2005; Su et al., 2023).

Lastly, stereo sounds were recorded and presented using Unity’s sound spatialization technol-

ogy, which took into account things like source of sound, position, distance and direction with

respect to the headset and scaled sounds accordingly. In order to allow some degree of freedom,
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the force used by the participant at the time of impact was taken into account and the volume of the

impact was adjusted with respect to that. This means that the more force used to strike the object,

the louder the sound.

For this study we assumed a linear relationship between the impact sound and force used to

generate it. When we strike an object harder, the force applied increases, leading to higher vibration

amplitudes in the material. In the ideal cases, the sound intensity (power) would be proportional

to the force used but perceived loudness is based on a logarithmic scale and is thus, not linear. If

both the sound-producing medium (e.g., a speaker or vibrating surface) and the perceptual system

(our hearing) were to behave linearly, then doubling the amplitude would indeed double the per-

ceived amplitude. However, human hearing responds approximately logarithmically to amplitude

(which is why we use decibels to measure loudness), purely linear changes in signal amplitude

won’t match our sense of how the loudness of a sound sample should scale. Long samples give

more context, making potential mismatches in perceived loudness more noticeable. However, with

short, transient sounds (like those used in our study), it may be harder for listeners to identify

unnatural loudness scaling because there’s less time for the ear/brain to form an expectation or

compare.

Follow-up experiments are required to investigate whether taking this into consideration (for

impact sounds) and simulating loudness with a higher degree of realism could lead to different

results.

4.3 Work in progress

Currently, follow-up experiments are being carried out to see how sensitive human perception is

when we change the material of the rod used to generate the sound. This involves carrying out
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the same experiment but with sound samples generated using a glass rod, metal rod and plastic

rod. Further, for each rod, the trials are split into three blocks during which different levels of

background noise is being induced (no noise, low levels of noise - 0.05 dB and high levels of noise

- 0.1 dB). This is being done to see how reduced sound quality affects our.

4.4 Conclusion

Material perception in VR based on conflicting audiovisual stimuli remains a relatively unexplored

field with significant potential for further research. The results of this study suggest that auditory

cues are relied upon more frequently than visual cues when classifying materials. Additionally,

observing an interaction performed by another person, as opposed to actively participating in the

same interaction, did not influence material perception of the object involved. Finally, the find-

ings indicate a potential for audiovisual illusions to occur when conflicting stimuli are presented

in a material categorization task. While the specific nature and effects of these illusions may vary

depending on several factors, the results of this study suggest that when presented with conflict-

ing audiovisual cues in material perception tasks, some variations of these illusions are likely to

emerge.
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Appendix A

A.1 Spectral analysis

In order to analyze and compare the sounds, we calculated the spectral centroid, spectral bandwidth

and spectral contrast of each of these sounds. These features were then combined into feature

vectors and used to calculate the euclidean distance as a way of comparing the similarity between

the sound samples. Figure A.1 details these features.

Figure A.1: The features calculated for checking similarity of sound samples
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A.2 Individual participant data

Figures A.1 and A.2 show how individual participant response varied during the matching con-

dition. We can also see that while individual response varies, participant response across agent

interaction and self-interaction remains constant.

Figure A.2: Percentage of responses where the options selected matched the audio and appearance
of the target - after the datasets from the less attentive participants were dropped

Figure A.3: Average time taken to select an option during the matching condition

We can observe a few things:,

• Average decision times vary greatly between participants (see Figure A.1) but when we ob-

serve graphs plotting averages across any of the groups (self interaction vs. agent interaction

in Figure 3.2, 3.3. 3.4, 3.5; responses categorized based on sound, sight or neither of the two

in Figures 3.6, 3.7, A.10, A.11) we see that there are no noticeable patterns.
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• While there are individual differences in the number of responses a participant gets correct

during the matching condition, even on an individual level, there is little difference between

the number of correct responses correctly identified in the self interaction trials vs. the agent

interaction trials (as seen in Figures A.2 and A.3).

• While there are a few participants that have a high tendency to rely on the visual information,

most participants tend towards the auditory cues.

Figure A.4: Percentage of responses where the options selected matches the audio of the target

Figure A.5: Average time taken when the option selected matches the audio
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Figure A.6: Percentage of responses where the options selected matches the appearance of the
target

Figure A.7: Average time taken when the option selected matches the appearance

Figure A.8: Percentage of responses where the options selected matches neither the audio nor the
appearance of the target
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Figure A.9: Average time taken when the option selected matches neither the audio nor the appear-
ance

A.3 Comparing agent-interaction with self-interaction when op-

tion selected matches audio/visuals/neither

In section 3.2 we compared how response did not vary between self-interaction blocks and agent-

interaction blocks. Some more graphs and comparisons can be seen in this subsection.

Figure A.10: Percentage of response distribu-
tion for agent interaction trials

Figure A.11: Percentage of response distribu-
tion for self-interaction trials

Looking at Figures A.10-A.13, we see comparable results for Self-interaction and Agent-

interaction thus supporting the conclusions from Section 3.2.
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Figure A.12: Average time taken for the three
categories during the agent interaction trials

Figure A.13: Average time taken for the three
categories during the self-interaction trials

A.4 ANOVA and post-hoc analysis for signal preferences

In section 3.3.2, we performed 2 two-way repeated-measures ANOVAs. The independent variables

were the audio played and the visual texture shown. The dependent variables were the percentage

of responses participants matched to either the sound or the visual appearance. Since the assump-

tion of Sphericity was not being met, we also performed the Greenhouse-geisser corrections for

adjusting the degrees of freedom and p-values. Figures A.14 and A.15 show this data in tabular

format.

Figure A.14: The results of the two way repeated measures ANOVA where the dependent variable
is the percentage of participant responses that match the sound played. E-gg is the epsilon correc-
tion to be applied.

We also performed a series of repeated measures one-way ANOVAs to analyze signal prefer-

ence. The analysis and graphs not included in that section are added here. In the graphs of A.16 -
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Figure A.15: The results of the two way repeated measures ANOVA where the dependent variable
is the percentage of participant responses that match the texture shown. E-gg is the epsilon correc-
tion to be applied.

A.27, on the y-axis, ‘nAud’ is the number of times a participant has selected the option on the basis

of the sound, ‘nVid’ is the number of times they have selected on the basis of the appearance and

‘nNei’ is the number of times they matched the option selected to a third different option (unrelated

to the sound or the appearance presented).

Figure A.16: Repeated measures one-way ANOVA when texture is fixed to glass and sounds are
varied. The dependent variable is the frequency of the responses matched to the sound. Followed
by the associated post-hoc Tukey HSD test and graphical representation
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Figure A.17: Repeated measures one-way ANOVA when texture is fixed to glass and sounds are
varied. The dependent variable is the frequency of the responses matched to the texture. Followed
by the associated post-hoc Tukey HSD test and graphical representation

Figure A.18: Repeated measures one-way ANOVA when texture is fixed to glass and sounds are
varied. The dependent variable is the frequency of the responses matched to neither the sound nor
the texture. Followed by the associated post-hoc Tukey HSD test and graphical representation
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Figure A.19: Repeated measures one-way ANOVA when texture is fixed to metal and sounds are
varied. The dependent variable is the frequency of the responses matched to the sound. Followed
by the associated post-hoc Tukey HSD test and graphical representation

Figure A.20: Repeated measures one-way ANOVA when texture is fixed to metal and sounds are
varied. The dependent variable is the frequency of the responses matched to the texture. Followed
by the associated post-hoc Tukey HSD test and graphical representation
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Figure A.21: Repeated measures one-way ANOVA when texture is fixed to metal and sounds are
varied. The dependent variable is the frequency of the responses matched to neither the sound nor
the texture. Followed by the associated post-hoc Tukey HSD test and graphical representation

Figure A.22: Repeated measures one-way ANOVA when texture is fixed to plastic and sounds are
varied. The dependent variable is the frequency of the responses matched to the sound. Followed
by the associated post-hoc Tukey HSD test and graphical representation
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Figure A.23: Repeated measures one-way ANOVA when texture is fixed to plastic and sounds are
varied. The dependent variable is the frequency of the responses matched to the texture. Followed
by the associated post-hoc Tukey HSD test and graphical representation

Figure A.24: Repeated measures one-way ANOVA when texture is fixed to plastic and sounds are
varied. The dependent variable is the frequency of the responses matched to neither the sound nor
the texture. Followed by the associated post-hoc Tukey HSD test and graphical representation
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Figure A.25: Repeated measures one-way ANOVA when texture is fixed to wood and sounds are
varied. The dependent variable is the frequency of the responses matched to the sound. Followed
by the associated post-hoc Tukey HSD test and graphical representation

Figure A.26: Repeated measures one-way ANOVA when texture is fixed to wood and sounds are
varied. The dependent variable is the frequency of the responses matched to the texture. Followed
by the associated post-hoc Tukey HSD test and graphical representation

83



Figure A.27: Repeated measures one-way ANOVA when texture is fixed to wood and sounds are
varied. The dependent variable is the frequency of the responses matched to neither the sound nor
the texture. Followed by the associated post-hoc Tukey HSD test and graphical representation

A.5 Pairwise comparison to statistically check the significance

of the different conditions

In section 3.4 we analyzed the response distribution of each of the 16 testing conditions. Figure

3.11 represented this information in a grid of charts. Statistical pairwise Tukey HSD tests were

carried out to check the significace of this grid of graphs and ascertain what options were selected

the most for each condition. Familywise error rate corrections (with α = 0.05 were carried out

during the analysis using Tukey’s procedure. All conditions’ pairwise analysis is added in this

section and the summary of these results is included in Table 3.1 in the section 3.4.

We can see that:

• In Figures A.28, A.33, A.38 and A.43, for the matching conditions, the material being dis-

played is always the predominant option selected.

• In Figure A.29, for the case of Glass texture coupled with Metal audio, responses to all

options were statistically different from each other with Glass being the most selected and

metal being the second most selected options, making it a visual dominant case.
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Figure A.28: Box plot of the glass texture and glass audio condition with the associated Tukey
HSD pairwise test

Figure A.29: Box plot of the glass texture and metal audio condition with the associated Tukey
HSD pairwise test

Figure A.30: Box plot of the glass texture and plastic audio condition with the associated Tukey
HSD pairwise test
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Figure A.31: Box plot of the glass texture and wood audio condition with the associated Tukey
HSD pairwise test

Figure A.32: Box plot of the metal texture and glass audio condition with the associated Tukey
HSD pairwise test

Figure A.33: Box plot of the metal texture and metal audio condition with the associated Tukey
HSD pairwise test
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Figure A.34: Box plot of the metal texture and plastic audio condition with the associated Tukey
HSD pairwise test

Figure A.35: Box plot of the metal texture and wood audio condition with the associated Tukey
HSD pairwise test

Figure A.36: Box plot of the plastic texture and glass audio condition with the associated Tukey
HSD pairwise test
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Figure A.37: Box plot of the plastic texture and metal audio condition with the associated Tukey
HSD pairwise test

Figure A.38: Box plot of the plastic texture and plastic audio condition with the associated Tukey
HSD pairwise test

Figure A.39: Box plot of the plastic texture and wood audio condition with the associated Tukey
HSD pairwise test
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Figure A.40: Box plot of the wood texture and glass audio condition with the associated Tukey
HSD pairwise test

Figure A.41: Box plot of the wood texture and metal audio condition with the associated Tukey
HSD pairwise test

Figure A.42: Box plot of the wood texture and plastic audio condition with the associated Tukey
HSD pairwise test
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Figure A.43: Box plot of the wood texture and wood audio condition with the associated Tukey
HSD pairwise test

• In Figure A.30, for the case of Glass texture coupled with Plastic audio, we have a tie across

3 categories: glass, metal and plastic. Thus, being labeled an anomaly condition. Similarly,

in A.32 and A.36 we see ties between multiple responses and no clear predominant option

selected, thus we mark them as anomaly cases as well.

• In Figures A.31, A.35, A.39, for the cases of Glass texture coupled with Wood audio, Metal

texture coupled with wood and Plastic texture and Wood audio, wood is the predominant

option selected, making them audio dominant cases.

• In Figure A.34, for the case of Metal texture coupled with Plastic audio, there is no statical

difference between the responses for metal and plastic options, and is thus, an Audio-visual

tie case. This is also seen in Figures A.37 (Plastic texture and Metal Audio) where the top-

most selected options matched the sound and appearance and were not statistically different

from each other.

• In Figures A.40 and A.41, for the cases of Wood texture coupled with Glass or Metal au-

dio, the predominant option selected was glass and metal respectively, making them audio

dominant cases.

• In Figure A.42, we see another anomaly case where Wood texture is coupled with plastic

audio. The predominant response is a tie between Metal and Plastic. While plastic is a
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given, metal is an unrelated response selected here.
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