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Abstract 

The middle ear is a complex organ that plays a vital role in the hearing process. This thesis 

attempts to investigate different aspects of the biomechanics of the middle ear for diagnosis 

and treatment. This thesis can be divided into three broad categories which are, analysis of the 

effects of uncertainties of the middle-ear model parameters and finding the most influential 

parameters on the vibrations of middle-ear structures, estimation of the material properties of 

the structures in the middle ear for diagnostic purposes, and investigation of the effects of 

attachment of medical devices to the tympanic membrane on the middle-ear vibrations.   

The inter-individual variabilities in the material properties and geometrical features of the 

middle ear lead to uncertainties in the middle-ear responses and the models of the middle ear. 

To be able to develop realistic models of the middle ear, we need to have a clear understanding 

of the effects of these uncertainties on the middle ear vibrations. However, these effects and 

especially the interactions of uncertainties with one another have not been well addressed in 

the literature. We used stochastic finite-element method to study the effects of these 

uncertainties on the sound conduction in the middle ear. Our results suggest that the 

uncertainties in the model parameters can be magnified by up to more than three times in the 

umbo and stapes footplate responses. Additionally, we used our stochastic finite-element 

model results to perform a global sensitivity analysis of middle-ear parameters. For this aim, 

we used the Sobol′ sensitivity analysis method that can evaluate the global impact of model 

parameters as well as the interactions among them. To reduce the computational cost of 

evaluating Sobol′ indices, we first created surrogate models of the middle ear using the 

polynomial chaos expansion method. We then estimated the values of Sobol′ indices from 

these surrogate models. Our results suggest that Young’s modulus and thickness of the 

tympanic membrane, Young’s modulus and damping of the stapedial annular ligament, and 

the Young’s modulus of the ossicles are the parameters with the greatest impacts on the 

amplitudes of the umbo and stapes footplate and the phase of the stapes footplate. The greatest 

interactions in the parameters were observed between the thickness and Young’s modulus of 

the tympanic membrane.  
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In this thesis, we also proposed a novel method for material characterization of the middle ear. 

In the first step, the method was used to estimate the Young’s modulus of 2D thin planar 

structures using single frequency full-field harmonic vibration data of the structure. Our 

proposed method uses Bayesian optimization for parameter estimation and we found that the 

estimated values of the Young’s modulus had errors of less than 5% even with very low values 

of signal-to-noise ratio. In the next step, we made some changes to the method to make it 

suitable to apply to the tympanic membrane. In order to increase the speed of the parameter 

estimation of the middle-ear structures and make the proposed estimation method suitable for 

future real-time applications, we combined our parameter estimation method with machine-

learning-based surrogate models created using the eXtreme gradient boosting (XGBoost) 

method. The results show that the created surrogate models can fairly represent the behaviours 

of the middle ear. Also, the proposed machine-learning-based parameter estimation method 

can estimate the Young’s modulus of the tympanic membrane and the Young’s modulus of the 

stapedial annular ligament (with mean absolute percentage errors of less than 7%) which are 

among the most influential mechanical parameters in the middle ear as was demonstrated using 

our global sensitivity analysis.  

Another objective of this study was to identify the mechanical and acoustical effects of medical 

devices attached to the tympanic membrane on middle-ear vibrations. The outcomes of this 

section can lead to optimizing current and future medical devices that are designed to be 

attached to the tympanic membrane. We used finite-element modelling to systematically study 

the effects of changes of middle-ear responses as a result of the attachment of the device. We 

first investigated the mechanical effects of the attachment of the device (due to changes in the 

mass and stiffness of the middle ear) on the sound conduction in the middle ear. We found that 

variations of the material properties of the device have significant effects on the umbo and 

stapes footplate motions at frequencies below 5 kHz. We also observed that the variations of 

geometrical properties of the device and its location on the tympanic membrane can have 

significant effects on the middle-ear vibrations at several frequencies in the frequency range 

of 100 Hz to 10 kHz. In the next step, we studied the acoustical effects of the medical device 
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and its combination with the mechanical effects of the device. The acoustical effects of the 

device are significant if the desired treatment method requires perforating the tympanic 

membrane in addition to attaching a medical device to it. We observed that when both the 

mechanical effects (due to the mass and stiffness of the device) and the acoustical effects (due 

to perforations of the tympanic membrane) are present, the acoustical effects are dominant at 

low frequencies (below about 1 kHz) while the mechanical effects are dominant at frequencies 

above 1 kHz. 
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Chapter 1 

Introduction 

1.1 Motivation 

The middle ear plays a vital role in the hearing process by conducting sound energy, which 

enters through the ear canal, to the inner ear. In fact, the middle ear facilitates the effective 

transfer of acoustic energy from the low-impedance air to the high-impedance inner ear fluid 

by acting like an impedance transformer [1]. Investigating the biomechanics of the middle ear 

helps us to improve our fundamental knowledge of the hearing process and can provide new 

insights for developing new diagnostic and treatment methods for middle ear pathologies. The 

core motivation of the current study has been to explore untouched research areas, related to 

the biomechanics of the middle ear, that can assist future researchers in the development of 

diagnostic and treatment methods for middle-ear pathologies. In what follows, we introduce 

these research areas and our specific motivation for each one of them.  

One of the common procedures for the treatment of several middle-ear pathologies is using 

implantable medical devices. Implantable medical devices can be used for a variety of 

applications. For instance, a common treatment method for otitis media, a group of 

inflammatory diseases that can happen in the middle ear and is very common in children [2], 

is placing a specific medical device called “tympanostomy tube”. Other examples of 

implantable middle-ear medical devices include different types of transducers that are used to 

compensate for the loss of functionality of a particular structure in the middle ear [3]. Studying 

the mechanical and acoustical effects of these medical devices on sound conduction in the 

middle ear enables the optimization of similar devices in the future. Although currently there 

are some studies on the effects of attachment of some types of middle-ear implants on middle-

ear vibrations [4]–[6], there are very few studies that have focused on the attachment of medical 

devices to the tympanic membrane (TM). Analyzing the mechanical and acoustical effects of 

implantable hearing devices attached to the TM was one of the motivations for this study. Such 

a study can facilitate the optimal design of future medical devices so that their attachment 

results in the least adverse effect on sound conduction in the middle ear. 
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Finite-element (FE) models of the middle ear are powerful tools that can be employed in 

diagnostic methods and in the design of implantable medical devices. Although in the last forty 

years, models of middle-ear have been widely used for simulating the biomechanics of middle-

ear, still these models are not reliable enough to be employed in diagnostic and therapeutic 

approaches [7]. One reason for this is that most of these models are deterministic and do not 

consider the effects of intrinsic inter-individual variabilities, which are inseparable parts of 

biological structures. These variabilities can be seen for example in the measurements of umbo 

and stapes footplate motions in the populations of middle ears (e.g., Aibara et al. and 

Whittemore et al. [8], [9]). These inter-individual variabilities lead to uncertainties in the 

values of mechanical and geometrical parameters of the middle-ear models. In order to be able 

to use middle-ear models reliably, it is vital to have a clear understanding of the effects of these 

uncertainties in the parameters of middle-ear models on the uncertainty in the vibrations of 

middle-ear structures. Providing a systematic analysis of the effects of these uncertainties on 

the middle ear vibration outputs was another motivation for the current study.  

Additionally, the middle ear includes several structures and even if we consider the simplest 

linear elastic assumption for all these structures, we end up having tens of model parameters. 

The global impact of the mechanical and geometrical properties of most structures of the 

middle ear on its vibrations and also the interactions among these parameters are still unknown. 

Understanding the effects of each parameter on the sound conduction in the middle ear can 

ease the interpretation of diagnostic results [10], and can significantly reduce the time required 

for tuning future patient-specific models of the middle ear. Studying the effects of variations 

of parameters in the middle ear to provide a clear-cut understanding of the importance of each 

of the parameters was another motivation for this study. 

Along with the previously mentioned items, another motivation for the current thesis was to 

propose and develop novel non-invasive diagnostic methods that can be eventually used for 

detecting middle-ear pathologies based on the estimations of the mechanical properties of 

middle-ear structures. The mechanical properties of tissues undergo changes when the tissue 

is diseased [11], and thus can be used as a diagnostic index for different diseases. In the area 
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of middle-ear mechanics, there is a growing need for such non-invasive diagnostic methods 

that can be eventually used in clinical applications upon further development.   

1.2 Objectives 

This thesis covers three board categories. In this section, we list these categories and the 

specific objectives for each of them.  

The first part of this study is an investigation on the effects of uncertainties in the middle ear 

(Chapters 2 and 3). The specific objectives for this part are: 

1. To Study the effects of uncertainties in the values of mechanical and geometrical 

parameters of different structures in the middle-ear models on sound conduction in the 

middle ear. 

2. To analyze the global impact of mechanical and geometrical parameters of different 

structures in the middle-ear models on their vibrations in order to find the most 

impactful parameters in the middle ear. Also, to study and find the interactions among 

different parameters in the middle ear. 

The second part of this study aims to propose a novel method for material characterization of 

the middle-ear structures (Chapters 4 and 5). The specific objectives of this part are: 

3. To propose and develop a novel method that uses full-field harmonic vibration 

patterns of 2D thin planar structures to estimate their material properties. 

4. To propose and develop a method for fast estimation of the most influential 

mechanical parameters of the middle ear using full-field harmonic vibration pattern of 

the TM. 

The third part of this study is dedicated to analyzing the mechanical and acoustical effects of 

medical devices attached to the TM on middle-ear vibrations (Chapters 6 and 7). The specific 

objectives for this part are as follows: 

5. To investigate the effects of changes in the mechanical characteristics of the middle 

ear as a result of the attachment of medical devices to the TM in silico. 
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6. To investigate the effects of changes in the acoustical characteristics of the middle 

ear as a result of the attachment of medical devices to the TM in silico. 

1.3 Summary of thesis 

In the next sections of this chapter, a brief introduction to the anatomy of the ear as well as a 

brief literature review of the modeling and experimental works on the biomechanics of the 

middle ear are presented. In Chapter 2, stochastic modelling techniques are employed to 

investigate the effects of uncertainties on middle-ear vibrations. In Chapter 3, a part of the 

simulation results of Chapter 2 is used to perform a global sensitivity analysis of the middle 

ear parameters. Chapter 4, presents a method for estimation of the Young’s modulus of thin 

planar structures using full-field vibration data.  In Chapter 5, a method similar to one proposed 

in Chapter 4 is implemented for fast estimation of mechanical properties of middle-ear 

structures using full-field harmonic vibration of the TM. Chapter 6, investigates the mechanical 

effects of medical devices attached to the TM, and Chapter 7 presents the study on the 

acoustical effects of medical devices attached to the TM. In Chapter 8, conclusions and 

suggestions for future works are presented.  

1.4 Anatomy  

The human auditory system consists of different complicated organs that work together to 

convert sound waves into nerve signals. The whole process makes us able to hear sounds 

and distinguish them in a wide frequency range. The structures in our auditory system can 

be grouped into three main parts: the outer ear, middle ear, and inner ear. In this section, 

we present a brief introduction to the anatomy of the ear. A more detailed explanation of the 

anatomy and physiology of the ear can be found in [12]. Figure 1-1 presents the anatomy of 

the human ear [13].  
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Figure 1-1 – Overview of the human-ear anatomy (Source: Blausen.com staff  [13]; the figure 
is available under the Creative Commons Attribution License (CC-BY)2). The sound pressure 
enters the ear canal and vibrates the TM. The vibrations of the TM are transmitted to the 
oval window which is located at the base of the cochlea through three ossicles. The sound 
waves are then transformed into electric signals in the cochlea.   

1.4.1 Outer ear 

The external part of the ear is called the outer ear that includes the pinna (Auricle), which 

is the visible part of the ear, and the ear canal. Pinna acts as a funnel that directs the sound 

waves into the ear canal. The sound waves are transmitted to the eardrum through the ear 

canal.  

1.4.2 Middle ear 

The middle-ear consists of five main parts: the eardrum or tympanic membrane, the middle-

ear cavity, and three tiny ossicles which are called: the malleus, incus, and stapes. The main 

 
2 Creative Commons Attribution 3.0 Unported (CC BY 3.0), 
https://creativecommons.org/licenses/by/3.0/deed.en 

https://creativecommons.org/licenses/by/3.0/deed.en
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purpose of the middle-ear is to transmit sound pressure, which enters through the ear canal, 

to the inner-ear. The tympanic membrane and three ossicles are shown in Figure 1-1. 

TM is a thin layer of tissue and is usually divided into two areas: the pars flaccida and pars 

tensa. The pars flaccida is located in the superior section of the TM and is smaller than pars 

tensa. TM is situated with a fibrocartilaginous ring which is called the tympanic ring. The 

central part of the pars tensa is connected to malleus through umbo which is the part of the 

TM that is drawn inward and has a tent shape. The part of the malleus connected to the TM 

is called the manubrium.  

The sound pressure is transmitted to the malleus from the tympanic membrane. It then 

makes the incus and stapes move and this movement conveys the sound energy to the 

cochlea. The stapes footplate is connected to the inner ear through the oval window.  

The ossicles are placed in an air-filled area called the middle-ear cavity which is separated 

from the external ear by the TM and from the internal ear by the lateral wall of the inner 

ear which is called the medial wall. Also, there is a canal called the eustachian tube that 

connects the middle ear to the upper part of the throat behind the nose (nasopharynx). The 

eustachian tube is responsible for equalizing the pressure between the outside air and the 

air inside the middle-ear cavity. 

1.4.3 Inner ear 

The inner ear is comprised of two main parts which are the cochlea and vestibular system. 

The cochlea is a snail-shaped structure that consists of three fluid-filled canals. These 

canals are called scala vestibuli, scala media, and scala tympani. The excitations of the oval 

window make waves in the fluids in the cochlea canals. These mechanical waves are 

transmitted into the electrical signals in an organ called the organ of Corti. 

As mentioned before, the cochlea is connected to the stapes through the oval window which 

is a membrane covering the entrance of the cochlea. The round window is also located 

below the oval window. The round window moves in the opposite direction of the oval 

window and makes it possible for the fluid inside the cochlea to move.    
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The vestibular system has a different application and is responsible for the sense of balance. 

The details of the mechanisms of the cochlea and vestibular system are not of interest of 

the current thesis. 

1.5 Literature review 

In this section, we present a brief literature review in both areas of modelling and experimental 

measurements of the middle ear. The introductory sections of Chapter 2 to Chapter 7 include 

a more detailed literature review related to the specific subjects of those chapters.  

1.5.1 Modelling of middle-ear mechanics 

Early models of the middle ear were lumped-parameter models. In these models, the variables 

are only functions of time and not spatial coordinates. Onchi was among the first researchers 

who put an effort to create a circuit model of the middle ear in 1949 [14]. In 1962, Zwislocki 

used experimental measurements to present a lumped electrical circuit model of the middle ear 

[15]. One of the aims of the study was to quantitatively express the acoustic behaviours of the 

middle ear using circuit elements instead of using complicated algebraic equations. Some other 

researchers also used more complicated lumped-parameter models of the middle ear in their 

studies. Hudde and Weistenhöfer provided a 3D circuit model for the middle ear [16]. They 

were searching for a method that could provide the simplicity and speed of circuit models and 

be more accurate than them.  

Most of the studies with lumped-parameter models of the middle ear are based on the frequency 

domain. However, some researchers investigated these models in the time domain as well. 

Parent and Allen provided a time-domain model of the cat TM and ossicular chain [17]. Their 

main interest was to capture the spreading of the waves on the TM surface.  

Although the lumped-parameter models can be simple and fast, they do not result in good 

accuracy in many cases as they are not able to consider the complex morphological features 

and material properties [18]. Thus, many researchers tried to consider the models based on 

continuum mechanics to simulate the behaviours of middle-ear structures. 
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One of the most prominent continuum mechanics-based techniques used in the study of 

middle-ear mechanics is the finite-element method. In this method, the continuous boundary 

is discretized and the response distribution is evaluated on the whole domain of interest. One 

of the benefits of FE method is that it is capable to deal with sophisticated geometries and 

different material behaviours and boundary conditions. More details about FE method can be 

found in related FE textbooks (e.g., [19], [20]). 

The first FE model of the middle ear was presented by Funnel and Laszlo in 1978 [21]. One of 

their aims was to present a model that includes the effects of the 3D conical shape of the TM 

and they presented a model that was validated at low frequencies (below 2 kHz). They applied 

linear vibrations assumptions and validated their model with experimental laser holography 

data of the cat TM. In 1983, Funnell calculated undamped natural frequencies and mode shapes 

of the cat eardrum with their FE model [22]. In the same work, they also studied the effects of 

changing several material and geometrical parameters of their model on the natural 

frequencies. In both of these works, the geometry of the cat TM was approximated by circular 

arcs. Funnel et al. added the effects of damping to their model of the cat eardrum later in 1987 

[23]. They represented the damping by both mass and stiffness proportional terms and 

simulated the dynamic damped forced response of the TM. By comparing the model results 

and experimental measurement results, they concluded that the mass proportional damping can 

fairly represent the experimental data. In 1990, Williams and Lesser presented an FE model of 

decoupled human tympanic membrane to study its natural frequencies [24].  Later in 1991, 

Lesser et al. presented a 2D FE model of the human middle-ear joints to study displacement 

and stress levels in the reconstructed ossicular chain [25]. However, previous studies had 

shown that the 3D shapes of the ossicles can have some major effects on the FE model results 

[26]. In 1992, Wada et al. presented a 3D model of the human middle ear that included the 

ossicles and TM [27]. They used this FE model and compared its results with experimental 

measurement results to determine the boundary conditions and material properties of the 

middle ear. In their model, the cochlear load was modelled as some lumped stiffness attached 

to the stapes. Ladak and Funnell developed 3D FE models of the cat middle ear to study both 
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normal and surgically repaired ears [28]. They modelled the stapes footplate as a thin plate 

with a thickened rim and the cochlear load as springs attached to the stapes footplate. They 

studied the effects of adding prostheses to repair the discontinuity in the ossicular chain.  

When it comes to FE modelling, one of the main aspects is how to generate an accurate 

geometry and mesh of the middle ear. Due to the complicated morphological features of the 

structures of the middle ear, reconstruction of the geometry and creating a high-quality mesh 

can be challenging. Different techniques have been implemented by researchers for this aim. 

In 1996, Funnel et al. utilized moiré shape measurements [29] to increase the accuracy of their 

finite-element TM model [30]. They employed this measurement technique to find the shape 

of the TM with higher accuracy than what existed in the literature at that time. They used this 

method for the reconstruction of four different cat eardrums and compared their FE model 

results with each other. The results of these simulations and previous studies revealed that the 

3D shape of the TM has considerable effects on the accuracy of middle-ear models [31]. The 

moiré technique can be used for the reconstruction of the TM, but it is not useful for creating 

models of other parts of the middle ear including ossicles. This is due to the fact that this 

method does not have the ability to measure the volumetric geometry of objects [18]. In the 

work of  Daniel et al., the moiré shape measurement was used to precisely define the shape of 

TM, while histological serial sections and high-resolution magnetic resonance microscopy 

were employed to reconstruct the other parts of the middle ear for creating the FE model of the 

human middle-ear [32]. Another useful technique for shape reconstruction of the middle ear is 

by using micro-computed tomography (µCT) imaging data [33]. Kelly et al. used µCT and 

nuclear magnetic resonance imaging to reconstruct the geometries of the TM and ossicles [34]. 

They used their FE model to study the effects of total and partial ossicular replacement 

prostheses. Mikhael et al. scanned the human temporal bone using x-ray µCT and segmented 

the detailed middle-ear structures [35]. They used their segmented geometries to create an FE 

model and compared the static results of their model with low-frequency laser Doppler 

vibrometry (LDV) measurements performed on the same temporal bone. Elkhouri et al. used 

µCT, magnetic resonance, and histological sections to create an FE model of the gerbil middle 
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ear at frequencies below 1 kHz [36]. They also performed a sensitivity analysis to find the 

effects of various parameters on the FE model results. They assumed linear, isotropic, and 

elastic material properties for all structures in their model and used experimental data to 

validate their model. Maftoon et al. used a 3D geometry that was reconstructed using a 

combination of µCT and histological sections in their FE model of the gerbil middle ear [37]. 

One of the main aspects of modelling any biological structure is whether to consider 

nonlinearities in the model or not. It is known that the middle ear behaves linearly in regular 

hearing tasks [31]. Having that said, the response of the middle ear to very loud sounds (such 

as explosions) is nonlinear.  Ladak et al. studied the effects of geometric nonlinearity in their 

FE model of the cat TM [38]. They provided a model for pressures in the ranges of the pressure 

values used in clinical tympanometry (up to ±2.2 kPa). They found that the largest pars tensa 

strains were about 2% which means that the linearized material model is a reasonable 

approximation. However, they stated that for pressures higher than what they studied, 

considering material nonlinearity may be necessary. Also, they observed that strain variations 

are larger for the pars flaccida. Some other researchers tried to implement a combination of 

geometrical and material nonlinearities. Wang et al. provided an FE model of the human ear 

to study the static and dynamic behaviour of the middle ear [39]. They combined geometric 

nonlinearity with the hyperelastic Mooney-Rivlin material model. In another study, Qi et al. 

presented a 3D FE model of a 22-day-old newborn ear canal [40]. They used hyperplastic 

constitutive law and used a generalization of neo-Hookean and Mooney-Rivlin methods which 

is called the polynomial method. They evaluated the effects of different material parameters 

on their model. Ihrle et al. presented a nonlinear elastic multibody system model of the human 

middle ear that can describe it based on a low number of nonlinear equations [41]. They 

compared the results of the reduced model with FE model results. Motallebzadeh et al. 

considered both viscoelasticity and nonlinearity of the TM and presented a finite-element 

model that included both of these features [42]. They used one of the approaches they had 

suggested in an earlier study by Charlebois et al. [43]. 
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Oftentimes, TM and middle-ear structures are assumed to be isotropic, however, some 

researchers modelled some of these structures as orthotropic materials. Gan et al. provided a 

3D finite-element model of the middle ear and considered the TM as an orthotropic material 

while considering the ossicles as isotropic materials [44]. They considered the Rayleigh 

damping for all materials in their model as well. Fay et al. considered both isotropic and 

orthotropic models of human TM in their work [45]. Tuck-Lee et al. presented a finite-element 

model that included a layered composite model of the cat eardrum [46]. They generated their 

model from cadaver anatomy via µCT imaging to investigate the role of collagen fiber 

sublayers of the TM. O’Connor et al. presented the results of models with both isotropic and 

orthotropic material properties for the TM [10]. They observed that for some combinations of 

model parameters, isotropic model responses are very similar to orthotropic model responses. 

Their results suggest that even when the isotropic models are used for simplicity,  accurate 

results comparable to experimental measurements can be generated if the value of the Young’s 

modulus of the TM is chosen correctly.   

One of the aspects that should be considered in the modelling of the middle ear is the effects 

of the cochlea. Many middle-ear FE models in the literature do not contain the detailed model 

of the cochlea and the effects of the cochlea are represented in other ways. In the early FE 

models (e.g., [22]), there was no explicit model representing the cochlea and the effects of the 

cochlea were distributed in other model parameters such as the stiffness of the TM. As 

mentioned earlier, in 1992, Wada et al. represented the cochlear load by attaching springs to 

the stapes footplate [27]. Some other researchers used dampers to model cochlear load as the 

cochlea damps the middle-ear vibrations. In 2002, Koike et al. proposed using dampers instead 

of springs to model the cochlear load and to reproduce complex ossicular chain movements 

[47]. They validated their model by comparing the vibrations of the TM and ossicles with the 

experimental data.  Gan et al. added the effects of the cochlea to their model by considering 

dashpots with a specific mass that was calculated from values reported values for the 

impedance and volume of the cochlear fluid [48]. However, some of middle-ear models in the 

literature also included the cochlea. Gan et al. provided a 3D finite-element model of the human 



 

 12 

ear that consists of the external ear, middle ear, and cochlea [49]. They implemented an 

acoustic-mechanical analysis in their model which included the ear canal, the TM, the ossicles, 

the middle-ear cavity, the liquid inside the cochlea, and the cochlea structure itself.  

The acoustic effects of the middle-ear cavity and ear canal are also studied in some of the 

models in the literature. Prendergast et al. included the ear canal in their model [50]. They 

considered cases with and without an ossicular prosthesis and studied the translational and 

rotational motions of the stapes footplate. The FE model of Koike et al. also consisted of the 

external auditory meatus as well as the middle-ear cavity [47]. They compared the vibration 

modes of open and closed cavity models and observed that the inclusion middle-ear cavity 

does not have significant effects on the vibration mode of the TM. The model of Gan et al. also 

included the middle-ear cavity and ear canal [48]. Motallebzadeh et al. presented a model of 

the human newborn middle ear that included both the middle-ear cavity and ear canal [51].  

Middle-ear models have also been used for the purpose of characterization of the mechanical 

properties of the middle ear. Aernouts and Dirckx estimated linear and nonlinear elastic 

properties of the gerbil pars flaccida by inverse analysis of the in situ static pressure inflation 

experiment [52]. They used the Veronda-Westmann hyperelastic model for the nonlinear part 

of their work and found the parameters with their FE model. In another work, Aernouts et al. 

estimated the viscoelastic and elastic properties of the human TM using the indentation test in 

situ [53]. For this aim, they optimized their FE model parameters to be able to provide results 

close to experimental measurement results. In another study, Greef et al. used FE modelling 

along with experimental measurements to estimate the viscous damping of the TM [54].  

Some researchers used FE models to run sensitivity analyses to identify the most influential 

parameters in the middle ear. Most of the works in this area used local sensitivity analysis 

methods that are able to show the importance of different parameters using a one-at-a-time 

technique. One-at-a-time sensitivity analysis methods are not able to show the interactions of 

the model parameters with one another. Maftoon et al. performed a one-at-a-time sensitivity 

analysis on the gerbil middle-ear model [37]. O’Connor et al. used their FE model of the human 

middle ear to study the effects of material properties of the TM on sound conduction in the 
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middle ear [10]. Motallebzadeh et al. also employed both one-at-a-time and Morris sensitivity 

analysis methods to investigate the effects of varying different parameters in their human 

newborn FE model [55].   

Some researchers have also used FE models to simulate diseased and post-procedure middle-

ear conditions and some of these works (such as studies on the effects of adding a prosthesis) 

were introduced in the previous sections. Huber et al. studied the effects of partial mallear 

fixation and the conductive hearing loss resulting from it [56]. They used both FE results and 

experimental data measured using laser Doppler interferometry in their work. In another study, 

Dai et al. studied fixation and detachment of both superior mallear ligament and anterior 

mallear ligament in the human middle ear [57]. They used two laser Doppler vibrometers to 

measure the motions of the TM and stapes footplate in their experiments. They also used a 3D 

FE model in which ligament fixations and detachments were considered. They discussed the 

effects of fixation and detachment of the ligaments on the motions of the TM and stapes 

footplate. Gan and Wang used FE modelling to simulate the otitis media with effusion [58]. In 

their work, they studied the effects of fluid accumulation in the middle ear on vibrations of 

middle-ear structures by considering various fluid levels in the middle ear. In another work, 

Lee et al. used their FE model to study the effects of TM reconstruction for three different sizes 

of TM perforations [59]. Their main purpose was to find the optimal graft thickness for 

cartilage myringoplasty. In another work, Gan et al. presented a 3D finite-element model of 

the human ear canal, middle ear, and cochlea to study the effects of TM perforations on hearing 

and sound conduction inside the middle ear [60]. In their FE model, they created two 

perforations in the inferior site of the TM and calculated the vibrations of the TM and stapes 

in the presence of these perforations. They also created similar perforations in the TMs of 

human temporal bones in order to measure the same parameters using LDV and compare the 

results. Recently, Sackmann et al. used FE modelling to simulate and predict several 

pathologies such as malleus fixation and otosclerosis [61]. 

More detailed reviews on the modelling studies in the areas of the biomechanics of the middle 

ear and TM can be found in [31], [62]. 
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1.5.2 Experimental measurements of vibrations of middle ear 

In 1940s, Békésy used a capacitive probe to measure the motion of multiple points on the TM 

and study the vibration pattern on the TM [63].  He concluded that at least at frequencies below 

2 kHz, the TM motion can be described as a hinged plated movement [53], [64]. In 1972, 

Khanna and Tonndorf used time-averaged holography to measure TM vibration patterns in 

cadaveric human and cat ears [64]. They stated that the small size of the TM, its low stiffness, 

and its transparency cause technical difficulties in these measurements. They captured time-

averaged holograms at different frequencies in the range of 600-6000 Hz. They found the iso-

amplitude regions using their measurement technique and observed that even at low 

frequencies, the motion of the TM cannot be described as a stiff surface as Békésy suggested. 

In 1980, Løkberg et al.used the time-averaged holography method to study the vibration 

patterns of human TM [65]. One of the drawbacks of the time-average holograms is that they 

cannot provide any information about the phase [18]. 

Alongside the time-averaged holography technique, many researchers also used laser Doppler 

vibrometry to study the motions in the middle ear. LDV can provide more accurate 

measurements of the amplitude and phase in comparison to time-averaged holographic 

techniques [26]. In 1981, Buunen and Vlaming used LDV method to measure malleus 

vibrations in cat ears [66]. Later in 1999, Rosowski et al. used LDV to measure the stapes 

vibrations in the gerbil middle ear [67]. In 2000, Voss et al. used LDV to measure stapes 

footplate velocity to study the acoustic and mechanical responses of human cadaver ears [68]. 

Rosowski and Lee measured the effects of static pressure on the sensitivity of gerbil malleus 

and pars tensa to sound using LDV [69]. They performed their measurements before and after 

immobilizing the pars flaccida. Maftoon et al. used the LDV to measure the closed cavity 

vibration responses of the gerbil TM to audio frequency sine sweeps [70]. In another work, 

Maftoon et al. studied the effects of opening the middle-ear cavity on the motions of the gerbil 

TM using LDV measurements [71]. 

LDV can give us the vibration data at specific points on the vibrating structure.  However, 

usually, it is not possible to capture the high-spatial-resolution vibration response of the whole 



 

 15 

domain using this technique. Recently, researchers developed optoelectronic stroboscopic 

holography vibrometry to be able to capture vibration responses (including both amplitude and 

phase) of the TM with a high spatial resolution. Flores-Moreno et al. used the advanced 

stroboscopic holography method to capture nano-displacements of the tympanic membrane 

[72]. Khaleghi et al. developed an optoelectronic holographic system to capture the 3D 

vibration patterns of human TM [73]. Cheng et al. used the stroboscopic holography 

measurement to study the vibrations of the human TM surface excited by forward and reverse 

stimulation [74].  
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Chapter 2 

Inaccuracies of deterministic finite-element models of human middle ear 

revealed by stochastic modelling 

Preface 

In this chapter, we present the details of generating mesh and creating our FE model of middle 

ear (with an open cavity) and compare the model results with experimental measurement 

results in the literature. We then use stochastic modelling techniques to study the effects of 

uncertainties and inter-individual variabilities in all mechanical parameters of the middle ear 

and in the thickness of the TM on middle-ear vibrations. Parts of the stochastic FE model 

results presented in this chapter are used to generate surrogate models for the purpose of global 

sensitivity analysis in Chapter 3. 
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Overview 

For over forty years finite-element models of the mechanics of the middle ear have been mostly 

deterministic in nature. Deterministic models do not take into account the effects of inter-

individual variabilities on middle-ear parameters. We present a stochastic finite-element model 

of the human middle ear that uses variability in the model parameters to investigate the 

uncertainty in the model outputs (umbo, stapes, and tympanic-membrane displacements). We 

demonstrate: (1) uncertainties in the model parameters can be magnified by more than three 

times in the umbo and stapes footplate responses at frequencies above 2 kHz; (2) middle-ear 

models are biased and they distort the output distributions; and (3) with increased frequency, 

the highly-uncertain regions spatially spread out on the tympanic membrane surface. Our 

results assert that we should be mindful when using deterministic finite-element middle-ear 

models for critical tasks such as novel device developments and diagnosis. 
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2.1 Introduction 

The middle ear plays a vital role in our hearing process by converting acoustic energy from the 

environment to mechanical vibrations and conducting them to the inner ear. Many studies have 

used different methods to model middle-ear mechanics in order to improve our fundamental 

understanding of the hearing process [37], [48], [68], [75]–[77].  Middle-ear models can be 

helpful for other purposes such as predicting the hearing loss from middle ear pathologies and 

injuries, simulating surgeries, and developing and advancing diagnostic and treatment 

methods.  

Different approaches for modelling middle-ear mechanics were reviewed elsewhere [31]. The 

finite-element method is a powerful continuum-mechanics-based method that has been 

extensively used to model middle-ear mechanics starting with the pioneering work of Funnell 

and Laszlo [21]. The FE method can deal with complex geometries and different material 

properties and boundary conditions.  

In order to obtain reliable results from an FE model, realistic mechanical properties of different 

structures of the middle ear should be known. Several studies attempted to identify the 

mechanical properties of some of the structures in the middle ear [54], [78]–[83]. For instance, 

laser Doppler vibrometry, stroboscopic holography, and FE modelling were used to estimate 

the viscoelastic properties of the human TM [54]. Also, indentation measurements and inverse 

FE method were used to estimate the quasi-static Young’s modulus of the human TM [78]. 

Recently, a Bayesian inverse method was proposed that can be used to find the material 

properties of thin structures including the TM [79]. A review of the material characterization 

of the TM can be found elsewhere [62]. 

The mechanical/geometrical properties of middle-ear structures have intrinsic inter-individual 

variability that can be taken into account with stochastic uncertainties [84]. Indeed, differences 

observed in physiological data from different individuals (e.g., the normative study by 

Whittemore et al. [8]) can be attributed to the probabilistic distribution of the morphological 

features and mechanical properties of the middle-ear structures among individuals. Since the 
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first FE model of the middle ear in 1978 [21], most FE middle-ear models in the literature were 

deterministic and few systematically considered the effects of these uncertainties in the model 

parameters on its predictions. In the present chapter, we developed a stochastic FE model of 

the human middle ear to investigate the effects of different levels of natural variability in the 

model parameters on its outputs.    

2.2 Materials and methods 

2.2.1 Geometry, model components, and mesh  

The 3D geometry was created based on the segmentation of µCT image datasets of a 73-year-

old male cadaver temporal bone that included 1024×1012×1014 cubic voxels with a voxel size 

of 18.0828 µm. The scan was done with Xradia MicroXCT-200 at 90 kV and 8W. The 

segmentation process and meshing were done in 3D Slicer (www.slicer.org) software (version 

4.11.20200930) [85]. After finalizing segmenting all parts, we used the Segment Mesher 

toolbox of Slicer for creating the mesh. We used Cleaver2 (www.sci.utah.edu/cibc-

software/cleaver.html) meshing library for creating a conformal volumetric mesh for all parts 

of the model. A sizing field was created manually and was modified several times in order to 

create the desired mesh that consists of coarse elements in the regions where no considerable 

deformations are expected (i.e., bones) and fine elements in other regions. For the TM only, 

the generated volumetric mesh was converted to a surface mesh and only the medial section of 

the mesh (which is connected to manubrium) was used in the FE model. Thus, our model had 

volumetric mesh for all components in the middle ear except the TM for which we had surface 

mesh.  The details about the number of elements will be provided later in this section.  

The model included the TM, ossicles, anterior mallear ligament (AML), lateral mallear 

ligament (LML), incudostapedial and incudomallear joints (IMJ and ISJ), superior mallear 

ligament (SML), stapedial annular ligament (SAL), posterior incudal ligament (PIL), and 

manubrial fold. Tensor tympani tendon and stapedial tendon were not included in the model 

as the model was validated using ex vivo human data. Also, our model does not include the 

https://www.slicer.org/
https://www.sci.utah.edu/cibc-software/cleaver.html
https://www.sci.utah.edu/cibc-software/cleaver.html
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middle ear cavity. The geometry and mesh of the middle-ear model are shown in Figure 2-1. 

In the following, we discuss the motions of the anatomical landmarks highlighted in this figure.  

 

Figure 2-1 – 3D model of the middle ear. Constructed geometry from two different viewing 
angles (left and center) and mesh of the human middle-ear model (right). This model was used 
in our stochastic FE analysis and the motions of the highlighted structures are discussed in 
this study. 

2.2.2 Deterministic FE modelling 

The material properties of the baseline model are presented in the Table 2-1. We assumed all 

materials to be isotropic and elastic [37]. Besides, we considered nearly incompressible 

material properties (Poisson’s ratio of 0.49) for all soft tissues [37]. For the ossicles, the value 

of Poisson’s ratio was set to be 0.3 [48]. Moreover, the values of the Young’s modulus of the 

TM and SAL reported in Table 2-1 were chosen to be in the range of the values reported in the 

literature [62], [80]. We used Rayleigh damping considering stiffness-proportional damping 

for all structures except for the TM, and manubrial fold [47], [54]. In Table 2-1, α1 and α2 are 

the Rayleigh-damping coefficients of mass and stiffness matrices, respectively.   
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Table 2-1 – Material properties of the baseline model. 

Structure E (MPa) density (𝐤𝐤𝐤𝐤/
𝐦𝐦𝟑𝟑) 

Poisson’s 
ratio 

α1 (1/s) α2 (s) 

TM 12 1200 [54] 0.49 700 4×10-6 

Malleus 14000 [10] 2390 [10] 0.3 0 4×10-7 

Incus 14000 [10] 2150 [10] 0.3 0 4×10-7 

Stapes 14000 [10] 2200 [10] 0.3 0 4×10-7 

IMJ 30 [10] 1100 [10] 0.49 0 13×10-5 

ISJ 30 [10] 1100 [10] 0.49 0 13×10-5 

SAL 1.4 1200 [10] 0.49 0 13×10-5 

PIL 2 [10] 1200 [10] 0.49 0 13×10-5 

LML 2 [10] 1200 [10]  0.49 0 13×10-5 

Manubrial fold 1.2 [54] 1200 [54]  0.49 700 4×10-6 

SML 4.9 [48] 1200 [86] 0.49 0 13×10-5 

AML 2 [10] 1200 [10] 0.49 0 13×10-5 

 

For modelling the cochlear load, we considered a cochlear impedance of 20 GΩ which is the 

same value used by Gan et al. [48]. In our model, the surface area of the stapes footplate was 

measured to be 3.6 mm2 which is also in the range reported by Motallebzadeh et al. [55]. From 

these values, we calculated a viscous damping coefficient of 0.26 Ns/m that we uniformly 

distributed to four dashpots attached to the stapes footplate and in the direction parallel to the 

piston-like motion [37]. Using dashpots to model the cochlear load is a common approach in 

the literature of FE modelling of the middle ear [37], [47], [48]. The thickness of the TM was 

assumed to be uniform and it was considered to be 74 μm which is the same as the value used 

by Gan et al. [48]. The average TM thickness values used in most models in the literature are 

also close to this value (74 μm) [87]. The references for the values of the Young’s modulus 

and density of the model components are listed in Table 2-1. In addition to these a priori 
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material properties, we determined the Rayleigh damping coefficients of all the middle-ear 

structures by manually adjusting them to closely replicate the experimental measurements of 

Voss et al. [68]. 

To excite the model, we applied uniform pressure (with the amplitude of 1 Pa) to the entire 

TM area laterally. The TM annulus was considered to be fully clamped [53]. Also, the 

ligaments (AML, LML, SML, PIL, and SAL) were considered to be fixed at their distal ends 

where they normally connect to the wall of the middle-ear cavity. For all simulations except 

the full-field vibration patterns, we performed a transient dynamic analysis with a uniform 

pressure step function as the input [37] and used the implicit Newmark-β scheme [88]. In order 

to have an unconditionally stable solution, we chose values of β and γ in the Newmark-β 

scheme to be 0.25 and 0.5, respectively [37]. To obtain the displacement frequency response 

function, we found the impulse response by differentiating the step response (with respect to 

time) and then used the fast Fourier transform to construct the frequency response function. 

The full-field vibration patterns were obtained using harmonic vibration analysis. The 

Code_Aster (www.code-aster.org) open-source FE code (version 14.4.0) was used for the 

computations. We modelled the TM using seven-node second-order TRIA7 COQUE_3D shell 

elements [37], while all other structures (ossicles, joints, and ligaments) were modelled using 

ten-node second-order TETRA10 3D solid tetrahedral elements in Code_Aster.   

2.2.3 Mesh Dependency 

The original mesh of our model consisted of 205,322 tetrahedral elements (TETRA10 3D) for 

all parts of the model except the TM that was composed of 7,778 shell elements (TRIA7 

COQUE_3D). In order to check the mesh convergence, we used the Homard [89] utility of 

Code_Aster to refine the original mesh. We divided each triangle into four coplanar triangles 

and as a result, the numbers of tetrahedral elements and triangular elements were increased by 

factors of eight and four, respectively. It was observed that the refined mesh does not result in 

substantial changes in the trend and the values of the vibration responses of the umbo and 

stapes footplate in the frequency range of 100 Hz to 10 kHz. We compared the results at 405 

equally spaced frequencies in this frequency range for the displacement amplitude of the umbo 

https://www.code-aster.org/
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and stapes footplate. For the umbo amplitude, the differences between the results obtained 

from the original and refined meshes were less than 1 dB at 354 frequencies, with a maximum 

difference of 1.40 dB at 1.24 kHz. Additionally, for the displacement amplitude of the stapes 

footplate, the difference between the results obtained from the original mesh and refined mesh 

was less than 1 dB at 321 frequencies, with a maximum difference of 2.11 dB at 1.17 kHz.  As 

a trade-off between the accuracy and computational cost, we chose to perform all calculations 

with the original mesh.  

2.2.4 Time-step and time-span dependency 

We chose the time span of 25 ms (which provides a frequency resolution of 24 Hz). For 

checking whether the response is affected by increasing this time span, we increased it to 50 

ms (which provides a frequency resolution of 12 Hz) and observed less than 0.001 dB 

difference for both amplitudes of displacement of the umbo and stapes footplate and for all 

frequencies in the range of 100 Hz to 10 kHz.   

We chose the time step of 10 μs (the maximum frequency of 50 kHz) and decreased it to 5 μs 

(the maximum frequency of 100 kHz). We observed that in the frequency range of 100 Hz to 

10 kHz, decreasing the time step caused maximum changes of 0.36 dB (at 7.59 kHz) and 0.44 

dB (at 7.59 kHz) in the displacement amplitudes of the umbo and stapes footplate, respectively. 

Therefore, we used the original time step (10 μs) and time span (25 ms) for all our calculations.  

2.2.5 Uncertainty propagation  

We made a baseline conventional deterministic FE model with a priori material parameters 

from the literature and validated this model against existing experimental data. We then 

considered the probability distribution of the model parameters, sampled the N-dimensional 

parameter space and propagated the uncertainties to the model outputs. We considered having 

uncertainties in the material properties (Young’s modulus, Poisson’s ratio, and stiffness-

proportional damping coefficient) for all of the components of the model as well as in the 

thickness of the TM and in the cochlear load. All these uncertainties existed at the same time 

in our simulations.   
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We quantified uncertainties using two indices: the coefficient of variation (CV): 

CV = �
standard deviation

mean
� × 100,            if     mean ≠ 0 (2-1) 

and uncertainty amplification (UA) which quantifies the amplification of the uncertainties of 

the outputs with respect to the uncertainties in the model parameters [90]: 

UA =
CVOutput

1
n∑ CVInputsn

i=1

 (2-2) 

where n is the number of uncertain model parameters. A UA value of greater than one indicates 

amplification. 

The stochastic sets of model parameters were created by the Latin Hypercube Sampling 

method for each scenario (each combination of random parameters sampled from the N-

dimensional parameter space) with the mean values equal to values for the baseline model 

(Table 2-1 for material properties, TM thickness of  74 μm, and cochlear load viscous damping 

coefficient of 0.26 Ns/m) and CV of 20% and 10%.  The ranges of variation of each model 

parameter for both CV values are reported in Appendix A. We used UQLab [91] (version 1.3.0) 

for creating stochastic sets of model parameters. In the absence of reported probability 

distributions for most parameters of the model, we assumed normal distribution, which is 

advocated to be a suitable choice for many biological variables [92]. However, because the 

value of the Poisson’s ratio was set to 0.49 for soft tissues in the baseline model, we considered 

a half-normal distribution for soft tissues with the mean of 0.49 that only resulted in values 

less than or equal to the mean. Also, in order to reduce the number of parameters, we 

considered all three ossicles to have the same Young’s modulus, Poisson’s ratio, and damping 

in our stochastic modelling. Visualization of the sampled N-dimensional parameter space is 

not directly possible but Figure 2-2-a shows the distribution of parameters on the planes of 

some pairs of parameters of the space with CV of 20%. The planes in this figure show normal 

and half-normal distributions as described above.  
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The uncertainty in the model parameter space was propagated to the output by performing FE 

analysis for each set of the stochastic model parameters described above. We evaluated the FE 

model with 1992 parameter scenarios to cover the N-dimensional parameter space. All of the 

FE calculations were performed on the Niagara cluster of Digital Research Alliance of Canada 

(www.alliancecan.ca) with Intel Skylake (2.4 GHz, AVX512) processors running under the 

CentOs 7 distribution of Linux. Each single simulation of the model with the original mesh 

and original time step and time span (Section 2.3) was performed on one core using 18 GB 

memory. Each node of the cluster has 40 cores and 188 GiB of memory, allowing 10 parallel 

simulations on one node and a total number of 100 model evaluations on one node took about 

14 hours to complete.  

After propagating the uncertainties to the outputs, statistical analyses were done on the outputs. 

For the output phases, we implemented circular statistics to find values of the mean, standard 

deviation, skewness, and kurtosis using the Circular Statistics Toolbox of Matlab [93]. Using 

circular statistics, we consider the circular nature of all of these parameters, which is important 

for phase values. For instance, the circular standard deviation is analogous to linear standard 

deviation but it considers the cyclic nature of phase values when evaluating their variabilities. 

More details about these parameters can be found in the documentation of the  Circular 

Statistics Toolbox [93]. To calculate the skewness and kurtosis of the output phase, we 

employed the methods described by Pewsey [94] and Fisher [95], respectively.  

Figure 2-2-b provides a summary of the workflow of the stochastic FE analysis that we used 

in the current chapter. 

http://www.alliancecan.ca/


 

 26 

 

Figure 2-2 – Distribution of some of the uncertain model parameters and workflow of the 
stochastic FE analysis. Panel (a): Some of the 2D views of the N-dimensional parameter space 
sampled using the Latin Hypercube  method with the coefficient of variation (standard 
deviation/mean) of 20%. Depending on the nature of the parameter, the sampled space shows 
normal and half-normal distributions. We used 1992 sets of stochastic model parameters in 
our stochastic FE analysis. Panel (b): Workflow of the stochastic FE analysis process used to 
study the effects of uncertainty in the middle-ear model. In the first step, we used the values of 
the baseline model (reported in Table 2-1) as the mean values of our stochastic sets of model 
parameters. We then specified the amount of coefficient of variation (standard deviation/mean) 
of the uncertain parameters. We considered the coefficient of variation to be 10% and 20% in 
the current chapter and used the Latin Hypercube Sampling method to create stochastic sets 
of model parameters with normal and half-normal distributions. The next step was to solve the 
FE model for all of these stochastic sets of model parameters, and from here, we found the 
stochastic outputs of the system. We used these stochastic outputs to study the amplification of 
the uncertainties in the system outputs and determine the output distributions.  

2.3 Results  

2.3.1 Middle-ear model can magnify parameter uncertainties up to more than three 

times in the output 

Figure 2-3-a and Figure 2-3-c, respectively, present the stochastic normalized amplitude and 

phase of the umbo displacement for model parameters with the CV of 10%. The middle-ear 

resonance frequency, identified by the peak in the umbo amplitude response, was about 

1.5 kHz in the deterministic baseline response and had a UA of about 0.77 in the stochastic 

model. At low frequencies (below the middle-ear resonance frequency), the uncertainty of the 
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umbo displacement amplitude was not amplified (UA of about 0.6). Also, the value of the 

circular standard deviation of the phase remained close to zero at low frequencies. Above the 

middle-ear resonance frequency, the uncertainties were amplified in the umbo displacement 

output with the highest UA of 4.38 near 2.5 kHz for the amplitude and maximum values of the 

circular standard deviation in the phase (0.06 cycles) happened near frequencies of 1.9 kHz 

and 3.5 kHz. 

Increasing the uncertainty in the model parameters to the CV of 20% (Figure 2-3-b and Figure 

2-3-d) did not lead to uncertainty amplification at low frequencies: the UA of the amplitude 

remained about 0.6 and the circular standard deviation values of the phase remained close to 

zero. Also, the UA of the middle-ear resonance frequency experienced a negligible increase 

(0.83 vs 0.77). At frequencies higher than the middle-ear resonance, the increased uncertainty 

in the model parameters caused more dispersed umbo displacement responses with an average 

CV of about 32% for amplitude. (was  about 17% when CV of inputs were 10%) and an average 

standard deviation of 0.05 cycles in phase (was 0.02 cycles for CV of 10%). Near 1.8 kHz, the 

circular standard deviation of the phase shows its maximum (0.09 cycles). Also, the greatest 

UA peak (3.19) of the umbo displacement amplitude was in the vicinity of 2.5 kHz. In this 

frequency neighborhood, for some sets of model parameters, an anti-resonance occurred as can 

be seen in Figure 2-3-b and Figure 2-3-d. These anti-resonances did not exist in Figure 2-3-a 

and Figure 2-3-c where the CV of uncertain model parameters was 10%.  

The stapes displacement describes the output of the complete middle ear. Figure 2-4-a and 

Figure 2-4-c show the frequency response of the stapes footplate with the CV of 10% for all 

uncertain model parameters. Similar to the umbo response, at low frequencies (below the 

middle-ear resonance at 1.5 kHz), uncertainty amplification did not occur: the UA was about 

1 for the amplitude and the values of the circular standard deviation were close to zero. For 

frequencies above the middle-ear resonance frequency, the model amplified the uncertainty in 

the stapes response (average amplitude UA: 1.72 and average phase circular standard 

deviation: 0.02 cycles). The maximum UA of 3.12 happened at about 2.2 kHz for the stapes 
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displacement amplitude. Also, for the phase, the maximum circular standard deviation of 0.05 

cycles happened near frequencies of 1.9 and 3.6 kHz.  

 

Figure 2-3 – Stochastic frequency response function of the umbo displacement. Amplitude and 
phase of the umbo (normalized with respect to excitation pressure) are presented in this figure. 
The motion of the umbo is reported in the direction normal to the manubrium at the umbo. The 
results of individual simulations (n=1992) are plotted with gray thin lines and because they 
are all close to each other, the whole response region looks like a gray shaded area. Panels 
(a) and (c): The CV of all uncertain model parameters was set to be 10%. The UA (Equation 
(2-2)) is about 0.6 for the umbo displacement amplitude below the middle-ear resonance 
frequency (at ~1.5 kHz). The maximum UA of about 4.38 happens near 2.5 kHz for the umbo 
displacement amplitude. For the phase, the values of circular standard deviation are close to 
zero at low frequencies and the maximum circular standard deviation happens near 
frequencies of 1.9 kHz and 3.5 kHz. Panels (b) and (d): The CV of all uncertain model 
parameters was set to be 20%. The UA (Equation (2-2)) is about 0.6 for the umbo displacement 
amplitude at frequencies below the middle-ear resonance frequency (at ~1.5 kHz). For the 
amplitude, the maximum UA (3.19) happens near about 2.5 kHz and for the phase, the 
maximum circular standard deviation (0.09 cycles) happens at about 1.8 kHz.   
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Also, the open-cavity stapes footplate velocity data of Voss et al. are presented in Figure 2-4 

[68].  We compared the stapes displacement amplitude of the baseline model with these 

experimental results and found that the maximum difference was less than 1.6 dB for all 

frequencies below the middle-ear resonance frequency (1.5 kHz). Also, as Figure 2-4 displays, 

the middle-ear resonance frequency and the maximum stapes footplate displacement amplitude 

obtained from the model match well with the experimental data.  

Figure 2-4-b and Figure 2-4-d present the frequency response of the stapes footplate for the 

CV of 20% for all uncertain model parameters. At low frequencies, the UA was about 1.10 for 

the amplitude and the circular standard deviation values of the phase were close to zero. At 

2.3 kHz, the amplitude response was most uncertain and the uncertainty in the model 

parameters was magnified by a factor of 2.41 while the circular standard deviation of the phase 

response drastically decreased at this frequency to 0.02 cycles (from 0.07 cycles at 1.8 kHz) 

and went up to 0.07 again near the frequency of 10 kHz. Here the anti-resonances, observed in 

the umbo response (Figure 2-3-b and Figure 2-3-d), are not present. Compared to panels (a) 

and (b) of Figure 2-4, the increased uncertainty (CV of 20%) in the model parameters, caused 

an approximately similar average amplitude UA (1.58 vs 1.72) and a higher average phase 

standard deviation (0.04 cycles vs 0.02 cycles) and the stapes response was in a better 

agreement with the experimental results. A comparison of the stochastic model results of the 

stapes footplate (with CV of 20%) with several experimental measurement results in the 

literature is also provided in Appendix B. 
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Figure 2-4 – Stochastic frequency response function of the stapes footplate displacement and 
the stochastic middle-ear transfer function. The results of individual simulations are plotted 
with gray thin lines and because they are all close to each other, the whole response region 
looks like a gray shaded area. The stapes footplate motion is reported in the piston-like 
direction. Also, the green line presents the experimental results of Voss et al. [68] (Bone 25) 
converted to displacement and corrected for the viewing angle of 35°; the mean of their 
reported viewing angle range of 20°−50° degrees. Panels (a) and (c): Amplitude and phase of 
the stapes footplate (normalized with respect to excitation pressure) with the CV of 10% for 
all uncertain model parameters. At frequencies below the middle-ear resonance frequency (at 
~1.5 kHz), the UA (Equation (2-2)) is about 1 for the stapes displacement amplitude. The 
maximum UA (3.12) happens near 2.2 kHz for amplitude and the maximum circular standard 
deviation (0.05 cycles) happens near the frequencies of 1.9 kHz and 3.6 kHz for the phase. 
Panels (b) and (d): Amplitude and phase of the stapes footplate (normalized with respect to 
excitation pressure) with the CV  of 20% for all uncertain model parameters. The UA 
(Equation (2-2)) is about 1.1 for amplitude at frequencies below the middle-ear resonance 
frequency (at ~1.5 kHz). The maximum UA (2.41) happens near 2.3 kHz for the stapes 
displacement amplitude and the greatest circular standard deviation happens (0.07 cycles) 
near frequencies of 1.8 kHz and 10 kHz for the phase. Panel (e): Stochastic middle-ear transfer 
function calculated using the stochastic model with CV of 20% in model parameters (Figure 
2-3-b and Figure 2-4-b). The maximum UA of the lever ratio (3.75) happens at about 2.1 kHz. 
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2.3.2 At low frequencies, middle-ear models attenuate uncertainties and approximate a 

robust simple lever 

Figure 2-4-e presents the stochastic ossicular transfer function of the model with the CV of 

20% for the uncertain model parameters. This ossicular transfer function is defined as the ratio 

of the stapes footplate displacement amplitude (in the piston-like direction) to the umbo 

displacement amplitude (in the direction normal to the manubrium at the umbo). At low 

frequencies (below the middle-ear resonance), the transfer function can be thought as the lever 

ratio (at low frequencies, the mean value of the lever ratio is less than 0.4 and the UA of the 

lever ratio is about 0.7). However, UA increases up to a maximum of about 3.75 near 2.1 kHz. 

The uncertainties in the model parameters make the transfer function highly uncertain at most 

frequencies between 2 kHz and 4 kHz. At the frequencies below 1 kHz, the model robustly 

attenuates uncertainties and portrays the middle ear as a highly certain simple lever. The same 

trend of attenuating uncertainty at low frequencies is evident in all results of Figure 2-3 and 

Figure 2-4 as discussed earlier. 

2.3.3 The Middle-ear model is biased 

To study the probability distributions of stochastic responses at low, mid, and high frequencies, 

we focused on three frequencies (Flow =708 Hz, Fmid =2.51 kHz, and Fhigh =9.74 kHz). Figure 

2-5 presents violin plots [96] of the amplitude and circular histograms of the phase of both 

umbo and stapes footplate displacement at these frequencies (for CV of 20% for uncertain 

model parameters). The horizontal axes in the violin plots show kernel density estimations for 

each distribution. We used Kuiper’s normality test to check whether the distributions shown 

in Figure 2-5 are normal (von Mises for circular distributions [97]). We found that for all 

outputs, the null hypothesis was rejected at 5% significance level except for the phase of the 

stapes footplate at Flow. This means that although most of the uncertain model parameters were 

considered to have normal distributions, the output distributions may be distorted with non-

normal distributions.  
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The values of skewness and kurtosis reported in Table 2-2 also confirm that most of the 

distributions presented in Figure 2-5 are non-normal as their skewness and kurtosis values are 

far from the respective values for the normal distribution (skewness of zero and kurtosis of 

three for the amplitude [98], [99] and skewness and kurtosis of zero for the phase [93]). For 

the amplitude of the umbo displacement, the absolute value of skewness is greater than 0.90 at 

all three frequencies with a maximum absolute value of 1.59 at Flow. Also, the values of kurtosis 

for the amplitude of the umbo displacement are greater than 4.12 at all three frequencies with 

the maximum value of 7.88 at Flow. For the phase of the umbo displacement, the value of 

skewness is very close to zero at all three frequencies. Additionally, the values of kurtosis of 

the phase of the umbo displacement are about 1.94, 12.70, and 19.72 at frequencies Flow, Fmid, 

and Fhigh, respectively. These findings are consistent with the results of the normality test 

above. 

 

Figure 2-5 – Violin plots and circular histograms for the amplitude and phase of the umbo and 
stapes footplate. The results are presented at frequencies Flow, Fmid, and Fhigh. The CV of 
uncertain model parameters was set to be 20%. The horizontal axes in the violin plots show 
kernel density estimations for each distribution. The values of skewness and kurtosis of the 
distributions shown in this figure are presented in Table 2-2. We used Kuiper’s normality test 
to check whether the distributions shown in Figure 2-5 are normal (von Mises for circular 
distributions [97]). Based on Kuiper test results presented in Section 2.3, the null hypothesis 
was rejected at 5% significance level except for the phase of the stapes footplate at Flow.  



 

 33 

For the displacement amplitude of the stapes footplate, the value of skewness is greater than 

1.17 at all three frequencies with a maximum value of 1.27 at Fmid. Furthermore, the values of 

kurtosis for the amplitude of stapes displacement are greater than 4.22 at all three frequencies 

with a maximum of 5.80 at Flow. Table 2-2 also shows that, like the umbo response, the values 

of skewness for the phase of the displacement of the stapes footplate are very close to zero at 

all three frequencies. Besides, the values of kurtosis for the phase of the displacement of the 

stapes footplate are greater than 0.88 at all three frequencies with the maximum value of 17.48 

at Fmid.  

 

Table 2-2 – Values of skewness and kurtosis for the output distributions shown in Figure 2-5. 

Frequency  Flow (708 Hz) Fmid (2.51 kHz) Fhigh (9.74 kHz) 

Statistical 

information 
Skewness Kurtosis Skewness Kurtosis Skewness Kurtosis 

Umbo amplitude 1.59 7.88  1.25 4.12 0.90 4.63 

Umbo phase 0.00 1.94 -0.06 12.70 0.05 19.72 

Stapes footplate 

amplitude 

1.17 5.80 1.27 5.15 0.69 4.22 

Stapes footplate 

phase 

0.00 0.88 -0.01 17.48 0.07 14.27 

2.3.4 Uncertainties in the vibration patterns of the TM are spread in space with 

increased frequency   

The previous results showed the propagated uncertainties only for the umbo and stapes 

footplate. To provide a more complete view about the stochastic motions in the model, Figure 

2-6 presents the vibration amplitude of the TM at the same three frequencies. This figure 
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considers the displacement  of the baseline and stochastic FE model with CV of 20% for the 

model parameters. For the 15,728 nodes of the TM model, we calculated the displacement 

amplitude and phase in the baseline model as well as their mean and standard deviation in the 

stochastic model. The results of the amplitude are presented in the three left columns of Figure 

2-6 and the results for the phase are provided in the Figure 2-7. The rightmost column of Figure 

2-6 presents the values of CV of the displacement amplitude. We should note that only the CV 

of the nodes of the TM that have mean displacement values of greater than 0.1 nm are plotted 

in this column. The patterns obtained from the baseline model have similarities to the mean 

stochastic results shown in the “mean” column. At all three frequencies, the manubrium 

(outlined in black at Flow) has the smallest motion in the baseline and has the smallest values 

of the mean and standard deviation. At Flow, the maximum deformation of about 0.25 µm 

occurred in the posterior side of the TM (left to the manubrium in Figure 2-6), as expected 

[70]. Besides, at this low frequency, the standard deviation plot shows that posterior to the TM, 

the standard deviation of the motion can be as large as the mean or baseline displacement (also 

evident from the CV of about 110%). At Fmid and Fhigh, some features in the baseline pattern 

(one example is marked with the white circle) are not present in the mean pattern because they 

were smoothed out due to averaging and due to the high variations in the results at these 

locations. At the middle frequency (Fmid), the major area of the TM shows standard deviations 

of more than 0.02 µm except in the superior region of the TM where standard deviations of 

down to 0.001 µm dominate the region. Consistently, the CV plot at Fmid shows that regions 

with high CV (≥50%) are apparent in all regions of the TM. Increasing the frequency to Fhigh 

leads to nearly even distribution of regions with high standard deviations and high CV on the 

entire TM, especially in comparison to the vibration patterns at Flow. The mean values of CV 

of the TM nodes (Figure 2-6) are about 46%, 56%, and 38% for the Flow, Fmid, and Fhigh, 

respectively. This shows that although by increasing the frequency the regions with high CV 

are spatially spread out on the TM, the mean value of the CV does not follow any specific 

trends.  
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The stochastic phases of vibration patterns of the TM are presented in Figure 2-7. Compared 

to the displacement amplitude, the displacement phase has a more evenly distributed standard 

deviation at Flow. Also, at Flow, the vibration phase is nearly constant and highly certain over 

the entire TM except in a small circular region in the TM anterior with concentrated uncertainty 

and a maximum standard deviation of about 102°. The displacement phase pattern becomes 

more uncertain as the frequency increases and at Fmid several hot spots with concentrated 

uncertainty are present in the standard deviation plot. As the frequency increases to Fhigh the 

uncertainty is dispersed in the entire TM. The average values of the circular standard deviation 

at Fmid and Fhigh (38° and 20°, respectively), are much greater than that at Flow (4°). 

 

Figure 2-6 – Stochastic full-field vibration patterns of the TM. Vibration patterns of the 
baseline model and the spatial distribution of the mean and standard deviation of the 
displacement amplitude of the tympanic membrane at three frequencies Flow, Fmid, and Fhigh 
are presented in the three left columns. The vibration patterns are reported in the direction 
normal to the manubrium at the umbo. Comparing the mean and baseline patterns shows that 
at Fmid and Fhigh, some high-frequency features are not present in the mean pattern due to the 
averaging and high variations in the stochastic results. The white circle shows one example of 
such high-frequency features. The right column shows the distribution of the coefficient of 
variation for points where the mean values are far from zero. The manubrium is outlined in 
black. The purple line shows the tympanic annulus. 
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2.4 Discussions 

In this study, we presented a stochastic FE model of the human middle ear that instead of 

generating deterministic vibrations and model outputs, provides a probabilistic description of 

middle-ear vibrations to account for the natural variabilities in the human middle ear. Current 

FE models do not have enough accuracy to be considered as acceptable tools for diagnosis and 

surgical planning [7], [100]. This study is a step toward increasing the accuracy and reliability 

of the predictions of FE models by considering the uncertainty in the model parameters.  

 

Figure 2-7 – Stochastic full-field vibration phase of the TM. Distribution of the displacement 
phase of the baseline model and the spatial distribution of circular mean and circular standard 
deviation of the phase of the tympanic membrane. The results are presented at three 
frequencies Flow, Fmid, and Fhigh. The manubrium is outlined in black. 

 

To take the variability in individual ears into account, the stochastic model considered 

uncertainty in the mechanical parameters as well as the thickness of the TM.  We demonstrated 

that the middle-ear model can magnify the uncertainties in the model parameters to more than 

300% in the outputs. For both CV values of 10% and 20% of the model parameters, the highest 
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UA happened in the frequency range of 1 kHz to 5 kHz for the amplitudes of the umbo and 

stapes displacements. This new finding enhances our existing knowledge [37], [101] about the 

sensitivity of the middle ear to variability. Uncertainty amplification that we report here was 

also observed in models of other organs of the body (e.g., left ventricle [102]). 

Also, for the model with the CV of 20%, for some sets of model parameters, we saw an 

additional anti-resonance in umbo displacement at frequencies around 2-3 kHz that does not 

exist in the baseline model. Based on our results, for the sample sets that lead to these anti-

resonances in the umbo response, the values of the thickness or the Young’s modulus of the 

TM (or both of them for most samples) are small (below mean values). However, the values 

of other model parameters and their interactions may also have some effects in the presence of 

these anti-resonances. The presence of anti-resonances for some sets of model parameters is 

consistent with the presence of similar antiresonances in some ears in experimental 

observations of populations of middle ears [8], [9]. Additionally, the noisy behaviour of the 

transfer function (Figure 2-4-e)  can be due to these anti-resonances for some sets of model 

parameters. 

All the observations described above have important implications for FE models of the middle 

ear because in addition to inter-individual variability that makes the model parameters 

intrinsically uncertain, most material parameters of the models were not and cannot be 

measured accurately in vivo, at least with the existing methods. If conventional deterministic 

FE models of the middle ear are to be used for developing new medical devices or for planning 

therapeutic interventions, the ignored error in the values of material and geometrical 

parameters (uncertainty) may be amplified as errors in the model results. We observed that the 

umbo and stapes footplate responses and the middle-ear transfer function are less uncertain at 

low frequencies. This suggests that if, despite uncertainties, a deterministic model is used, the 

model predictions at low frequencies are more reliable than those at high frequencies.  

Moreover, by investigating stochastic vibration patterns of the TM, we observed that as the 

frequency of excitation increases, the regions with high uncertainty are spread out more evenly 

on the entire TM surface and the vibration pattern becomes increasingly less certain. This 
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suggests that similar to what we discussed for the umbo, stapes footplate and the middle-ear 

transfer function, if conventional deterministic FE models of the middle ear are used for 

developing new technologies that rely on the exact details of the vibration patterns of the TM, 

low-frequency vibration patterns should be preferred over the high-frequency ones.  

One of the limitations of our current stochastic FE model is that we only considered normal 

and half-normal distributions for the model parameters. We chose these distributions based on 

the fact that normal distributions are suitable choices for many biological variables [92]. 

However, the exact distribution of each of the model parameters should be determined by 

performing further experiments on a large number of human ears.  

In the absence of more accurate estimates of the value of the CV of most of the uncertain model 

parameters, we considered the CV values of 10% and 20%. However, additional experimental 

measurements should be carried out in order to quantify the CV of each of the model 

parameters. Recently, Lobato et al. tried to quantify the CV of mechanical parameters of the 

middle ear [103] based on the ranges reported in the literature for each value. However, their 

study does not include all mechanical properties of the middle ear structures. For instance, CV 

of damping, Poisson’s ratio, and cochlear load is not reported in their work. Additionally, as 

Lobato et al. also mentioned in their work, even for the parameters reported in their work, the 

values of CV were calculated from small sample sets and therefore, those values might not be 

accurate enough. Furthermore, to avoid excessive sophistication of performing this study, we 

only considered the variability in the TM thickness among all morphological parameters of the 

middle ear because that was the only morphological variability that would not need creations 

of new 3D models. Future studies should explore the effects of morphological variability in 

interaction with material variability.  
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Chapter 3 

Relative importance and interactions of parameters of finite-element 

models of human middle ear 

Preface 

In this chapter, we performed a global sensitivity analysis on the human middle ear to find the 

parameters that have the most remarkable global impact on sound conduction in the middle ear 

and also to find the interactions among model parameters. We used the stochastic FE results 

presented in Chapter 2 with CV of 20% of model parameters to create surrogate models that 

can be used instead of FE models to make the computationally massive global sensitivity 

analysis process manageable. We then verified the accuracy of these surrogate models with 

respect to the FE results and used them to perform a global sensitivity analysis on the middle 

ear using Sobol′ sensitivity analysis method.  
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Overview 

In the last decades, finite-element models of the middle ear have been widely used to predict 

the middle-ear vibration outputs. Even with the simplest linear assumption for material 

properties of the structures in the middle ear, these models need tens of parameters. Due to the 

complexities of measurements of material properties of these structures, accurate estimations 

of the values of most of these parameters are not possible. In this study, we benefited from the 

stochastic finite-element model of the middle ear we had developed in the past, to perform 

global sensitivity analysis. For this aim, we implemented Sobol′ sensitivity analysis which 

ranks the importance of all uncertain parameters and most importantly, the interactions among 

them at different frequencies. In order to decrease the computational costs, we found Sobol′ 

indices from surrogate models that we created using stochastic finite-element results and the 

polynomial chaos expansion method. Our quantities of interest for the global sensitivity 

analysis are the displacement amplitude of the umbo and displacement amplitude and phase of 

the stapes footplate. Based on the results, the Young’s modulus of the tympanic membrane and 

stapedial annular ligaments, the damping of the stapedial annular ligament, the Young’s 

modulus of ossicles, and the thickness of the tympanic membrane are among the parameters 

with greatest impacts on our quantities of interest. Furthermore, the results reveal that the most 

significant interactions happen between the Young’s modulus and thickness of the tympanic 

membrane.  
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3.1 Introduction 

The human middle ear is a complex system that plays a key role in auditory processing by 

conducting sound waves from the ear canal to the inner ear.  Models of the middle ear are 

valuable resources that can be used for different purposes such as obtaining a better quantified 

understanding of the mechanics of the middle ear, optimizing new or existing hearing devices, 

investigating the response of the middle ear to pathological changes, and developing diagnostic 

tools. Different approaches have been employed to model the mechanics of the middle ear 

[31]. The finite-element method is one of the most prominent and powerful methods that has 

been used in this area. 

Specifying the values of the mechanical and geometrical properties of all structures in the 

model is one of the most crucial requirements for developing an accurate FE model. However, 

even with the linear isotropic elastic material assumption, there are tens of model parameters 

in the middle-ear model. This number is higher for more complicated mechanical models such 

as nonlinear elastic models.   

Due to the small size of most middle-ear structures and the rapid changes in their mechanical 

properties, once they are removed from the body due to drying and other effects, it has been 

challenging to measure their mechanical properties. Additionally, the mechanical properties 

and morphological features of the middle-ear structures are affected by inter-individual 

variabilities. These uncertainties can have substantial effects on the predictions of the middle-

ear models. Therefore identifying the influential parameters and the interactions of parameters 

of the middle ear is of paramount importance for providing a deeper insight into the 

biomechanics of the middle ear and for interpreting diagnostic measurements of the middle ear 

[10]. Also, the findings can help researchers to focus their measurements on the mechanical 

properties of the structures that have the most considerable effects on the middle ear responses 

to reduce uncertainty. Furthermore, modellers can use these findings to focus exclusively on 

the influential and interacting parameters when tuning their FE models to reproduce 

experimental measurements. This will significantly reduce the computational costs of creating 

new patient-specific middle-ear FE models for diagnostic and therapeutic purposes.  
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There have been some sensitivity analysis investigations in the literature to determine 

influential parameters of middle-ear models [10], [37], [51], [55], [101]. Maftoon et al. 

performed one-at-a-time sensitivity analysis on the gerbil middle-ear model [37]. They 

considered the Young’s modulus, density, damping, and the bulk modulus of all structures in 

their model as well as the cochlear load and thickness of the TM. O’Connor et al. performed a 

sensitivity analysis to study the effects of varying the TM material properties on the responses 

of a human middle-ear model [10]. Motallebzadeh et al. applied both one-at-a-time and Morris 

sensitivity analysis methods to ear canal and middle-ear models of a human newborn [55]. For 

the ear canal, they studied the variations of the Young’s modulus, density, Poisson’s ratio, and 

damping ratio of the soft tissue and for the middle-ear, they studied the impacts of the 

variations of 12 different model parameters including the middle-ear cavity volume, cochlear 

load, and Young’s modulus of TM, ossicles, and ligaments. Furthermore, they investigated the 

effects of anatomical variability by scaling the middle ear and ear canal geometries in x, y, and 

z directions simultaneously. In another study, Greef et al. created FE models for three different 

human temporal bones and used these models to perform one-at-a-time investigation of the 

effects of variations of different model parameters including the damping of TM, Young’s 

modulus of TM, and cochlear impedance [101]. Most of these works have been limited to a 

few structures in the model and few excitation frequencies. Furthermore, most sensitivity 

analyses of middle-ear models have been performed using one-at-a-time approach, which does 

not consider the possible interactions among parameters when they are changed at the same 

time to cover the parameter space instead of perturbing the model in the vicinity of a single 

point in the parameter space. When two parameters interact, the impacts of the variations in 

one of the parameters on the outputs are affected by the variations in the other parameter.  

In the present chapter, we employed stochastic FE model results of the human middle ear, to 

perform global sensitivity analysis for all mechanical parameters of the model as well as the 

thickness of the TM.  Unlike previous one-at-a-time analyses, this enabled us to study not only 

the effects of each parameter on the model responses but also the interactions among 

parameters for the first time.  
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3.2 Materials and methods 

3.2.1 Mesh and deterministic finite-element model 

The details of segmentation and mesh generation were provided in Chapter 2. We created the 

3D model of the middle ear by segmentation of a µCT image dataset of a cadaver temporal 

bone and generated the mesh of the middle ear from the segmented geometry. The 

segmentation and mesh generation were done in 3D Slicer 4.11.20200930 [85]. The FE model 

consisted of 7,778 seven-node second-order triangular shell elements for the TM and  205,322 

ten-node second-order tetrahedral elements for all other structures in the model.  

Our model included the TM, ossicles, LML, AML, IMJ, ISJ, SAL, SML, PIL, and manubrial 

fold. The middle ear cavity, tensor tympani tendon, and stapedial tendon were not considered 

in the model. In Chapter 2 we performed a mesh convergence study to test the quality of the 

created mesh. For this aim, we increased the number of tetrahedral elements by a factor of 

eight and the number of triangular elements by a factor of four. We compared the results of 

this refined mesh with the results obtained using the original mesh at 405 equally spaced 

frequencies in the frequency range of 100 Hz to 10 kHz. We found that for the stapes footplate 

displacement amplitude, the differences between the results of refined and original meshes 

were less than 1 dB at 321 frequencies and the maximum difference was 2.11 dB at 1.17 kHz. 

Also, for the umbo displacement amplitude, we observed that the differences between the 

results of models with the original mesh and the refined mesh were less than  1 dB at 354 

frequencies and the maximum difference was 1.40 dB at 1.24 kHz. As a trade-off between the 

computational cost and accuracy, we used the original mesh for our calculations. 

The material properties of the baseline deterministic model are presented in Table 2-1. Similar 

to Chapter 2, all materials were considered to be linear which is shown to be a valid assumption 

for regular hearing tasks (e.g., response sounds below the threshold of pain, 120 dB SPL) [68], 

[104]. Additionally, we assumed all materials to be isotropic. We considered fully clamped 

boundary conditions for the TM annulus. Also, the ligaments were fixed at their distal ends 

where they are connected to the middle-ear cavity wall. The excitation of the model was 
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uniform pressure (with a magnitude of 1 Pa) applied to the TM surface laterally. The thickness 

of the TM was considered to be 74 μm [48], [87]. The cochlear impedance was considered to 

be 20 GΩ which is the same value used by Gan et al. [48]. As mentioned in Chapter 2, the 

surface area of the stapes footplate in our model is 3.6 mm2. From these values, we calculated 

viscous damping of  0.26 Ns/m for the cochlear load. In our FE model, the cochlear load was 

represented by four dashpots attached to the stapes footplate.  

We used Code_Aster (version 14.4.0) for FE simulations. All FE computations were carried 

out using transient dynamic analysis unless specified otherwise. In order to find the 

displacement frequency response function of the umbo and stapes footplate, we first calculated 

the transient response of these structures to the pressure step function with the magnitude of 1 

Pa (applied to the TM laterally) using Newmark-β scheme (β = 0.25 and γ = 0.5 in the 

Newmark-β scheme). We then differentiated the step response (with respect to time) and 

employed the fast Fourier transform to generate the frequency response functions.  

Similar to Chapter 2, we chose a time step of 10 µs and a time span of  25 ms in this chapter. 

In Chapter 2, we analyzed the sensitivity of the model results to the values of the time step and 

time span. The results revealed that, in the frequency range of 100 Hz to 10 kHz, changing the 

time step from 10 µs to 5 µs caused maximum differences of 0.44 dB and 0.36 dB in the 

displacement amplitudes of stapes footplate and umbo, respectively. Additionally, we 

increased the time span from 25 ms to 50 ms and observed that this change resulted in less than 

0.001 dB difference in both stapes footplate and umbo displacement amplitudes in the 

frequency range of 100 Hz to 10 kHz. Based on these observations, we chose the time step of 

10 µs and the time span of  25 ms for all simulations. 

As mentioned in Chapter 2, to validate our baseline deterministic model, we compared the 

amplitude and phase of the stapes footplate displacement obtained from our FE model with the 

open cavity experimental measurements of Voss et al. (measurements of Bone 25 in their work) 

[68]. At frequencies below the middle-ear resonance frequency (1.5 kHz), our model outputs 

were in very good agreement (less than 1.6 dB difference) with the results of the experimental 
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measurements. Also, the minimum cosine difference3 between the phase of our model and the 

phase of experiments of Voss et al. at frequencies below 1.5 kHz was  0.98. Furthermore, the 

values of the middle-ear resonance frequency obtained from our model and the experiments of 

Voss et al. were very close to each other (both at about 1.5 kHz). Between the frequency of 1.5 

kHz to about 4 kHz (maximum frequency in measurements of Voss et al. [68]), the mean 

difference between the amplitude of the stapes footplate of our model results and the results of 

Voss et al. was 6.64 dB and the mean value of cosine difference between the results was 0.80. 

3.2.2 Uncertainty propagation and stochastic finite-element model 

We  considered existence of uncertainties in the cochlear load, thickness of the TM, and 

mechanical properties (Young’s modulus, Poisson’s ratio, and stiffness-proportional damping 

coefficients) of all of the components of the model. Overall, we had 32 model parameters in 

our sensitivity analysis. We created 1992 sets of stochastic model parameters using the Latin 

Hypercube Sampling method [105]. The mean values of model parameters for creating 

stochastic sets were considered to be the same as the values of parameters of the baseline model 

(Table 2-1). The normal distribution was considered for all of the model parameters (except 

for the Poisson’s ratio of soft tissues that half-normal distribution was considered). To reduce 

the number of parameters, we considered all three ossicles to have the same mechanical 

properties (Young’s modulus, Poisson’s ratio, and damping). In this chapter, we created the 

stochastic model with the coefficient of variation of 20% for model parameters. Appendix C 

presents the range of the values of our middle-ear model parameters. All FE computations were 

carried out on the Niagara cluster of the Digital Research Alliance of Canada.  

3.2.3 Global sensitivity analysis 

Global sensitivity analysis aims to quantify the impact of individual and combined 

uncertainties in the model parameters on the outputs. A review of different global sensitivity 

analysis methods can be found in [106]. In this study, we used Sobol′ sensitivity analysis that 

 
3 We define the cosine difference of angles θ and φ as cos(θ–φ). 
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is a variant-based sensitivity analysis method and does not need the model to behave linearly 

or monotonously [107]. Considering the middle-ear FE model 𝑓𝑓 and a vector of uncertain 

independent variables 𝑍𝑍 = (𝑍𝑍1,𝑍𝑍2, . . ,𝑍𝑍𝑛𝑛)𝑇𝑇, quantities of interest (𝑌𝑌) can be written as: 

𝑌𝑌 = 𝑓𝑓(𝑍𝑍) (3-1) 

In Sobol′ sensitivity analysis, the importance of each parameter is found by decomposing the 

variance of the outputs into fractions that can be attributed to the inputs. The Sobol′ 

decomposition of a square-integrable function 𝑓𝑓 can be defined as [107]: 

𝑓𝑓(𝑍𝑍) = 𝑓𝑓0 + ∑ ∑ 𝑓𝑓𝑖𝑖1…𝑖𝑖𝑆𝑆(𝑍𝑍𝑖𝑖1 , … ,𝑍𝑍𝑖𝑖𝑆𝑆)𝑛𝑛
𝑖𝑖1<⋯<𝑖𝑖𝑆𝑆

𝑛𝑛
𝑠𝑠=1 , (3-2) 

where 𝑓𝑓0  is the expected value of 𝑓𝑓(𝑍𝑍) and is a constant. Also, it was shown that for an 

integrable function 𝑓𝑓(𝑍𝑍) and independent input variables, the integrals of summands with 

respect to their own variables are zero [107]: 

� 𝑓𝑓𝑖𝑖1,…,𝑖𝑖𝑆𝑆�𝑍𝑍𝑖𝑖1 ,𝑍𝑍𝑖𝑖2 , … ,𝑍𝑍𝑖𝑖𝑆𝑆�𝑑𝑑𝑍𝑍𝑖𝑖𝑘𝑘 = 0
1

0
    𝑓𝑓𝑓𝑓𝑓𝑓 𝑘𝑘 = 1, … , 𝑠𝑠 (3-3) 

Moreover, it was shown that summands can be recursively computed by integrals [107]: 

𝑓𝑓0 = �𝑓𝑓(𝑍𝑍)𝑑𝑑𝑑𝑑,    (3-4) 

𝑓𝑓𝑖𝑖(𝑍𝑍𝑖𝑖) = �…�𝑓𝑓(𝑍𝑍)𝑑𝑑𝑍𝑍~𝑖𝑖 − 𝑓𝑓0, (3-5) 

𝑓𝑓𝑖𝑖𝑖𝑖�𝑍𝑍𝑖𝑖 ,𝑍𝑍𝑗𝑗� = �…�𝑓𝑓(𝑍𝑍)𝑑𝑑𝑍𝑍~𝑖𝑖 − 𝑓𝑓0 − 𝑓𝑓𝑖𝑖(𝑍𝑍𝑖𝑖) − 𝑓𝑓𝑗𝑗�𝑍𝑍𝑗𝑗�,    (3-6) 

where Z is the set of input parameters as mentioned before and ~𝑖𝑖 shows that the variable 𝑖𝑖 is 

excluded. The higher-order summands can be defined similarly. Squaring equation (3-2) and 

integrating it results in [107]: 

�𝑓𝑓2(𝑍𝑍)𝑑𝑑𝑑𝑑 − 𝑓𝑓02 = � � �𝑓𝑓2𝑖𝑖1…𝑖𝑖𝑆𝑆
𝑑𝑑𝑍𝑍𝑖𝑖1 ,…,𝑍𝑍𝑖𝑖𝑆𝑆

𝑛𝑛

𝑖𝑖1<⋯<𝑖𝑖𝑆𝑆

𝑛𝑛

𝑠𝑠=1

. (3-7) 

The total variance is defined as: 
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𝐷𝐷 = �𝑓𝑓2(𝑍𝑍)𝑑𝑑𝑑𝑑 − 𝑓𝑓02,    

and partial variances are: 
(3-8) 

𝐷𝐷𝑖𝑖1,…,𝑖𝑖𝑆𝑆 = �𝑓𝑓2𝑖𝑖1…𝑖𝑖𝑆𝑆
�𝑍𝑍𝑖𝑖1 , … ,𝑍𝑍𝑖𝑖𝑆𝑆�. (3-9) 

The Sobol′ sensitivity indices are defined as: 

𝑆𝑆𝑖𝑖1…𝑖𝑖𝑆𝑆 =
𝐷𝐷𝑖𝑖1…𝑖𝑖𝑆𝑆
𝐷𝐷

    (3-10) 

which represents the relative contribution of each group of input parameters to the total 

variance [108]. The Sobol′ index considering only one input parameter is called the first-order 

Sobol′ index and it shows the effects of that individual parameter alone. If we consider multiple 

terms for calculating the Sobol′ indices (high-order indices), we will be able to find the 

interaction among parameters as well. The total-order Sobol′ index due to the parameter i is 

the sum of all Sobol′ indices involving that specific parameter and is defined as: 

𝑆𝑆𝑖𝑖𝑇𝑇 = 1 − 𝑆𝑆~𝑖𝑖 (3-11) 

The total-order Sobol′ index shows the overall contribution of a parameter on the output 

including its interactions with other parameters. In fact, the sensitivity analysis performed by 

considering only the first-order Sobol′ indices is similar to one-at-a-time sensitivity analysis as 

it does not consider the interactions among parameters. On the other hand, for each parameter, 

the total-order Sobol′ indices show the direct contribution of the parameter to the output (first 

Sobol′ index) as well as all of its interactions with other parameters. The second-order Sobol′ 

indices represent the interactions between pairs of parameters of the model on the output. In 

this chapter, we used first, second, and total order Sobol′ indices to study the effects of each 

parameter as well as its interactions with other parameters on the outputs of the middle-ear 

model. More information about calculating Sobol′ indices can be found in [108]. 

3.2.4 Creation of surrogate models using polynomial chaos expansion 

In practice, direct calculation of Sobol′indices needs a huge number of evaluations of the 

model(in the order of thousands) [108]–[110]. It is hard to achieve this number of evaluations, 
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specifically if the computational cost of the model is high as it is the case for FE models. 

Fortunately, the Sobol′ indices can be easily calculated from surrogate models created using 

polynomial chaos expansion (PCE) [111]. In this chapter, we created separate PCEs at each 

frequency and for each quantity of interest and then used these PCEs to evaluate Sobol′ indices. 

The quantities of interest were chosen to be the amplitude of displacement of the umbo and 

stapes footplate and the phase of the stapes footplate in the frequency range of 100 Hz to 10 

kHz. The reason that we did not consider the phase of the umbo as a quantity of interest is that 

we found large errors in the created surrogate models of the phase of the umbo at mid to high 

frequencies which can be due to the high variance of the output. As mentioned in Chapter 2, 

we also observed an additional anti-resonance at those frequencies for some sets of model 

parameters in our stochastic FE model results that can be one of the reasons for this high 

variance of the outputs. 

The scalar model response can be expressed as a set of multivariable orthonormal polynomials 

so that: 

𝑌𝑌 = 𝑓𝑓(𝑍𝑍) ≈ �𝑦𝑦𝛼𝛼𝜓𝜓𝛼𝛼(𝑍𝑍)
𝑃𝑃

𝛼𝛼=1

 (3-12) 

where 𝜓𝜓𝛼𝛼(𝑍𝑍) represents multivariable basis functions in terms of input parameters,  𝑦𝑦𝛼𝛼 shows 

the coefficient of the polynomials that should be found during creating the PCE model, and P 

is the number of terms which is a function of the number of model parameters and the degree 

of polynomials. The multivariable polynomial basis functions are chosen based on the 

distribution of the input parameters. Here, we used multivariable Hermite polynomials for the 

parameters with the normal distribution [112] and arbitrary polynomials created with Stieltjes 

procedure [113] for parameters with the half-normal distribution. 

We used degree-adaptive PCEs with a degree range of 3 to 10 and for each case, and the PCE 

with the highest accuracy (with respect to the FE results) in this range was chosen. Also, for 

calculating the unknown coefficients (𝑦𝑦𝛼𝛼) in Equation (3-12), among different methods in the 
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literature [112], we used the least angle regression method [114], which is suitable for high-

dimensional simulations [113].  

It is known that in most applied science problems, only low-order interactions exist among 

parameters  [113]. Due to this fact and to decrease the computational costs, we limited the 

maximum interactions in the PCEs to the order of two.  

In order to evaluate the accuracy of the created PCEs with respect to the FE results, we used 

the leave-one-out (LOO) error [115]. The relative LOO error is defined as [113]:  

𝜖𝜖𝐿𝐿𝐿𝐿𝐿𝐿 =
∑ �

𝑓𝑓�𝑍𝑍𝑖𝑖� − 𝑓𝑓𝑃𝑃𝑃𝑃�𝑍𝑍𝑖𝑖�
1 − ℎ𝑖𝑖

�
2

𝑛𝑛
𝑖𝑖=1

∑ �𝑓𝑓(𝑍𝑍𝑖𝑖) − 1
𝑁𝑁∑ 𝑓𝑓(𝑍𝑍𝑖𝑖)𝑛𝑛

𝑖𝑖=1 �
2

𝑛𝑛
𝑖𝑖=1

     ,

ℎ𝑖𝑖 = 𝑖𝑖𝑡𝑡ℎ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝐴𝐴(𝐴𝐴𝑇𝑇𝐴𝐴)−1𝐴𝐴𝑇𝑇)  ,𝐴𝐴𝑖𝑖𝑖𝑖 = 𝜓𝜓𝑗𝑗(𝑍𝑍(𝑖𝑖)) 

(3-13) 

In this chapter, we measured the quality of the PCEs by the Q2 parameter which is defined as: 

𝑄𝑄2 = 1 − 𝜖𝜖𝐿𝐿𝐿𝐿𝐿𝐿 (3-14) 

The value of Q2 is between zero and one. The larger is Q2, the higher is the accuracy of the 

PCE (with respect to the FE results). The procedures of creating stochastic sets of model 

parameters, creating PCEs, and calculating Sobol′ indices were performed using UQLab 

(version 1.3.0) [91] in MATLAB 2019a.  

Figure 3-1 provides a summary of the workflow of the stochastic FE model and the global 

sensitivity analysis that we used in the current chapter. 

3.3 Results  

3.3.1 Evaluation of the quality of the surrogate models 

As explained in Section 3.2.3, because finding the Sobol′ indices involves an immense number 

of evaluations of the computationally expensive FE model, we created a surrogate model using 

our stochastic FE model and the PCE method as detailed in Section 3.2.4. In this section, we 
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present the results related to the error of the PCEs to analyze their accuracies with respect to 

the FE results.  

 

Figure 3-1 – Workflow of the stochastic FE modelling and global sensitivity analysis. We first 
created stochastic sets of model parameters with the mean values of the baseline model, CV of 
20%, and normal distribution (half-normal for Poisson’s ratio of incompressible materials). 
We then solved our FE model for all these sets of model parameters and found the distribution 
of our quantities of interest. The next step in our work was to use these stochastic sets of input 
and outputs to train PCEs for each quantity of interest and in each frequency. We used degree 
adaptive PCEs and found the degree for which, the PCEs had the highest accuracy with respect 
to the FE results. We then used these PCEs to estimate Sobol′ indices to perform a global 
sensitivity analysis on the model. 

 

Figure 3-2 presents the value of Q2 for all three quantities of interest. A high value of Q2 (near 

one) shows the high accuracy of the PCE to imitate the stochastic FE model at a lower 

computational cost. For all three quantities, the smallest error of PCE was attained at low-

frequency responses (Q2 of about 1). For the amplitude of the umbo and stapes footplate, the 

maximum error (the minimum Q2 value of about 0.87) occurred near frequencies of 3.3 kHz 
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and 1.6 kHz, respectively. For the phase of the stapes footplate, the maximum error occurred 

near the frequency of 2.7 kHz and the minimum value of Q2 was 0.74.  

 

Figure 3-2 – Quality (in terms of Q2) of the surrogate models to represent the stochastic finite-
element model of the middle ear. The value of Q2 is between zero and one and the larger is Q2, 
the higher is the accuracy of the PCE with respect to the FE results. The value of Q2 is shown 
for all quantities of interest (displacement amplitude of the umbo and stapes footplate and the 
displacement phase of the stapes footplate) at different excitation frequencies. For all three 
quantities of interest, the smallest error was attained at low frequencies. For displacement of 
the umbo and stapes footplate, the greatest error was attained at about 3.3 kHz and 1.6 kHz, 
respectively. Also, for the displacement phase of the stapes footplate, the greatest error was 
attained at about 2.7 kHz. 

 

We also investigated how the LOO error changes with increasing the size of the training set of 

the PCEs at three frequencies Flow = 708 Hz, Fmid = 6.52 kHz, and Fhigh = 9.74 kHz (Figure 3-3). 

As expected, increasing the size of the training set resulted in decreasing the LOO error and 

for all three outputs of interest, the LOO error became less than 2% when 800 or more FE 

model evaluations were included in the training set of PCEs. Note that all results, except Figure 

3, the size of the training set was 1992 as explained in Section 3.2.2.  
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Figure 3-3 – Percentage of the leave-one-out (LOO) error of the created PCEs with respect to 
the number of FE calculations used in the training set of PCEs at three frequencies Flow =708 
Hz, Fmid =6.52 kHz, and Fhigh =9.74 kHz for the three quantities of interest (displacement 
amplitude of the umbo and stapes footplate and phase of the stapes footplate). For all three 
frequencies and all three outputs of interest, a training set that consisted of more than 800 FE 
model calculation results, led to the LOO errors of less than 2%.  

 

In order to analyze the accuracy of the created PCEs with respect to the FE results, we used 

them to calculate the umbo and stapes footplate frequency responses for two sets of parameters, 

that were not used in the training of PCEs. The PCE surrogate model calculations and the 

ground truth for these two parameter sets obtained using the FE model are compared in Figure 

3-4. In column (a), the parameters of the baseline model (Table 2-1) were used to illustrate the 

accuracy of the PCEs (with respect to the FE results) when model parameters are very close to 

their mean values. At most frequencies, the responses obtained from PCE and FE are very 

close to each other (less than 1 dB in more than 90% of frequencies for the amplitude of the 

umbo and in 97% of frequencies for the amplitude of the stapes footplate) with maximum 

differences of 2.29 and 1.94 dB for the displacement amplitudes of the umbo and stapes 
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footplate, respectively. Moreover, the mean cosine difference between the PCE and FE phase 

among all frequencies in the frequency range of 100 Hz to 10 kHz is very close to one. 

 

Figure 3-4 – Validation of PCE calculations against ground truth frequency responses 
obtained using the deterministic FE model. (a) Using the parameters of the baseline model 
and (b) using the parameter values obtained from the subtraction of the standard deviation of 
model parameters (with CV of 20%) from the values of the parameters of the baseline model. 
The two-parameter sets were not used in the training sets of PCEs. The results reveal that the 
PCEs can accurately calculate the umbo and stapes displacement responses (with respect to 
the FE results) even for points in the n-dimensional parameter space far from the mean of the 
parameter space.  

 

To validate the PCE surrogate models for model parameters far from their mean values in the 

parameter space, we subtracted the standard deviation values of the model parameters (with 

CV of 20%) from their baseline values (Table 2-1). The results of PCE and ground truth FE 

calculations for this parameter set (presented in Appendix C) are shown in column (b) of Figure 

3-4. Here also, the responses calculated using the PCEs are very close to the FE ground-truth 

ones with maximum differences of 4.00 dB and 2.90 dB for the amplitudes of the umbo and 

stapes footplate, respectively. Also, this difference is less than 1 dB in more than 65% and 75% 

of frequencies for the amplitudes of the umbo and stapes footplate, respectively. Also, the 
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mean cosine difference between the PCE and FE phase among all frequencies in the frequency 

range of 100 Hz to 10 kHz is 0.91. 

These results demonstrate that the created PCEs can accurately reproduce the FE results at 

most frequencies even if the values of the model parameters are far from their mean values. 

This enabled replacing the expensive FE models with PCEs to avoid running the immense 

number of FE simulations (order of tens of thousands [108]–[110] for a model with the 

dimension of 32 parameters) required for global sensitivity analysis.  

3.3.2  Global sensitivity analysis 

In this section, we present the Sobol′ indices to study the effects of each of the model 

parameters and their interactions on the three quantities of interest mentioned in Section 3.3.1. 

We first focus on three specific frequencies introduced in Section 3.3.1 (Flow = 708 Hz, Fmid = 

6.52 kHz, and Fhigh = 9.74 kHz) to be able to accurately assess the interactions of parameters 

using the first, second, and total order Sobol′ indices. These frequencies were chosen to 

represent three frequency ranges while based on quality results of Figure 3-2 the created PCEs 

have high accuracies (with respect to the FE results) at these frequencies (Q2  of greater than 

0.98). 

It should be noted that in all figures in this section, the subscripts E, C and ν stand for the 

Young’s modulus, the stiffness damping coefficient (α2), and the Poisson’s ratio, respectively. 

Also, “Thickness” is the thickness of the tympanic membrane, “Coc” stands for the cochlear 

load, and “Oss” stands for ossicles.  

3.3.2.1 Umbo displacement amplitude at low frequency 

Figure 3-5 shows the first, second, and total order Sobol′ indices for the three quantities of 

interest at Flow (708 Hz). Based on the values of the first-order Sobol′ index (red columns in 

the first row of Figure 3-5-a), the parameters that have the greatest effects on the displacement 

amplitude of the umbo are the thickness of the TM (0.29) and the Young’s moduli of the TM 

(0.29), SAL (0.19), and ossicles (0.09). Also, the values of total-order Sobol′ indices in Figure 

3-5-a (green stacked columns) show that the Young’s modulus and thickness of the TM have 



 

 55 

some interactions with other parameters as their total-order Sobol′ indices are greater (about 

0.02) than their first-order indices. Our calculations of second-order Sobol′ indices (presented 

in Figure 3-5-b) also confirm that the most significant interactions happen between the 

Young’s modulus and thickness of the TM (second-order Sobol′ index of 0.02).  

3.3.2.2  Stapes footplate displacement amplitude at low frequency 

Based on the second row of Figure 3-5-a, values of the first-order Sobol′ indices (red columns), 

the parameter that has the highest impact on the displacement amplitude of the stapes footplate 

at Flow is the Young’s modulus of the SAL (0.76). Also, the results show that the variations of 

the Young’s modulus of the TM (0.07), damping of SAL (0.07), and thickness of the TM (0.04) 

have some effects on the displacement amplitude of the stapes footplate. The values of the 

total-order Sobol′ indices (green stacked columns in Figure 3-5-a) are very close to the values 

of the first-order Sobol′ indices for all parameters. This shows that the interactions among 

parameters are very small for the amplitude of the stapes footplate at Flow. The maximum values 

of second-order indices (presented in Figure 3-5-b) are in the order of 0.003. 

3.3.2.3  Stapes footplate displacement phase at low frequency 

The values of the first-order Sobol′ indices (red columns in the third row of Figure 3-5-a) show 

that the parameters that have the greatest impacts on the displacement phase of the stapes 

footplate at Flow are the damping of SAL (0.53) and the Young’s modulus of SAL (0.24). The 

variations of the cochlear load (0.09), the Young’s modulus of the TM (0.06), and thickness of 

the TM (0.04) also have some effects on the variations of the phase of the displacement of the 

stapes footplate at Flow. The values of the total-order Sobol′ indices (green stacked columns in 

Figure 3-5-a) are very close to the values of the first-order Sobol′ indices for all parameters. 

This demonstrates that the interactions among parameters are very small. This is confirmed by 

the small second-order Sobol′ indices (Figure 3-5-b) with the maximum value of about 0.003, 

suggesting poor interactions among parameters affecting the phase of the displacement of the 

stapes footplate at Flow. 
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Figure 3-5 – Sobol′ indices for the displacement amplitudes of the umbo and stapes footplate 
and displacement phase of the stapes footplate at Flow =708 Hz. Column (a) shows the first 
and total order Sobol′ indices, and column (b) shows the values of second-order Sobol′ indices 
(only second-order Sobol′ indices greater than 0.003 are presented here). The values of the 
first-order Sobol′ indices, show the direct effects of each of the input parameters on the 
variations of the outputs while the values of the second-order Sobol′ indices represent the 
interactions between pairs of model parameters. Additionally, the values of the total-order 
Sobol′ indices include the direct effect of each of the parameters as well as the effect of its 
interactions with other parameters on the variation of the output.  The variations of the 
thickness of the TM and the Young’s modulus of the TM, SAL, and ossicles have the greatest 
impact on the amplitude of the umbo. The variation of the Young’s modulus of the SAL has the 
most significant impact on the amplitudes of the stapes footplate. Moreover, the variations of 
the Young’s modulus and damping of the SAL have the most considerable impact on the phase 
of the stapes footplate. Also, the most considerable interactions among parameters happen 
between the Young’s modulus and the thickness of the TM. The subscripts E, C and ν stand for 
the Young’s modulus, the stiffness damping coefficient (α2), and the Poisson’s ratio, 
respectively. Also, “Thickness” is the thickness of the TM, “Coc” stands for the cochlear load, 
and “Oss” stands for ossicles.  
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3.3.2.4  Umbo displacement amplitude at mid-frequency 

Similarly, for the amplitude of the umbo displacement at Fmid  (6.52 kHz), Figure 3-6 shows 

the following. The first-order Sobol′ indices (red columns) show that the Young’s modulus of 

the TM (0.68) has the greatest impact and the thickness of the TM (0.08) and the Young’s 

modulus of the ossicles (0.15) have some effects. Moreover, the values of the total-order Sobol′ 

indices (green stacked columns in Figure 3-6-a) and the second-order Sobol′ indices (Figure 

3-6-b) demonstrate that the most significant interactions are among the Young’s modulus and 

thickness of the TM (the second-order Sobol′ index of about 0.04). 

3.3.2.5  Stapes footplate displacement amplitude at mid-frequency 

For the amplitude of the displacement of the stapes footplate at Fmid, the second row of Figure 

3-6 shows the following. Based on the values of first-order Sobol′ indices (red columns in 

Figure 3-6-a), the Young’s modulus of the TM (0.65) has the highest impact followed by the 

Young’s modulus of the SAL (0.07), damping of SAL (0.09), and the thickness of the TM 

(0.07). Also, the values of the total-order Sobol′ indices (green stacked columns) are greater 

than the values of the first-order Sobol′ indices for the thickness of the TM (difference of about 

0.03) and the Young’s modulus of the TM (difference of about 0.05). This suggests some 

interactions between these two parameters which is confirmed by the second-order Sobol′ 

indices of about 0.03 (Figure 3-6-b). 

3.3.2.6  Stapes footplate displacement phase at mid-frequency 

For the phase of the displacement of the stapes footplate at Fmid, the third row of Figure 3-6 

shows the following. Based on the values of the first-order Sobol′ indices (red columns in 

Figure 3-6-a), the parameter that has the most considerable effects is the Young’s modulus of 

the TM (0.67). Furthermore, the Young’s modulus of the SAL (0.07) and the damping of and 

TM (0.04) have some effects. Also, there is a large difference (about 0.1) between the total-

order Sobol′ indices (green stacked columns in Figure 3-6-a) and the first-order Sobol′ indices 

for the thickness and Young’s modulus of the TM, showing considerable interaction between 
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these two parameters. The second-order Sobol′ indices (Figure 3-6-b) also show a high 

interaction between these two parameters (second-order index of about 0.1). 

 

Figure 3-6 – First and total order Sobol′ indices for all three quantities of interest at Fmid 
=6.52 kHz.  Column (a) shows the first and total order Sobol′ indices, while column (b) 
presents the values of second-order Sobol′ indices (only second-order Sobol′ indices greater 
than 0.005 are presented here). The values of the first-order Sobol′ indices, show the direct 
effects of each of the input parameters on the variations of the outputs while the values of the 
second-order Sobol′ indices represent the interactions between pairs of model parameters. 
Additionally, the values of the total-order Sobol′ include the direct effect of each of the 
parameters as well as the effect of its interactions with other parameters on the variation of 
the output. The variations of the Young’s modulus of the TM have the greatest impact on the 
amplitudes of the umbo and stapes footplate, and the phase of the stapes footplate at this 
frequency. Also, the most considerable interactions among parameters happen between the 
Young’s modulus and the thickness of the TMThe subscripts E, C and ν stand for the Young’s 
modulus, the stiffness damping coefficient (α2), and the Poisson’s ratio, respectively. Also, 
“Thickness” is the thickness of the TM, “Coc” stands for the cochlear load, and “Oss” stands 
for ossicles.  
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3.3.2.7  Umbo displacement amplitude at high frequency 

At Fhigh (9.74 kHz), Figure 3-7 presents the following for the umbo displacement magnitude. 

Based on the values of the first-order Sobol′ indices (red columns in Figure 3-7-a) the 

parameters that have the most significant impact are the Young’s moduli of ossicles (0.59) and 

TM (0.26). Additionally, the values of the total-order Sobol′ indices (green stacked columns 

in Figure 3-7-a) are greater than the values of the first-order Sobol′ indices for some parameters 

such as the Young’s modulus of the TM (difference of about 0.05) and ossicles (difference of 

about 0.03) suggesting some interactions among the model parameters. The second-order 

Sobol′ indices (Figure 3-7-b) help finding possible interactions. The greatest values of the 

second-order Sobol′ indices are related to the interactions between the Young’s modulus of the 

TM and the Young’s modulus of the ossicles (0.021), the Young’s modulus and the thickness 

of the TM (0.012), and the Young’s modulus and the damping of the TM (0.011). 

3.3.2.8  Stapes footplate displacement amplitude at high frequency 

The third row of Figure 3-7 shows the following at Fhigh for the displacement amplitude of the 

stapes footplate. Based on the values of the first-order Sobol′ indices (red columns in Figure 

3-7-a) the parameters that have the greatest impacts are the Young’s moduli of the TM (0.61) 

and ossicles (0.20). Furthermore, the differences between the values of the total-order and first-

order Sobol′ indices (green stacked columns in Figure 3-7-a) for the Young’s modulus of the 

TM (difference of about 0.07), thickness of the TM (difference of about 0.03), and damping of 

the TM (difference of about 0.03) indicate interactions for these parameters. Consistently, 

second-order Sobol′ indices (Figure 3-7-b) show that the highest value of the second-order 

Sobol′ indices (0.03) is related to the interaction between the Young’s modulus and thickness 

of the TM. Additionally, interactions were observed between the Young’s modulus and 

damping of the TM (second-order Sobol′ index: 0.022) and between the Young’s modulus of 

the TM and ossicles (second-order Sobol′ index: 0.012). 
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Figure 3-7 – Sobol′ indices for all three quantities of interest at Fhigh =9.74 kHz. Column (a) 
shows the first and total order Sobol′ indices, while column (b) presents the values of second-
order Sobol′ indices (only second-order Sobol′ indices greater than 0.005 are presented here). 
The values of the first-order Sobol′ indices, show the direct effects of each of the input 
parameters on the variations of the outputs while the values of the second-order Sobol′ indices 
represent the interactions between pairs of model parameters. Additionally, the values of the 
total-order Sobol′ include the direct effect of each of the parameters as well as the effect of its 
interactions with other parameters on the variation of the output. The variations of the Young’s 
modulus of the TM  and ossicles have the greatest impact on the amplitudes of the umbo and 
stapes footplate, and the phase of the stapes footplate at this frequency. Also, the most 
considerable interactions among parameters happen between the Young’s modulus and the 
thickness of the TM. The subscripts E, C and ν stand for the Young’s modulus, the stiffness 
damping coefficient (α2), and the Poisson’s ratio, respectively. Also, “Thickness” is the 
thickness of the TM, “Coc” stands for the cochlear load, and “Oss” stands for ossicles.  
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3.3.2.9  Stapes footplate displacement phase at high frequency 

The values of the first-order Sobol′ indices (red columns in the third row of Figure 3-7-a) show 

that the parameters that have the most significant effects on the phase of the stapes footplate at 

frequency Fhigh  are the Young’s modulus of the TM (0.69) and ossicles (0.23). The values of 

the total-order Sobol′ indices (green stacked columns in Figure 3-7-a) are greater (about 0.02) 

than the values of the first-order Sobol′ indices for the thickness and Young’s modulus of the 

TM. Second-order Sobol′ indices of 0.015 in the third row of Figure 3-7-b also confirm 

interaction between these two parameters. 

3.3.2.10 Maximum parameter interactions at all frequencies 

Figure 3-8 presents the maximum value of the second and total order Sobol′ indices at all 

frequencies in the range of 100 Hz to 10 kHz except the frequencies at which the values of Q2 

of the created PCE are less than 0.9 (Figure 3-2) for the three quantities of interest. The 

parameters with a total-order Sobol′ index of less than or very close to 0.02 (indicated by the 

thin red line in the Figure 3-8) are not investigated here. Based on the values of total-order 

Sobol′ indices in the first row of Figure 3-8-a, the parameters that have the greatest effects on 

the displacement amplitude of the umbo are the Young’s moduli of the TM (0.92), ossicles 

(0.64), SAL (0.50), and the thickness of the TM (0.86). Also, the dampings of the TM (0.07), 

SAL (0.04) and ISJ (0.03), Young’s moduli of PIL (0.05) and ISJ (0.06), and Poisson's ratio 

of ISJ (0.04). Besides, the total-order Sobol′ indices (second row of Figure 3-8-a) show that 

the parameters that have the highest impact on the displacement amplitude of the stapes 

footplate are the Young’s moduli of the SAL (0.97), TM (0.80), and ossicles (0.22), the 

thickness of the TM (0.68) and damping of SAL (0.36). Also, the variations of the cochlear 

load (0.07) and the damping of the TM (0.04) have some impacts on the variations of the 

amplitude of the stapes footplate. Additionally, the values of the total-order Sobol′ indices 

shown in the third row of Figure 3-8-a demonstrate that the parameters that have the greatest 

impact on the phase of the stapes footplate are the damping of the SAL (0.72), the Young’s 

moduli of the TM (0.92), ossicles (0.30), and SAL (0.29), and the thickness of the TM (0.79). 

Furthermore, the variations of the Young’s modulus of the PIL (0.04), cochlear load (0.14), 
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and damping of the TM (0.13) have some impacts on this quantity of interest at different 

frequencies.  

Besides, Figure 3-8-b illustrates that for all three outputs of interest, the maximum value of the 

second-order Sobol′ index related to the interactions between the Young’s modulus and the 

thickness of the TM is considerably larger than the values of the second-order Sobol′ indices 

related to the other interactions among model parameters.  

3.3.2.11 Parameter importance as a function of continuous frequency 

Figure 3-9, Figure 3-10, and Figure 3-11 show the values of the total-order Sobol′ indices as 

functions of excitation frequencies in the range of 100 Hz to 10 kHz for the three outputs of 

interest. It should be noted that as Figure 3-2 shows, the estimation errors of the created PCEs 

vary by frequency and as a result, at some frequencies the values of Sobol′ indices may be less 

accurate.  

Figure 3-9 presents the values of the frequency-dependent total-order Sobol′ indices for the 

displacement amplitude of the umbo. At low frequencies (below 1 kHz), the Young’s modulus 

of SAL has the most considerable effects on the displacement amplitude of the umbo and the 

variations of the thickness of the TM and the Young’s moduli of the TM and ossicles have 

some effects. At higher frequencies, the effects of the Young’s modulus of SAL become 

smaller, but the effects of the Young’s modulus of the TM and ossicles, and the thickness of 

the TM become considerably larger.  

Figure 3-10 presents the values of frequency-dependent total-order Sobol′ indices for the 

amplitude of the stapes footplate. Similar to the displacement amplitude of the umbo, at low 

frequencies (below 1 kHz), the parameter that has the greatest impact on the displacement 

amplitude of the stapes footplate is the Young’s modulus of SAL, while at high frequencies, 

the effects of variations of this parameter become smaller and the effects of the variations of 

the Young’s modulus and thickness of the TM become considerable. Additionally, the impacts 

of variations of the damping of SAL are considerable around 5 kHz and the variations of the 

Young’s modulus of the ossicles have some effects at frequencies higher than 8 kHz. 
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Figure 3-8 – Column (a): maximum value of the total-order Sobol′ indices for the three 
quantities of interest among all frequencies in the range of 100 Hz to 10 kHz for which the 
value of Q2 of the created PCE is greater than 0.9. The thin red lines show the total-order 
Sobol′ index of 0.02. Column (b): maximum values of the second-order Sobol′ indices among 
the same frequencies in (a) (only the second-order Sobol′ indices greater than 0.005 are 
shown). The values of the first-order Sobol′ indices, show the direct effects of each of the input 
parameters on the variations of the outputs while the values of the second-order Sobol′ indices 
represent the interactions between pairs of model parameters. Additionally, the values of the 
total-order Sobol′ indices include the direct effect of each of the parameters as well as the 
effect of its interactions with other parameters on the variation of the output. The variations of 
the thickness of the TM and the Young’s modulus of the TM, SAL, and ossicles have the greatest 
impact on the amplitude of the umbo. The variation of the thickness and Young’s modulus of 
the TM, Young’s modulus and damping of the SAL, and Young’s modulus of the ossicles have 
the most significant impact on the amplitude of the stapes footplate. Moreover, the variations 
of the Young’s modulus and thickness of the TM, the Young’s modulus and damping of the 
SAL, and the Young’s modulus of the ossicles have the most considerable impacts on the phase 
of the stapes footplate. Also, the most considerable interactions among all frequencies 
considered here happen between the Young’s modulus and the thickness of the TM. The 
subscripts E, C and ν stand for the Young’s modulus, the stiffness damping coefficient (α2), 
and the Poisson’s ratio, respectively. Also, “Thickness” is the thickness of the TM, “Coc” 
stands for the cochlear load, and “Oss” stands for ossicles.  
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Figure 3-11 presents the values of frequency-dependent total-order Sobol′ indices for the 

displacement phase of the stapes footplate. At low frequencies (below 1 kHz), the damping of 

SAL and at high frequencies, the thickness and Young’s modulus of the TM have the greatest 

effects. Additionally, the variations of the Young’s moduli of the SAL and ossicles have some 

impacts at some frequencies while the variations of the cochlear load have some minor effects 

at some frequencies.  

 

Figure 3-9 – Total-order Sobol′ indices for the displacement amplitude of the umbo. The values 
of the total-order Sobol′ indices include the direct effect of each of the parameters as well as 
the effect of its interactions with other parameters on the variation of the output. At low 
frequencies, the variations of the Young’s modulus of the SAL have the highest impact on the 
variations of the displacement amplitude of the umbo, while at higher frequencies, the effects 
of this parameter become small and the impacts of variations of Young's modulus of TM and 
ossicles and the thickness of the TM become considerable. The subscripts E, C and ν stand for 
the Young’s modulus, the stiffness damping coefficient (α2), and the Poisson’s ratio, 
respectively. Also, “Thickness” is the thickness of the TM, “Coc” stands for the cochlear load, 
and “Oss” stands for ossicles.  
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3.4 Discussions 

In this study, we performed a  global sensitivity analysis of the middle-ear model by calculating 

Sobol′ indices. The global sensitivity analysis helped us to understand the relative importance 

of the uncertainty of the model parameters on its predictions and how these parameter 

uncertainties interact with one another. To avoid the computational cost of the FE model, we 

created surrogate models using PCEs for the displacement amplitudes of the umbo and stapes 

footplate and the displacement phase of the stapes footplate in the range of 100 Hz to 10 kHz 

using the stochastic FE model results. We then used these PCEs for finding the first, second, 

and total order Sobol′ indices. The first-order Sobol′ indices show the direct impact of the 

variation of each of the model parameters on the variations of the outputs. The second-order 

Sobol′ indices show the interactions among pairs of parameters and total-order Sobol′ indices 

are the summation of the first-order Sobol′ index and higher-order indices. 

In Section 3.3.1, we demonstrated that the number of FE simulations in this chapter (1992) 

was enough to have accurate PCEs (with respect to the FE results) at most frequencies. Based 

on the results, the created PCEs had quality values (Q2  ) of greater than 0.95 at most 

frequencies in the range of 100 Hz to 10 kHz. Also, using two case studies with parameter 

values near and far from the mean of the parameter values, we demonstrated that the created 

PCEs were very accurate (with respect to the FE results) at most frequencies. These results 

show that the created PCEs can be used as reliable replacements for the FE model results at 

most frequencies and using them, instead of running heavy FE simulations, the response of the 

middle ear can be calculated in a few seconds. These surrogate models can be used in 

applications other than global sensitivity analysis where an instant calculation of the middle 

ear response is required (e.g., for developing real-time surgical simulators)  [116], [117].  

The results presented in Section 3.3.2 demonstrated that the greatest interactions among 

parameters happen between the Young’s modulus and thickness of the TM. These two 

parameters affect the stiffness of the TM and therefore they are expected to be naturally 

coordinated.  Furthermore, the observation of strong interactions between the Young’s 

modulus and thickness of the TM is consistent with our previous observations of anti-
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resonances in the umbo response for some sets of model parameters in Chapter 2. Our 

investigation showed that for most sets of model parameters that lead to those anti-resonances 

in the model outputs, the values of the Young’s modulus and thickness of the TM were 

simultaneously below their mean values.  

 

Figure 3-10 – Total-order Sobol′ indices for the displacement amplitude of the stapes footplate. 
The values of the total-order Sobol′ indices include the direct effect of each of the parameters 
as well as the effect of its interactions with other parameters on the variation of the output. At 
low frequencies, the variations of the Young’s modulus of the SAL have the highest impact on 
the variations of the amplitude of the stapes footplate, while at higher frequencies, the 
parameters that have the highest impact on the variations of the output are the thickness and 
Young’s modulus of the TM. In addition, the effects of damping of the SAL are also 
considerable at some frequencies. The subscripts E, C and ν stand for the Young’s modulus, 
the stiffness damping coefficient (α2), and the Poisson’s ratio, respectively. Also, “Thickness” 
is the thickness of the TM, “Coc” stands for the cochlear load, and “Oss” stands for ossicles.  

 

Other studies in the literature have also reported the significance of the Young’s modulus and 

thickness of the TM. For instance, the sensitivity analysis results of the study performed by 

Maftoon et al. also concluded that the thickness and Young’s modulus of TM are among the 
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most influential parameters in the middle ear [37]. However, due to the limitations of the one-

at-a-time sensitivity analysis methods, the interactions between these two parameters were not 

quantitatively demonstrated in previous studies. 

 

Figure 3-11 – Total-order Sobol′ indices for the stapes footplate displacement phase. The 
values of the total-order Sobol′ indices include the direct effect of each of the parameters as 
well as the effect of its interactions with other parameters on the variations of the output. At 
low frequencies, the variations of the damping of the SAL have the highest impact on the 
displacement phase of the stapes footplate. At higher frequencies, the effects of this parameter 
become small and the parameters that have a high impact at those frequencies are the thickness 
of the TM and the Young’s modulus of the TM. The subscripts E, C and ν stand for the Young’s 
modulus, the stiffness damping coefficient (α2), and the Poisson’s ratio, respectively. Also, 
“Thickness” is the thickness of the TM, “Coc” stands for the cochlear load, and “Oss” stands 
for ossicles.  

 

We also observed that at some frequencies, the value of the first-order Sobol′ index of some 

specific parameters is very small and does not show the importance of that parameter, whereas 

the values of the total-order Sobol′ index are remarkably larger and can represent the actual 

contribution of the parameter. Because the first-order Sobol′ index provides information 
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similar to one-at-a-time sensitivity analysis,  this observation demonstrates that the global 

sensitivity analysis method, implemented in this study, is capable of uncovering previously 

unknown contributions of some model parameters.  For instance, based on the results presented 

in Sections 3.3.2.6, 3.3.2.8, and 3.3.2.9, the first-order Sobol′ index does not show the 

significance of the effects of the thickness of the TM at mid to high frequencies. However, the 

total-order Sobol′ index reveals the real contribution of the thickness of the TM and its 

interaction with the Young’s modulus of the TM at those frequencies. 

 

Figure 3-12 – Displacement amplitude of the ossicles in the direction of the stapes footplate 
piston-like motion at the excitation frequency of 10 kHz. The values of the Young’s modulus of 
all three ossicles were 5,200 MPa for the results presented in the left panel and 23,000 MPa 
for the result illustrated in the right panel. The values of other parameters were the same as 
the values presented in Table 2-1 for both simulations. The results show that, as suggested by 
the values of Sobol′ indices calculated in Section 3.3.2.11, at very high frequencies, the 
variations of the Young’s modulus of ossicles can have significant effects on the motions of 
manubrium, and also some weaker effects on the stapes crura and pedicle of the incus. The 
maximum values of the displacement amplitude of the ossicles (that occur at the umbo) 
obtained from the models with the Young’s moduli of 5,200 MPa and 23,000 Mpa are 0.52 nm 
and 0.15 nm, respectively. 
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Although our results show that the most significant interactions happen between the Young’s 

modulus and the thickness of the TM, we observed some weaker interactions between other 

pairs of parameters at some specific frequencies (Section 3.3.2). It should be mentioned that 

the maximum values of the second-order Sobol′ indices (reported in Section 3.3.2.10) for the 

interaction between the thickness and Young’s modulus of the TM were in the order of about 

0.7. However, the maximum values of the second-order Sobol′ indices for interactions among 

other parameters had orders of around 0.01. This shows that those interactions are remarkably 

weaker than the interactions between the Young’s modulus and thickness of the TM. Based on 

the results of Section 3.3.2.10, those interactions (second-order Sobol′ index of greater than 

0.005) occur between the Young’s modulus of the TM and Young’s modulus of the ossicles; 

Young’s modulus and damping of the TM; Young’s modulus of the TM and Young’s modulus 

of the SAL;  Young’s modulus of the TM and damping of the SAL; cochlear load and Young’s 

modulus of the SAL; Young’s modulus and Poisson’s ratio of the TM; and Poisson’s ratio and 

thickness of the TM. Some weaker interactions might also exist that have smaller values of the 

second-order Sobol′ index and hence are not listed here. 

At the low frequency (708 Hz, Figure 3-5), the second-order Sobol′ index demonstrated 

interactions of the Young’s modulus of the SAL with the Young’s modulus and thickness of 

the TM. This is consistent with the notion of the middle ear as a simple one degree of freedom 

stiffness-dominated oscillator at low frequencies [36], [118]. In this notion, the stiffness of the 

TM and SAL can be thought to work in series.      

Additionally, based on the results of total order Sobol′ indices for different structures of the 

model (Section 3.3.2.10 and Section 3.3.2.11), the Young’s modulus of the TM, Young’s 

modulus of the SAL, thickness of the TM, and Young’s modulus of ossicles have remarkable 

effects on the displacement amplitudes of the umbo and stapes footplate and the phase of the 

stapes footplate. Moreover, the damping of the SAL has considerable effects on the amplitude 

of the stapes footplate and the damping of the SAL and cochlear load have significant effects 

on the phase of the stapes footplate. Many of these parameters such as the Young’s modulus 

of the TM, Young’s modulus of the SAL, and thickness of the TM have been reported in the 
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literature as the parameters with great impacts on the middle ear vibration outputs [37], [55], 

[101].   

One of the intriguing findings of the current study is the impacts of the Young’s modulus of 

the ossicles at very high frequencies (above 8 kHz) that can be interpreted from the results 

presented in Sections 3.3.2.7 to 3.3.2.9 and Section 3.3.2.11. To the best of the authors’ 

knowledge, these effects have not been observed in previous studies. Based on the values of 

Sobol′  indices, the impacts of variations of the Young’s modulus of ossicles at these 

frequencies are more noticeable in the motions of the umbo than the motions of the stapes 

footplate. To investigate the reason for the considerable effects of the Young’s modulus of the 

ossicles at those high frequencies, we ran two simulations with two different values of the 

Young’s modulus of ossicles far from each other (5,200 MPa and 23,000 MPa, very close to 

the minimum and maximum in Appendix C). All other model parameters for these two 

simulations were considered to be the same as the baseline values reported in Table 2-1. We 

performed harmonic analysis at 10 kHz and the results of the simulations are provided in Figure 

3-12. The results show that, at 10 kHz, the low values of the Young’s modulus of ossicles in 

the probability distribution function (here 5,200 MPa) allowed flexing in the manubrium, and 

to a lower degree in the stapes crura and pedicle of the incus. The maximum values of the 

displacement amplitude of the ossicles (that occur at the umbo) were 0.52 nm and 0.15 nm,  

obtained from the models with the Young’s moduli of 5,200 MPa and 23,000 MPa, 

respectively. These results confirm that the variations of the Young’s modulus of ossicles can 

have substantial effects on the motions in the middle ear. The considerable effects on the 

deformations observed in the manubrium area are consistent with the larger values of Sobol′ 

indices in the umbo responses in comparison to those associated with the stapes footplate 

responses (Sections  3.3.2.7 to 3.3.2.9 and Section 3.3.2.11). Consistently, Figure 3-7 shows 

interactions between the Youngs moduli of the TM and the ossicles in the umbo displacement 

at 9.74 kHz.  

Moreover, our results demonstrate that for some parameters (Young’s modulus of AML, IMJ, 

LML, and manubrial fold, Poisson’s ratio of AML, IMJ, LML, manubrial fold, PIL, and SML, 
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and damping of AML, IMJ, LML, manubrial fold, and SML), the maximum values of total-

order Sobol′ indices at all frequencies are very close to zero. This systematically establishes 

that the variations of these parameters do not have considerable impacts on the variations of 

the amplitudes of the umbo and stapes footplate and phase of the stapes footplate and also these 

parameters do not have significant interactions with other parameters. Thus, accurate 

identification of these parameters is not critical in obtaining accurate models of the middle ear, 

and inter-individual differences of these parameters among humans do not contribute to the 

statistical distribution of the middle-ear output. Some of these parameters were reported by 

other researchers as less-influential parameters as well. For instance, Greef et al. concluded 

that the variations of some model parameters such as the Young’s modulus and loss factor 

(damping) of tympano-mallear connection (manubrial fold) and Young’s modulus of IMJ did 

not have significant effects on their model outputs [101]. 
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Chapter 4 

Material characterization of thin planar structures using full-field 

harmonic vibration response measured with stroboscopic holography 

Published in the International Journal of Mechanical Sciences, 15 May 2021,  

Volume 198, 106390 [79].  

Preface 

In this chapter, we present a novel method for estimating the Young’s modulus of 2D thin 

planar structures. Our method uses harmonic full-field vibration pattern of the structure, 

obtained using holography, for parameter estimation. We ran different case studies obtained 

from analytical solutions, numerical solutions, and experimental measurements to investigate 

the accuracy of our proposed method. This chapter establishes the main basis for the 

methodology of the material characterization of the middle ear presented in Chapter 5. In 

Chapter 5, we benefit from the global sensitivity analysis results presented in Chapter 3 and 

the material characterization method presented in this chapter to propose a method for fast 

estimation of the most influential parameters of the middle ear. 
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Overview 

We propose a novel material characterization method to estimate the Young’s modulus of thin 

2D structures using non-modal noisy single frequency harmonic vibration data measured with 

holography. The method uses finite-difference discretization to apply the plate equation to all 

measured pixels inside the boundary of the vibrating structure and then treats the problem as a 

Bayesian optimization process to find the value of the Young’s modulus by minimizing the 

Euclidian distance between the measured displacement field and repeatedly calculated 

displacement field using the plate equation. In order to assess the accuracy of the method, 

ground truth harmonic displacement magnitude fields of different plates were obtained using 

analytical solutions and the finite-element method and were used to estimate the Young’s 

moduli. We applied Gaussian and non-Gaussian noise with different intensities to assess the 

robustness and accuracy of the proposed material characterization method in the presence of 

noise. We demonstrated that for multiple benchmarks for signal to noise ratio of down to 0 dB, 

our proposed method had errors of less than 5%.  We also quantified the effects of uncertainties 

in the geometrical and material parameters as well as boundary conditions on the estimated 

Young’s modulus. Furthermore, we studied the effects of the mesh size on the runtime and 

applied the method to experimental holography vibration measurement data of a copper plate.  
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4.1 Introduction 

Holography has been used in recent years to perform high-resolution vibrometry for different 

applications such as noise reduction [119], energy-flow measurements [120], measurement of 

ultrasonic surface wave fields [121], and piezoelectric surface vibration characterization [122]. 

It was also used to study the motions of the tympanic membrane with a high spatial resolution 

[72], [73], [123], [74]. 

In the present chapter, we propose a method that will be the basis for further developments for 

estimating the Young’s modulus of the tympanic membrane as a diagnostic index for hearing 

pathologies. This method uses noisy 2D full-field high-spatial-resolution holographic 

stroboscopic measurements of the harmonic motion at a single frequency. Although recently 

some researchers have worked on the transient response and modal parameters of the tympanic 

membrane [124], [125], for material characterization in this work, we use harmonic 

measurements because they can provide better signal to noise ratio than transient 

measurements do and they are possible with less expensive hardware (e.g., no need for an 

expensive high-speed camera). Hence, the main novelty of the present work is to enable 

material characterization using only single frequency full-field noisy vibration measurements 

data. Because the proposed method does not require data with a high signal to noise ratio, no 

averaging is needed and the data can be collected quickly. This is especially important for 

applications such as medical applications where movement of the subject, breathing and heart 

beats can interfere with measurements.     

Caillet et al. used the data from the nearfield acoustic holography to estimate the Young’s 

modulus of 2D structures [126]. They used the plate equation and the finite-difference method 

to estimate the Young’s modulus using free-vibration holography data. Alfano et al. presented 

a method for estimating the Poisson’s ratio and Young’s modulus of thin plates using two of 

the first four natural frequencies [127]. Labelle et al. presented a method for estimating material 

properties from modal data extracted from video of the vibrating object  [128]. To show the 

accuracy of their proposed method, they used modal data obtained using different techniques 

(visual vibrometry, laser Doppler vibrometry, and accelerometers) for estimating the 
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mechanical properties of a steel cantilever and compared the results with each other. 

Hasheminejad et al. used scanning laser Doppler vibrometry measurements to develop a 

method for estimating the Young’s modulus of asphalt mixtures with modal data [129]. 

Material characterization using vibration data can be performed using finite-element model 

updating but much of the literature of finite-element model updating was developed for modal 

data [130] and therefore cannot be used with harmonic vibration data. More detailed reviews 

of the different vibration-based methods for material characterization can be found in [131] 

and [132]. However, to the best of our knowledge, no method exists in the literature that can 

find the material properties of 2D structures using single frequency harmonic vibration 

measurements data especially for data affected by noise.  

Various methods have been used to find the dynamic response of plates including some 

analytical methods for simple geometries [133] and numerical methods such as finite element 

and finite difference for more complicated geometries [134]. Because stroboscopic digital 

holography provides vibration data on a 2D image of the structure, the vibration field is known 

on an equally-spaced structured grid that is easy to implement using the finite-difference 

method. The finite-difference method was successfully used by some researchers to study the 

vibrations of plates  (e.g., the free vibration of stiffened plates [135], the vibrations of a beam-

plate structure in the time domain [136], and axially-moving viscoelastic plates [137]). 

To find the Young’s modulus, we formulated the parameter estimation as an optimization 

problem. Our long-term goal is to develop the material characterization method to be used for 

clinical hearing diagnosis and  therefore to reduce the calculation time and make it relevant for 

real time clinical use, it is important to be able to find the global optimum using the fewest 

possible number of iterations. Bayesian optimization is a global optimization method which 

creates a surrogate model of the objective function that is cheaper to evaluate than the real 

objective function and is updated in each iteration. Bayesian optimization is known to be able 

to find the global optimum with a fewer number of iterations in comparison with many other 

optimization algorithms such as particle swarm, pattern search, and genetic algorithm [138]–

[141]. A review of Bayesian optimization can be found in [140].  
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Bayesian finite-element model updating was also the subject of several studies for different 

applications such as parameter estimation and robust prediction of the desired outputs [142].  

Yuen et al. used Bayesian model updating to find optimized values of the modal parameters as 

well as the uncertainties associated with them [143]. Moravej et al. used the Bayesian 

technique to calibrate a structural finite-element model based on modal vibration 

measurements for health monitoring purposes [144]. Unlike these studies that used 

experimental modal data, our proposed finite-difference-based method estimates material 

parameters using single frequency vibration measurement data and Bayesian optimization.  

The chapter is organized as follows: Section 4.2 is dedicated to the methodology including the 

details of the material characterization procedure. In Section 4.3 we present the validation of 

the proposed method using analytical, numerical, and experimental benchmarks, respectively. 

We also studied the effects of different uncertainties as well as the effects of Gaussian and non-

Gaussian noise on the accuracy of the proposed parameter-estimation method. In Section 4, 

we discuss the performance of the Bayesian optimization and the limitations of the proposed 

method.  

4.2 Materials and Methods 

Figure 4-1 shows the flowchart of the proposed material characterization method. This method 

uses the holography measurements of the harmonic vibration at different stroboscopic phases 

to obtain the displacement magnitude and phase. It then solves the governing equation of the 

motion of the structure for all of the nodes inside the boundary at each frequency and eventually 

finds the optimum Young’s modulus which yields a finite-difference solution of the plate 

equation with a displacement magnitude field as close as possible to the one measured using 

holography. Details of the proposed method are as follows: 
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Figure 4-1 – Flowchart of the proposed material characterization method. The magnitude and 
phase of the displacements of the nodes inside the vibrating domain are calculated from 
holography data and the full-field displacement is then used to find the boundaries of the 
vibrating domain. Our proposed material characterization method is based on the Bayesian 
optimization process. It begins by considering four initial random guesses for the Young’s 
modulus, applying the plate equation to all nodes inside the detected boundary for these 
random guesses and evaluating the objective function (the Euclidean distance between the 
measured and calculated fields). Then the Gaussian process regression model and the 
acquisition function are formed and updated in each step in order to find the next value of the 
Young’s modulus for which the objective function needs to be calculated. This procedure 
continues until the stopping criteria (which is set to be a specific number of model evaluations 
in this work) is reached. Also, in each iteration, if overexploiting is detected, the kernel function 
is modified and a new Young’s modulus point is calculated. 

4.2.1  Governing equation 

In the present study, we used the classical plate theory to describe the transversal linear 

deformation of thin elastic objects [145]. In this chapter, we use the words displacement and 

deformation interchangeably and both as the short forms of transversal deformation. The plate 

theory has the following assumptions: the thickness of the plate is relatively small in 

comparison to its other dimensions; the thickness of the plate does not change during 

deformation and straight lines normal to mid-surface remain straight and normal after 

deformation [133], [145]. The classical plate transversal deformation is expressed as: 
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𝐷𝐷�
𝜕𝜕4𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑡𝑡)

𝜕𝜕𝑥𝑥4
+ 2

𝜕𝜕4𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑡𝑡)
𝜕𝜕𝑥𝑥2𝜕𝜕𝑦𝑦2

+
𝜕𝜕4𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑡𝑡)

𝜕𝜕𝑦𝑦4 � + 𝜌𝜌ℎ
𝜕𝜕2𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑡𝑡)

𝜕𝜕𝑡𝑡2
= 𝑝𝑝(𝑥𝑥,𝑦𝑦, 𝑡𝑡) (4-1) 

  

where t is time and x and y are lateral coordinates of the plate and w represents the transversal 

deformation. The plate is subject to the uniform harmonic transverse excitation pressure p of 

frequency 𝛺𝛺 

𝑝𝑝(𝑥𝑥,𝑦𝑦,𝛺𝛺, 𝑡𝑡) = 𝑃𝑃(𝑥𝑥,𝑦𝑦,𝛺𝛺)𝑐𝑐𝑐𝑐𝑐𝑐(𝛺𝛺𝛺𝛺) (4-2) 

  

where the pressure amplitude is considered to be constant for all values of x and y and for all 

excitation frequencies. D, the flexural rigidity of the plate, is defined as: 

𝐷𝐷 =
𝐸𝐸ℎ3

12(1− 𝜐𝜐2) (4-3) 

  

where E, h, and 𝜐𝜐 are the Young’s modulus, thickness, and Poisson’s ratio of the plate, 

respectively. Due to linearity, the frequency of the transversal deformation response is the same 

as the frequency of excitation: 

 

𝑤𝑤(𝑥𝑥,𝑦𝑦,𝛺𝛺, 𝑡𝑡) = 𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺)𝑐𝑐𝑐𝑐𝑐𝑐(𝛺𝛺𝛺𝛺 + 𝜑𝜑) (4-4) 
  

W and φ represent the amplitude and phase of the harmonic response, respectively. By 

substituting Equations (4-2) and (4-4) in Equation (4-1), the time-dependent terms cancel out 

from both sides: 

𝐷𝐷�
𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 

𝜕𝜕𝑥𝑥4
+ 2

𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 
𝜕𝜕𝑥𝑥2𝜕𝜕𝑦𝑦2

+
𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 

𝜕𝜕𝑦𝑦4 � − 𝜌𝜌ℎ𝛺𝛺2𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺)

= 𝑃𝑃(𝑥𝑥,𝑦𝑦,𝛺𝛺) 

(4-5) 
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Because in this chapter we focus on systems with negligible damping, the discussions are 

concentrated on the deformation magnitude rather than the phase which is always 0 or 180 

degrees for undamped structures. 

4.2.2  Finite-difference formulations 

In digital holography, the vibration data are obtained by post-processing the images gathered 

using a camera and therefore the data are available on structured equally spaced grids formed 

by treating the pixels of the digital images as nodes. The classical plate equation (Equation 

(4-5)) can be easily discretized and solved on a structured grid using the finite-difference 

method. 

In our holographic vibration measurements, we collect data of both the moving object and 

some parts of the stationary boundary around it and the boundary of the moving object can be 

delineated in the measurement data. We used a second-order central difference scheme to 

discretize Equation (4-5) [146] and we had to consider auxiliary nodes out of the boundary 

(Figure 4-2-a) to be able to use this scheme. For each of the x and y directions, the first node 

out of the boundary (in the stationary surrounding structure) was considered to be fixed (green 

nodes in Figure 4-2-a) and the next node (red nodes in Figure 4-2-a) further away from the 

moving object (in the stationary surrounding structure) was considered as an auxiliary node. 

In Figure 4-2-a, d is the uniform grid spacing in both x and y directions. The plate equation 

was solved for the nodes inside the boundary (yellow nodes in Figure 4-2-a). 
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Figure 4-2 – (a) Schematic diagram of the numerical grid used in the finite-difference method. 
The classical plate equation is applied to the yellow nodes that are located in the vibrating 
region indicated in blue, the green nodes are considered to be the boundaries of the moving 
plate and the red nodes are auxiliary nodes. (b) Visual explanation of the progression of the 
Bayesian optimization process represented by the value of the objective function for iterations 
5, 20, 60, and 80 for estimation of the Young’s modulus of a simply-supported square plate 
(discussed in section 4.3.1.1) using the measured displacement field. The black dots represent 
the points at which the objective function was evaluated, the gray shaded areas show the 
confidence interval which becomes smaller by each iteration. Before the main optimization 
procedure starts, four initial random guesses for the Young’s modulus are made, the plate 
equation is solved for the structure four times and the objective function is calculated for these 
four guesses. The main optimization process starts from iteration #5 (which is the first iteration 
shown). Dashed red lines trace the five points considered in iteration #5 and the blue line 
indicates the true value of the Young’s modulus. This process eventually leads to estimating 
the global minimum of the objective function.  

4.2.3 Inverse problem 

The inverse problem can be formulated by rearranging Equation (4-5) to express the Young’s 

modulus as a function of other mechanical properties and the spatial derivatives of the 

measured holographic displacement field (Equation (4-6)). The formulation presented in 

Equation (4-6) must be satisfied for all of the nodes inside the vibrating domain which results 

in an overdetermined system of equations.  
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𝐸𝐸 =
12(1 − 𝜐𝜐2)

ℎ3 �
 𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 

𝜕𝜕𝑥𝑥4
+ 2

𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 
𝜕𝜕𝑥𝑥2𝜕𝜕𝑦𝑦2

+
𝜕𝜕4𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺) 

𝜕𝜕𝑦𝑦4 �
−1

(𝑃𝑃(𝑥𝑥,𝑦𝑦,𝛺𝛺)

+ 𝜌𝜌ℎ𝛺𝛺2𝑊𝑊(𝑥𝑥,𝑦𝑦,𝛺𝛺)) 

(4-6) 

  

This method can provide an accurate estimate when the data are noise-free [147]. However, 

the presence of even a very low level of noise in the vibration measurement data will result in 

large errors in the estimated Young’s modulus due to the noise amplification in the 

differentiation process of Equation (4-5) that is of order four in both spatial directions [148], 

[149]. We verified that in parameter estimations using noisy data, these large errors indeed 

occur as expected.  

To avoid noise amplification due to differentiation, we proposed the method which is presented 

in Figure 4-1. First, some initial guesses for the Young’s modulus were made, then 

Equation (4-5) was directly solved to calculate the displacement field. The calculated and 

measured displacement fields were then compared and the values of the Young’s modulus 

were iteratively modified (Section 4.2.4) to reduce the error between the calculated and 

measured displacement fields. This process led to an optimization problem in which the 

objective function, the Euclidean distance between measured and calculated fields, described 

by Equation (4-7) had to be minimized.  

𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑖𝑖) = ���𝑤𝑤𝑗𝑗𝐶𝐶 − 𝑤𝑤𝑗𝑗𝑚𝑚�
2

𝑛𝑛

𝑗𝑗=1

 
(4-7) 

  

where 𝑤𝑤𝑗𝑗𝐶𝐶  and 𝑤𝑤𝑗𝑗𝑚𝑚 respectively represent the calculated and measured displacements of the 

node j and n indicates the number of nodes in the vibrating domain. It should be noted that the 

calculated displacement is a function of the Young’s modulus (𝐸𝐸𝑖𝑖) considered in each iteration 

of the optimization process. 
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4.2.4 Optimization process 

We used Bayesian optimization in our proposed material characterization method to minimize 

the objective function (Equation (4-7)). In our implementation, we used the BayesOpt 

algorithm in MATLAB4.  

The Bayesian optimization works with a Gaussian process model of the objective function as 

a response surface and trains this model by strategically exploring the parameter space and 

evaluating the objective function (Equation (4-7)). In the present work, we used the Gaussian 

process regression 𝒢𝒢𝒢𝒢  [150], [151] to define the Gaussian model 𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸𝑖𝑖) of the objective 

function as: 

𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸𝑖𝑖) = 𝒢𝒢𝒢𝒢�𝜇𝜇(𝐸𝐸𝑖𝑖 ,𝜃𝜃);𝑘𝑘�𝐸𝐸𝑖𝑖 ,𝐸𝐸𝑗𝑗; 𝜃𝜃�� (4-8) 

  

where 𝐸𝐸𝑖𝑖 and 𝐸𝐸𝑗𝑗 are two Young’s moduli points in the parameter space, 𝜇𝜇 is the expected value 

function in the Gaussian process, 𝑘𝑘 is a covariance kernel function, and 𝜃𝜃 is the vector of 

kernel parameters that are defined based on standard deviation and characteristic length scale. 

Standard deviation specifies the variation of the function values from the expected value and 

the characteristic length scale determines the amount of smoothness of the Gaussian process 

regression [152], [153]. A small length scale means that the function becomes quickly 

uncertain when we get far from known positions. In this work, we used automatic relevance 

determination Matern 5/2 covariance kernel function [152], [154]: 

𝑘𝑘�𝐸𝐸𝑖𝑖 ,𝐸𝐸𝑗𝑗;𝜃𝜃� = 𝜎𝜎𝑓𝑓2 �1 + √5𝑟𝑟 +
5
3
𝑟𝑟2� 𝑒𝑒𝑒𝑒𝑒𝑒�−√5𝑟𝑟� (4-9) 

  

where 𝑟𝑟 is: 

 
4 https://www.mathworks.com/help/stats/bayesian-optimization-algorithm.html 

https://www.mathworks.com/help/stats/bayesian-optimization-algorithm.html
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𝑟𝑟 = ��
�𝐸𝐸𝑖𝑖 − 𝐸𝐸𝑗𝑗�

2

𝜎𝜎𝑚𝑚2

𝑁𝑁

𝑚𝑚=1

      

(4-10) 

  

and 𝜃𝜃 is defined as: 

 𝜃𝜃𝑚𝑚 = 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎𝑚𝑚)  𝑓𝑓𝑓𝑓𝑓𝑓  𝑚𝑚 = 1,2, . . ,𝑁𝑁     &       𝜃𝜃𝑁𝑁+1 = 𝑙𝑙𝑙𝑙𝑙𝑙�𝜎𝜎𝑓𝑓�      (4-11) 

  

where 𝜎𝜎𝑚𝑚  represent the characteristic length scale for each parameter and 𝜎𝜎𝑓𝑓  shows the 

standard deviation of the response surface. Kernel parameters are found by maximizing their 

marginal likelihood in each iteration [151], [153], [155]. Also, 𝑁𝑁 is the number of parameters 

that we want to estimate (here N=1) [152]. 

In fact, Equation (4-8) uses the Gaussian process regression to create a posterior distribution 

based on our prior knowledge, and this posterior distribution can be later used to find the 

expected value and standard deviation of the objective function for each unexplored value of 

the Young’s modulus. The standard deviation of 𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸𝑖𝑖) then shows how likely it is for the 

expected value of the Gaussian objective function (𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸𝑖𝑖)) to be close to its actual value 

(Obj(Ei)) at each Ei point [152]. 

Before the main optimization process starts, the objective function (Equation (4-7)) is 

evaluated at four random Young’s moduli points and a Gaussian process regression (Equation 

(4-8)) is created from them (Figure 4-1). The method then updates the Gaussian process 

regression in each iteration step through evaluating the objective function and learning more 

about it. In fact, in each iteration step we calculate the value of the objective function for a 

specific point in the Young’s modulus space and we use this knowledge to update the Gaussian 

process regression for the current step, we then proceed to the next iteration and calculate the 

value of the objective function for a new Young’s modulus point and update the Gaussian 

process again and this process continues until we reach the stopping criterion.  
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Deciding the next Young’s modulus point to evaluate the objective function (Equation (4-7)), 

is critical. In order to strategically choose the next Young’s modulus to evaluate the objective 

function (Equation (4-7)) for each iteration step, we found the Young’s modulus point that 

maximized an acquisition function [156]. The acquisition function was evaluated using the 

Gaussian process regression (Equation (4-8)) of the objective function rather than the objective 

function itself (Equation (4-7)), so its extrema can be found cheaply and quickly at each 

iteration step [157].  

The most commonly used acquisition function is the expected improvement function defined 

as [158]: 

𝐸𝐸𝐸𝐸 = 𝔼𝔼[𝑚𝑚𝑚𝑚𝑚𝑚 (0,𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸∗) − 𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸))] (4-12) 
  

where 𝔼𝔼, 𝐸𝐸∗ and 𝑜𝑜𝑜𝑜𝑜𝑜� (𝐸𝐸∗)  are the expected value, best Young’s modulus and best observed 

value of the objective function so far, respectively. For the acquisition function, we used a 

modified version of the expected improvement function, known as expected improvement 

plus, that escapes local extrema and therefore helps better estimate the global extrema of the 

objective function. The expected improvement plus is similar to the typical expected 

improvement function (Equation (4-12)) but it benefits from a method to stop the optimization 

from overexploiting a specific region by defining an exploration ratio: for each step if the 

algorithm finds that overexploiting is happening, it multiplies the vector of kernel parameters 

(𝜃𝜃) by the number of iterations [159]. It then generates a new point based on the new kernel 

function.  We set the exploration ratio to be 0.5 and our verifications, which will be presented 

in the following sections, show that this value results in finding the global optimum for all 

cases considered in the current chapter. The same value of exploration ratio was also used in 

several works in the literature [160], [161].  

In the Bayesian optimization, it is common to consider a large enough number of evaluations 

of the objective function as the stopping criterion [162]–[164]. This is due to the complexity 

of defining convergence of errors in the Bayesian optimization [162]. For all of the parameter 
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estimations in this chapter, therefore, the number of iterations was fixed to 180 evaluations of 

the objective function (as will be discussed in Section 4.3.1.1). This value may need to be 

changed for other applications or if higher accuracies than what is targeted in this chapter are 

desired. Moreover, the range of the solution space for the Young’s modulus was chosen to be 

from 1 GPa to 400 GPa for the benchmarks investigated in the present study.  

For providing a visual explanation of the optimization process, Figure 4-2-b demonstrates a 

few iterations (iterations 5, 20, 60, and 80) of the evolution of our Bayesian parameter 

estimation procedure for the simply-supported plate which will be discussed in Section 4.3.1.1. 

At first 4 random initial guesses for the Young’s modulus were made and the objective function 

was evaluated and then at each step, the Young’s modulus points with the highest expected 

improvement were chosen to be searched as potential minimizers of the objective function. In 

fact, from the fifth iteration (the first curve shown in Figure 4-2-b), the real process begins and 

in each step, the next evaluation point is identified based on the acquisition function. Figure 

4-2-b shows the values of the objective function evaluated at the candidate points as well as 

the confidence interval region (shaded gray). For better visualization, the dashed red lines trace 

the five points identified in the fifth iteration while the new guesses are added in each iteration 

step of the optimization and the solid blue line shows the true value of Young’s modulus. In 

each iteration, the new evaluation points are chosen to be near the local and global minima of 

the function and after several iterations, the error regions become smaller. This process 

eventually estimates the global minimum after several iterations. It should be noted that in this 

figure the results of iterations 5, 20, 60, and 80 are presented while the optimization procedure 

continues up to iteration 180. 

4.3 Results 

4.3.1  Validation using analytical data 

We analytically calculated the forced harmonic response of a square plate with two types of 

boundary conditions (simply-supported and clamped) via mode superposition. We then found 
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the optimum Young’s modulus that could best replicate the analytically calculated harmonic 

vibration patterns using our proposed material characterization method. 

4.3.1.1  Simply-supported thin square plate 

The natural frequencies ωmn and mode shapes Wmn of a simply-supported thin rectangular 

plate can be expressed as [165]: 

𝜔𝜔𝑚𝑚𝑚𝑚 = 𝜋𝜋2�
𝐷𝐷
𝜌𝜌ℎ �

  �
𝑚𝑚
𝑎𝑎
�
2

+  �
𝑛𝑛
𝑏𝑏
�
2
� 

(4-13) 

𝑊𝑊𝑚𝑚𝑚𝑚(𝑥𝑥,𝑦𝑦) = 𝐴𝐴𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑠𝑠
𝑚𝑚𝑚𝑚𝑚𝑚
𝑎𝑎

𝑠𝑠𝑠𝑠𝑠𝑠
𝑛𝑛𝑛𝑛𝑛𝑛
𝑏𝑏

 (4-14) 

  

where both m and n are integers and the subscript mn represents the mode number mn of the 

plate. Additionally, a and b are the length and width of the rectangular plate and h is the 

thickness of the plate, respectively. Also, 𝐴𝐴𝑚𝑚𝑚𝑚 represents the amplitude coefficient. 

The response of the plate to a harmonic pressure with the frequency of 𝛺𝛺 and amplitude of 

𝑓𝑓(𝑥𝑥,𝑦𝑦) can be written as [166]: 

𝑤𝑤 (𝑥𝑥,𝑦𝑦,𝛺𝛺, 𝑡𝑡) = � � 𝑓𝑓(𝑥𝑥,𝑦𝑦)𝑊𝑊(𝑥𝑥,𝑦𝑦, 𝑥𝑥,𝑦𝑦,𝛺𝛺)𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦
𝑏𝑏

0
𝑐𝑐𝑐𝑐𝑐𝑐 (𝛺𝛺𝛺𝛺)

𝑎𝑎

0
 

(4-15) 

  

where: 

𝑊𝑊(𝑥𝑥,𝑦𝑦, 𝑥𝑥,𝑦𝑦,𝛺𝛺) = �
𝑊𝑊𝑚𝑚𝑚𝑚(𝑥𝑥,𝑦𝑦)

(𝜔𝜔𝑚𝑚𝑚𝑚
2 − 𝛺𝛺2)∫ ∫ 𝜌𝜌ℎ𝑊𝑊𝑚𝑚𝑚𝑚

2𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑏𝑏
0

𝑎𝑎
0

∞

𝑚𝑚,𝑛𝑛=1

𝑊𝑊𝑚𝑚𝑚𝑚(𝑥𝑥,𝑦𝑦) 
(4-16) 

  

In Equations (4-15) and (4-16), 𝑥𝑥,𝑦𝑦 represent the coordinates at which the pressure is applied. 

In this section, it was assumed that the pressure was uniformly applied all over the plate. 

We used Equations (4-13) to (4-16), with mode superposition over the first 20 modes, to 

calculate the harmonic responses of a thin square plate as inputs to our material characterization 
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method. Figure 4-3-a, shows the analytically calculated harmonic response of a plate with 

geometrical and material parameters listed in Table 4-1, excited at 7.9 kHz which is close to 

the 13th natural frequency (8.1 kHz) of the plate. The magnitude of the applied uniform 

harmonic pressure was 10 kPa and the plate was discretized on a 1000×1000 grid. The value 

of the Young’s modulus was estimated to be 200.03 GPa (error of 0.01%).  

As mentioned in Section 4.2, we used the Euclidian distance for our objective function in 

Equation (4-7) and the above estimation was based on that distance. We studied the effect of 

the distance definition in the objective function (Equation (4-7)). When we replaced the 

Euclidian distance with Manhattan and Chebyshev distances, the estimated Young’s moduli 

were 200.75 GPa (error of 0.37%) and 199.35 GPa (error of 0.32%), respectively. Because the 

definition of distance did not have substantial effects on the estimated Young’s modulus, in 

the current chapter, we chose Euclidian distance for all our calculations as explained for 

Equation (4-7). 

In order to assess the robustness and accuracy of the proposed material characterization method 

when the measured displacement magnitude field is affected by experimental noise, we applied 

white Gaussian noise to the magnitude of the analytical displacement field of Figure 4-3-a. 

Figure 4-3-b shows the magnitude of the noisy displacement field (1000×1000) with a signal 

to noise ratio (SNR) of 10 dB. The value of the estimated Young’s modulus using these noisy 

data was 201.37 GPa (error of 0.68%).  

The convergence of the minimum value of the objective function with respect to the number 

of iterations is presented in Figure 4-3-c for both displacement fields shown in Figure 4-3. 

After almost 20 evaluations, the error remained almost constant. This demonstrates that 180 

iterations of the objective function are enough for the studies reported in this chapter.  
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Figure 4-3 – (a) The analytically calculated harmonic response of a simply-supported square 
plate with known material properties (given in Table 4-1) excited with a harmonic pressure 
with a magnitude of 10 kPa and frequency of 𝛺𝛺=7.95 kHz. This displacement field was used 
as the input to our material characterization method and the error of the estimated Young’s 
modulus was 0.01%. (b) The same analytically calculated harmonic response as in Panel (a) 
after application of white Gaussian noise with a signal to noise ratio of 10 dB. This noisy 
displacement field was also used as the input to the proposed material characterization method 
to study the estimation error in presence of the noise. The error of the estimated Young’s 
modulus was 0.68%. (c) The minimum value of the objective function with respect to the 
number of evaluations of the objective function for material characterization of the simply-
supported square plate: using noiseless data shown in panel (a) (blue line) and using noisy 
data shown in panel (b) (red line). The error remained almost constant after about 20 
iterations for both noiseless and noisy data. This shows that the maximum number of iterations 
used in this chapter (180 iterations) is enough for obtaining convergence.  
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Table 4-1 – Material properties used in analytical and some of the FEM simulations to validate 
the proposed holography-based material characterizing method. 

Property Value Unit 

E 200 GPa 

𝜌𝜌 7850 Kg/m3 

υ 0.3 − 

h 0.01 m 

a, b 1 m 

4.3.1.2 Clamped thin square plate 

The clamped boundary condition is important for our future application of the method for 

hearing diagnosis as the tympanic membrane is clamped around its annulus. In this section, a 

clamped thin square plate with the geometrical and material properties provided in Table 4-1, 

was used to further validate the proposed method. The same formulation as for the simply-

supported plates (Equations (4-15) and (4-16)) can be used to find the harmonic response [133], 

while the mode shapes and natural frequencies of a clamped plate must be used in those 

formulations. The mode shapes of a clamped square plate can be expressed as [165]: 

𝑊𝑊(𝑥𝑥,𝑦𝑦) = � ��𝐴𝐴𝑚𝑚𝑚𝑚 �𝑐𝑐𝑐𝑐𝑐𝑐ℎ
𝜖𝜖𝑚𝑚𝑥𝑥
𝑎𝑎

− 𝑐𝑐𝑐𝑐𝑐𝑐
𝜖𝜖𝑚𝑚𝑥𝑥
𝑎𝑎

𝑞𝑞

𝑛𝑛=1

𝑝𝑝

𝑚𝑚=1

− 𝛼𝛼𝑚𝑚 �𝑠𝑠𝑠𝑠𝑠𝑠ℎ
𝜖𝜖𝑚𝑚𝑥𝑥
𝑎𝑎

− 𝑠𝑠𝑠𝑠𝑠𝑠
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(4-17) 

  

where the coefficients 𝐴𝐴𝑚𝑚𝑚𝑚, 𝜖𝜖𝑚𝑚, 𝛼𝛼𝑚𝑚, 𝜖𝜖𝑛𝑛 and 𝛼𝛼𝑛𝑛 and the natural frequencies of the square plate 

can be found in [165]. The first 6 mode shapes were used in the present study. 
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We calculated the magnitude of the displacement field of the clamped plate at four frequencies 

near the first four natural frequencies of the system (Figure 4-4). The proposed material 

characterization method was then employed to retrieve the Young’s modulus from these 

vibration patterns. As Table 4-2 shows, the estimated Young’s moduli for the resolution of 

400×400 had errors of less than 0.18% for all investigated frequencies. The reason that we 

used a lower grid size here than what was used for the simply-supported plate in the previous 

section is that calculating the mode shapes in the forward analytical formulations for the 

clamped plate is computationally more expensive than the simply-supported plate.   

Like the simply-supported plate, we added white Gaussian noise (10 dB SNR) to the 

analytically calculated response to assess the accuracy and robustness of the proposed method 

(Figure 4-5). The estimated Young’s moduli from these noisy displacement fields (Table 4-2) 

had less than 3.92% error with even quite noisy displacement fields. 

4.3.2 Validation using finite-element data 

To more rigorously validate the proposed material characterization method by using more 

complicated plate geometries and to investigate the sensitivity of the method to various 

experimental errors, we used finite-element analyses to generate complex ground-truth 

vibration patterns more similar to the data obtained using holographic measurements. In our 

analyses, we used COMSOL (Version 5.4, MA, USA) and Code_Aster (Version 14.4.0, 

France) finite-element packages to calculate the steady-state forced harmonic vibration 

patterns. 

4.3.2.1 Elliptical and triangular plates 

To further validate the accuracy of the proposed method for plates with more complicated 

geometries, an elliptical plate and a triangular plate were studied in this section. The mesh 

convergence was checked for the finite-element calculated displacement fields. Besides, to 

consider the accuracy of the proposed material characterization method in the presence of 

noise, white Gaussian noise and non-Gaussian noise were applied to the displacement fields 

obtained from finite-element calculation. 
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Figure 4-4 – The analytically calculated harmonic response of a clamped plate with known 
material properties (given in Table 4-1) excited with a harmonic pressure with a magnitude of 
10 kPa. Each of these harmonic responses was used as the input to our proposed material 
characterization method to validate it. The excitation frequencies were: (a) 𝛺𝛺=79.57 Hz; (b) 
𝛺𝛺=159.23Hz; (c) 𝛺𝛺=238.85Hz; and (d) 𝛺𝛺=318.30Hz. The results of the estimated Young’s 
modulus are presented in Table 4-2. We observed no specific trends between the estimation 
errors and the excitation frequencies. The maximum estimation error was 0.18% using the 
displacement field at 𝛺𝛺=238.85Hz of panel (c).  

 

We considered both domains to be inside a 10 cm×10 cm square. For the elliptical plate, the 

radii were considered to be 4.52 cm and 1.59 cm and for the triangular plate, two edges were 

considered to be equal and 8.94 cm long and the other edge was 8.00 cm long. The domains in 

the field of view outside the elliptical and triangular plates were fixed. The thickness of both 

plates was assumed to be 100 μm and the stimulus pressures of 1 kPa with various frequencies 

were uniformly applied on the plates. Besides, both plates were considered to have the material 

properties listed in Table 4-1 and the resolution was considered to be 1000×1000 for both 

cases. Figure 4-6 and Figure 4-7 show the displacement magnitude of the finite-element 

calculated harmonic vibration patterns of the elliptical and triangular plates, respectively. Table 

4-3 shows the values of the estimated Young’s moduli and estimation errors for both elliptical 
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and triangular domains for all the cases shown in Figure 4-6 and Figure 4-7. The maximum 

error of the estimated Young’s modulus was 1.49% for the elliptical plate and 0.23% for the 

triangular plate. Figure 4-8 shows the displacement fields of both plates after adding white 

Gaussian noise of 10 dB SNR. The maximum error of the estimation was 1.43% for the 

elliptical and 0.76% for the triangular plates with these noisy displacement fields. Besides, we 

studied the effects of different values of SNR in the range of 0 to 15 with intervals of 0.5 for 

both plates and for all 4 frequencies that were discussed before. The maximum error was 3.21% 

in the estimated Young’s modulus even with small values of SNR. 

 

Figure 4-5 – White Gaussian noise with a signal to noise ratio of 10 dB applied to the 
analytically calculated harmonic response of a clamped plate (Figure 4-4) with known 
material properties (given in Table 4-1) excited with a harmonic pressure with a magnitude of 
P=10 kPa. Each of these noisy displacement fields was used as the input to our proposed 
material characterization method to validate it in the presence of noise. The excitation 
frequencies were (a) 𝛺𝛺=79.57 Hz; (b) 𝛺𝛺=159.23 Hz; (c) 𝛺𝛺=238.85 Hz; and (d) 𝛺𝛺=318.30 Hz. 
The results of the estimated Young’s modulus are presented in Table 4-2. We observed no 
specific trends between the errors and the excitation frequencies. The maximum estimation 
error was 3.92% using the displacement field at 𝛺𝛺=318.30 Hz of panel (d). 
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Table 4-2 – Results of the proposed material characterization method estimated from noiseless 
(Figure 4-4) and noisy data (SNR=10 dB, Figure 4-5) of a clamped square plate with the true 
Young’s modulus of 200 GPa.  

 Noiseless data  Noisy data – SNR=10 dB  

𝛺𝛺 (Hz) Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

9.57 200.19 0.09 200.11 0.05 

159.23 199.69 0.15 201.80 0.9 

238.85 200.36 0.18 199.88 0.06 

318.3 200.12 0.06 192.15 3.92 

4.3.2.2 Non-Gaussian noise 

In practice, the experimental data may be contaminated with non-Gaussian noise such as 

speckle noise and any other probable hardware noise. In order to investigate the robustness of 

the proposed material characterization method in presence of non-Gaussian noise, the vibration 

patterns of the elliptical and triangular plates with white Gaussian noise with SNR of 5 dB 

were converted to non-Gaussian noisy data using the method presented in [167] and [168] with 

skewness of larger than 1 and kurtosis of larger than 3 [98], [99]. Table 4-4 shows that the 

estimated Young’s modulus with these noisy data had less than 4.2% of error for both plates 

at all excitation frequencies studied in this section. 
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Figure 4-6 – Finite-element calculated harmonic displacement magnitude response of an 
elliptical plate inside a 10 cm × 10 cm square field of view (top: 3D and bottom: 2D 
projections). The material properties are given in Table 4-1. These displacement magnitude 
responses were used to validate the proposed material characterization method. Excitation 
amplitude was P=1 kPa and the excitation frequencies were: (a) 𝛺𝛺=79.57 Hz; (b) 𝛺𝛺=1.59 
kHz; (c) 𝛺𝛺=3.18 kHz; and (d) 𝛺𝛺=7.96 kHz. The results of the estimated Young’s modulus are 
presented in Table 4-3. We observed no specific trends between the errors and the excitation 
frequencies. The maximum estimation error was 1.49% using the displacement field at 
𝛺𝛺=79.57 Hz of Panel (a). 

4.3.2.3 Effect of uncertainty in thickness, Poisson’s ratio, and boundary conditions 

Our proposed material characterization method estimates the Young’s modulus assuming no 

uncertainty in the Poisson’s ratio, thickness, and boundary conditions of the plate. In this 

section, the goal is to determine the effects of uncertainty in these assumptions on the accuracy 

of the proposed method. We used the finite-element models of elliptical and triangular plates 

which were benchmarked in previous sections. 
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Figure 4-7 – Finite-element calculated harmonic displacement magnitude response of a 
triangular domain inside a 10 cm × 10 cm square field of view (top: 3D and bottom: 2D 
projections). The material properties are given in Table 4-1. These displacement magnitude 
responses were used in the material characterization method to validate it. The excitation 
amplitude was 𝑃𝑃 = 1 𝑘𝑘𝑘𝑘𝑘𝑘 and excitation frequencies were: (a) 𝛺𝛺=79.57 Hz; (b) 𝛺𝛺=1.59 kHz; 
(c) 𝛺𝛺=3.18 kHz; and (d) 𝛺𝛺=7.96 kHz. The results of the estimated Young’s modulus are 
presented in Table 4-3. We observed no specific trends between the errors and the excitation 
frequencies. The maximum estimation error was 0.23% using the displacement field at 𝛺𝛺=3.18 
kHz of Panel (c). 

 

Figure 4-9-a shows the error in the estimated Young’s moduli due to the error in the thickness 

assumption for the elliptical domain. These data were obtained by calculating the error in the 

estimated Young’s modulus by varying the thickness from the true value while all other 

geometrical parameters and the Poisson’s ratio and boundary conditions, were kept at the true 

value in the estimation process. We performed similar investigations on the triangular plate 

but did not show the results in Figure 4-9 as the results of both domains followed similar trends. 

In this and all other figures, the dots indicate the evaluation points and the lines indicate 

regressions for each dataset which was fitted for better visibility. In both domains and for all 

investigated excitation frequencies, assuming a thickness less than the true value caused 
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overestimating the Young’s modulus because the material characterization method 

compensates the smaller thickness with higher stiffness to obtain the same displacement field. 

Although the error is different for each domain and each excitation frequency, the method is 

more sensitive to errors in the thickness assumption at lower frequencies. This suggests that 

when uncertainty in the thickness is expected, characterization at higher frequencies can yield 

more accurate results. In addition, for both domains, at all investigated frequencies, there is an 

asymmetry for the estimated Young’s modulus with respect to the vertical line of zero error in 

the thickness. Except at the very low frequency (~80 Hz), 3% error in thickness caused 10% 

or smaller errors in the estimated Young’s modulus. 

 

Table 4-3 – Estimated Young’s modulus for elliptical and triangular plates with the true 
Young’s moduli of 200 GPa using the noiseless displacement fields shown in Figure 4-6 and 
Figure 4-7.  

 Elliptical plate  Triangular plate  

𝛺𝛺 

(Hz) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

79.57 202.99 1.49 200.17 0.08 

1592 200.87 0.43 200.34 0.17 

3184 201.07 0.53 200.47 0.23 

7961 197.75 1.12 200.16 0.08 
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Figure 4-8 – White Gaussian noise with a signal to noise ratio of 10 dB applied to the finite-
element calculated harmonic displacement magnitude responses of the elliptical plate of 
Figure 4-6 and triangular plate of Figure 4-7. These responses were used to validate the 
material characterization method in the presence of noise. The excitation amplitude was 
P=1kPa. The excitation frequencies and the error in estimating the Young’s modulus  for each 
panel are: (a) 𝛺𝛺=79.57 Hz & error=1.43%; (b) 𝛺𝛺=1.59 kHz & error=0.61%; (c) 𝛺𝛺=3.18 kHz 
& error=1.20%; (d) 𝛺𝛺=7.96 kHz & error=0.51%; (d) 𝛺𝛺=79.57 Hz & error=0.33%; (e) 
𝛺𝛺=1.59 kHz & error=0.14%; (f) 𝛺𝛺=3.18 kHz & error=0.76%; and (g) 𝛺𝛺=7.96 kHz & 
error=0.03%. The results reveal that there are no specific trends between the errors and the 
excitation frequencies. The maximum estimation errors for the elliptical and triangular plates 
were related to the excitation frequencies of 𝛺𝛺=79.57 Hz and 3.18 kHz, respectively. 

 

Figure 4-9-b shows the error in the estimated Young’s moduli with respect to the error in the 

assumed Poisson’s ratio for the elliptical plate. These data were obtained by calculating the 

error in the estimated Young’s modulus by varying the Poisson’s ratio from the true value 

while the thickness was kept at the true value in the estimation process. We performed similar 

investigations on the triangular plate but did not show the results in Figure 4-9 as the results of 

both domains followed similar trends. The values of Poisson’s ratio which are smaller than the 

true value resulted in a larger estimated Young’s modulus and vice versa. For both plates, the 

general trend of the error in the estimated Young’s modulus is almost the same for all 
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frequencies used in this study. For both domains, 20% error in the Poisson’s ratio leads to less 

than 10% error for all cases. Also, the whole range of 60% error leads to a maximum error of 

20% in the estimated Young’s modulus. 

 

Table 4-4 – Estimated Young’s modulus for elliptical and triangular plates with the true 
Young’s moduli of 200 GPa using displacement fields obtained by applying non-Gaussian 
noise to the displacement fields shown in Figure 4-6 and Figure 4-7. 

 Elliptical plate  Triangular plate  

𝛺𝛺 

(Hz) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

79.57 202.20 0.1 191.63 4.18 

1592 200.79 0.39 201.17 0.58 

3184 196.07 1.96 202.58 1.29 

7961 202.27 1.13 204.46 2.23 

4.3.2.4 Non-uniform thickness 

In order to investigate the accuracy of the estimation procedure for structures with non-uniform 

thickness, we studied a circular thin plate with a radius of 3 mm and with an average thickness 

of 99.20 µm and a standard deviation of 9.18 µm along its radius. The thickness variation of 

the plate along one radius is shown in Figure 4-9-c and the thickness distribution of the plate 

was made by revolving this radial thickness distribution. The plate material was chosen to have 

the following properties: E=60 MPa, 𝜐𝜐=0.33 and 𝜌𝜌=1100 kg/m3 and was excited with a uniform 

pressure with an amplitude of P=0.7 Pa and frequency of 𝛺𝛺=2900 Hz. The finite-element 

calculated displacement fields of the plate with non-uniform thickness were used to estimate 

the Young’s modulus. In the proposed material characterization method, however, the average 

thickness was used. The estimated Young’s modulus was found to be 56.27 MPa (6.21% error) 
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showing that a standard deviation of 10% causes less error in the estimation than the error that 

a 10% uniform error in the thickness does (Figure 4-9-a). 

4.3.2.5 Thick plates 

The classical plate theory that was used in the characterization method is valid for thin plates 

only. In this section, we want to study the errors of the estimated Young’s modulus if the 

method is applied to thick plates. We considered the triangular plate with the same geometry 

as the plate in Figure 4-7 but with increased thicknesses in the FEM simulations (using 3D 

solid elements) to obtain the input displacement field. The results for the triangular plate with 

thicknesses of 5 and 10 mm are presented in Table 4-5. For the plate thicknesses of 5 and 

10 mm (50 and 100 times thicker than the plate in Figure 4-7, respectively), the Young’s 

modulus was underestimated with errors of about 17% and 45%, respectively, for all 

investigated frequencies. These errors are substantially worse than the maximum error of less 

than 0.25% for all investigated frequencies for the thin plate reported in Table 4-3. These 

experiments show that the proposed material characterization method can result in large errors 

if it is used for characterizing thick plates and it should only be used for thin plates as intended 

in the development of the method.  

4.3.2.6 Effects of uncertainty in boundary conditions 

We also studied the effects of uncertainty in boundary conditions. In our proposed material 

characterization method, we assume all boundaries of the plate to be clamped. However, in 

practice there may be some imperfection in the boundary conditions. To study the effect of 

error in the boundary condition assumption on the accuracy of the proposed method, we 

considered the same triangular plate that we studied in Sections 4.3.2.1 and 4.3.2.2 but changed 

the boundary conditions of the input displacement fields obtained using FEM. We considered 

three different boundary condition scenarios: (A) one edge of the triangle was simply-

supported while the two other edges were clamped, (B) two edges of the triangle were simply-

supported while the third edge was clamped, and (C) all edges were simply-supported. In the 

proposed material characterization method, however, the boundary conditions, were 
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considered to be clamped for all these scenarios. The results are provided in  

Table 4-6 at the same four frequencies investigated before for the triangular plate. For all three 

scenarios, the lowest accuracies are related to the lowest frequency (79.57 Hz) responses and 

errors of 31.26% to 74.46% with growing errors by increasing the deviation from the true 

boundary condition from Scenario A to Scenario C. At this frequency when the true boundary 

condition was assumed in the material characterization method of this triangular plate, the error 

was 0.08% (Table 4-3). This shows that if the boundary condition is uncertain the proposed 

method breaks at low frequencies. However, the errors decrease by increasing the excitation 

frequency so that the errors drop to 8%, 12.45% and 21.48% for Scenarios A, B and C 

respectively at the highest frequency of 7961 Hz. This suggests since the method is less 

sensitive to the errors in boundary conditions at high frequencies, when the boundary condition 

is not certain, high-frequency measurements should be considered. Also  

Table 4-6 shows that, as it is expected, for each frequency the largest errors are related to 

Scenario C where the maximum deviation from the true clamped boundary condition exists 

and all edges of the input displacement field were considered to be simply-supported.   

4.3.2.7 Mesh size and runtime 

To study the effect of the mesh size used in the characterization method on the estimated 

Young’s modulus, we used finite-element displacement data of the elliptical and triangular 

plates with an excitation amplitude of P=1 kPa and the excitation frequency of 𝛺𝛺=159.23 Hz 

with the dimensions and mechanical properties used in previous sections (Table 4-1). The 

finite-element mesh for calculating the input displacement field was fixed but the 

characterization mesh size (corresponding to the holographic resolution) was varied.  
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Figure 4-9 – Errors in the assumed value of thickness and Poisson’s ratio used in the proposed 
material characterization method. (a) Effects of errors in the assumed thickness for the 
elliptical plate of Figure 4-6 on the estimated Young’s modulus. The error in the estimation of 
the Young’s modulus increases as the error in accurately specifying the thickness increases. 
Using a low frequency displacement field causes higher errors in the estimation of the Young’s 
modulus than using higher frequency displacement fields does (e.g., with 10% underestimation 
of the thickness: 40% error using displacement data at 79.61 Hz vs 24% error using 
displacement data at 1.59 kHz or higher frequencies).When the thickness is uncertain, 
measuring the displacement field at higher frequencies can lead to a more accurate estimation 
of the Young’s modulus. (b) Effects of errors in the assumed Poisson’s ratio for the elliptical 
plate of Figure 4-6 on the estimated Young’s modulus. The error in the estimation of the 
Young’s modulus increases as the error in accurately specifying the Poisson’s ratio increases 
and the increase is not sensitive to the frequency of excitation. (c) To study the error due to 
uniform thickness assumption, the effect of variable thickness was studied by revolving this 
variation of thickness along one radius of the circular plate and calculating the displacement 
field using the finite element method. Zero error is at the mean thickness. The displacement 
fields using the variable thickness displacement field were then used in the material 
characterizing method assuming constant mean thickness to calculate the error in the 
estimation of the Young’s modulus due to the uniform thickness assumption. 



 

 102 

Table 4-5 – Estimated Young’s modulus for the triangular plate after increasing the original 
thickness (0.1 mm) of the plate of Figure 4-7 to study the errors of the proposed material 
characterization method for two thick plates with thicknesses of 5 and 10 mm.  

 Thickness= 5 mm  Thickness= 10 mm  

𝛺𝛺 

(Hz) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

Estimated Young’s Modulus 

(GPa) 

Error 

(%) 

79.57 165.68 17.16 108.41 45.80 

1592 165.74 17.13 109.87 45.06 

3184 166.35 16.83 107.61 46.20 

7961 166.90 16.55 109.70 45.15 

 
Table 4-6 – Effects of errors in boundary conditions of the input displacement field on the 
estimated Young’s modulus for the triangular plate. Scenario A: one edge of the triangle was 
considered to be simply-supported while the other two edges were clamped. Scenario B: two 
edges of the triangle were considered to be simply-supported while the other edge was 
clamped. Scenario C: all edges of the triangle were considered to be simply-supported. For 
all scenarios, the assumed boundary condition in the proposed material characterization 
method was considered to be clamped for all edges.  

 Scenario A  Scenario B  Scenario C 

𝛺𝛺 

(Hz) 

Young’s 

Modulus  

Error 

(%) 

Young’s 

Modulus  

Error 

(%) 

Young’s 

Modulus  

Error (%) 

79.57 137.48 31.26 85.35 57.33 51.08 74.46 

1592 179.61 10.19 141.09 29.45 127.25 36.38 

3184 182.87 8.56 161.85 19.08 142.53 28.73 

7961 184.01 8.00 175.09 12.45 157.04 21.48 
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Figure 4-10-a presents the error of the estimated Young’s modulus for different mesh sizes for 

the elliptical plate. The horizontal axis in these figures is the number of nodes considered in 

each of the edges of the square field of view per centimeter. We performed similar 

investigations on the triangular plate but did not show the results in Figure 4-10 as the trends 

of the results for both plates were similar.  For a coarse mesh with a size of 2.5×2.5 per cm, 

errors of more than 70% in both elliptical and triangular plates were obtained. However, upon 

refining the mesh size, the error rapidly dropped to less than 10% with 10×10 per cm grids for 

both plates. This figure shows that the method gives less than 2.5% error with 55×55 per cm 

or finer. For both domains, the errors decreased to less than 1.5% for finer mesh sizes.  

Figure 4-10-b shows the runtime with respect to the total number of nodes on the square 

domain for the elliptical domain. The calculations were performed with one central processing 

unit (Intel CPU, core i7-8700K, 3.70 GHz). The operating system was Windows 10 and 

MATLAB R2019a was used for all calculations. We performed the runtime analysis for the 

triangular plate as well however in Figure 4-10 only the results of the elliptical plate are 

presented. As this figure shows, increasing the resolution (or the number of calculation nodes), 

causes an approximately linear increase in the calculation time. A similar linear trend was 

observed for the triangular plate.   

4.3.2.8  Effects of camera angle 

Our proposed material characterization method assumes orthogonality of the sensitivity vector 

of the holography system to the vibrating plane. We investigated the errors that deviations from 

this assumption may introduce in the estimated Young’s modulus by using finite-element 

calculated displacement fields viewed with an angle α. For this aim, the displacement field was 

projected on the orthogonal direction for different values of α and the results were used as 

inputs to the material characterization method. 

Figure 4-10-c shows the errors in the estimated Young’s modulus with respect to the error in 

the orthogonality assumption quantified by the angle α for the elliptical plate. We did the same 

analysis for the triangular plate but only the results of the elliptical plate are presented in 
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Figure 4-10 as the trend of the errors for both plates were similar. The plates were modeled as 

described in Section 4.3.2.1 with the same material properties. For both plates, the error in the 

Young’s modulus estimation remains within 3% for up to 45° angle deviation for all 

frequencies except the lowest frequency investigated. At the lowest frequency, the method is 

sensitive to errors in the angle as the error in the estimated Young’s modulus remains within 

3% only for angle errors of less than 10° and the estimation error grows to about 40% for a 45° 

error in the angle. These results suggest that for non-ideal experimental setups, it is safer to use 

higher frequencies stimuli to benefit from the insensitivity of the method to angle errors.  

4.3.3 Validation using experimental data 

In order to assess the accuracy of the proposed method for material characterization of real 

structures, we measured the harmonic vibration response of a thin circular copper plate using 

a stroboscopic holography system that is being developed for hearing diagnosis. The diameter 

and thickness of the plate were 6.25 mm and 0.02 mm, respectively. The tolerance of these 

measurements was ±2.54 µm. The experimental setup (Figure 4-11-a) consists of a calibrated 

microphone, a speaker, and an otoscope head which includes a camera and an object 

illumination component. More details of the experimental setup can be found in [169]. 

Copper has a low level of damping relative to many other metal and non-metals [170]. The 

plate was stimulated with a harmonic pressure of 4350 Hz and the displacement field and sound 

pressure were measured. Figure 4-11-b shows the displacement magnitude field obtained using 

holography at 13 stroboscopic phases with a resolution of 800×800. The proposed method was 

used to estimate the Young’s modulus using the measured displacement magnitude field 

assuming the Poisson’s ratio and density of 0.34 and 8960 Kg
m3, respectively [171], [172]. The 

estimated Young’s modulus using our method was 142.48 GPa which is in the reported range 

of Young’s modulus for copper alloys [171].  
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Figure 4-10 – (a) Effect of grid resolution on the estimated Young’s modulus for the elliptical 
plate of Figure 4-6. This study was performed to find the sensitivity of the estimation error to 
the mesh size. It can be observed that the estimation error is large for coarse meshes (for 
instance for a mesh with a size of 2.5×2.5 per cm, the estimation error is larger than 70%). 
However, the error rapidly drops by refining the mesh. (b) Runtime with respect to total 
number of nodes for the elliptical plate shown in Figure 4-6. Increasing the number of nodes 
results in an approximately linear increase in the runtime. (c) Error of the estimated Young’s 
modulus with respect to the error in the viewing angle of the camera (𝛼𝛼) for the elliptical plate 
of Figure 4-6. For all frequencies except the lowest frequency, the estimation error remains 
within 3% for angles errors of up to 45°. However, for the lowest frequency (79.6 Hz), the 
error is less than 3% for angles up to 10° and increases to about 40% for 𝛼𝛼 =45°. This 
suggests that low frequency responses are more sensitive to the errors in the viewing angle.  
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Figure 4-11 – (a) The digital holography system used in this work. The experimental setup 
consists of a speaker, a microphone, and an otoscope head which includes a camera and an 
object illumination component. (b) Experimental displacement magnitude normalized by the 
stimulus sound pressure at 4350 Hz of a thin copper plate obtained using the holography setup. 
This displacement field was used in the material characterization method and the estimated 
Young’s modulus was in agreement with published material properties of copper [171].  

 

We found that it is crucial that the displacement domain including the entire plate and its non-

moving boundary is measured and used as the input to the proposed material characterization 

method. Failing to provide this domain in its entirety can result in large errors in the material 

characterization. 

4.4 Discussions 

As mentioned in Section 4.1, the main aim of this chapter is to use full-field 2D single 

frequency harmonic vibration data for material characterization where there is no access to 

high-quality modal data. Our ultimate goal is to develop this method to estimate the Young’s 

modulus of the human tympanic membrane and use it as a diagnostic tool for hearing 
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pathologies. We used the Bayesian optimization to make this a clinically viable method that 

can find the global optimum value with the fewest possible number of iterations.  

In general, optimization algorithms can be categorized into derivative-based and derivative-

free algorithms [173]. The derivative-based methods use derivatives to find the optimal value 

of the objective function. However, sometimes it is difficult to evaluate the derivative of the 

objective function and it becomes more challenging when the objective function is noisy [174]. 

Also, the derivative-based methods are usually considered as local optimization techniques 

[174]. Derivative-free methods include but not limited to evolutionary algorithms (such as 

genetic algorithm [175]) pattern search [176], simulated annealing algorithm [176], particle 

swarm algorithm [176], and Bayesian optimization method.  

In order to compare the performance of the Bayesian optimization method with another global 

optimization technique, we used the genetic algorithm to find the Young’s modulus of one of 

the high-frequency cases with high noise intensity. We chose the elliptical plate with the 

excitation frequency of 7961 Hz with SNR of 0 dB (presented in Section 4.3.2.1) and used 

MATLAB genetic algorithm toolbox and considered two evolution scenarios. In Scenario 1, 

we considered the population of 20 with 9 generations while in Scenario 2, we set the 

population to be 60 with 3 generations. Both scenarios result in overall 180 times evaluations 

of the objective function which is the same as the number of evaluations we used with the 

Bayesian optimization algorithm. The crossover fraction was set to be 0.8. We found that for 

Scenario 1, the accuracy can be significantly different each time we run the optimization. We 

repeated the optimization four times for this scenario and the range of error of the estimated 

Young’s modulus was from about 6.6% to 84% while it was 0.63% with our proposed method 

using Bayesian optimization for this noisy vibration data. This can be due to the differences in 

the initial populations each time we run the optimization as it is known that in genetic algorithm 

the accuracy depends on the initial population [177]. We also ran the optimization for Scenario 

2 four times and the range of the error of the estimated Young’s modulus was from 0.46% to 

8.70%. One may be able to get better results by using different parameters in the genetic 

algorithm making the material characterization process operator dependent [141]. Our 
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proposed method, on the other hand, is not operator dependent because the Bayesian 

optimization algorithm does not need parameters to be set by the operator.  

Among other derivative-free optimization methods, pattern search methods search in arbitrary 

directions and modify the motion of the points to get as close as possible to the optimum values. 

However, these methods may be attracted by local optima [178]. The simulated annealing 

algorithm is a probabilistic technique that uses a temperature-like variable to control the degree 

of stochasticity in the random search and finds the optimum value by iteratively going down 

from a high temperature to a low temperature. In addition to be stochastic, another 

disadvantage of this method is its slow convergence [177]. The particle swarm method is a 

derivative-free method that is also highly sensitive to the initial particles chosen [141] and is 

known to be trapped in local optima [177]. Bayesian optimization method, which is used in 

the current work, is not affected by the initialization and is known to be able to find the global 

optimum with a fewer number of iterations in comparison with many other optimization 

algorithms such as genetic algorithm, particle swarm, and pattern search.  

We also presented some unidentifiable cases, conditions under which the method has a poor 

performance and remedies for such situations. For instance, as mentioned in Section 4.3.2.5, 

our estimation method does not provide accurate results for thick plates. Also, as discussed in 

Section 4.3.3, the displacement field of the entire object and its non-moving boundary should 

be captured in measurements to be able to accurately estimate the Young’s modulus. Obtaining 

such a view, to enable such captures, might be challenging for some measurement scenarios. 

Moreover, the method was developed based on a negligible damping assumption that can be 

justified for many low damped engineering structures. However, this limits the application of 

the method to damped structures. The developments are underway to generalize the method to 

damped structures. 
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Chapter 5 

Material characterization of human middle ear using machine-learning-

based surrogate models 

Preface 

In this chapter, we generated machine-learning-based surrogate models of the middle ear that 

can be used for fast computation of the forward mechanics of the middle ear. We apply some 

modifications to the material characterization method presented in Chapter 4 to make it suitable 

to be applied to the middle ear. We also used the outcomes of Chapter 3 to focus on the most 

influential parameters of the middle ear while creating the surrogate models. Our parameter 

estimation method used full-field vibration patterns of the TM for material characterizations 

and we verified its accuracy with respect to the FE model for several test samples.  

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 110 

Overview 

Finite-element models have been among the most prominent modeling tools for simulating 

behaviours of the human middle ear. One problem with these models is their high 

computational costs which makes them unusable for many clinical applications such as real-

time estimation of the mechanical properties of the middle-ear structures for diagnostic 

purposes. This study aims to alleviate this issue in two parts. In the first part, we used machine 

learning techniques to create surrogate models of the middle ear that can predict its responses 

with a significantly lower computational cost in comparison to real finite-element models. We 

used the results of our previous studies on the human middle ear to focus on the model 

parameters that have the greatest impact on the middle ear vibrations while creating the 

machine learning models. These parameters include the Young’s modulus and thickness of the 

tympanic membrane and the Young’s modulus of the stapedial annular ligament. The eXtreme 

Gradient Boosting (XGBoost) method was implemented for creating the machine learning 

models and our investigation results revealed that the created surrogate models can fairly 

represent the vibrational responses of the umbo, stapes footplate, and vibration patterns of the 

tympanic membrane at most frequencies. In the second part of the study, we combined the 

created machine learning models with Bayesian optimization (using the BoTorch library)  for 

fast estimation of the Young’s modulus of the tympanic membrane and the Young’s modulus 

of the stapedial annular ligament. Our proposed methods were able to estimate Young’s 

modulus of these two structures separately and simultaneously with values of mean absolute 

percentage error of less than 7%. The use of surrogate models instead of real finite-element 

models increases the speed of the parameter estimation remarkably and makes it suitable for 

future clinical applications (upon further development and validation) where the estimated 

mechanical properties of the middle-ear structures can be used for diagnostic purposes.  
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5.1 Introduction 

In the area of mechanics of hearing, models of the middle ear have attracted lots of attention 

in previous years. Researchers have used different modelling techniques including lumped-

parameter and finite-element models to simulate middle-ear responses [31], [37], [48], [51], 

[55], [179]. Oftentimes, the results of experimental measurements performed on human or 

animal middle ears are used to validate these models [37], [48], [180].  FE models consider the 

geometrical complexities in the middle ear and also can deal with different material properties 

and boundary conditions, and as a result, they can give more accurate results in comparison to 

lumped models. However, due to their high degree of freedom, the computational costs of FE 

models are usually high, and specific hardware configurations and long runtimes are normally 

inseparable parts of the FE simulations of the middle ear. This high computational cost of FE 

models usually makes these models poorly suited for applications in which real-time 

calculations of model responses are necessary or the applications in which we need to run the 

model hundreds or thousands of times to solve optimizations problem for different aims such 

as parameter estimation. 

One way to deal with the high computational cost of FE models is to use surrogate models 

[181]. In order to create these surrogate models, we need to run our FE model a limited number 

of times and then exploit the results of these simulations to fit a surrogate model that receives 

the input parameters (i.e., variables in future calculations) and estimates the outputs of interest. 

Should the surrogate model have our desired accuracy in its predictions, we can use it in lieu 

of the costly FE models to find the outputs of the system for any new inputs within a few 

seconds.  

Several studies in the literature have already used surrogate models instead of real FE models 

for fast evaluation of forward mechanics of different biological structures. For instance, Dabiri 

et al. implemented surrogate models created with machine learning (ML) methods in real-time 

simulation of left ventricle mechanics [182], [183]. Liu et al. used ML-based surrogate models 

for fast prediction of failure metrics on the aortic wall [184]. In another study, Halloran et al. 

investigated the feasibility of ML methods for simulating the mechanical behaviours of the 
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human liver during the breathing process [185]. In all these studies, FE simulations were used 

for generating testing and training datasets. In the area of middle-ear mechanics, only very few 

works in the literature have used surrogate models instead of FE computations. In Chapter 3, 

we exploited surrogate models generated using the polynomial chaos expansion method for 

performing a global sensitivity analysis on the middle ear. Aside from using ML models as a 

replacement of costly FE models, ML models have been also used widely in other applications 

such as using medical images of ears or different parts of the body for diagnostic purposes 

[186]–[190].  

The mechanical properties of tissues can be considered as a diagnostic index for various 

diseases [191]. In fact, diseases cause alterations in the microstructures of the tissues and the 

mechanical properties of the tissues are remarkably controlled by their microstructures [11]. 

Traditional mechanical methods for estimating the material properties cannot be used in situ 

and also most of the time these methods are destructive [11]. Therefore, computational 

methods can be suitable choices for the estimation of the mechanical properties of biological 

structures [11]. FE method is one of the computational methods that can be used in combination 

with optimization techniques and clinical measurements for non-destructive estimation of the 

material properties of biological structures. However, as mentioned earlier, usually FE models 

have high computational costs. Using ML models drastically decrease the computational costs 

of FE models for estimating these mechanical properties and makes the parameter inference 

methods suitable for future possible clinical applications. Several researchers utilized surrogate 

models for the evaluation of forward biomechanical responses of different biological structures 

for the purpose of fast parameter inference. For instance, Cai et al. used ML-based surrogate 

models for the estimation of passive parameters of the left ventricular myocardium [192]. 

Davies et al. also proposed a parameter inference method for estimating myocardial properties 

from surrogate models created using local Gaussian and low rank Gaussian processes [193]. 

In another study, Noé et al. used multivariate output Gaussian process to infer constitutive 

parameters of the left ventricle [194].  
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This chapter consists of two parts. In the first part, we will propose creating ML-based 

surrogate models for fast simulation of middle-ear dynamics with a wide range of variability 

for input parameters that can account for both normal and pathological ears. We will show that 

the created ML models are able to predict the amplitude and phase of the umbo (the most 

inferior part of the malleus that is attached to the central part of the TM) and stapes footplate 

(the part of the stapes that is connected to the cochlea through the oval window) and the full-

field vibration patterns of the TM with outstanding accuracies (with respect to the FE results). 

These ML models of the middle ear can be used for different purposes such as developing real-

time surgical simulators [116], [117]. 

In the second part of this chapter, we will use the created ML models of the full-field vibration 

pattern of the TM for estimating the Young’s modulus of TM and SAL. This part of the current 

chapter is an extension to our previous study on developing parameter estimation methods as 

a diagnostic tool for middle ear disorders (Chapter 4). In that study, we proposed a method for 

estimating the Young’s modulus of 2D thin planar structures using the harmonic full-field 

vibration patterns of the structure. Here, we apply some changes to our proposed method, 

making it suitable to be applied to the TM vibration patterns to estimate the mechanical 

properties of some of the most influential structures in the middle ear.   

5.2 Methods 

5.2.1  Finite-element model 

The FE model of the human middle ear used in this study was created based on the 

segmentation of µCT images dataset of a 73-year-old male cadaver temporal bone. The details 

of segmentation and mesh generation processes can be found in Chapter 2. Our model includes 

TM, ossicles, AML, LML, IMJ, ISJ, SML, SAL, PIL, and manubrial fold.  

The model was excited by applying a uniform pressure (with an amplitude of 1 Pa) to the 

lateral surface of the TM. The material properties of the baseline model and the boundary 

conditions are the same as the ones in Chapter 2. The TM annulus was fully clamped and the 

AML, LML, PIL, SML, and SAL were considered to be fixed at their distal end where they 
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are connected to the middle-ear cavity wall The cochlear load was represented by four dashpots 

attached to the stapes footplate. All computations were carried out using Code_Aster (version 

14.4.0) open-source FE package. We used the dynamic transient solver of Code_Aster for 

constructing the frequency response functions of the umbo and stapes footplate and for these 

simulations, a step function was considered for the excitation of the model (pressure). We 

implemented the implicit Newmark-β scheme into the model, and to have an unconditionally 

stable solution, the values of β and γ in the Newmark-β scheme were chosen to be 0.25 and 

0.5, respectively [37], [88]. The displacement frequency response functions of the umbo and 

stapes footplate were created by differentiating the step response with respect to time and then 

using the fast Fourier transform. For these transient simulations, the value of the time span was 

considered to be 25 ms and the value of the time step was 10 μs. Applying the aforementioned 

values of the time step and time span in the simulations results in 405 equally spaced 

frequencies in the frequency range of 100 Hz to 10 kHz. In Chapter 2, we checked the 

dependency of the model results on the changes in these two values. Moreover, the values of 

baseline model parameters were chosen to be exactly the same as the values we used in Chapter 

2. For all full-field vibration patterns of the TM in this chapter, we used harmonic vibration 

analysis of Code_Aster. 

Our initial mesh consisted of 7,656 seven-node second-order triangular shell elements (TRIA7) 

for TM and 195,820 ten-node second-order tetrahedral elements (TETRA10) for all other 

structures. We refined this mesh using the Homard utility of Code_Aster to check mesh 

convergence. We increased the number of the triangular elements and tetrahedral elements by 

factors of four and eight, respectively. We compared the results of the refined mesh and the 

original mesh in 24 equally spaced frequencies in the frequency range of 100 Hz to 10 kHz. 

We observed a maximum difference of less than 0.90 dB for the displacement amplitude of the 

umbo and less than 1.44 dB for the amplitude of the stapes footplate. As a trade-off between 

the accuracy and computational cost, we considered our initial mesh for all simulations in this 

chapter.  
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5.2.2  Uncertain model parameters and design of experiments 

The middle ear consists of multiple structures and even if we consider linear isotropic material 

property (which is the simplest assumption) for each of them, we will end up having tens of 

parameters in our model and we need to know the values of all these parameters to be able to 

create an FE model. For creating the ML model, it is very helpful if we can reduce the number 

of these parameters as it will be hard to create accurate ML models with so many parameters, 

especially if the variations of each of these parameters are large. Additionally, based on our 

findings in Chapter 3 and also based on other the studies conducted on the human middle-ear 

model, the effects of variations of some of these parameters on the vibrations of the middle ear 

are negligible [10], [37], [55], [101]. In Chapter 3, we performed a global sensitivity analysis 

on the middle-ear model and found the parameters that have the most significant impacts on 

the outputs. Our results suggested that the mechanical parameters that have the most 

considerable impacts on the amplitude of the umbo and stapes footplate in the frequency range 

of 100 Hz to 10 kHz are the Young’s modulus of the TM (ETM) and SAL (ESAL). Our global 

sensitivity analysis results also suggested that the thickness of the TM has considerable effects 

on the variations of the amplitude of the umbo and stapes footplate at many frequencies. Hence, 

in this chapter, we considered the Young’s modulus of the TM and SAL and the thickness of 

the TM as the input parameters for creating our ML models.  

As mentioned before, one of our main purposes of training ML models and parameter 

estimations is to use them as a diagnostic index for hearing pathologies. Therefore, we need to 

consider a significant variation for each of these parameters. For this aim, the values of 

coefficient of variation of the Young’s modulus of the TM and SAL were considered to be 

50% and the range of the TM thickness values was chosen based on the reported ranges in the 

literature [87]. The ranges of these three parameters are reported in Table 5-1 and we assumed 

a uniform distribution for these three parameters. The mean values of the input parameters are 

12 MPa, 1.4 MPa, and 74 μm for the Young’s modulus of the TM, the Young’s modulus of 

the SAL, and the thickness of the TM, respectively.  Random input parameters of the ML 

models were created using the Latin Hypercube sampling method [105]. 
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Table 5-1 – Range of parameters considered in creating ML models.  

Parameter Min value Max value 

Thickness of TM 30 µm 150 µm 

ETM 1.61 MPa 22.39 MPa 

ESAL 0.19 MPa 2.61 MPa 

5.2.3  Machine-learning model 

The ML models in our study were constructed using eXtreme Gradient Boosting (XGBoost)5 

[195] which can be used for both classification and regression [196]. XGBoost is an efficient 

implementation of the gradient-boosting decision tree framework [197], [198]. In several 

applications, XGBoost has been shown to have a better performance in comparison to many 

common approaches for creating ML models such as multi-layer perceptron and support vector 

machines [192], [196], [199].  

Considering a dataset 𝐷𝐷 = {(𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖): 𝑖𝑖 = 1, . . , 𝑞𝑞, 𝑥𝑥𝑖𝑖𝜖𝜖ℝ𝑝𝑝},  where  we have p features and q 

samples [200], each tree ensemble model uses G additive functions for output prediction and 

can be represented as [195]:  

𝑦𝑦�𝑖𝑖 = �𝑓𝑓𝑔𝑔(𝑥𝑥𝑖𝑖)
𝐺𝐺

𝑔𝑔=1

 ,𝑓𝑓𝑔𝑔 ∈ 𝐹𝐹          (5-1) 

 where 𝑦𝑦�𝑖𝑖 is the predicted output, 𝐹𝐹 is the space of regression trees also known as classification 

and regression tree (CART) and 𝑓𝑓𝑔𝑔 is a function in the functional space F [192]. In order to 

create the ML model, XGBoost minimizes the following loss functions [195]: 

ℒ(𝜙𝜙) = �𝑙𝑙(𝑦𝑦�𝑖𝑖,𝑦𝑦𝑖𝑖)
𝑡𝑡

+ �𝛺𝛺�𝑓𝑓𝑔𝑔�
𝑔𝑔

   (5-2) 

 
5 https://xgboost.ai/ 

https://xgboost.ai/
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𝛺𝛺(𝑓𝑓 ) = 𝛾𝛾𝑇𝑇 +
1
2
𝜆𝜆‖𝜔𝜔 ‖2       

where T is the number of leaves and 𝑙𝑙 is a distance function that measures the difference 

between the target value (𝑦𝑦𝑖𝑖) and the predicted value (𝑦𝑦�𝑖𝑖). Also, λ and γ are parameters for 

controlling degrees of regularization and ω is the weight score of leaves. More details 

regarding the XGBoost framework can be found in [195], [201]. 

One crucial aspect that should be considered in training any ML model is hyperparameter 

tuning. The values of hyperparameters can significantly affect the performance of the ML 

model [202]. We used Scikit-learn library6 [203] to implement a grid-search method with five-

fold cross-validation for the hyperparameter tuning. The size of the training and testing datasets 

were 950 and 100, respectively. The values of hyperparameters considered in the grid search 

are as follows 7: learning_rate was considered to be 0.05,0.075, and 0.1; max_depth was 

considered to be 6,8, and 10 and n_estimators was considered to be 2000 and 5000. A separate 

ML model was created for each frequency. 

In order to measure the accuracy of the created ML models with respect to the FE results, we 

used two different measures; coefficient of determination (R2) for the values of amplitude and 

mean cosine difference (MCD) for the values of phase. These two measures are defined as 

follows [192], [204]: 

𝑅𝑅2 = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖)2𝑚𝑚
𝑖𝑖=1
(𝑦𝑦𝑖𝑖−𝑦𝑦�2)2              ,          𝑦𝑦� = 1

𝑚𝑚
∑ 𝑦𝑦𝑖𝑖𝑚𝑚
𝑖𝑖=1   (5-3) 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑚𝑚
�𝑐𝑐𝑐𝑐𝑐𝑐 �𝜃𝜃𝑖𝑖 − 𝜃𝜃�𝑖𝑖�
𝑚𝑚

𝑖𝑖=1

 (5-4) 

where 𝑦𝑦𝑖𝑖 and  𝜃𝜃𝑖𝑖 (i=1,2,..., m) are true values, 𝑦𝑦�𝑖𝑖 and 𝜃𝜃�𝑖𝑖 (i=1,2,..., m)  are predicted values, and 

m is the size of the testing dataset. The closer these two measures are to unity, the better the 

ML model’s performance.  

 
6 https://scikit-learn.org/stable/ 
7 https://xgboost.readthedocs.io/en/stable/ 

https://scikit-learn.org/stable/
https://xgboost.readthedocs.io/en/stable/
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We are interested in the motions (amplitude and phase) of the umbo, stapes footplate, and TM 

vibration pattern. So, at each frequency, we created two ML models for umbo (real and 

imaginary parts of responses), two ML models for stapes footplate (real and imaginary parts 

of responses), and three models for each of the nodes of the TM (real, imaginary, and 

magnitude of responses). The reason why we created separate models for the magnitude of the 

TM  nodes (in addition to the real and imaginary parts) will be elaborated shortly. Also, for 

creating the ML models of nodes on the TM at each frequency, we put them in a vector form. 

The details about the number of nodes on the TM considered for creating ML models will be 

presented shortly. 

The results for the amplitude and phase of the umbo amplitude and phase of the stapes 

footplate, and full-field TM phase patterns were then calculated based on ML models of real 

and imaginary parts of the responses at each frequency. The full-field TM amplitude patterns 

were not calculated using the real and imaginary parts and we directly used the ML models 

that we had created for the magnitude of TM nodes. The logic behind this was to reduce the 

runtime of the parameter estimation. In the parameter estimation method, which will be 

discussed in Section 5.2.4, we use the amplitude of different nodes on the TM. Therefore, in 

each optimization iteration, we need to find the amplitude of those nodes and compare them 

with the true values. If we use ML models of real and imaginary parts, we need to first estimate 

the real and imaginary parts of the response from respective ML models (for real and imaginary 

parts) and then we need to compute that magnitude value in another step, whereas, if we use 

the ML models of magnitude, all these steps will be integrated into a single one.  Therefore, 

having ML models that can directly calculate these amplitude values, increases the parameter 

estimation speed in comparison to the case we want to predict real and imaginary parts in each 

optimization iteration and then find the amplitude from that.  

We should also note that our original mesh consisted of 15,455 nodes on the TM. In order to 

reduce the computational costs of creating ML models, we only considered 1009 nodes across 

the TM for creating ML models. When choosing these nodes, we paid attention to the 

distribution of the nodes to keep them the same in all regions of the TM. The density of the 
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nodes in the manubrium area was higher than other regions of the TM. The reason for this was 

that the original mesh was finer in that region in comparison to the other regions of the TM. 

The distribution of the nodes on the TM will be provided later in Section 5.3.2.  

We should note that in all parts, umbo and TM vibration patterns are reported in the direction 

normal to the manubrium at the umbo and the stapes footplate motion is reported in the stapes 

piston-like direction.  

5.2.4  Parameter estimation 

We used Bayesian optimization for the estimation of the Young’s moduli of TM and SAL. 

Bayesian optimization uses a computationally inexpensive surrogate model to approximate the 

real objective function [140]. This method is shown to have very good performance even with 

noisy measurement data [79], [205]. In Chapter 4, we used Bayesian optimization for material 

characterization of thin planar structures measure with stroboscopic holography and observed 

that this method has several privileges over other common optimization techniques.  More 

details about the Bayesian optimization as well as a review of some of its applications can be 

found in [140]. 

In the current study, we used the vibration amplitude pattern of the TM for parameter 

estimation. We know that the impacts of variations of the Young’s modulus of the SAL on the 

variations of the umbo and stapes footplate are more considerable at low frequencies (Chapter 

3). Also, the effects of variations of the Young’s modulus of the TM on the variations of the 

umbo and stapes footplate responses are significant at most frequencies above 1 kHz (Chapter 

3). Therefore, we considered the vibration patterns at frequencies of 100 Hz and 5 kHz for the 

estimation of the Young’s modulus of the SAL and TM, respectively. The following two 

objective functions were defined for the estimation of these two Young’s moduli: 

𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆) =   �
�∑ �𝑑𝑑𝑗𝑗

𝑐𝑐−𝑑𝑑𝑗𝑗
𝑚𝑚�

2𝑛𝑛
𝑗𝑗=1

𝑛𝑛
�

−1

    @ f = 100 Hz (5-5) 



 

 120 

𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑇𝑇𝑇𝑇) =   �
�∑ �𝑑𝑑𝑗𝑗

𝑐𝑐−𝑑𝑑𝑗𝑗
𝑚𝑚�

2𝑛𝑛
𝑗𝑗=1

𝑛𝑛
�

−1

    @ f = 5 kHz (5-6) 

where 𝑑𝑑𝑗𝑗𝑐𝑐 represents the calculated displacement of node j and 𝑑𝑑𝑗𝑗𝑚𝑚 is the true displacement of 

node j. Also, n is the total number of nodes on the TM used in the optimization process. 

As mentioned in Section 5.2.3, in our ML model, we considered a total number of 1009 nodes 

on the TM. We conducted two scenarios for the estimation of the Young’s moduli of the TM 

and SAL. These scenarios were created based on the values feature importance of the nodes. 

In fact, each node of the TM has three features that are the Young’s modulus of SAL, Young’s 

modulus of TM, and thickness of the TM. Using the feature importance, we are able to 

determine which features have the most effects on the predicted values of motions of each of 

the TM nodes. We used the built-in feature importance of XGBoost to determine the most 

influential features for each node. The feature importances were calculated using the gain 

algorithm 8  that calculates the contribution of each tree to the improvement of model 

performance [206], [207].  

As mentioned earlier, we considered two scenarios for estimation of the Young’s moduli of 

the TM and SAL: one with all nodes on the TM (n = 1009) and the other one with considering 

only nodes of the TM that have values of feature importance of greater than 0.5  (n < 1009). 

The sum of values of feature importance for each output is 1 and in fact, a feature importance 

of greater than 0.5 shows that the desired feature, had a contribution of greater than 50% on 

the estimated output. More details about the two scenarios considered for parameter estimation 

will be provided in Section 5.3.2. 

For simultaneous estimation of the Young’s modulus of the TM and SAL, we suggest using 

an objective function which is a combination of equations (5-5) and (5-6)): 

𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑇𝑇𝑇𝑇,𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆) =    
1
𝛼𝛼

  𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑇𝑇𝑇𝑇) + 𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆) (5-7) 

 
8 https://xgboost.readthedocs.io/en/stable/ 

https://xgboost.readthedocs.io/en/stable/
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As the functions 𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑇𝑇𝑇𝑇) and 𝑜𝑜𝑜𝑜𝑜𝑜(𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆) are defined at two different frequencies, and as the 

number of nodes we considered on the TM for each of them is different (see Section 5.2.4), 

the orders of their magnitude can be different from each other. Therefore, we needed to define 

a parameter 𝛼𝛼 to tune the contribution of the two objective functions in our estimation. We 

manually found the value of this parameter by running the optimization process for a few cases 

and ended up with the value of 3.2. Our observations suggest that the value of this parameter 

can have significant effects on the parameter estimation accuracy and one may need to retune 

it for measurements at other frequencies or with a different number of nodes. 

We employed BoTorch open-source Bayesian optimization for parameter estimation [208]. 

The acquisition function used in all our simulations was the Expected Improvement function 

[158].  The values of parameters num_restarts and raw_samples were chosen to be 20 and 512, 

respectively. Also, the number of initial random guesses was set to be 5 and the number of 

model evaluations in the Bayesian optimization process was set to be 200. 

Also, in order to measure the accuracy of the estimated values, we used mean absolute 

percentage error (MAPE) which is defined as:   

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑚𝑚
��

𝐴𝐴𝑡𝑡 − 𝐸𝐸𝑡𝑡
𝐴𝐴𝑡𝑡

� × 100
𝑚𝑚

𝑡𝑡=1

 (5-8) 

where 𝐴𝐴𝑡𝑡 and 𝐸𝐸𝑡𝑡 represent the true and estimated values of sample t, respectively. Figure 5-1 

illustrates the workflow of the creation of ML models as well as the parameter estimation.   
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Figure 5-1 – Workflow of the creation of ML models and parameter estimation. In the first 
step, we used the global sensitivity analysis results from Chapter 3 to find the most important 
parameters in the middle-ear model. We then created some random sets of inputs for these 
parameters using the mean values equal to respective values in the baseline model and the 
ranges reported in Table 5-1 (with uniform distribution). In total, we had 1050 FE simulations 
and the size of our training and testing datasets were set to be 950 and 100, respectively. 
Afterward, the ML models were trained. The grid search method was used to find the 
hyperparameters of the ML model that resulted in the most accurate predictions with respect 
to the FE results. In the next step, we defined objective functions for each output of interest 
and used these objective functions for parameter estimation.   
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5.3 Results 

5.3.1  Predictions of machine-learning models  

In this section, we present the results of created ML models and their accuracy (with respect 

to the FE results) in predicting the response of the umbo, stapes footplate, and TM vibration 

patterns. Figure 5-2 shows the results of predictions of the ML models for the amplitude and 

phase of the umbo. As mentioned previously, we had 100 simulations in our testing dataset. 

Here we showed the true and predicted values of the umbo displacement amplitude and phase 

for 5 random sets of parameters in the testing dataset. Based on the results presented in this 

figure, the ML model calculates the amplitude and phase of the umbo very accurately (with 

respect to the FE results) at almost all frequencies in the range of 100 Hz to 10 kHz. The 

difference between the true displacement amplitude of the umbo and the predicted values in 

these 5 samples is less than 2 dB at more than 90% of frequencies. The values of cosine 

difference are greater than 0.97 at all frequencies and for all these samples. 

Figure 5-3 shows the results of predictions of the ML models for the amplitude and phase of 

the stapes footplate. Similar to Figure 5-2, it presents the true and predicted vibration patterns 

for 5 random sets of parameters chosen from our testing dataset. For all samples, the difference 

between the predicted and true amplitude of the stapes footplate is less than 2 dB at more than 

91 % of frequencies and the cosine difference between the predicted and true phase values is 

more than 0.99 at all frequencies.   

Figure 5-2 and Figure 5-3 show the response of the ML models for the umbo and stapes 

footplate for several random sample parameter sets chosen from the testing dataset. To provide 

a more comprehensive analysis of the performance of the ML models, we reported the values 

of R2 (for the displacement amplitude of the umbo and stapes footplate) and MCD (for the 

displacement phase of umbo and stapes footplate) in Figure 5-4. The results presented in this 

figure are calculated based on the ML predictions of all 100 samples of the testing dataset. For 

both amplitudes of the umbo and stapes footplate, the value of R2 is very close to 1 at low 

frequencies (below 200 Hz) and high frequencies (above 6 kHz). The minimum value of R2 
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for the amplitude of the umbo happens near the frequency of about 600 Hz (R2 of about 0.93) 

and the minimum value of R2 for the amplitude of the stapes footplate occurs near the frequency 

of about 900 Hz (R2 of about 0.92). Moreover, the MCD results of the displacement phase of 

the umbo and stapes footplate presented in Figure 5-4 indicate that the phase values obtained 

using ML models are very accurate (with respect to the FE results) at frequencies below 500 

Hz for both umbo and stapes footplate (MCD of very close to unity). The minimum value of 

MCD for the displacement phase of the umbo occurs at the frequency of about 1.8 kHz (MCD 

of 0.95) and the minimum value of MCD for the phase of the stapes footplate is obtained at 

4.0 kHz (MCD of 0.96). 

 

Figure 5-2 – Results of predictions of created ML models for the amplitude and phase of umbo. 
Results of five random samples from the testing dataset are presented here. The ML models 
can fairly represent the amplitude and phase of the umbo at almost all frequencies. The 
difference between the predicted and true values of the displacement amplitude of the umbo in 
these 5 samples is less than 2 dB at more than 90% of frequencies. Also, for all samples shown 
in this figure, the cosine difference between the true and predicted phase values is greater than 
0.97 at all frequencies. 
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Figure 5-3 – Results of predictions of created ML models for the amplitude and phase of the 
stapes footplate. Results of five random samples from the testing dataset are presented here. 
The ML models can fairly represent the amplitude and phase of the stapes footplate at almost 
all frequencies. The difference between the predicted and true values of the displacement 
amplitude of the stapes footplate in these 5 samples is less than 2 dB at more than 91% of 
frequencies. Also, for all samples shown in this figure, the cosine difference between the true 
and predicted phase values is greater than 0.99 at all frequencies. 

 

One of the main components we should always consider in training ML models is the size of 

the training dataset. Due to the relatively high computational cost of the FE models of the 

middle ear, it can be quite beneficial to have an idea about the effects of the size of the training 

dataset on the accuracy of predictions of ML models with respect to the FE results. To 

investigate these effects, Figure 5-5 presents the R2 value of the displacement amplitude of the 

umbo and stapes footplate at three different frequencies: 100 Hz (low), 5 kHz (middle), and 10 

kHz (high) with respect to the size of the training dataset. For each size of the training dataset, 

the size of the testing dataset was considered to be equal to �size of test dataset
10

� + 1 .  As 
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expected, increasing the size of the training dataset results in increasing the value of R2. For 

both amplitudes of the umbo and stapes footplate, an R2 of about or greater than 0.95 is 

attainable when we have more than 400 model simulations in our testing dataset.  

 

 

Figure 5-4 – Values of R2 (for the amplitude) and MCD (for the phase) of the umbo and stapes 
footplate in the frequency range of 100 Hz to 10 kHz.  The values of R2 and MCD are calculated 
based on the predictions of the ML models for the whole testing dataset (with the size of 100). 
For both amplitudes of the umbo and stapes footplate amplitudes, the value of R2 is very close 
to 1 at very frequencies below 200 Hz and frequencies above 6 kHz. The minimum values of 
R2 for the amplitude of the umbo and stapes footplate are about 0.93 (at 600 Hz) and 0.92 (at 
900 Hz), respectively. Also, for both umbo and stapes footplate, the values of MCD of the phase 
are greater than 0.94 at all frequencies. 
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Figure 5-5 – The values of R2 with respect to the size of the training dataset at three different 
frequencies: 100 Hz (low), 5 kHz (middle), and 10 kHz (high). For both amplitudes of the umbo 
and stapes footplate, an R2 of about or greater than 0.95 is attainable when we have more than 
400 model simulations in our testing dataset. 

 

The ability of ML models to predict the vibrations patterns of the TM is another factor of 

interest in the current study. Figure 5-6 illustrates the ML model results for calculating the 

displacement amplitude vibration patterns of the TM. The results are depicted at three 

frequencies: 100 Hz (low), 5 kHz (middle), and 10 kHz (high). The left and middle columns 

of Figure 5-6 present the true and predicted vibration patterns, respectively, for a random 

sample obtained from the testing dataset. They show that the true and predicted patterns are 

very similar at all three frequencies. For the sample test shown here, the differences between 

the predicted and true values are less than 2 dB at more than 94 % of nodes across the TM for 

the three frequencies discussed here. Also, to provide a more detailed insight into the accuracy 

of the ML models with respect to the FE results, the R2 values calculated using 100 samples in 

the testing dataset are provided in the rightmost column of Figure 5-6. At all three frequencies, 
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the values of R2 are greater than 0.9 in more than 90% of the nodes across the TM. The 

minimum values of R2 at the excitation frequencies of 100 Hz, 5 kHz, and 10 kHz are 0.96, 

0.71, and 0.66, respectively. 

The ML model results for calculating displacement phase patterns are shown in Figure 5-7.  

The results are shown at the same frequencies considered for the amplitude patterns of the TM 

(Figure 5-6). Similarly, the left and middle columns show the true and predicted values of 

phase patterns, respectively, for a random sample obtained from the test case. For all three 

frequencies, the true and predicted phase patterns are very similar to each other. For all of 

them, the cosine difference is greater than 0.9 at more than 97% of the nodes on the TM. Also, 

to evaluate the accuracy of the ML models (with respect to the FE results) in predicting 

vibration phase patterns, the rightmost column of Figure 5-7 illustrates the values of MCD 

calculated based on the whole testing dataset with 100 samples. Similar to what we observed 

for the vibration amplitude patterns in Figure 5-6, here also the predicted phase values are very 

similar to the true phase values obtained from the FE model for most of the nodes across the 

TM (at all three frequencies, the MCD value of more than 99% of nodes is greater than 0.9 

except for a few nodes in the annular region. The minimum values of MCD at the frequencies 

of 100 Hz, 5 kHz, and 10 kHz are 0.98, 0.88, and 0.92, respectively. 

5.3.2 Parameter estimation using combination of machine-learning models and 

Bayesian optimization  

In this section, we present the results of the parameter estimation which was done by combining 

the obtained ML models introduced in Sections  5.2.3 and 5.3.1 with the Bayesian optimization 

discussed in Section 5.2.4. 

In the first step, we focused on the estimation of the Young’s modulus of the SAL. We used 

the objective function in Equation (5-5) for estimating this parameter from the full-field 

vibration pattern of the TM (at frequency of 100 Hz) using two different scenarios: the first 

scenario was to use all nodes on the TM for parameter estimation and the second scenario was 

to exploit only the nodes with feature importance values of greater than 0.5 for this parameter. 
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The aim was to compare the parameter estimation results of the two scenarios to find the best 

way for estimating the Young’s modulus of the SAL. The nodes on the TM that have values 

of feature importance of greater than 0.5 are shown in red color on the left panel of the Figure 

5-8. Based on the results presented in this figure, these nodes lay on the manubrium.  

 

Figure 5-6 – ML model prediction results of the TM amplitude vibration pattern. The results 
are presented at three frequencies: 100 Hz (low), 5 kHz (middle), and 10 kHz (high). The left 
and middle columns show the true and predicted vibration amplitude patterns for one of the 
random test sets, respectively. At all these three frequencies, the predicted amplitude pattern 
is very close to the true pattern. The rightmost column represents the values of R2 at these 
frequencies. The values of R2 presented in this column are calculated based on the predictions 
of the model for the whole testing dataset (with the size of 100).  

 

The results of the parameter estimation are presented in Table 5-2.  Due to space limitation, 

only the results of 10 random samples from the testing dataset are included in this table. 

However, the MAPE and maximum error values reported in this table, are calculated based on 

the parameter estimation results obtained from all 100 samples in the testing dataset. Based on 

the results presented in Table 5-2, the MAPE is 25.36% when we use all nodes on the TM for 
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our parameter estimation and is 3.24 when we use only nodes on the manubrium (i.e., the nodes 

with high feature importance shown in red in Figure 5-8 (left)). This shows that using the nodes 

on the manubrium leads to a more accurate estimation of the values of the Young’s modulus 

of the SAL (with respect to the FE model). The values of maximum error also confirm this; 

the maximum error is 579.29% when we used all nodes on the TM for parameter estimation 

and the maximum error among all 100 samples in the testing dataset is equal to 22.60% when 

we used only the nodes with high feature importance for estimating the Young’s modulus of 

the SAL.  

 

 

Figure 5-7 – ML model prediction results of the TM phase vibration pattern. The results are 
presented at three frequencies: 100 Hz (low), 5 kHz (middle), and 10 kHz (high). The left and 
middle columns show the true and predicted vibration phase patterns for one of the random 
test sets. The results show that at all these three frequencies, the predicted phase pattern is 
very close to the true pattern. The rightmost column represents the values of MCD at these 
frequencies. The values of MCD presented in this column are calculated based on the 
predictions of the model for the whole testing dataset (with the size of 100). 
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To estimate the Young’s modulus of the TM, we employed the objective function provided in 

Equation (5-6), which uses the vibration data at the frequency of 5 kHz, with two different 

scenarios. Similar to what we had for the estimation of the Young’s modulus of the SAL, in 

the first scenario for the estimation of the Young’s modulus of the TM, the model considered 

all nodes on the TM, and in the second scenario, the model took only the nodes that had a 

feature importance of greater than 0.5 (for the Young’s modulus of the TM). The nodes with 

high feature importance are shown in red in the right panel of Figure 5-8. Based on the results 

illustrated this figure, most of the nodes with high feature importance lay on the manubrium 

and there are a few nodes in other regions of the TM.   

The results of the parameter estimation of the Young’s modulus of the TM are exhibited in 

Table 5-3. Here also, the results of only 10 random samples from the testing dataset are 

presented. However, the values of MAPE and maximum error were calculated using all 100 

samples of the testing dataset. Based on the results presented in Table 5-3, the value of MAPE 

is 2.00% when our model encompasses all nodes on the TM for estimating its Young’s 

modulus and this value is 2.84% when the model takes only nodes with high feature importance 

for parameter estimation. Also, the maximum error is 9.71% if the model uses all nodes and is 

41.36% if it includes only the nodes with high feature importance. These results reveal that, 

unlike the Young’s modulus of the SAL, using all nodes on the TM leads to a more accurate 

estimation of its Young’s modulus (with respect to the FE model). 
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Table 5-2 – True and estimated values and estimation error of 𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆. The objective function in 
the Equation (5-5) was used for estimating values in this table. We considered two different 
scenarios: 1. Using all nodes of the TM for parameter estimation and 2. Using nodes on the 
TM that have a feature importance of greater than 0.5 for 𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆  (Figure 5-8).   
 

 True value 

(MPa) 

Estimated value – 

All nodes (MPa) 

Error (%) Estimated value – Node 

with feature importance 

greater than 0.5 (MPa) 

Error (%) 

1.27 0.78 38.88 1.23 3.06 

1.24 1.87 50.86 1.28 3.64 

2.20 2.21 0.41 2.22 0.64 

0.94 0.98 3.53 0.97 2.32 

1.17 1.31 11.62 1.12 4.33 

2.50 2.48 0.61 2.60 4.22 

0.27 0.26 4.47 0.28 3.58 

2.52 1.89 25.02 2.56 1.77 

0.58 0.46 19.64 0.55 3.67 

1.69 1.25 26.19 1.61 5.07 

MAPE all 

100 samples. 

 25.36  3.24 

Max error 

among all 

100 samples. 

 579.29  22.60 
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Figure 5-8 – Left: all sample nodes on the TM with the nodes that have values of feature 
importance of greater than 0.5 for the Young’s modulus of SAL at 100 Hz shown in red (187 
nodes). Right: all sample nodes on the TM with the nodes that have values of feature 
importance of greater than 0.5  for the Young’s modulus of TM at 5 kHz shown in red (173 
nodes).  

 

So far, we demonstrated the results of estimations of the Young’s modulus of the TM and SAL 

separately. Now we want to study the accuracy of the proposed material characterization 

method (with respect to the FE model) when estimating both of these parameters 

simultaneously. We used the objective function presented in Equation (5-7) for the 

simultaneous estimation of the Young’s moduli of the TM (at 5 kHz) and SAL (at 100 Hz). 

Previously in this section, we reported that for the Young’s modulus of the SAL, the estimation 

results are more accurate (with respect to the FE model) if we only consider the nodes on the 

manubrium and for the Young’s modulus of the TM, the estimation results are more accurate 

(with respect to the FE model) if we consider all nodes on the TM for parameter estimation. 

Therefore, in the objective function presented in Equation (5-7), we used the displacement 

amplitude of all nodes of the TM for the first term and used only the displacement data of 

nodes on the manubrium for the second term.  



 

 134 

Table 5-3 – True and estimated values and estimation error of 𝐸𝐸𝑇𝑇𝑇𝑇. The objective function in 
the Equation (5-6) was used for estimating values in this table. We considered two different 
scenarios:1. Using all nodes of the TM for parameter estimation and 2. Using nodes on the 
TM that have feature importance of greater than 0.5 for 𝐸𝐸𝑇𝑇𝑇𝑇 (Figure 5-8).   

 

 True value 

(MPa) 

Estimated value – 

All nodes (MPa) 

Error (%) Estimated value – Nodes 

with feature importance 

greater than 0.5 (MPa) 

Error (%) 

     9.38     9.31  0.76    9.69  3.20 

     3.37     3.44  2.22     3.29  2.40 

    13.27    13.13  1.08    13.01  2.01 

    11.53    11.46  0.59    11.30  1.98 

    17.75    17.41  1.93    17.45  1.69 

    18.00    18.33  1.85    18.26  1.45 

    14.92    14.61  2.12    14.77  1.01 

     2.10     2.24  7.04     2.31 10.10 

     2.76     2.67  3.00     1.62 41.36 

     7.50     7.34  2.14     7.43 0.93 

MAPE for all 

100 samples. 

 2.00  2.84 

Max error 

among all 100 

samples. 

 9.71  41.36 
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The results of the simultaneous estimation of the Young’s modulus of the TM and SAL are 

presented in Table 5-4. Similar to Table 5-2 and Table 5-3, here also only 10 samples from the 

dataset are exhibited and the MAPE and maximum errors reported are related to all 100 

samples of the testing dataset. Based on the results, the proposed parameter estimation leads 

to a very low MAPE; the value of MAPE is 6.70% for the Young’s modulus of the TM and is 

3.49% for the Young’s modulus of the SAL. Also, the maximum errors of the parameter 

estimation are 26.52% and 23.05% for the Young’s moduli of the TM and SAL, respectively.  

Also, in order to analyze the convergence of the Bayesian optimization, Figure 5-9 illustrates 

the best-observed values of the different objective functions discussed previously (Equations 

(5-5)(5-7)) with respect to the number of iterations in the Bayesian optimization process. For 

the results presented in this figure, all nodes on the TM were considered for Equation (5-6) and 

the first term in Equation (5-7), and only the nodes on the manubrium (high feature importance) 

were considered for Equation (5-5) and second term of Equation (5-7). For the estimation of 

the Young’s modulus of the SAL using Equation 5 and the TM using Equation 6 around 35 

and 15 iterations were required, respectively. Also, the combined estimation of both parameters 

using Equation 7 converged after about 130 iterations.  

5.4 Discussions 

In this chapter, we created surrogate models of the middle ear using ML methods and exploited 

these methods for estimation of the Young’s modulus of the SAL and the TM.  

Since the middle ear is made up of several structures, we need tens of input parameters when 

creating FE models of the middle ear. Considering all these parameters makes creating the 

surrogate models arduous. Also, we know that the size of training data exponentially increases 

by increasing the model parameters [209]. On the other hand, as the FE models of the middle 

ear usually bear high computational costs, we have limitations in collecting training dataset. 

These limitations can be even more severe for experimental measurements due to the 

complexities of the measurements of the middle-ear responses.  
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Table 5-4  – True and estimated values and estimation error of the 𝐸𝐸𝑇𝑇𝑇𝑇 and 𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆. The objective 
function in the Equation (5-7) was used for estimating values in this table and the values of 
𝐸𝐸𝑇𝑇𝑇𝑇 and 𝐸𝐸𝑆𝑆𝑆𝑆𝑆𝑆 were found simultaneously.  

 

 True value of 

𝐄𝐄𝐓𝐓𝐓𝐓  (MPa) 

Estimated 

value  of  

𝐄𝐄𝐓𝐓𝐓𝐓 (MPa) 

Error (%) Estimated 

value  of  

𝐄𝐄𝐒𝐒𝐒𝐒𝐒𝐒 (MPa) 

Estimated 

value  of 𝐄𝐄𝐒𝐒𝐒𝐒𝐒𝐒 

(MPa) 

Error (%) 

    9.38     8.34 11.14     1.27     1.24  2.08 

    3.37     3.35  0.33     1.24     1.24  0.41 

   13.27    13.08  1.42     2.20     2.20  0.10 

   11.53    11.35  1.56     0.94     0.97  2.43 

   17.75    17.37  2.17     1.17     1.22  4.38 

   18.00    19.48  8.19     2.50     2.44  2.16 

   14.92    14.23  4.61     0.27     0.28  1.86 

    2.10     2.39 14.17     2.52     2.60  3.43 

    2.76     2.31 16.31     0.58     0.62  7.71 

    7.50     6.86  8.57     1.69     1.79  5.69 

MAPE for all 

100 samples. 

 6.70  3.49 

Max error 

among all 

100 samples. 

 26.52  23.05 
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Figure 5-9 – Best observed values of objective functions for the estimation the Young’s 
modulus of the TM, Young’s modulus of the SAL, and simultaneous estimation of the Young’s 
modulus of TM and SAL with respect to the iteration number in the Bayesian optimization 
process. For the Young’s modulus of the TM and SAL, the Bayesian optimization converges 
after about 15 and 35 iterations, respectively, while for the simultaneous estimation of these 
two parameters, the Bayesian optimization converges almost after 130 iterations.   

 

In order to reduce the number of parameters for creating the ML models, we used our previous 

global sensitivity analysis results presented in Chapter 3 and focused on the parameters that 

have the greatest impacts on the displacement amplitudes of the umbo and stapes footplate 

(i.e., the thickness and the Young’s modulus of the TM, and the Young’s of the SAL). 

Although in this chapter we only focused on these parameters as the most influential 

parameters in the middle ear, future ML models can also include some of the other parameters 

that have some effects on the middle ear vibrations at different frequencies (e.g., the Young’s 

modulus of the ossicles and the damping of the SAL).  

In Chapter 2 and Chapter 3, we had considered normal distribution for all model parameters 

with a maximum CV of 20%. This chapter was conducted with a uniform distribution for all 

parameters and the values of CV were 50% for the Young’s modulus of the TM and SAL. This 
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difference is due to the different scopes of the two studies. The main focus of our previous 

studies (Chapter 2 and Chapter 3) was on the normal middle ears but this work is the basis for 

future developments of material characterization methods of the human middle ear for 

diagnostics [79]. Unfortunately, we do not have accurate estimations of the ranges of 

variabilities of the Young’s modulus of the TM and SAL in presence of different middle-ear 

pathologies. Such measurements seem necessary to make diagnostic methods, such as the one 

proposed in this chapter, as accurate as possible.  

In Section 5.3.1, we demonstrated the ML model results. We observed that the proposed ML 

models can fairly represent both the amplitude and phase of the displacements of the umbo and 

stapes footplate as well as the TM vibration patterns at most frequencies in the range of 100 

Hz to 10 kHz. These ML models can be used as a reliable replacement for the costly FE models 

to predict middle ear responses.  

In Section 5.3.2, we presented the parameter estimation results. We demonstrated that the 

values of the Young’s modulus of the TM and SAL can be estimated using the full-field 

vibration pattern of the TM. In experimental measurements, these high-resolution vibration 

patterns can be obtained using stroboscopic holography measurements [74], [79], [123].  

We used the Bayesian optimization method in this chapter. One reason for choosing Bayesian 

optimization is its ability to solve global optimization problems with fewer model evaluations 

needed in comparison to many common optimization methods such as genetic algorithm, 

pattern search, and particle swarm [138], [141]. Additionally, in Chapter 4, we observed that 

Bayesian optimization can deal with high values of signal-to-noise ratio and is not operator 

dependent in comparison to some of the most common optimization methods. Based on the 

previous observations, and the results presented in this chapter, Bayesian optimization can be 

a good choice for fast parameter estimation of middle-ear structures for future possible clinical 

applications. 

As mentioned previously, based on our previous global sensitivity analysis results, we 

considered the thickness of the TM, Young’s modulus of the TM, and the Young’s modulus 
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of SAL in our ML models. However, in our proposed parameter estimation method, we only 

considered the Young’s modulus of the TM and SAL. Our previous results presented in the 

Chapter 2 and Chapter 3 showed strong interactions between the Young’s modulus and the 

thickness of the TM at most frequencies. Therefore, considering both of these parameters in 

the material characterization process can be challenging and it can also result in decreasing the 

accuracy of the optimizations. In addition to that, there are currently some methods to measure 

the full-field thickness of the TM in real-time in vivo [210], [211].  These methods can be used 

in combination with the parameter estimation method proposed in this chapter to measure the 

thickness of the TM and to estimate material properties of the middle-ear structures at the same 

time. 

For both Young’s moduli of the TM and SAL, we monitored the feature importance of the 

nodes of the TM and based on them implemented different scenarios for the parameter 

estimation. We observed that at low frequencies (100 Hz), the nodes that are placed on the 

manubrium have high feature importance (greater than 0.5) for the Young’s modulus of the 

SAL. We also observed that for the Young’s modulus of the TM at middle frequencies (5 kHz), 

the nodes with high feature importance (greater than 0.5) are mostly placed on the manubrium 

and there are very few nodes in other regions of the TM. In addition to the implications of these 

observations in the parameter estimation procedure that were discussed before in Section 5.3.2, 

these observations can suggest that, at the frequencies discussed here, the nodes on the 

manubrium are more sensitive to the changes in the material properties of the TM and SAL 

than other regions of the TM. 

Previous studies have shown that the two parameters considered in this study for parameter 

estimation (Young’s modulus of the TM and SAL) can undergo significant changes in the 

presence of middle ear pathologies. For instance, otosclerosis results in changes in the stiffness 

of the SAL and TM [56], [61], [179], [212]. Study of further effects of different types of 

middle-ear pathologies on the stiffness of the TM and SAL is an important research objective 

that needs further investigation.  
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Chapter 6 

Mechanical effects of medical device attachment to human tympanic 

membrane: A finite-element analysis 

Preface 

There are several treatment methods for hearing pathologies that rely on attaching a medical 

device to the TM. In this chapter, we studied the mechanical effects of these devices (resulted 

from mass and stiffness of the device) on sound conduction in the middle ear. We used our 

open-cavity model that was first presented in Chapter 2 and attach different devices with 

various material and geometrical properties to different locations on the TM to study the effects 

of variations of size, location, and material properties of the medical device on the vibrations 

in the middle ear.  
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Overview 

Several treatment methods for hearing disorders rely on attaching medical devices to the 

tympanic membrane. These treatment methods include but are not limited to the tympanostomy 

tube insertion and attachment of tympanic membrane driving transducers. In this study, we 

systematically analyzed the effects of variations of the material and geometrical properties and 

location of the medical devices attached to the tympanic membrane on the vibrations in the 

middle ear. We created a finite-element model of the human middle ear using µCT images and 

validated our model with existing experimental measurements in the literature. We then 

attached cylindrical medical devices to the tympanic membrane in our finite element model 

and studied their effects on sound conduction in the middle ear. In terms of variations of 

material properties, we chose three materials for the medical devices: PDMS, Teflon, and 

stainless steel. It was observed that for all three materials, the addition of the device results in 

the magnification of the effects of anti-resonances of the middle ear. Additionally, the 

variations of the material properties led to significant changes in the middle-ear resonance 

frequency. We also observed that the impacts of changing the material properties of the device 

on the umbo and stapes footplate motions are negligible at high frequencies (above 5 kHz). 

Furthermore, we compared the results of the middle-ear model including the complete structure 

of the medical device with the results of a middle-ear model in which the medical device was 

represented as a point mass. We found significant differences between the results of these two 

simulations and concluded that point-mass models cannot accurately represent the behaviour 

of the middle ear in the presence of the device. We also juxtaposed the results of models with 

deformable and rigid medical devices and discussed the differences. In terms of geometrical 

properties, we studied the effects of variations of base diameter and height of the devices on 

the middle-ear vibration outputs. Our results suggest that the variations of the diameter and 

height have negligible effects on the middle-ear vibrations at very low frequencies (below 200 

Hz) but can have considerable impacts at higher frequencies. Moreover, for Teflon and 

stainless steel, the effects of changing the device height were negligible at very high 

frequencies (above 5 kHz). Furthermore, we discussed the effects of medical device attachment 
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on the vibration patterns of the tympanic membrane as well as the impacts of the variations of 

the location of the device on the stapes footplate responses. The findings of our study enable 

optimizing new and existing treatment methods to have the least adverse effects on human 

hearing. 

 

6.1 Introduction 

Implantable middle ear hearing devices can be used as an effective solution to help people with 

different kinds of hearing impairments. An example of an existing application is the 

tympanostomy tube insertion. These tubes are inserted into the TM through a surgery, which 

is usually performed under general anesthesia [213]. Tympanostomy tube insertion itself is one 

of the most common ambulatory surgeries performed in children in the United States [214]. 

Also, the attachment of TM driving transducers [215]–[218] and placement of different kinds 

of transducers on the ossicles [219], [220] are other examples of treatment methods that rely 

on attaching medical devices to middle-ear structures.  

By implanting the devices into the middle ear, the mechanical characteristics of the hearing 

system are changed. Analysis of these changes is beneficial to help minimize the adverse 

effects of the addition of the device on human hearing. One way to systematically study these 

changes is by implementing middle-ear models as they have shown promising accuracy in the 

prediction of the middle-ear performance. These models can be used for several purposes such 

as understanding the mechanics of the middle ear, improving diagnostic tests, and developing 

surgical simulators [37].  

Early middle-ear models were lumped-parameter models. The main advantage of these models 

is their low computational costs. However, they do not account for the complexities in the 

middle-ear structures and this can affect the accuracy of the model predictions [100]. To 

overcome this issue, the work of  Funnell et al. in 1978  paved the way for developing Finite 

Element models of the middle ear [21]. FE models of the middle ear were used for different 

purposes, including estimation of the material properties of the middle-ear structures [54], 
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prediction of the middle-ear response in the presence of different hearing diseases and 

disorders such as TM perforation [60], and elucidation of the effects of interindividual 

variability of the mechanical and geometrical parameters on the middle-ear responses (Chapter 

2).  

Some researchers have also studied the effects of attaching medical devices to different parts 

of the ossicles using FE models [4]–[6]. Gan et al. worked on the functional characterization 

of a totally implantable hearing system which was aimed to help people with sensorineural 

hearing loss [4]. They exploited FE modelling along with laser Doppler vibrometry 

measurements of cadaver temporal bones to analyze the mass loading effects of the placement 

of two different models of transducers on the ossicles. They investigated the efficiency of the 

electromagnetic coupling of their proposed implantable system as well. In another study, Wang 

et al. placed a floating mass transducer and a magnet of a contactless electromagnetic 

transducer at different positions on the ossicles and used FE modelling to study the mass 

loading effects of these transducers [5]. They investigated the performance of the transducers 

by changing their location, the crimping connection, and the damping of the crimping 

mechanism. Also, Zhang and Gan provided a comprehensive FE model to study the efficiency 

of forward and reverse mechanical driving in the presence of middle-ear implantable hearing 

devices [6]. They simulated the forward mechanical driving by affixing a floating mass 

transducer to the ossicles and the reverse mechanical driving by attaching the transducer to the 

round window membrane.  They also studied the effects of cochlear implants on the passive 

vibration of the basilar membrane.  

In this study, we aim to concentrate on the middle-ear implantable hearing devices that are 

designed to be attached to the TM. The attachment of medical devices to the TM has been 

investigated by some researchers using FE models, experimental measurements, or a 

combination of both [215]–[217], [221]. Hamanishi et al. proposed a non-invasive 

electromagnetic hearing aid that consisted of several parts, including a vibrator coil that was 

designed to be attached to the central part of the TM [217]. They used FE modelling along 

with experimental measurements of an artificial middle ear to find the optimal shape, mass, 
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and position of the vibrator coil attached to the TM that led to sufficient performance of their 

proposed hearing-aid device. Liu et al. analyzed the effects of attachment of three different 

types of middle-ear implants on the hearing compensation performance [216]. FE modelling 

was used in their study, and they validated their baseline FE model with the existing 

experimental data in the literature. The three types of middle-ear implants that they 

investigated in their work include TM driving transducer (attached to the central part of the 

TM), floating mass transducer (attached to the long process of incus), and incus body driving 

transducer (attached to the body of incus with a driving rod). They observed that the mass 

loading can significantly affect the performance of the TM driving transducer and floating 

mass transducer at some frequencies. They also showed that among all three types of these 

transducers, the TM driving transducer is the optimal one if the mass of the transducer is too 

small. Also, in another study, Nishihara et al. performed an experimental investigation on the 

effects of change of the mass of several middle-ear structures on the middle-ear responses 

[221]. To this end, they placed modelling clay spheres with different masses and diameters on 

various locations on the TM and explored how they affect the motions of the umbo and stapes 

footplate using laser Doppler vibrometry. They observed that the attachment of these spheres 

can either increase or decrease the amplitude of the umbo and stapes footplate at some 

frequencies. 

Despite the above-mentioned studies on medical device attachments to the TM, a systematic 

understanding of how the medical device contributes to the changes in the mechanical 

characteristics of the middle ear is still lacking. Therefore, in this chapter, we take advantage 

of a validated FE model to perform a detailed systematic investigation on the influence of 

various parameters of the devices placed on the TM (such as their material properties, 

geometrical properties, and location) on the sound conduction in the middle ear.  The findings 

of this study can contribute to optimizing the design of new or current devices that rely on 

attaching medical devices to the TM. 
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6.2 Methods 

6.2.1  Baseline model  

The middle-ear model used in this study was created by the segmentation of µCT images 

obtained from a 73-year-old male cadaver temporal bone and all simulations were conducted 

with Code_Aster. The details of the segmentation process and mesh generation can be found 

in Chapter 2. In all parts of this chapter, by the baseline model, we mean the model of the 

middle ear without any medical devices that consists of TM, ossicles, AML, LML, IMJ, ISJ, 

SML, SAL, PIL, and manubrial fold. The model does not include the middle-ear cavity and 

ear canal. We performed all computations using harmonic vibration analysis of Code_Aster 

(version 14.4.0) open-source FE package. Previous studies have shown that the linear 

assumption is a valid assumption for regular hearing tasks (at least up to 120 dB SPL [68], 

[222]). Therefore, we assumed all materials to be linear elastic and chose the material 

properties for the baseline model same as the values reported in Table 2-1. 

The initial mesh consisted of 7,656 seven-node second-order triangular shell elements (TRIA7) 

for the TM and 195,820 ten-node second-order tetrahedral elements (TETRA10) for all other 

structures. In order to check the mesh convergence, we used Homard utility of Code_Aster to 

make this mesh finer [89]. We increased the number of tetrahedral elements by a factor of 8 

and the number of triangular elements by a factor of 4 and compared the results of this refined 

mesh with the results of our initial mesh at 24 equally spaced frequencies in the range of 100 

Hz to 10 kHz. The maximum difference between the results of the refined mesh and the initial 

mesh was 1.44 dB for the amplitude of the stapes footplate and 0.90 dB for the amplitude of 

the umbo. As a trade-off between the accuracy and computational cost, we chose the initial 

mesh for all structures of the model except the TM for which we chose the refined mesh. The 

logic behind choosing the finer elements for the TM was that it made us able to have more 

accuracy in the construction of the conformal meshing of the medical device which will be 

discussed in Section 6.2.2 in detail. Altogether, our baseline model had 31,114 triangular 

elements for the TM and 196,907 tetrahedral elements for all other structures of the middle 

ear. Figure 6-1-a presents the baseline model of the middle ear. The boundary conditions of 
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the model were considered to be the same as the boundary conditions we had considered in 

Chapter 2; the parts of the LML, AML, SAL, PIL, and SML that are connected to the cavity 

wall were considered to be fixed and the TM annulus was fully clamped. Also, the excitation 

of the model was considered to be a uniform pressure  (with a magnitude of 1 Pa) applied to 

the lateral surface of the TM and the outer surface of the medical device. In order to construct 

the frequency response function, we excited the model with 413 equally spaced frequencies in 

the range of 100 Hz to 10 kHz. 

6.2.2  Medical-device model 

The mesh of the medical device was added to the model after the segmentation and mesh 

generation of the baseline model. The medical devices attached to the TM were all considered 

to have almost cylindrical shapes. We should note that due to the curvatures of the TM, it was 

not possible to have exact and in-plane circles at the base of these cylindrical devices in our 

model.  

Here are the steps we followed for creating the meshes of the medical devices. First, we chose 

the central point of the base of the cylindrical device. This point was located on the surface of 

the TM. Second, we determined the desired radius of the base of the device and found all nodes 

on the TM mesh that laid within a circle with the considered radius and the center we had 

chosen in the first step. Thus, we had a highlighted circular array of nodes on the TM mesh. 

We then chose the triangular elements of the TM mesh that included all these highlighted 

nodes, which formed the base surface of our medical device. Third, we extruded the base 

surface in the normal direction to the plane of the tympanic annulus. We did this by considering 

multiple extrusion steps and each step led to a new layer of elements until the desired height 

of the cylinder device was attained. For all of the medical devices investigated in this chapter, 

the height of each extrusion step was 100 µm unless specified otherwise. It is worth mentioning 

that for assuring the model accuracy and mesh convergence of the extruded elements, we 

checked whether decreasing the height of each extrusion step changes the results, and we 

observed that decreasing this value to half does not have any significant effects on the results 

of our simulations as follows. Decreasing the height of the extrusion step to half (from 100 µm 
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to 50 µm) for a device made of Polydimethylsiloxane (PDMS) with a diameter and height of 

1 mm, resulted in less than 0.1 dB difference in the stapes footplate amplitude at 98% of 

frequencies in the range of 100 Hz to 10 kHz with a maximum difference of  0.41 dB.  

The meshes of the medical devices consisted of second-order triangular prism elements 

(PENTA15). To give an estimation of the number of elements of the device, we should say 

that a device with a diameter of  1 mm, a height of 1 mm, and an extrusion step height of 100 

µm had 1,840 triangular prism elements.  

The aforementioned post-processing procedures of the baseline mesh and (i.e., adding the mesh 

of the medical device to the middle-ear model) were done using the mesh module of the Salome 

software (www.salome-platform.org, version 9.3.0). The steps of creating the mesh of the 

medical device are illustrated in Figure 6-1-b. The device shown in this figure is attached to 

the anterior inferior quadrant of the TM with a diameter of 2 mm and a height of 1 mm.  

We considered different material (i.e., Young’s modulus, density, and Poisson’s ratio) and 

geometrical (i.e., height and base diameter) properties for the medical device to discuss the 

effects of their variations on the vibrations of the middle-ear structures. Moreover, we placed 

the medical devices at different locations on the TM to find out how the location of the device 

affects these vibrations.  

We considered three different materials for the medical device: Polydimethylsiloxane 

(PDMS), Teflon - Polytetrafluoroethylene (PTFE), and stainless steel. PDMS was chosen due 

to its vast applications in recent developments of medical devices [223] and the fact that it can 

be a potential material for future middle-ear implants. Also, Teflon and stainless steel were 

chosen as they are common materials for manufacturing tympanostomy tubes [224], and 

therefore they can also be appropriate materials for future devices. Additionally, PDMS is a 

flexible and light material, stainless steel is a stiff and heavy material, and Teflon is moderate 

in flexibility and density in comparison to PDMS and steel. Therefore, by choosing these three 

materials, we covered a wide range of materials in terms of flexibility and density. The results 

of this study can also be beneficial for designing and optimizing current/future medical devices 

http://www.salome-platform.org/
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with other similar materials. We adopted linear elastic models for all these materials using the 

reported material properties in the literature (Table 6-1) [225]–[228].   

 

Figure 6-1 – (a) Schematic of the baseline model (the middle-ear model without any medical 
devices attached to the TM). (b) Steps of creating the mesh of the medical device. In the first 
step, we chose the location of the base of the device on the mesh of the TM. The device shown 
here is located on the anterior inferior quadrant of the TM. In the second step, a circular array 
of elements around this point with a specific diameter (e.g., 2 mm for the illustrated case) was 
highlighted. In the third step, the highlighted area was extruded in the direction of the normal 
to the plane of the tympanic annulus. The height of the device was set to be 1 mm in the models 
shown here.  
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Table 6-1 – Material properties of PDMS, Teflon, and stainless steel. 

Material Young’s modulus 

(MPa) 

Poisson’s ratio Density (kg/m3) 

PDMS  0.75 [225] 0.49 [225] 920 [225] 

Teflon  653.2 [226]   0.46 [226] 2200 [227] 

Stainless steel  193000 [228] 0.31 [228] 7750 [228] 

 
In different sections of this chapter, we needed to analyze the response of the model accounting 

for the TM with the medical device attached to it compared to the response of the baseline 

model. We, therefore, defined the two measures below for calculating the difference in the 

amplitude and phase of the responses: 

Amplitude ratio (dB) = 20𝑙𝑙𝑙𝑙𝑙𝑙10 �
𝐴𝐴𝑀𝑀𝑀𝑀
𝐴𝐴𝐵𝐵

�            (6-1) 

Phase difference (cycles) = (∅𝑀𝑀𝑀𝑀 − ∅𝐵𝐵)       (6-2) 

where AMD represents the amplitude of the model with the medical device attached to the TM 

and AB  represents the amplitude of the baseline model. Also, ØMD  and ØB  are the phase of the 

model with the medical device attached to the TM and the phase of the baseline model, 

respectively. Also, all phase difference values were wrapped to [-π,π] to make the 

interpretation easier.    

6.3 Results 

6.3.1  Baseline model results and comparison with experimental data 

In all results reported in this section, the response of the umbo is reported in the direction of 

the normal to the manubrium at the umbo and the motion of the stapes footplate is reported in 

the stapes piston-like direction. Figure 6-2 illustrates the results of our baseline model 

representing the umbo and stapes footplate displacements normalized by the excitation 

pressure in the frequency range of 100 Hz to 10 kHz. In this figure and all other figures of this 
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chapter, the response of the umbo is reported in the direction of the normal to the manubrium 

at the umbo and the motion of the stapes footplate is reported in the stapes piston-like direction. 

that the middle-ear resonance frequency happens at 1.4 kHz in the baseline model. Below this 

frequency, the normalized amplitudes of the umbo and stapes footplate displacement are 0.020 

and 0.007 µm/Pa, respectively. The maximum displacement amplitudes are 0.047 µm/Pa for 

the umbo and 0.012 µm/Pa for the stapes, and both happen at the middle-ear resonance 

frequency. Above the middle-ear resonance frequency, the displacement amplitudes of both 

umbo and stapes footplate decrease until the frequency of 2.7 kHz. Above this frequency, the 

displacement amplitudes of the umbo and stapes footplate increase slightly until 4 kHz. Figure 

6-2 shows that increasing the frequency beyond this value results in decreasing the umbo and 

stapes footplate displacement amplitudes with slopes of about 25 dB/octave and 24 dB/octave, 

respectively. Also, the phase values shown in Figure 6-2 illustrate that the umbo and stapes 

footplate motions are in phase until the frequency of about 2.5 kHz and then a minor disparity 

happens in their phase at higher frequencies. The maximum phase difference between the 

umbo and stapes footplate displacement is about 0.29 cycles at 10 kHz. 

To validate the modelling results, we also presented the results of open-cavity laser Doppler 

vibrometry measurements of stapes footplate displacement of Voss et al. in Figure 6-2 [68]. 

The measurements performed by Voss et al. were in terms of velocity and we converted them 

to displacement. Also, Voss et al. did not apply the effects of viewing angle to their results. 

Although the exact viewing angle of their measurements was not exactly known, they reported 

a range of 20°−50° degrees for it. Here we corrected their results by considering a viewing 

angle of 35°. Based on the results presented in Figure 6-2, the corrected results of the stapes 

footplate measurements of Voss et al. are in good agreement with the results of the stapes 

footplate displacement amplitude and phase obtained from our model. Below the middle-ear 

resonance frequency, the maximum difference between the results of the model and the 

corrected results of Voss et al. was less than 1.6 dB. Additionally, the middle-ear resonance 

frequency in our model and experimental measurements are very close to each other (both at 
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about 1.4 kHz). Also, for the frequencies higher than the middle-ear resonance frequency, the 

mean difference between our model and the experimental data from Voss et al. is about 7 dB.   

 

Figure 6-2 – The displacement amplitude and phase of the umbo and stapes footplate from the 
baseline model (the middle-ear model without any medical devices attached to the TM). The 
FE modelling results are compared with the corrected open-cavity results of Voss et al. which 
were obtained experimentally (measurements of Bone 25 in their work) [68]. The middle-ear 
resonance frequency in both FE model results and experimental results of Voss et al. is about 
1.4 kHz. 

6.3.2  Effects of material properties of attached device 

In this section, we attached a cylindrical medical device to the anterior inferior quadrant of the 

tympanic membrane to study the effects of the variations of material properties of the device 

on the umbo and stapes footplate responses. For all simulations in this section, the device 

diameter and height were 2 mm and 1 mm, respectively. As explained in Section 6.2.2, we 

chose three different materials for the device: PDMS, Teflon, and stainless steel.  

The frequency response function of the umbo displacement is presented in Figure 6-3-a&c. 

The results suggest that attaching the device decreases the middle-ear resonance frequency. 
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The resonance of the baseline model occurs at 1.4 kHz, however, after attachment of the 

devices, the resonance happens at the frequencies of 411 Hz, 745 Hz, and 960 Hz for stainless 

steel, Teflon, and PDMS, respectively. Also, Figure 6-3 indicates that the attachment of the 

medical device magnifies the effects of several anti-resonances of the baseline model. These 

anti-resonances can be detected in both the amplitude (Figure 6-3-a) and phase (Figure 6-3-c). 

The baseline model shows a slight anti-resonance at a frequency a little higher than the middle-

ear resonance frequency (i.e., at about 1.6 kHz). This anti-resonance is magnified when the 

devices are attached to the TM and happens at frequencies of 435, 817, 1 kHz for stainless 

steel, Teflon and, PDMS, respectively. When the devices are attached to the TM, a new anti-

resonance occurs at about 625 Hz, 1.2 kHz, and 1.4 kHz for stainless steel, Teflon, and PDMS, 

respectively, which does not exist in the baseline model. Also, the results show another anti-

resonance happens in the baseline model at frequency of about 2.5 kHz that does not disappear 

by attaching any of the devices. Moreover, based on Figure 6-3-a, for all three devices, the 

slope of decrease of the umbo amplitude at frequencies above 4 kHz is calculated to be about 

28 dB/octave, which is very close to the respective slope of the baseline model (25 dB/octave).   

The amplitude ratio and phase difference of the umbo displacement results are presented in 

Figure 6-3-b&d. For all three materials, at frequencies below the middle-ear resonance 

frequency, the amplitude ratio and phase difference values are very close to zero, suggesting 

that the addition of the device does not have any significant effects at these frequencies. 

Additionally, for all three devices, the amplitude is considerably amplified at the middle-ear 

resonance frequency; 14.01 dB for stainless steel at 411 Hz, 9.24 dB for Teflon at 745 Hz, and 

5.71 dB for PDMS at 960 Hz. For all three devices, immediately after the resonance frequency, 

the device attenuates the motion up to 5.24 dB (at 435 Hz), 7.36 dB (at 817 Hz), and 2.57 dB 

(at 1 kHz) for stainless steel, Teflon, and PDMS, respectively. The phase difference values 

around the middle-ear resonance frequency are also considerable; -0.34 cycles for stainless 

steel at 434 Hz, -0.28 for Teflon at 769 Hz, and -0.18 for PDMS at 984 Hz. All these phase 

difference values are negative, indicating that at these frequencies, the motion of the umbo in 

the model with the medical device lags behind the response of the umbo in the baseline model.  
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Figure 6-3 – Umbo displacement frequency response function of the model with medical 
devices attached to the TM. The medical device was placed on the anterior inferior quadrant 
of the TM. The diameter of the device was 2 mm and its height was 1 mm. We considered three 
different material properties for the device: PDMS, Teflon, and stainless steel. (a,c): 
Normalized amplitude and phase of the baseline model and the models with medical devices. 
It can be perceived that the addition of the device results in a decrease in the middle-ear 
resonance frequency. The most significant decrease is related to stainless steel. PDMS causes 
the smallest shift in the resonance frequency. (b,d): The amplitude ratio and phase difference 
of the model responses. We can observe that although all three devices cause considerable 
changes in the umbo vibrations at some frequencies, the effects of variation of the material 
properties are negligible at frequencies above 5 kHz.  

 

For all three devices, at most frequencies between the middle-ear resonance frequency and the 

frequency of about 3 kHz, the amplitude ratio is negative, which shows attachment of the 

medical device attenuates the amplitude in this range. Also, the most significant attenuation of 

the amplitude happens at the same frequency range; 19.42 dB for stainless steel, 31.90 dB for 

Teflon, and 22.66 dB for PDMS, and this maximum attenuation occurs at a frequency of about 

2.4 kHz for all of them.  



 

 154 

From the frequency of 3 kHz to 5 kHz, the amplitude is amplified for all devices and the phase 

difference is also positive at most frequencies. Above 5 kHz, the values of amplitude ratio and 

phase difference of all devices are small; the amplitude ratio is less than 2.07 dB and the phase 

difference is less than 0.03 cycles for all of them, suggesting that the variations of the material 

properties of the device do not have significant effects on the motions of the umbo at these 

frequencies.  

The frequency response functions of the normalized amplitude and phase of the stapes 

footplate are presented in Figure 6-4-a&c. Here also we can see the shift in the resonance 

frequency that we observed in Figure 6-3-a&c.  The middle-ear resonance frequency of the 

baseline model happens at about 1.4 kHz while the resonance frequencies of the models with 

devices occur at 411 Hz, 721 Hz, and 960 Hz for stainless steel, Teflon, and PDMS, 

respectively. Also, similar to the umbo response, the attachment of the medical devices results 

in the magnification of the effects of the anti-resonances of the baseline model. These anti-

resonances can be detected in both amplitude (Figure 6-3-a) and phase (Figure 6-3-c) plots. 

For all three devices, similar to what we observed for the umbo in Figure 6-3, the first anti-

resonance happens immediately after the middle-ear resonance frequency; these frequencies 

are 435 Hz, 793 Hz, and 1 kHz for stainless steel, Teflon, and PDMS, respectively. The 

baseline model results also show a slight anti-resonance after the middle-ear resonance 

frequency at 1.6 kHz. The models with stainless steel, Teflon, and PDMS devices also 

experience another anti-resonance at 625 Hz, 1.2 kHz, and 1.4 kHz, respectively. Moreover, 

the stapes footplate responses of all three devices as well as the baseline model show an anti-

resonance near the frequency of 2.8 kHz. Furthermore, we can observe that the slope of the 

decrease of the amplitude at frequencies higher than 3.9 kHz is about 26 dB/octave, which is 

close to the slope of the baseline model (24 dB/octave). 
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Figure 6-4 – Stapes footplate displacement frequency response function of the model with 
medical devices attached to the TM. The medical device was placed on the anterior inferior 
quadrant of the TM. The diameter of the device was 2 mm and its height was 1 mm. We 
considered three different material properties for the device: Silicone rubber, Teflon, and 
stainless steel. (a,c): Normalized amplitude and phase of the baseline model and the models 
with medical devices. It can be perceived that the addition of the device results in a decrease 
in the middle-ear resonance frequency. The most significant decrease is related to stainless 
steel. PDMS causes the smallest shift in resonance frequency. (b,d): The amplitude ratio and 
phase difference of the model responses. The results show that although all three devices cause 
considerable changes in the umbo vibrations at some frequencies, the effects of variation of 
the material properties are negligible at frequencies above 5 kHz. 

 

The amplitude ratio and phase difference results of the stapes footplate are also presented in 

Figure 6-4-b&d. Similar to the umbo response, we can see that the amplitude ratio and phase 

difference are very close to zero at frequencies below the middle-ear resonance frequency and 

a considerable amplification of the amplitude takes place at the middle-ear resonance 

frequency; 12.54 dB for stainless steel at 411 Hz, 6.01 dB for Teflon at 721 Hz, and 4.73 dB 

for PDMS at 960 Hz. Moreover, the values of the phase difference around the middle-ear 

resonance frequency are negative for all three materials, showing that the stapes footplate 

motion in the model with the medical device lags behind the baseline model at these 

frequencies; -0.28 cycles for stainless steel at 435 Hz, -0.21 cycles for Teflon at 769 Hz, and -
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0.11 cycles for PDMS at 984 Hz. Furthermore, analogous to the umbo responses, at most 

frequencies above the middle-ear resonance frequency and below 3 kHz, we can observe 

considerable attenuation of the amplitude and significant values of phase difference. The 

greatest loss at this frequency range is 10.93 dB for stainless steel at 2.7 kHz, 14.09 dB for 

Teflon at 1.7 kHz, and 14.69 dB for PDMS at 1.7 kHz. Between frequencies of 3 kHz to 5 kHz, 

the amplitude is amplified for all three devices. The values of phase difference are negative 

between the middle-ear resonance frequency and frequency of about 1.7 kHz, and are positive 

for frequencies between 1.7 kHz and 5 kHz. The greatest phase difference in this frequency 

range (1.7 kHz to 5 kHz) is 0.32 cycles for stainless steel at 2.7 kHz, 0.23 cycles for Teflon at 

2.8 kHz, and 0.24 cycles for PDMS at 2.8 kHz. Based on Figure 6-4-b&d, analogous with the 

umbo response, the difference in the material properties of the medical device does not have 

significant effects on the stapes footplate amplitude and phase at frequencies greater than 5 

kHz. For all three materials, the values of the amplitude ratio and phase difference are small at 

frequencies greater than 5 kHz. The greatest amplitude ratio in this frequency range (5 kHz to 

10 kHz) is 3.75 dB for stainless steel, 3.16 dB for Teflon, and 2.58 dB for PDMS. Also, the 

greatest absolute value of the phase difference is 0.06 cycles for stainless steel and Teflon, and 

0.03 cycles for PDMS.  

In order to determine whether the observed changes were solely due to the mass loading of the 

TM or the stiffness of the device also had some contributions, we considered three rigid devices 

with the densities of PDMS, Teflon, and stainless steel.  Figure 6-5 shows the results of the 

stapes footplate displacement obtained using these rigid models compared to the results of the 

models with deformable devices as previously presented in Figure 6-4.  The amplitude and 

phase results shown in this figure reveal that the rigid-body assumption is pretty accurate (with 

respect to the FE results of the deformable devices) for Teflon and stainless steel at all 

frequencies except frequencies near the middle-ear resonance frequency. The mean absolute 

value of the difference between the amplitude results of the rigid device model and deformable 

device model among all frequencies in the range of 100 Hz to 10 kHz are 0.25, 0.23, and 1.13 

dB for  stainless steel, Teflon, and PDMS, respectively. On the other hand, the mean absolute 
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value of the difference in the stapes displacement for PDMS is almost 5 times greater than the 

respective values for stainless steel and Teflon. For PDMS, in addition to significant 

differences near the middle-ear resonance frequency, Figure 6-5 shows remarkable differences 

between the results of the rigid and deformable models at some other frequencies. For instance, 

there is a difference of 7.2 dB between the results obtained from deformable and rigid devices 

for PDMS at 2.9 kHz.  

In this section, we also compare the results of the model with the full cylindrical device 

attached to it against the results of a model in which the medical device is represented as a 

point mass. In order to make this comparison, we first attached a medical device with a 

diameter of 2 mm and height of 1 mm to the anterior inferior quadrants of the TM and ran our 

simulations with this device. We then replaced this device with a point mass which was located 

at the center of the base of the full device and had exactly the same mass as the full device 

(2.35 mg for PDMS, 5.63 mg for Teflon, and 19.84 mg for stainless steel). Figure 6-6 shows 

the stapes footplate amplitude and phase responses for these simulations.  

For all three materials, we can observe a significant difference in the middle-ear resonance 

frequency between the results of the full-device model and the results of the point-mass model. 

This difference is about 400 Hz for PDMS and Teflon, and about 200 Hz for stainless steel; 

the resonance frequency of the model with the full medical device is always greater than the 

resonance frequency of the model with the point-mass device. Additionally, for all three 

materials, the full-device model results and the point-mass model results are significantly 

different from each other at most frequencies. The mean absolute value of the difference 

between the amplitude results of the point-mass model and the results of the full-device model 

among all frequencies in the range of 100 Hz to 10 kHz is 2.44 dB for PDMS, 2.50 dB for 

Teflon, and 2.72 dB for stainless steel. Also, the maximum absolute values of the differences 

between the amplitude results of the two models, which occur near the frequency of 2.7 kHz, 

are 12.80 dB for PDMS, 12.48 dB for Teflon, and 16.62 dB for stainless steel.  
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Figure 6-5 – Comparison of the stapes footplate displacement results of the models with the 
rigid medical devices with the results of the models with deformable medical devices. The 
devices were attached to the anterior inferior quadrant of the TM. The diameter of the devices 
was 2 mm and their height was 1 mm. For all three materials we considered in this study, the 
maximum difference between the results of the rigid and deformable devices happens near the 
resonance frequency. At most frequencies, the rigid assumption is pretty accurate for Teflon 
and stainless steel (with respect to the FE results of the deformable devices).  

 

Figure 6-6 – Comparison of the stapes footplate displacement results of the model with the full 
medical device attached to the anterior inferior quadrant of the TM with the results of the 
model in which the medical device is represented as a point mass. The point mass was located 
at the center of the base of the device. The diameter and height of the device were 2 mm and 1 
mm, respectively. The results show that the point-mass model cannot accurately calculate the 
response of the middle ear in the presence of the medical device (with respect to the FE results 
of the full-device model). 
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6.3.3  Effects of geometrical properties of attached device 

In this section, we study the effects of variations in the diameter and height of the cylindrical 

medical device on the motions of the stapes footplate. We placed our medical device on the 

anterior inferior quadrant of the TM and varied its geometrical parameters. 

Figure 6-7 illustrates the effects of the variations of the device diameter from 1 mm to 3mm 

on the motions of the stapes footplate with a constant height of 1 mm. Based on the results, at 

very low frequencies (below 200 Hz), for all three materials (PDMS, Teflon, and stainless 

steel), variations of the device diameter do not have considerable effects on the variations of 

the amplitude and phase of the stapes footplate. Additionally, based on Figure 6-7, we cannot 

detect any specific relations between the device diameter and amplitude ratio or phase 

difference. For PDMS, the most significant attenuation of the amplitude happens when the 

diameter of the device is 3 mm, and this happens at the frequency of 1.7 kHz (15.37 dB). This 

maximum value decreases by decreasing the diameter. When the diameter is 1 mm, the highest 

decrease in the amplitude, which is 13.07 dB happens at the frequency of 2.5 kHz. The most 

significant value of the phase difference for PDMS occurs when the diameter is 1 mm, which 

is 0.29 cycles at 2.6 kHz. 

For Teflon also, the most significant attenuation of the amplitude of the stapes footplate 

happens when the diameter is 3 mm. For this diameter, the maximum attenuation is at the 

frequency of 1.7 kHz (15.18 dB). Moreover, the maximum absolute value of phase difference 

occurs when the diameter is 3 mm, which is 0.32 cycles at 840 Hz. No specific trend exists 

between the diameter and amplitude ratio or phase difference. For instance, the maximum 

attenuation of the amplitude for the diameters of 1 mm, 1.5 mm, 2 mm, and 2.5 mm are 14.69 

dB, 14.00 dB, 14.09 dB, and 14.66 dB, respectively.  
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Figure 6-7 – Effects of changing the diameter of the device on the stapes footplate displacement 
amplitude and phase. The device was attached to the anterior inferior quadrant of the TM and 
its height was set to be 1 mm. The variations of the diameter do not have considerable effects 
on the motions of the stapes footplate at very low frequencies (below 200 Hz) but can have 
significant effects at higher frequencies.   

 

For stainless steel, the maximum attenuation of the stapes footplate amplitude and the greatest 

absolute value of phase difference happens when the diameter of the device is 3 mm. They 

both occur near the frequency of 500 Hz, where we can see 23.12 dB loss in the stapes footplate 

amplitude and an absolute value of phase difference of 0.42 cycles. Here also, cannot detect a 

specific relation between the diameter and amplitude ratio or phase difference.  

Figure 6-8 presents the amplitude ratio and phase difference of the stapes footplate while 

changing the height of the device from 0.5 mm to 2 mm with a constant diameter of 2 mm. 

Analogous to the device diameter (Figure 6-7), the change in the height does not have a 

remarkable influence on the stapes footplate amplitude and phase at very low frequencies 
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(below 200 Hz). Also, for Teflon and PDMS, the effects of height are negligible at frequencies 

above 5 kHz.  

 

Figure 6-8 – Effects of changing the height of the device on the stapes footplate displacement 
amplitude and phase. The device was attached to the anterior inferior quadrant of the TM and 
its diameter was set to be 2 mm. The variations of the height of the device have negligible 
effects on the motions of the stapes footplate at very low frequencies (below 200 Hz). Also, for 
Teflon and stainless steel, the effects of variations of height are negligible at frequencies above 
5 kHz.  

 

For all three devices, increasing the height results in decreasing the natural frequency of the 

system and as a result, we can see a shift in the peaks of the responses. In other words, greater 

height results in smaller middle-ear resonance frequency. For PDMS, the values of resonance 

frequency for the heights of 0.5, 0.7, 1, 1.5, and 2 are 1.3 kHz, 1.1 kHz, 960 Hz, 865 Hz, and 

770 Hz, respectively. For Teflon, the values of resonance frequency for the heights of 0.5, 0.7, 

1, 1.5, and 2 are 1 kHz, 865 Hz, 721 Hz, 674 Hz, and 578 Hz, respectively. For stainless steel, 

the values of resonance frequency for the heights of 0.5, 0.7, 1, 1.5, and 2 are 578 Hz, 506 Hz, 

411 Hz, 387 Hz, and 315 Hz, respectively. Other than this trend between the height and 
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resonance frequency, we could not detect any specific trends between the height and the 

amplitude ratio or phase difference of the stapes footplate. For PDMS, the most significant 

attenuation of the amplitude of the stapes footplate (15.78 dB) happens when the height is 0.7 

mm, and this occurs near the frequency of 1.7 kHz. The maximum phase difference values are 

very close to each other for the height values of 2 mm, 1.5 mm, and 1 mm, which is 0.24 cycles 

appearing at 2.7 kHz. Also, for Teflon, the most significant attenuation of the amplitude of the 

stapes footplate takes place near the frequency of 1.7 kHz (16.05 dB) when the height is 0.5 

mm. The greatest absolute value of the phase difference occurs when the height is 2 mm, which 

is 0.35 cycles at 650 Hz. Also, for stainless steel, the maximum attenuation of the amplitude 

(about 17 dB) is almost the same when height is 1 mm, 1.5 mm, and 2 mm; however, for these 

height values, the maximum loss appears in different frequencies; 626 Hz for a height of 1 mm, 

458 Hz for a height of 1.5 mm, and 387 Hz for a height of 2 mm. Moreover, the maximum 

absolute value of phase difference comes up with heights of 2 mm and 1.5 mm (about 0.41 

cycles and near the frequency of 400 Hz for both of them).  

In order to provide a more detailed analysis of the effects of the geometrical parameters of the 

device, we considered two devices with the same volume but different aspect ratios; defined 

as the device height divided by its diameter. The results of this comparison are provided in 

Figure 6-9. The first aspect ratio was 1 (with a diameter and a height of 1 mm) while the second 

aspect ratio was 0.29 (with a diameter of 1.5 mm and a height of 0.44 mm). The height of each 

extrusion step for the devices with the aspect ratios of 1 and 0.29 was 50 µm and 49.15 µm, 

respectively. 

As mentioned in Section 6.2.2, because of the curvatures of the base of the device (which is 

located on the TM surface), the devices are not exactly cylindrical. Therefore, to create the two 

models with the same volume, we modified the diameter and height of both devices manually 

and monitored their volume until the dimensions ended up with the same volumes, which is 

0.55 mm3 for both aspect ratios.  

For all three devices, a significant disparity exists between the results of the two models at 

most frequencies. Moreover, we cannot find any specific trends between the amplitude ratio 
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or phase difference and the aspect ratio of the model. For PDMS, the most significant 

attenuation of the amplitude is almost the same for both aspect ratios (about 13 dB at 2.6 kHz) 

and the most considerable phase difference for the aspect ratios of 1 and 0.29 are 0.29 cycles 

at 2.6 kHz and 0.18 cycles at 2.7 kHz, respectively. Also, for Teflon, the most significant 

attenuation of the amplitude  is14.68 dB at 1.7 kHz for the aspect ratio of 1 and 11.66 dB at 

2.5 kHz for the aspect ratio of 0.29. Additionally, its maximum phase difference for both aspect 

ratios of 1 and 0.29 occurs at 2.6 kHz with the value of 0.23 cycles. Also, for stainless steel, 

the maximum attenuations of amplitudes of devices with aspect ratios of 1 and 0.29 are 10.09 

dB and 13.30 dB, respectively and they both happen at 1.7 kHz. Furthermore, the maximum 

absolute value of phase difference for stainless steel is 0.24 cycles at 769 Hz for the aspect 

ratio of 1 and 0.27 cycles at 2.7 kHz for the aspect ratio of 0.29. 

 

Figure 6-9 – Comparison of the results of the stapes footplate displacement of two devices with 
the same volume but different aspect ratios. The first device had an aspect ratio of unity (both 
diameter and height of 1 mm), while the second device had an aspect ratio of 0.29 (diameter 
of 1.5 mm and a height of 0.44 mm). For PDMS, the maximum attenuation of the stapes 
footplate amplitude is almost the same for both aspect ratios. For Teflon, the larger aspect 
ratio results in a greater loss in the stapes footplate amplitude and greater phase difference. 
On the other hand, for stainless steel, the loss in the spates footplate amplitude is greater for 
the device with the smaller aspect ratio. 
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6.3.4 Effects of location of device 

To shed light on the effects of variations of the location of the device on the sound conduction 

in the middle ear, we placed a medical device on all quadrants of the TM as shown in Figure 

6-10, and compared the results. The device diameter and height were adopted to be 2 mm and 

1mm, respectively. However, due to the considerations we had in creating the models of the 

device (Section 6.2.2), it was not possible to make the base area and volumes of the medical 

devices on different quadrants exactly the same as each other. In Table 6-2, we have reported 

the base area and volume of the medical devices in Figure 6-10. Based on the values presented 

in this table, the variations in the base area and volume are very small. The coefficient of 

variation is about 0.45 % for the base area and about 1.14 % for the volume. 

 

Figure 6-10 – Effects of variations of the location of the medical device on the stapes footplate 
displacement amplitude and phase. The diameter and height of all devices were 2 mm and 1 
mm, respectively. The exact base area and volume of the devices are reported in Table 6-2. 
For PDMS and Teflon, the greatest loss in the amplitude happens when the device is located 
on the posterior superior quadrant of the TM, while for stainless steel, the greatest loss in the 
amplitude occurs when the device is attached to the anterior inferior and posterior inferior 
quadrants of the TM.  
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Table 6-2 – Base area and volume of the medical devices used for results reported in Figure 
6-10. 

Location on the TM Base area (mm2) Volume (mm3) 

Posterior Superior 2.85 2.62  

Anterior Superior  2.88 2.61  

Anterior Inferior 2.86 2.56  

Posterior Inferior 2.87 2.57  

 

Based on the results of Figure 6-10, for PDMS, the maximum attenuation of the stapes 

footplate amplitude (25.50 dB at 1.1 kHz) appears when the device is placed on the posterior 

superior quadrant. Moreover, the maximum phase difference (about 0.5 cycles) happens at 

very high frequencies (about 9.7 kHz) when the device is placed on the anterior superior 

quadrant. Also, when the device is attached to the anterior superior quadrant, the maximum 

attenuation of the amplitude (15.07 dB) occurs at very high frequencies (about 9.5 kHz). The 

other location is the anterior inferior quadrant of the TM in which the maximum attenuation of 

amplitude is about 14.69 dB at 1.7 kHz and the maximum phase difference is about 0.24 cycles 

at 2.8 kHz. Furthermore, attaching the device to the posterior inferior quadrant results in a 

maximum attenuation of 10.57 dB at 1.7 kHz in the amplitude and a maximum phase difference 

of 0.23 cycles at 1.9 kHz between the results of the baseline model and the results of the model 

with the medical device attached to the TM.  

Based on Figure 6-10, for Teflon, the maximum attenuation of the amplitude of the stapes 

footplate (27.14 dB at 984 Hz) and the maximum absolute value of the phase difference (0.38 

cycles at 937 Hz) happens when the device is attached to the posterior superior quadrant of the 

TM. If the device is attached to the anterior superior quadrant, we observe a maximum 

attenuation of 16.80 dB and a maximum phase difference of about 0.15 cycles both at 10 kHz. 

Moreover, attaching the device to the anterior inferior quadrant of the TM results in the 
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maximum attenuation of the amplitude and maximum phase difference of 14.09 dB at 1.7 kHz 

and 0.23 cycles at 2.8 kHz, respectively. Also, when the device is located on the posterior 

inferior quadrant, the maximum loss in the amplitude and the maximum absolute values of the 

phase difference are about 14.10 dB at 841 Hz and 0.32 cycles at 769 Hz, respectively.  

For stainless steel, the maximum attenuation of the amplitude and the absolute value of the 

phase difference are almost the same for the circumstances in which we place the device on 

the posterior inferior and anterior inferior quadrants (about 18 dB and 0.37 cycles). Based on 

the results of Figure 6-10, attaching the stainless steel device to the anterior superior quadrant 

of the TM leads to the maximum attenuation of 11.77 dB in the amplitude and the maximum 

phase difference of 0.23 cycles and both of these values occur at very high frequencies (about 

10 kHz). Furthermore, attaching the stainless steel device to the posterior superior quadrant of 

the TM results in a maximum attenuation of the 15.28 dB at 2.5 kHz in amplitude and a 

maximum absolute value of phase difference of 0.41 cycles at 387 Hz.  

The means of the absolute values of the amplitude ratio among all frequencies in the range of 

100 Hz to 10 kHz are also provided in Table 6-3, which represents that for all three materials, 

the greatest mean value is related to the posterior superior and anterior superior quadrants of 

the TM.  

Table 6-3 – Mean of the absolute values of the amplitude ratio among all frequencies in the 
range of 100 Hz to 10 kHz.   

Location on the 

TM 

PDMS (dB) Teflon (dB) Stainless steel (dB) 

Posterior superior 3.45 4.18 4.99 

Anterior superior 4.37 6.01 6.36 

Anterior inferior 2.64 2.73 3.13 

Posterior inferior 2.15 2.38 2.71 
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6.3.5  Effects of device attachment on vibration patterns of TM 

In this section, we study the vibration patterns of the TM in the presence of medical devices at 

low frequencies (200 Hz), mid frequencies (5 kHz), and high frequencies (10 kHz). The 

vibration patterns are presented in the direction of normal to the manubrium at the umbo and 

the results of the amplitude and phase are presented in Figure 6-11 and Figure 6-12, 

respectively. In all cases, a device with a diameter of 1 mm and a height of 2 mm was attached 

to the anterior inferior quadrant of the TM and the vibration patterns of the model with this 

device are compared to the vibration patterns of the baseline model. For the amplitude, as 

shown in Figure 6-11, we can observe that at the frequency of 200 Hz, the addition of the 

device does not change the vibration patterns, and the patterns of all three devices and the 

baseline are very similar to each other. However, at frequencies of 5 kHz and 10 kHz, the 

effects of attachment of the medical device are more significant. At these frequencies, for all 

three materials, the region in which the device is attached has a lower amplitude in comparison 

to the baseline model. Additionally, some regions on the anterior and inferior sides of the 

medical device have higher displacement amplitudes in comparison to the baseline model. 

Similarly, for the phase patterns, as represented in Figure 6-12, the attachment of the device 

does not have any effects on the phase at 200 Hz. All nodes on the TM are almost in phase at 

this frequency; no matter whether any devices are attached or not. At frequencies of 5 kHz and 

10 kHz, the phase patterns of the superior section of the TM remain almost unchanged. 

However, in the inferior region, some changes occur in the phase pattern, which are maximum 

in the region where the device is attached.  
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Figure 6-11 – Vibration patterns of the TM displacement amplitude without any medical 
devices attached to it (baseline) and with medical devices with different material properties 
attached to the anterior inferior quadrant. The diameter and height of the device were 
considered to be 2 mm and 1 mm, respectively. The attachment of the medical device does not 
change the vibration pattern at 200 Hz. However, at higher frequencies (5 kHz and 10 kHz), 
some differences exist between the vibration patterns of the models with medical devices and 
the baseline model. The most considerable differences occur around the region where the 
device is located.  

6.4 Discussions 

In Section 6.3.1 we reported the behaviours of the baseline model (Figure 6-2) at different 

frequencies. We also showed that the results of our simulation are very close to the results of 

the measurements of Voss et al. [68] at frequencies below the middle-ear resonance frequency. 

However, some differences appear between the experimental results of Voss et al. and the 

results of our simulations at frequencies above the middle-ear resonance frequency. One of the 

main sources of these discrepancies is the presence of uncertainties in the material and 

geometrical properties of the model. These uncertainties include epistemic and aleatory 

uncertainties. In Chapter 2, we added the effects of aleatory uncertainties to our baseline model 

and observed that these uncertainties can have significant effects on the middle-ear model 

predictions at several frequencies. 
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Figure 6-12 – Phase patterns of the TM displacement without any medical devices attached to 
it (baseline) and with medical devices with different material properties attached to the 
anterior inferior quadrant. The diameter and height of the device were considered to be 2 mm 
and 1 mm, respectively. At 200 Hz, the attachment of the medical device does not have any 
specific impacts on the phase. At frequencies of 5 kHz and 10 kHz, for all three materials, the 
most considerable phase difference between the models with the device and the baseline model 
occurs in the region where the device is attached. 

 

Additionally, in this study, we did not include the middle-ear cavity in the model. The first 

reason is simply that the inclusion of the middle-ear cavity adds to the complexity of the model 

and leads to a high computational cost. Moreover, we only focused on the mechanical effects 

of the medical device attached to the TM that can be studied using a model without middle-ear 

cavity (which is similar to the open-cavity condition in experimental measurements). In some 

special cases, the medical device can have remarkable acoustical effects on the middle ear as 

well. For instance, if the we need to create perforations on the TM (such as what happens in 

the tympanostomy tube insertion), there will be significant changes in the acoustical 

behaviours of the middle ear as a result of the attachment of the device.  
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The other rationale behind ignoring the middle-ear cavity in our modelling is that for normal 

ears, the inclusion of the middle-ear cavity would be anticipated to have a negligible effect on 

the stapes footplate responses, at least at frequencies up to 4 kHz [10], [68]. Moreover, in most 

parts of this chapter, we have compared the results of the model containing the medical device 

attached to the TM with the results of the baseline model. Because both of these models do not 

include the middle-ear cavity, the inclusion of the middle-ear cavity would not likely impact 

the outcomes of our current study. 

Furthermore, we did not model the ear canal and we assumed that the pressure applied to the 

outer surface of the device was identical to the pressure applied to the TM. Based on the results 

reported in [44], the variations of the pressure distribution are negligible near the TM. 

Therefore, our assumption is a reasonable one. It is also worth noting that the greatest device 

height that we considered in this study was about 2 mm which is not remarkable in comparison 

to the ear canal length which is almost 25 mm as reported by Zemplenyi et al. [229].  

In Section 6.3.2, we presented the effects of the variations of the material properties of the 

device on the umbo and stapes footplate responses. Figure 6-3 and Figure 6-4 showed that the 

placement of the device shifts the middle-ear resonance frequency to lower frequencies and 

the effects of the medical device attachment are negligible at very low frequencies (below the 

middle-ear resonance frequency in the presence of the device). These behaviours can also be 

detected in the results of other studies in the literature. The shift in the resonance frequency (as 

a result of the attachment of the medical device to the TM) can be discerned from the results 

of [216], [217] and the robustness of the middle-ear responses to the attachment of the device 

to the TM at low frequencies can be perceived from the results of [215]–[217]. Furthermore, 

we observed that at some frequencies, the attachment of the device can increase/decrease the 

umbo and stapes footplate amplitude. A significant increase in the amplitude was observed 

near the middle-ear resonance frequency (after the attachment of the device) and this is mainly 

due to the shift in the resonance frequency. Around the resonance frequency, for a constant 

geometry and location, the device made of stainless steel (that was the heaviest material we 

considered) had the greatest increase in the amplitude of the umbo and stapes footplate. Similar 
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trends were observed in the results of studies performed by Liu et al. and Hamanishi et al. as 

well [216], [217]. These studies investigated the effects of changing the mass of a device 

attached to the center of the TM. Their results show an increase in the stapes footplate 

displacement and intracochlear sound pressure at the frequencies near the resonance frequency. 

Similar to our findings, their results also show that the heavier the device, the greater the 

increase in the amplitude of the motion. We also observed that affixing the medical device to 

the TM results in the magnification of the effects of anti-resonances of the middle ear. The 

results of simulations of Hamanishi et al. also represent a similar behaviour [217]. Having all 

this said, the trends observed by Liu et al. and Hamanishi et al. at higher frequencies are not 

identical with the findings of our study. Several factors such as the difference in the location 

of the device, its geometry, its material properties, and the type of excitation between their 

model and the model in our study can contribute to these disparities between the results at high 

frequencies.  

Based on the results provided in Section 6.3.2, the variations of the material properties of the 

device do not have considerable effects on the umbo and stapes motions at frequencies higher 

than 5 kHz. The greatest loss in the amplitude for all three devices happened between the 

middle-ear resonance frequency and 5 kHz. Therefore, due to the fact that PDMS results in the 

least shift in the resonance frequency, we can conclude that among all three devices we studied 

here, PDMS is the most appropriate choice. This is because when we use PDMS, the range of 

frequencies between the resonance frequency and frequency of 5 kHz is smaller than the 

respective range for Teflon and stainless steel, and as a result, losses in the amplitude of the 

motion of the stapes footplate and umbo occur at fewer frequencies in comparison to Teflon 

and stainless steel.  

Additionally, in Section 6.3.2, we studied the effects of considering rigid medical devices 

instead of deformable devices. Rigid body assumption can reduce the computational cost 

which can be beneficial in design procedures that need running too many simulations for 

optimization purposes. Figure 6-5 showed that for stainless steel and Teflon, the rigid body 

assumption can fairly represent the behaviours of the devices at all frequencies except 
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frequencies near the middle-ear resonance frequency. This suggests that for these two materials 

(and other similar materials), the most important material property that should be considered 

in the design procedure of the medical devices is density. Conversely, the rigid body 

assumption was not accurate enough for PDMS (with respect to the FE results of the 

deformable device). We varied the Young’s modulus of PDMS in our model to see its effects 

on the mean absolute value of the difference between the amplitudes of the rigid and 

deformable models. The results (not presented here) showed that, as expected, the difference 

decreases by increasing the Young’s modulus and a mean absolute value of the difference of 

below 0.2 dB is attainable when the Young’s modulus is greater than 375 MPa, which is 500 

times greater than the Young’s modulus of PDMS.  

In Section 6.3.2, we also compared the response of the full-device model with the response of 

the point-mass device model. The significant discrepancy between their results concludes that 

the point-mass model cannot accurately reflect the effects of the medical device attached to the 

TM (with respect to the FE results of the full-device model). In fact, the results of the two 

models suggest that in addition to the effects of changes in the mass of the middle ear as a 

result of the attachment of the device, other impacts of the device on the model (such as 

changes in the stiffness of the middle ear as a result of the attachment of the device) are 

important, and should be carefully considered in the design of the medical devices. For 

instance, the middle-ear resonance frequencies of the point-mass models are always smaller 

than the respective frequencies of the full-device model, which is due to the fact that the points-

mass models do not change the stiffness of the baseline model. 

In Section 6.3.3, we studied the effects of variations of geometrical parameters of the device 

on the stapes footplate responses. For all three devices, the variations of the diameter and height 

do not have any significant effects at very low frequencies (below 200 Hz). We also observed 

that the variations of the height have negligible effects on the stapes motions at frequencies 

greater than 5 kHz for Teflon and stainless steel. However, no specific trends were detected 

between the changes in diameter/height and the amplitude ratio/phase difference at other 

frequencies. Moreover, we considered two devices with the same volume but different aspect 
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ratios and compared the results. The responses of the two models were different from each 

other at most frequencies (except low frequencies) for all three materials. This shows that in 

addition to the volume and material properties, the shape of the device also contributes to the 

changes in the stapes footplate vibrations.   

Current medical devices are usually placed at a specific location on the TM. For instance, 

tympanostomy tubes are usually placed on the anterior inferior quadrant [230]. The location of 

the device is one of the important aspects that should be considered in designing medical 

devices. Based on the application of the device, we may or may not be able to consider different 

locations on the TM for the placement of the device. In the circumstances where we have the 

option of choosing the exact location of the device, it is beneficial to select an area that leads 

to the least adverse effects on the middle-ear vibrations. In Section 6.3.4, we placed the device 

on different quadrants of the TM and studied its effects on the stapes footplate amplitude and 

phase. For PDMS and Teflon, the maximum loss in the amplitude of the stapes footplate occurs 

when the device is located on the posterior superior quadrant of the TM, and for stainless steel, 

the most significant losses in the amplitude and most considerable phase differences are almost 

the same for three quadrants; i.e., posterior superior, posterior inferior, and anterior inferior 

quadrants. We also calculated the mean absolute value of the amplitude ratio for all three 

devices among all frequencies in the range of 100 Hz to 10 kHz. Based on those results, the 

best locations for placing the device are the anterior inferior and posterior inferior quadrants 

of the TM (inferior section of the TM) as they result in the smaller values of the mean absolute 

value of the amplitude ratio in comparison to the posterior superior and anterior superior 

quadrans.  

In Section 6.3.5, we studied the vibration patterns of the middle ear with the medical device 

attached to it. We observed that affixing the medical device to the TM does not have any effects 

at low frequencies. However, at higher frequencies, it changes the vibration/phase pattern of 

the region in which the device is attached and some adjacent regions. The least change in the 

vibration pattern is obtained when the material of the device is PDMS.  
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The current study provided a comprehensive analysis of the mechanical effects of medical 

devices attached to the TM and our findings can be used for optimizing and developing current 

or future middle-ear medical devices. Future studies can employ models that include the 

middle-ear cavity and ear canal to analyze the combination of acoustical and mechanical 

effects of attachment of medical devices in the treatment methods that require us to create a 

perforation on the TM in addition to the attachment of the device (such as tympanostomy tube 

insertion).  
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Chapter 7 

Acoustical effects of medical device attachment to human tympanic 

membrane: A finite-element analysis 

Preface 

In Chapter 6, we studied the mechanical effects of medical devices attached to the TM. In some 

surgical procedures (such as tympanostomy tube insertion), we need to create holes on the TM 

in addition to attaching a medical device to it. In this chapter, we studied the effects of 

attachment of these medical devices on sound conduction in the middle ear. To be able to 

model TM perforations, we added the middle-ear cavity and a part of the ear canal to our 

previous model which was first presented in Chapter 2. We then studied the effects of 

perforation with different sizes and on different locations of the TM and compared the results 

obtained from our model with experimental results in the literature. Afterward, we investigated 

the effects of having both acoustical effects of perforations and mechanical effects of attaching 

a medical device to the TM on vibrations in the middle ear. 
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Overview 

There are several therapeutic approaches for the treatment of hearing disorders that rely on the 

attachment of medical devices to the tympanic membrane. Attachment of these devices can 

change the mechanical and acoustical characteristics of the middle ear and these changes can 

affect the middle-ear vibrations. The changes in the mechanical characteristics can result from 

the mass, stiffness, and geometry of the attached device. Along with these changes, sometimes 

the medical device attachment process involves creating perforations on the tympanic 

membrane (such as what happens during tympanostomy tube insertion). In these cases, we 

have changes in both the mechanical and acoustical characteristics of the middle ear. This 

study aims to investigate the acoustical effects of medical devices attached to the tympanic 

membrane and the combination of these acoustical effects with the mechanical effects of the 

attached devices. We used the finite-element method to create a model of the middle ear 

including the middle ear cavity and systematically studied the effects of size and the location 

of the tympanic membrane perforations on the middle-ear vibration outputs. Experimental 

measurement results in the literature were used to validate our model at different steps. We 

then used this validated model to investigate the combination of the mechanical and acoustical 

effects of medical devices on the middle-ear vibration outputs. The results reveal that when we 

have both the mechanical effects of the device (due to its mass, stiffness, etc,.) and the 

acoustical effects of it (due to perforations), the hearing loss resulted from the acoustical effects 

are more significant at low frequencies (below about 1 kHz). Whereas, at higher frequencies, 

the mechanical effects of the device are dominant. The findings of this study can give insights 

into the optimal design of the shape, location, and other characteristics of current and future 

medical devices. 
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7.1 Introduction 

Middle-ear implants have been shown to be appropriate choices for the treatment of various 

types of hearing impairments [3].  Some of these implantable devices are designed to be 

attached to the TM. An example of these devices is TM driving transducers that mechanically 

vibrate the TM and ossicles  [215]–[218].  Tympanostomy tubes are another example of 

medical devices designed to be attached to the TM [231]. The attachment of these devices to 

the TM can alter the middle-ear vibration characteristics. Analyzing these changes helps us to 

increase the design efficacy of these devices in a way that their attachment results in the least 

adverse effects on sound conduction in the middle ear. 

The changes in the vibration responses of the middle ear, post-attachment of the device, 

originate from the changes in mechanical and acoustical characteristics of the middle ear as a 

result of affixing the medical device. The medical device has its own mass, stiffness, and 

geometrical properties and its attachment to the TM changes the mechanical characteristics of 

the middle ear. In Chapter 6, we investigated the mechanical effects of medical devices 

attached to the TM. In addition to these changes in the mechanical characteristics of the middle 

ear, some treatment procedures require us to make perforations on the TM (e.g., tympanostomy 

tube insertion). These perforations can significantly affect the acoustical behaviours of the 

middle ear and in situations where we have a device attached to the perforated TM, we have 

changes in both acoustical and mechanical characteristics of the middle ear at the same time. 

The current study aims to investigate the acoustical effects of having perforations with different 

sizes on different locations of the TM as well as the combinations of acoustical and mechanical 

effects of medical devices such as tympanostomy tubes. The outcomes of this study can 

facilitate the optimization of current/future medical devices to have the least adverse effects 

on sound conduction in the middle ear. 

The effects of perforations on middle-ear vibrations have been addressed by several studies in 

the literature. In a series of studies, Voss et al. Investigated the effects of different parameters 

of TM perforations including the size and location of the perforations on the sound 

transmission in the human middle ear [77], [232]–[234]. They experimentally measured 
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different outputs of the middle ear including the stapes footplate velocity and the middle-ear 

cavity pressure. They also used their experimental results to develop a circuit model to simulate 

the middle-ear responses with perforated TM. In another study, Gan et al. created a finite-

element model to simulate the middle-ear responses in the presence of TM perforations [60]. 

They created two perforations on the inferior section of the TM in both their FE model and 

human cadaver temporal bones and compared the model results with the experimental 

measurement results to validate their model. They also studied the effects of having multiple 

perforations on the TM using their FE model. Recently, Bevis et al. implemented both 

experimental measurements and FE modelling to investigate the effects of the size and location 

of the TM perforations on sound transmission in the middle ear [235]. In addition to the 

investigations on the effects of TM perforations, some studies have explored the effects of 

attaching different medical devices to the TM. A review of these studies can be found in 

Chapter 6. 

Although the studies mentioned previously in this section provided a substantive 

understanding of some aspects of TM perforations and their effects on middle-ear vibrations, 

there are some unanswered questions about the effects of TM perforations on middle-ear 

responses. For instance, the effects of TM perforations on the vibration patterns of the TM are 

still unknown. In this chapter, we developed an FE model, which was validated with 

experimental measurement results in the literature, to predict the middle-ear responses in the 

presence of TM perforations. We used this model to systematically investigate the effects of 

TM perforations on vibrations of different structures in the middle ear. We then employed our 

model to conduct a comprehensive analysis of the mechanical and acoustical effects of 

implantable hearing devices attached to the TM and the combination of these effects on the 

sound conduction in the middle ear for the first time. 
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7.2 Methods 

7.2.1  Geometry and mesh 

The whole segmentation process was performed using Slicer software (version 

4.11.20.200930) [85]. The geometry of all middle ear structures except the middle-ear cavity 

was created by segmentation of µCT images obtained from a 73-year-old male cadaver 

temporal bone. In previous chapters, we used this reconstructed geometry to develop FE 

models of the middle ear for open-cavity simulations. The µCT images dataset we used for 

those works does not include the complete structure of the middle-ear cavity. Therefore, it was 

not possible to segment the middle ear cavity volume using that dataset. In order to reconstruct 

the middle-ear cavity, we used the 3D model of one of the datasets provided in the OpenEar 

library [236]. This library consists of 3D models of eight adult cadaver temporal bones. The 

data provided in the OpenEar library (https://doi.org/10.5281/zenodo.1473724) is available 

under the Creative Commons Attribution 4.0 License  

(https://creativecommons.org/licenses/by/4.0). We compared the structures in our middle-ear 

model with the ones in these eight models and found that model “Theta” in the OpenEar dataset 

has the most similarity to our previously reconstructed model. Figure 7-1-a represents the 

segmented geometries of malleus, incus, and stapes from our previous model and from model 

“Theta” in the OpenEar dataset. As Figure 7-1-a illustrates, the morphological features of these 

three structures are very close to each other in both models. Due to the similarity of our 

previous model with the model “Theta” in the OpenEar dataset, we decided to keep our 

previous model structures and only add the middle ear cavity volume and cavity wall from the 

segmentation provided for model “Theta” in the OpenEar dataset. We should note that due to 

the smoothing and mesh generation process, and also due to the difference between the 

resolution of our dataset and the resolution of the “theta” dataset in the OpenEar library, there 

might be some differences between our final reconstructed geometry of the middle-ear cavity 

and the original geometry presented in the “Theta” dataset of the OpenEar library.  

 

https://doi.org/10.5281/zenodo.1473724
https://creativecommons.org/licenses/by/4.0/
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Figure 7-1 – (a) Reconstructed 3D models of the malleus, incus, and stapes from the “Theta” 
dataset in OpenEar library (left) and from our dataset (right). The size and morphological 
features obtained using both datasets are very similar to each other. The models of structures 
in the middle ear were created from segmentation of our dataset and the middle-ear cavity 
model was created by segmentations provided in the “Theta” dataset of OpenEar library. (b) 
The created meshes of the middle-ear structures and middle-ear cavity. The partial ear canal 
model is not shown in this figure. 
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After segmenting all parts, we created meshes for all structures using Cleaver2 meshing tool 

through the Segmentmetsher toolbox of the Slicer. To create coarse elements in the regions 

where deformations are smaller (such as ossicles) and fine elements in other parts, a sizing 

field was manually created and the mesh was generated based on that. The mesh generation 

process was done on the gra-vdi nodes of the Graham cluster of Digital Research Alliance of 

Canada.  

The way we created the final mesh of the TM and ear canal was different from other structures. 

In fact, in the meshes generated from Slicer, all other structures in our model had volumetric 

mesh. Segmenting and meshing a very thin layer such as TM is very challenging and generating 

a volumetric mesh for the TM can result in nonrealistic thickness values in different regions of 

it. Therefore, we decided to generate a surface mesh for the TM in the first step (the mesh that 

was generated using Slicer). This surface mesh of the TM was then converted to a volumetric 

mesh by extruding it in the mesh module of Salome software (version 9.3.0). We considered a 

uniform thickness of 74 µm for the TM (Chapter 2) and 5 extrusion steps were used for creating 

the volumetric mesh of the TM. Regarding the ear canal, due to technical limitations, our 

reconstrued model and initial mesh (generated from Slicer) did not contain the ear canal. 

However, to be able to study the effects of perforations, it was necessary to include the ear 

canal in the model. For this aim, in a similar way we used for creating the volumetric mesh for 

the TM, the lateral surface of the TM was extruded in the direction of normal to the tympanic 

annulus for 2 mm. This partial ear canal (that had a length smaller than the actual length of the 

ear canal) was used for all simulations. We considered 20 extrusion steps for generating the 

mesh of the partial ear canal. 

Our final mesh includes the TM, ossicles, AML, LML, IMJ, ISJ, SML, SAL, PIL, and partial 

ear canal. The tympanic cavity, aditus ad antrum, and a part of the antrum are also included in 

the model [68]. Mastoid air cells are not included in the model and the Eustachian tube was 

considered to be blocked [60]. Figure 7-1-b presents the reconstructed geometry and mesh of 

the middle-ear structures and middle-ear cavity. The volume of the air in the middle ear cavity 
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in our final model is 992 mm3. Also, in some simulations, we added the mesh of the medical 

device to the model as will be explained in Section 7.2.1.2.  

The model consisted of 169,283 quadratic tetrahedral elements (TETRA10 3D) for the air 

inside the middle-ear cavity, 219,351 quadratic tetrahedral elements (TETRA10 3D) for the 

ossicles, ligaments, joints inside the middle ear, 32,155 quadratic pentahedral elements 

(PENTA15) for the TM, and 128,620 quadratic pentahedral elements (PENTA15) for the ear 

canal. In order to check the accuracy of the created mesh, we refined this mesh and compared 

the results obtained using the original and refined meshes together. We used the Homard utility 

of Code_Aster to refine the mesh of the middle-ear structures and middle-ear cavity [89]. The 

meshes of the air elements, ossicles, ligaments, and joints were refined by multiplying them 

by a factor of 8 (that resulted in 3,109,072 quadratic tetrahedral elements in total). The mesh 

of the base surface of the TM was multiplied by a factor of 4. Also, the extrusion steps for the 

mesh of the TM and ear canal were increased to 8 and 40 (from 5 and 20), respectively. The 

refined mesh had 205,792 quadratic pentahedral elements of the TM and 1,028,960 quadratic 

pentahedral elements for the ear canal. We compared the results of the original and refined 

mesh at ten frequencies in the frequency range of 500 Hz to 9.5 kHz with frequency intervals 

of 1 kHz. The difference between the displacement amplitude of the umbo in the results 

obtained from the original and refined meshes was less than 1 dB in 9 of the frequencies (out 

of 10) and the maximum difference was 1.12 dB. Also, the difference between the amplitude 

of the stapes footplate in the results obtained from the original and refined meshes was less 

than 1 dB in 7 of the frequencies (out of 10) and the maximum difference was 1.82 dB. As a 

trade-off between the accuracy and computational cost, the original mesh was chosen for all 

calculations in this chapter. 

7.2.1.1  Perforations in the model 

The segmented geometry of the TM and the original mesh did not have any perforations on the 

TM. The holes were added to the TM by post-processing the mesh in the Salome software. In 

this section, we briefly explain how we created different holes on the TM mesh. 
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We first considered a node on the TM as the center of the hole we want to create. This node 

could be located on any quadrant of the TM. Next, we determined the desired diameter of the 

hole and highlighted all nodes that laid inside a circle with the center of the chosen node and 

desired diameter. We call this desired diameter Ddes.  After that, we highlighted the elements 

on the TM surface that contained all nodes selected in the second step. The highlighted 

elements were then manually modified to avoid sharp edges and irregularities on the hole 

boundaries. Due to the triangular shape of the elements, the created holes did not have exact 

circular shapes.  

We considered eight different models of holes in our simulations. Four holes named “Hole 1”, 

“Hole 2”, “Hole 3”, and “Hole 4” were created on the anterior inferior quadrant of the TM. 

The values of Ddes considered for creating these holes were 0.8 mm, 1.2 mm, 2 mm, and 3.3 

mm, respectively. These diameters were chosen based on the existing experimental 

measurements of Voss et al. on the perforation sizes (measurements on Bone 24L in their work) 

[233], [237]. We also had four other nodes named “Hole A”, “Hole B”, “Hole C”, and “Hole 

D”. These holes were located on the posterior-superior, anterior-superior, anterior-inferior, and 

posterior-inferior quadrants of the TM, respectively. The value of  Ddes for all these four holes 

was 1 mm.  

The exact values of the surface area of all eight holes we considered in this study are reported 

in Table 7-1 and the shape and exact location of these holes will be presented in the figures 

presented in Section 7.3. 

7.2.1.2  Model of the medical device 

In Section 7.3.5, we study the effects of having both the acoustical effects of perforations and 

the mechanical effects of medical devices attached to the TM. We should note that the mesh 

of the device was created in the same way we created the mesh of the ear canal. We highlighted 

the base of the medical device on the lateral TM surface and extruded it in the direction of 

normal to the tympanic annulus. The height of each extrusion step was the same as the value 

we had considered for the extrusion of the ear canal. 
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Table 7-1 – Surface area of the holes on the TM. PS, AS, AI, and PI stand for posterior-
superior, anterior-superior, anterior-inferior, and posterior-inferior quadrants of the TM, 
respectively. 

Location on 

TM 

AI PS AS AI PI 

Hole ID Hole 1 Hole 2 Hole 3 Hole 4 Hole A Hole 

B 

Hole 

C 

Hold D 

Surface area 

(mm2) 

0.51 1.05 3.03 9.22 0.78 0.76 0.77 0.75 

 

For the simulations in Section 7.3.5, we considered Hole 2 to represent the acoustical effects 

of the device, and for the mechanical effects of the device, we build up a volumetric mesh of 

the device around Hole 2 with a total length of 1 mm. The outer desired diameter (Ddes) of the 

base of this device was 2.2 mm. The values of the length of the device and its inner and outer 

desired diameters were chosen to be in the ranges reported for the tympanostomy tubes [238].   

We considered three different material properties for the device: PDMS, Teflon, and stainless 

steel. We used linear elastic models for the device and used the material properties reported in 

the literature (Table 6-1).  

7.2.2  Finite-element model 

We used  Code_Aster open-source FE code (version 14.4.0) for all FE simulations in this 

chapter. All results were computed using harmonic vibration analysis. The material properties 

of the middle-ear structures were exactly the same as the ones used in previous chapters. The 

air in the middle-ear cavity and ear canal was assumed to be inviscid and the values of density 

and speed of sound within it were considered to be 1.2 𝑘𝑘𝑘𝑘
𝑚𝑚3 and 340 𝑚𝑚

𝑠𝑠
, respectively [51].  
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The boundary conditions of the model are as follows: the TM annulus and the parts of the SAL, 

AML, LML, PIL, and SML connected to the middle-ear cavity wall were considered to be 

fixed. Additionally, the value of acoustic impedance for the middle-ear cavity wall and the ear-

canal wall was considered to be equal to 7.8×106 rayls which is reported to be the acoustic 

impedance of bone [239]. Moreover, the contact region between the middle-ear structures and 

air in the middle-ear cavity or ear canal was defined as the fluid-solid interaction (FSI) surface. 

TM had two FSIs on its lateral and medial surfaces. Also, for the simulations with perforations 

on the TM, the thin contact surface between the TM structure and the air inside the perforated 

region was defined as FSI surface. Moreover, for the simulations with medical devices attached 

to the TM, the contact surface between the device and the air in the ear canal was defined as 

FSI surface. 

The excitation of the model was considered to be a harmonic velocity source that was applied 

normal to the lateral surface of the ear canal [51], [235]. The excitation amplitude was constant 

at all frequencies and had a value of 56 µm/s. This particular value was chosen for the 

excitation amplitude as it generates a pressure amplitude of about 1 Pa (~ 94 dB SPL) at the 

umbo at the excitation frequency of 200 Hz.  

In different parts of the current chapter, we use two terms PTM and Pcav to express the pressure 

at the TM and inside the cavity. PTM represents the pressure of the umbo in our model and Pcav 

represents the pressure of one of the nodes on the neck of the stapes as a representative of the 

pressure inside the cavity.  

The frequency response curves were plotted at the frequency range of 100 Hz to 10 kHz with 

a resolution of 50 Hz. All FE computations were performed on the Niagara cluster of Digital 

Research Alliance of Canada. For the model with the original mesh (including the middle-ear 

cavity and partial ear canal), we allocated 30 GB of memory for computations at each 

frequency allowing 6 parallel simulations on one node of Niagara and each simulation took 

about 35 minutes to complete.  
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We should also add two other notes: the first note is that in all sections of this chapter, by the 

baseline model, we mean the model of the middle ear with intact TM and closed cavity. The 

second note is that in some sections of this chapter, we needed to compare the response of the 

baseline model with the response of the model with medical-devices/perforations. We, 

therefore, defined a measure called amplitude ratio for calculating the difference in the 

amplitude of the responses: 

Amplitude ratio (dB) = 20𝑙𝑙𝑙𝑙𝑙𝑙10 �
𝐴𝐴𝑀𝑀𝑀𝑀/𝑃𝑃

𝐴𝐴𝐵𝐵
�            (7-1) 

where AMD/P represents the amplitude of the model with the medical device attached to the TM 

or in the presence of TM perforations (or both) and AB  represents the amplitude of the baseline 

model. In all results, the values of 𝐴𝐴𝑀𝑀𝑀𝑀/𝑃𝑃 and 𝐴𝐴𝐵𝐵 used in the calculation of the amplitude ratio 

were normalized with respect to PTM. 

7.3 Results 

7.3.1  Baseline model results  

In this section, we present the baseline model results and results of simulations of the open-

cavity model and compare them with experimental measurement results in the literature. We 

should note that, in our simulations, the only difference between the closed-cavity (baseline) 

and open-cavity models was the inclusion of the middle-ear cavity; the ear canal geometry and 

excitation mechanism were exactly the same for both open and closed cavity models.  

Figure 7-2 presents the open and closed cavity frequency response curves of the umbo 

displacement. It should be noted that in this figure, the umbo response is reported in the 

direction of the normal to the manubrium at the umbo. Also, the amplitude and phase values 

of the umbo are normalized with respect to PTM. We can observe that below the middle-ear 

resonance frequency (about 1.6 kHz for the open-cavity model) the umbo normalized 

amplitude in the closed-cavity model is smaller than the amplitude obtained from the open-

cavity model. The difference between the amplitude values of the two models is about 2.48 dB 

at 100 Hz. At frequencies above resonance frequency, the open and closed cavity results are 
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very close to each other except near the frequency of 4.6 kHz, where an anti-resonance appears 

in the closed-cavity results.  

The phase results presented in Figure 7-2 also indicate that the responses of open and closed 

cavity models are almost in phase at frequencies below middle-ear resonance frequency. Near 

the resonance frequency (about 1.6 kHz), there is a phase difference of about 0.06 cycles (at 

1.8 kHz) between the results of the two models. At higher frequencies also, the results are 

almost in phase except near the frequency of 4.7 kHz where we can detect a sudden phase 

change of about 0.29 cycles in the closed-cavity model results due to the anti-resonance we 

detected in the amplitude plot. 

 

Figure 7-2 – Frequency response curve of the umbo displacement normalized with respect to 
PTM. At frequencies below the middle-ear resonance frequency, the umbo displacement 
amplitude in the closed-cavity model is smaller than in the open-cavity model (difference of 
about 2.48 dB at 100 Hz). The responses of both models are in phase at these frequencies. 
Near the middle-ear resonance frequency, there is a phase difference of about 0.06 cycles (at 
1.8 kHz) between the results. At higher frequencies, the amplitude and phase values obtained 
from both models are very close to each other except near the frequency of about 4.6 kHz 
where we can detect an anti-resonance in the closed-cavity model results.  
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Figure 7-3 illustrates the frequency response of the stapes footplate displacement obtained 

from the open and closed cavity models (normalized with respect to PTM). We should note that 

the stapes footplate results presented in this figure are reported in the piston-like direction of 

the stapes. To compare our model results with experimental measurements, the open and closed 

cavity measurement results of Voss et al. (on Bone 25 in their work) are also presented in this 

figure [68]. The measurement results of Voss et al. were in terms of velocity and we converted 

them to displacement. Also, they did not apply any angle corrections to their laser Doppler 

vibrometry measurement results, however, they reported a range of 20°-50° between the laser 

beam and stapes piston-like motion. We used the average value of this range (35°) to correct 

their measurement results. Similar to the umbo response (Figure 7-2), here also the amplitude 

of the closed-cavity model is smaller than the amplitude of the open-cavity model at low 

frequencies. The difference between amplitudes at low frequencies is about 2.33 dB (at 100 

Hz). We can see a similar trend in the experimental measurement results of Voss et al. as well 

and in their measurements, the difference between open-cavity and closed-cavity amplitudes 

at low frequencies is about 2.63 dB (at 126 Hz). Our model results show that, similar to what 

we observed for the umbo (Figure 7-2), at frequencies higher than the middle-ear resonance 

frequency, the stapes footplate amplitudes obtained from the open and closed cavity models 

are very close to each other except near the frequency of 4.6 kHz where we can detect an anti-

resonance in the closed-cavity model results. Similar to what we observed in our model results, 

the stapes footplate amplitude in the open and closed cavity measurements of Voss et al. are 

also very similar to each other at frequencies higher than the middle-ear resonance frequency 

up to 4 kHz. 

Figure 7-3 also illustrates that the open and closed cavity model results are almost in phase at 

frequencies below the middle-ear resonance frequency (about 1.6 kHz). Near the middle-ear 

resonance frequency, there is a difference of about 0.06 cycles (at about 1.8 kHz) between the 

open and closed cavity phase results. At higher frequencies, the open and closed cavity model 

results are almost in phase except near the frequency of 4.6 kHz where we can detect the effects 

of the anti-resonance we had observed in the amplitude plot and also in Figure 7-2; there is a 
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sudden difference of about 0.31 cycles near this frequency (at 4.7 kHz) between the phases of 

the open and closed cavity models. The open and closed cavity measurement results of Voss 

et al. are also in phase at frequencies below the middle-ear resonance frequency and at 

frequencies higher than that. Near the middle-ear resonance frequency, there is a difference of 

about  0.06 cycles (at about 1.8 kHz) between open and closed cavity results in their 

measurements.   

 

Figure 7-3 – Frequency response curve of the stapes footplate displacement normalized with 
respect to PTM. At frequencies below the middle-ear resonance frequency, the stapes footplate 
displacement amplitude in the closed-cavity model is smaller than in the open-cavity model 
(difference of about 2.33 dB at 100 Hz). The responses of both models are in phase at these 
frequencies. Near the middle-ear resonance frequency, there is a phase difference of about 
0.06 cycles (at about 1.8 kHz) between the results. At higher frequencies, the amplitude and 
phase values obtained from both models are very close to each other except near the frequency 
of about 4.6 kHz where we can detect an anti-resonance in the closed-cavity model results. 
The open and closed-cavity measurement results of Voss et al. are also presented in this figure 
[68]. The measurement results of Voss et al. were converted to displacement and corrected by 
a viewing angle of 35°. The difference between the amplitude of the stapes footplate in 
experimental measurements is about 2.63 dB (at 126 Hz) and the phase difference between 
open and closed cavity measurements near the middle-ear resonance frequency in the 
experimental measurements is about 0.06 cycles (at about 1.8 kHz).  
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In order to provide a deeper understanding of the acoustical behaviours of the middle ear, 

Figure 7-4 presents the pressure distribution inside the middle-ear cavity. In this figure, the 

amplitude values of the nodes inside the middle-ear cavity are normalized with respect to PTM 

at each frequency. We studied the pressure distribution inside the middle-ear cavity at three 

frequencies: 500 Hz (in the low-frequency range), 4.2 kHz (in the mid-frequency range, and 

also near the frequency of anti-resonances observed in the closed-cavity model results in Figure 

7-2 and Figure 7-3), and 8 kHz ( in the high-frequency range).  

Figure 7-4 illustrates that at low frequencies (500 Hz) the maximum and minimum pressure 

inside the middle-ear cavity occur at the antrum and anterior-inferior side of the middle-ear 

cavity, respectively. At 4.2 kHz, the maximum pressure occurs at both the antrum area and the 

anterior-inferior side of the middle-ear cavity and the minimum pressure occurs near the aditus 

ad antrum. At 8 kHz, the anterior-inferior side of the middle-ear cavity is where the maximum 

pressure occurs and the minimum pressure happens near the antrum.  

Although only the values of pressure at three frequencies are presented here, we studied the 

pressure distribution in the middle-ear cavity at other frequencies in our study as well. The 

results of other frequencies are not presented in this chapter. Based on the results of other 

frequencies, at frequencies below about 4 kHz, the maximum pressure occurs at the antrum 

and the minimum pressure happens at the anterior-inferior section of the middle-ear cavity 

(similar to the pressure distribution at 500 Hz in Figure 7-4). Then, near 4 kHz, the distribution 

of the pressure inside the middle-ear cavity changes and we have areas with maximum pressure 

at both anterior-inferior and posterior-superior sections of the middle-ear cavity (similar to 

what we observed in Figure 7-4 for the frequency of 4.2 kHz). At higher frequencies (until 10 

kHz), the pressure distribution will be very similar to the distribution at 8 kHz in Figure 7-4; 

the maximum pressure occurs at the anterior section of the middle-ear cavity and the minimum 

pressure near the antrum. 
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Figure 7-4 – The pressure distribution inside the middle-ear cavity. The values of pressure are 
normalized with respect to PTM. At low frequencies (500 Hz), the maximum pressure happens 
at the antrum and the minimum pressure area is the anterior-inferior side of the middle-ear 
cavity. At the frequency of 4.2 kHz (which is close to the frequency at which an anti-resonance 
in the closed-cavity model results was observed in Figure 7-2 and Figure 7-3), the regions 
with maximum pressure are the posterior side of the antrum and anterior-inferior side of the 
middle-ear cavity and the region around aditus ad antrum is the low-pressure area (appears 
as a dark nodal line). At high frequencies, (8 kHz), the minimum and maximum pressure occur 
near the antrum and the anterior-inferior side of the middle-ear cavity, respectively.  

7.3.2 Effects of varying the size of perforations 

In this section, we study the effects of varying the size of the perforation on the middle-ear 

responses. The amplitude ratio of the stapes footplate of the models with Hole 1, Hole 2, Hole 

3, and Hole 4 are presented in this Figure 7-5. The results of the measurements of Voss et al. 

are also presented in this figure [233], [237].  

Based on both experimental and modelling results in  Figure 7-5, perforations have significant 

effects on the motions of the stapes footplate, especially at very low frequencies. Our model 

results show that at very low frequencies, the amplitude ratio is about -20 dB for all four 

perforation sizes. Increasing the frequency results in an anti-resonance in our model results. 

The frequency at which this anti-resonance happens is directly related to the perforation size 

and increasing the perforation size increases the frequency at which this anti-resonance occurs; 

this anti-resonance occurs at 400 Hz, 500 Hz, 650 Hz, and 850 Hz for Hole 1, Hole 2, Hole 3, 

and Hole 4, respectively. Our model results illustrate that, for all perforation sizes,  the 

amplitude of the stapes footplate starts to increase at frequencies higher than the frequency of 
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this anti-resonance up to about 1.1 kHz, 1.3 kHz, 1.6 kHz, and 1.2 kHz for Hole 1, Hole 2, 

Hole 3, and Hole 4, respectively. In this frequency range, the larger the perforation size, the 

smaller the stapes footplate amplitude The same behaviour can also be detected in the 

experimental measurement results of Voss et al.; their experimental measurement results also 

show that at low frequencies, increasing the frequency results in an increase in the amplitude 

of the stapes footplate of the perforated ears. In both our model results and the experimental 

results of Voss et al. at some frequencies (above 900 Hz) the amplitude of the perforated ear 

exceeds the amplitude of the baseline model (normal ear). At frequencies around 3 kHz, the 

experimental results of Voss et al. show another decrease in the amplitude of the perforated 

ears in comparison to the amplitude of the baseline model. Their results show that around this 

frequency, the higher the perforation size, the greater the loss in amplitude. A similar trend can 

be detected in our model results at higher frequencies (around 5 kHz). At frequencies higher 

than that, our model results show that the amplitude of the stapes footplate of the perforated 

ear again starts to increase and gets larger than the baseline model amplitude at very high 

frequencies (around 9 kHz). 

After analyzing the effects of the size of the perforation on the normalized stapes footplate 

amplitude, we study the effects of perforations with different sizes on the pressure in the 

middle-ear cavity and ear canal. Figure 7-6 presents the pressure ratio �Pcav
PTM

� of our FE model 

and the experimental measurements of Voss et al. (one Bone 24L in their work) [234, p.]. We 

should note that in the measurements of Voss et al., the Pcav value was measured near the oval 

window. Also, they stated that PTM in their measurements is the pressure within the ear canal 

adjacent to TM. As we mentioned in Section 7.2.2 our PTM  represents the pressure of the ear 

canal at the umbo in our model and Pcav represents the pressure of one of the nodes on the neck 

of the stapes. Although the regions we chose to measure pressure values are very close to the 

regions stated by Voss et al., there may be some differences in the results due to differences in 

the exact location of measurements.  
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Figure 7-5 – Effects of variations of perforation size on the stapes footplate responses. We 
considered four different perforations (Hole 1, Hole 2, Hole 3, and Hole 4) in our model. All 
perforations were located on the anterior-inferior quadrant of the TM. The exact surface area 
of each hole is presented in Table 7-1. The amplitude ratio values of the normalized stapes 
footplate displacement for all 4 perforation sizes in our model are presented in this figure. 
Also, the experimental measurement results of Voss et al. (on Bone 24L in their work) for 
different perforation sizes are illustrated in this figure [233], [237]. Both experimental results 
and Voss et al. and our model results assert that the most considerable losses in the presence 
of TM perforations happen at low frequencies.  

 

Our FE model results, as well as the experimental measurement results of Voss et al. presented 

in Figure 6, illustrates that when there are no perforations on the TM, the pressure ratio is 

significantly smaller than 1 at low frequencies. The pressure ratio of our model and 

experimental measurement results of Voss et al. at low frequencies are about 0.26 and 0.34, 

respectively. In the experimental measurement results of Voss et al., this pressure ratio starts 

to decrease at frequencies around 900 Hz until the frequency of about 2.3 kHz. Then, there is 

an increase in the pressure ratio until the frequency of about 3.3 kHz and after that, again we 

can see a decrease in the pressure ratio. In our baseline model, a decrease in the pressure ratio 

starts at a frequency of about 1.7 kHz and continues until the frequency of about 2.9 kHz. After 

that, we can observe an increase in the pressure ratio (up to the frequency of about 5 kHz) 

followed by a decrease at higher frequencies.  
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Figure 7-6 – Pressure ratio �𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐
𝑃𝑃𝑇𝑇𝑇𝑇

�  of the baseline model (intact TM) and models with 
perforations of different sizes (Hole 1, Hole 2, Hole 3, and Hole 4). The experimental 
measurement results of Voss et al. (on Bone 24L in their work) are also presented in this figure 
[234]. Both our model results and the experimental measurement results of Voss et al. show 
that when there are no perforations on the TM, the pressure inside the middle-ear cavity is 
much smaller than the pressure of the ear canal (near TM) at low frequencies. The presence 
of perforations leads to pressure ratio values of very close to 1 at low frequencies.     

 

Our model results and experimental results of perforated ears presented in Figure 7-6 show 

that when there is a perforation on the TM, the value of Pcav is almost the same as the value of 

PTM  at low frequencies no matter how big or small the perforation is; for all perforation sizes, 

the amplitude ratio obtained using both our FE model and the experimental measurements are 

very close to 1 at low frequencies. The experimental measurement results of three holes (1.2 

mm, 2 mm, and 3.3 mm) show a slight increase in the pressure ratio at the frequency range of 

about 900 Hz followed by a  decrease in the pressure ratio values obtained for all four holes. 

This decrease in the pressure ratio continues until the frequency of about 2.3 kHz and after 

that, there is a slight increase in the pressure ratio values until the frequency of about 3.4 kHz. 

Beyond this frequency, the experimentally calculated values of the pressure ratio of two holes 
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(2 mm and 3.3 mm) continue to increase. Our model results show that increasing frequency 

from very low frequencies (where the pressure ratio was 1) results in an increase for all four 

perforation sizes at frequencies higher than 800 Hz. The larger the size of the hole, the larger 

the frequency in which this increase starts (about 400 Hz, 500 Hz, 650 Hz, and 950 Hz for 

Hole 1, Hole 2, Hole 3, and Hole 4, respectively). The results of all four holes obtained using 

our model show a  significant decrease in the pressure ratio near the frequency of about 2.9 

kHz. Then similar to what we observed in the pressure ratio of the baseline model, there is an 

increase in the pressure ratio of all four models (up to 5.3 kHz, 5.6 kHz, 6.2 kHz, and 7.8 kHz 

for Hole 1, Hole 2, Hole 3, and Hole 4, respectively) followed by a decrease at higher 

frequencies.  

7.3.3  Effects of varying the location of perforations 

In this section, we study the effects of variations in the location of the perforations on the stapes 

footplate motions.  Figure 7-7 presents the results of simulations of models with Hole A 

(posterior-superior), Hole B (anterior-superior), Hole C (anterior-inferior), and Hole D 

(posterior-inferior) on the TM. The results presented in this figure reveal that the variations of 

the location of the device have very little effect on the vibrations of the stapes footplate. The 

maximum difference between the results of different holes is related to the anti-resonance at 

low frequencies (at 450 Hz) where the model with Hole A has a slightly smaller larger 

amplitude ratio than the results of the other three models with Holes B, C, and D; amplitude 

ratio of Hole A at this frequency is 8.61 dB larger than amplitude ratio values of other holes. 

At higher frequencies, the maximum difference in the value of amplitude ratio obtained from 

the models with Holes A, B, C, and D is less than 7 dB. 
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Figure 7-7 – Effects of variations of the location of the perforations on the stapes footplate 
responses. The results of models with Hole A (posterior-superior quadrant), Hole B (anterior-
superior quadrant), Hole C (anterior-inferior quadrant), and Hole D (posterior-inferior 
quadrant) are presented in this figure.  The results show that varying the location of the 
perforations does not have remarkable effects on hearing loss at most frequencies. 

7.3.4  Vibrations patterns of the TM 

In this section, we study the vibration patterns on the TM in the presence of the perforations 

and compare them with the vibration patterns of the baseline model. We should note that the 

vibration patterns presented in this section are reported in the direction of the normal to the 

manubrium at the umbo and are normalized with respect to the PTM. To simulate the perforated 

TM, the model with Hole 3 was used in this section.    

Figure 7-8 illustrates the vibration amplitude patterns of the TM in the baseline model and 

model with Hole 3 at three different frequencies of 500 Hz, 4.2 kHz, and 8 kHz. Based on the 

results presented in this figure, at low frequencies (500 Hz), TM perforations result in a 

significant decrease in the amplitude of almost all nodes on the TM. The mean values of the 

normalized amplitude of all nodes on the TM in the baseline and perforated model at this 

frequency are 0.028 µm/Pa and 0.001 µm/Pa, respectively. At 4.2 kHz, the amplitude values 

of most nodes on the TM in the model with a perforated ear are smaller than the amplitude of 

the same nodes in the baseline model except in some sections of the posterior-superior quadrant 

of the TM. The mean values of the normalized amplitude of all nodes on the TM in the baseline 
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and perforated model at this frequency are 0.011 µm/Pa and 0.006 µm/Pa, respectively.  At 8 

kHz, the amplitudes of most areas on the TM in the perforated ear results are greater than the 

respective amplitudes of the baseline model. The mean of the amplitude of all nodes on the 

TM in the baseline and perforated model at this frequency are  0.004 µm/Pa and 0.008 µm/Pa, 

respectively. 

The phase patterns of the TM in the baseline model and the model with Hole 3 are presented 

in Figure 7-9. At 500 Hz, the inclusion of perforation results in a phase difference of about 

180°in almost all regions of the TM. Based on the results presented in Figure 7-9, at 4.2 kHz 

and 8 kHz the phase of most regions on the TM in the baseline model and the model with Hole 

3 are very close to each other except for the region around the perforated area. The values of 

the circular mean of all nodes on the TM also confirm these observations [93]. For the baseline 

model, the circular mean of all nodes across the TM at frequencies of 500 Hz, 4.2 kHz, and 8 

kHz are  5.91°, 123.16°, and 150.94°  respectively. Also,  the values of the circular mean of all 

nodes on the TM in the results of the model with perforated TM at frequencies of 500 Hz, 4.2 

kHz, and 8 kHz are 172.82°, 118.98°, and 147.36°, respectively.  
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Figure 7-8 – Effects of TM perforations on the full-field vibration amplitude pattern of the TM. 
The results are normalized with respect to PTM. The model with Hole 3 was used to simulate 
the effects of perforations here. At 500 Hz, having a perforation on the TM results in significant 
decreases in the amplitude in almost all regions across the TM. At 4.2 kHz, the inclusion of the 
perforation results in a decrease in the amplitude of several nodes on the TM, except in the 
posterior-superior quadrant. At 8 kHz, the amplitude values of most of the nodes across the 
TM in the perforated ear are greater than the amplitude of the same nodes in the baseline 
model.  

7.3.5  Simultaneous mechanical and acoustical effects of medical devices 

In this section, we study the effects of having both the mechanical effects of a medical device 

attached to the TM and the acoustical effects of TM perforations. As explained in Section 

7.2.1.2, Hole 2 was used to add the acoustical effects of perforations. Also, to model the 

mechanical effects of the device, cylindrical geometry with a hole on it (Hole 2) was attached 

to the TM. Figure 7-10 shows the model of the device as well as the results of our simulations. 
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For the models with the devices, the results of all three different material properties stated in 

Section 7.2.1.2 are provided. We aimed to provide a detailed analysis of the mechanical effects 

of medical devices and the acoustical effects of perforations separately and also in combination 

with each other. To this end, for each material type, the values of amplitude ratio for three 

different scenarios are reported: the ear model with perforation on the TM and without any 

devices (only acoustical effects); the ear model with a medical device attached to the TM and 

without any perforations (only mechanical effects of the device), and the middle-ear model 

with both perforation and medical device on the TM (both acoustical and mechanical effects).  

 

Figure 7-9 – Effects of TM perforations on the full-field vibration phase pattern of the TM. The 
results are normalized with respect to PTM. The model with Hole 3 was used to simulate the 
effects of perforations here. At 500 Hz, the inclusion of the perforation results in a phase 
difference of about 180° between the results of the perforated and baseline models in most 
areas across the TM. At 4.2 kHz and 8 kHz, the inclusion of the perforations does not have 
significant effects on the phase of patterns of the TM except in the regions around the 
perforated area.  
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The results presented in Figure 7-10 illustrate that the addition of the device itself does not 

have any specific effects on the amplitude at very low frequencies (up to 800 Hz, 600 Hz, and 

300 Hz for PDMS, Teflon, and stainless steel, respectively) and for all three material types, 

the values of amplitude ratio when the device is attached on the TM, without perforating it, is 

very close to zero at low frequencies. Similar to what we observed in Chapter 6, the attachment 

of the medical device shifts the middle-ear resonance frequency to lower frequencies. Based 

on the frequency response functions of the models with devices attached to them (not shown 

here), we concluded that the maximum shift is related to the stainless steel device (about 1 

kHz) and the minimum shift is related to the PDMS device (about 250 Hz).  

 

Figure 7-10 – Amplitude ratio of the stapes footplate in the presence of the medical device and 
perforations. We considered three different material properties for the medical devices. For 
each material property, we presented the results of three scenarios: having perforation on the 
TM without any medical devices attached to it (only acoustical effects); having a device 
attached to the intact TM (only mechanical effects); having a device attached to the perforated 
TM (both mechanical and acoustical effects). The results show when we have both mechanical 
and acoustical effects of the medical device, the acoustical effects of the device are more 
considerable at low frequencies (below about 1 kHz) whereas the mechanical effects of the 
device are dominant at higher frequencies.     

 

As we observed in previous sections, having perforations on the TM results in significant 

decreases in the stapes footplate amplitude at low frequencies. We also observed an anti-
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resonance in the stapes footplate responses when TM was perforated. We can observe that, for 

all three material types of the device considered in this chapter, when we have both the 

mechanical effects of the medical device and acoustical effects of perforations together, the 

frequency of this anti-resonance is shifted to lower frequencies. For all three material types, 

the inclusion of the device changes the frequency of this anti-resonance from 500 Hz to 350 

Hz. In previous sections (7.3.2 and 7.3.3) we observed that the stapes footplate amplitude starts 

to increase at frequencies higher than the frequency of this anti-resonance. This increase in the 

amplitude with increasing the frequency happens when we attach the device to the perforated 

TM, however, because the addition of the device shifts the anti-resonance frequency to lower 

frequencies, this increase in the amplitude starts at lower frequencies in comparison to the 

situation in which there are no devices attached to the perforated TM. At higher frequencies 

(above about 1 kHz), the mechanical effects of the device overcome the acoustical effects of 

perforations, and then for all three material types, the amplitude ratio of the model with the 

medical device attached to the perforated TM is very similar to the amplitude ratio of the model 

with the medical device attached to the intact TM at those frequencies. We calculated the mean 

of absolute value of the difference between the results of the model with the medical device 

attached to perforated TM and the results of two other models (model with the medical device 

attached to intact TM and model with perforated TM without any medical devices). The mean 

absolute values of the difference between the results of the model with the device attached to 

the perforated TM and the model with the device attached to the intact TM at frequencies above 

1 kHz are 1.96 dB, 2.15 dB, 2.27 dB for PDMS, Teflon, and stainless steel, respectively. Also, 

the mean of absolute values of the difference between the results of the model with the device 

attached to perforated TM and the model with perforated TM without any devices are 3.61 dB, 

3.90 dB, 4.28 dB for the PDMS, Teflon, and stainless steel, respectively. Based on these 

results, for all three materials, at frequencies above 1 kHz, the mean differences between the 

results of the model with both acoustical and mechanical effects and the model with just 

mechanical effects are smaller than the difference between the model with both acoustical and 

mechanical effects and the model with only acoustical effects.  
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7.4 Discussions 

This study is an extension to Chapter 6 in which we analyzed the mechanical effects of medical 

devices attached to the TM. In the current study, we addressed the effects of the medical device 

attachment in the treatment procedures in which we need to create perforations on the TM, in 

addition to the attachment of the device. These treatment procedures include but are not limited 

to tympanostomy tube insertion, which is a common treatment of otitis media. The current 

study aims to provide a deep insight into the acoustical effects of the perforations and the 

combination of these acoustical effects with the mechanical effects of the medical devices 

attached to the TM. The outcomes of this study can lead to optimizing the existing/future 

medical devices to minimize hearing losses as a result of the attachment of these devices to the 

TM.  

In the first step of the current study, we added the middle-ear cavity and a partial ear canal to 

our previous model of the middle ear as explained in Section 7.2. We then compared the 

open/closed cavity results obtained using our model with open/closed cavity measurement 

results of Voss et al. as explained in Section 7.3.1 [68]. The trends we observed in the open vs. 

closed cavity responses obtained using our model are very similar to the trends in open vs. 

closed cavity measurement results of Voss et al.; at low frequencies, the inclusion of the 

middle-ear cavity adds to the stiffness of the system and low-frequency responses of the 

closed-cavity model are stiffer than the open-cavity model results. In addition to the 

experimental measurement results of Voss et al., other studies in the literature also confirm 

that the inclusion of the middle ear cavity results in increasing the stiffness of the model at low 

frequencies [71]. Also, in both the experimental measurement results of Voss et al. and our 

model results, the open and closed cavity model responses are very similar at most frequencies 

higher than the middle-ear resonance frequency. Near 4.6 kHz, our closed cavity model results 

show an anti-resonance that does not exist in the open-cavity results obtained from our model. 

In order to provide a deeper analysis of the sources of this anti-resonance and to provide a 

detailed understanding of the acoustical behavious of our closed-cavity middle-ear model, we 

presented the pressure distribution inside the middle-ear cavity in Section 7.3.1. Based on the 
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pressure distribution results, the middle-ear cavity resonance happens around the frequency of 

4.6 kHz. This can be detected from the specific pattern of the pressure distribution inside the 

middle-ear cavity around 4.2 kHz. We monitored the pressure distribution at all frequencies 

(in the range of 10 Hz to 10 kHz) in our study and observed that this pattern in the pressure 

distribution (two areas with maximum pressure at the posterior-superior and anterior-inferior 

regions of the middle-ear cavity) only occurs around the frequency of the anti-resonances 

observed in closed-cavity results of umbo and stapes footplate in Figure 7-2 and Figure 7-3. In 

fact, as the middle-ear cavity resonance is happening at these frequencies, most of the energy 

of the model goes to the cavity and we can see its effect on the anti-resonances in the umbo 

and stapes footplate responses. Similar observations about the presence of anti-resonances at 

the middle-ear cavity resonance frequency have been previously reported in the literature as 

well [51].  

In Section 7.3.2 we studied the effects of varying the perforation size on the stapes footplate 

displacement and on the pressure inside the ear. We compared our model results with the 

experimental measurement results of Voss et al. [233], [237]. We observed that perforations 

can have significant effects on the stapes footplate displacement specifically at low frequencies 

where the stapes footplate amplitude of the perforated ear is considerably smaller than the 

stapes footplate amplitude of the ear with intact TM. The results of our perforated TM models 

show an anti-resonance at very low frequencies. These anti-resonances have been also 

observed in some other studies in the literature. For instance, similar anti-resonances have been 

observed at the low-frequency response of the stapes footplate of the mouse middle ear when 

the pars flaccids is removed (which is similar to having perforations on the TM) [240]. At 

frequencies higher than the frequency of this anti-resonance, the stapes footplate amplitude in 

our model starts to increase. This increase can be observed in the experimental measurement 

results of Voss et al. and other experimental and other modelling results with perforated TM 

in the literature [60], [233], [235], [240]. At these frequencies, similar to what was observed 

in other experimental works, the larger the perforation size, the smaller the stapes footplate 

amplitude [60], [233], [235], [237].  
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In Section 7.3.3, we studied the effects of variations of the location of the perforation on the 

stapes footplate amplitude by placing four holes with the almost same surface area on different 

quadrants of the TM and comparing the results. Our model results show that the variations of 

the location of the TM perforations have negligible effects on the motions of the stapes 

footplate. This observation is also consistent with the observations and measurement results of 

Voss et al. [234], [241]. 

In Section 7.3.4, we studied the vibration patterns of the TM in the presence of the perforations 

and compared them with the vibration patterns of the baseline model. Our results suggested 

that, at low frequencies (500 Hz), the amplitudes of all nodes on the TM in the perforated ear 

are significantly smaller than the amplitude of the same nodes in the baseline model and for 

most nodes across the TM, we observed a uniform phase difference of 0.5 cycles between the 

results of the baseline model and the results obtained from the perforated ear model. At 4.2 

kHz, the amplitudes of most regions in the perforated ear model (except some regions in the 

posterior-superior quadrant) were smaller than the amplitude of the same regions in the 

baseline model. At higher frequencies (8 kHz), the amplitudes of most regions on the TM in 

the perforated model were greater than the amplitude of the same regions in the baseline model. 

Also, at 4.2 kHz and 8 kHz, the phase difference between the baseline and perforated models 

was insignificant in most regions except in the regions around the perforated area. These 

observations show that the perforations can have considerable effects on the vibration patterns 

of the TM at most frequencies. 

In Section 7.3.5 we studied the effects of changing acoustical and mechanical characteristics 

of the middle ear by attaching medical devices made of different materials to the perforated 

and intact TM. We considered three different scenarios to study these effects and their 

combinations: the device attached to the intact TM (only mechanical effects); the perforation 

on TM without any devices (only acoustical effects), and the device attached to the perforated 

TM (both acoustical and mechanical effects). The results show that when we have both the 

acoustical effects of perforations and mechanical effects of the device, at low frequencies 

(below about 1 kHz), the hearing loss as a result of perforations is significantly greater than 
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the hearing loss as a result of the attachment of the device. These observations are consistent 

with existing experimental results in the literature. In the study performed by Nishihara et al., 

the effects of attachment of tympanostomy tubes to the TM as well as the effects of attaching 

different masses to the TM  were investigated [221]. From their results, it can be interpreted 

that at low frequencies, the hearing losses as a result of the attachment of tympanostomy tubes 

are more considerable than the hearing loss resulting from the attachment of the device itself. 

Our results show that at higher frequencies, on the other hand, the mechanical effects of the 

medical device are dominant. In fact, for all three material studies here, the high-frequency 

responses of the model with devices attached to perforated TM are very similar to the results 

of the model in which the device is attached to intact TM. It is generally known that the low-

frequency responses of the middle ear are stiffness dominant and high-frequency responses are 

mass dominant [118]. The results of our simulation presented in Section 7.3.5 suggest that in 

fact the effects of changes in the acoustical characteristics of the middle ear as a result of the 

perforations appear as the changes in the stiffness of the middle ear at low frequencies and the 

changes in the mechanical characteristics of the middle ear as the result of the attachment of 

the device mostly appear as the changes in the mass of the middle ear at high frequencies. 
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Chapter 8 

Conclusions and future work 

8.1 Summary 

In this thesis, some unknown aspects of the biomechanics of the human middle ear have been 

studied. FE Models of the middle ear have been created and validated using experimental 

measurements data in the literature and were used in combination with stochastic modelling 

methods to provide a clear understating of the effects of inter-individual variabilities on the 

middle-ear vibrations. Moreover, a comprehensive global sensitivity analysis was performed 

on the middle ear to identify the parameters with the greatest impact and also to find the most 

significant interactions among parameters at a wide range of excitation frequencies. 

Additionally, a systematic investigation was undertaken to elucidate the mechanical and 

acoustical effects of the attachment of medical devices to the tympanic membrane on sound 

conduction in the middle ear. 

Also, a non-invasive method for fast estimation of the mechanical properties of middle-ear 

structures was proposed that can be further developed to be eventually used for diagnostic 

purposes. As an initial step, a method was proposed for the estimation of the Young's modulus 

of 2D thin planar structures using its full-field harmonic vibration data. This method was then 

modified and combined with machine-learning techniques for fast estimation of the most 

influential mechanical parameters of the middle ear. 

8.2 Original contributions 

1. In Chapter 2, we used a stochastic FE model of the middle ear to study the effects of 

inter-individual variabilities in the mechanical properties of all structures of the middle 

ear as well as the thickness of the TM on sound conduction in the middle ear. The major 

outcomes are: 

a) The uncertainties in the model parameters can be magnified by more than three 

times in the umbo and stapes footplate responses at frequencies above 2 kHz.  
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b) The middle-ear model is biased and we observed distortions in the output 

distributions of the stochastic FE model. 

c) By increasing the frequency, the highly-uncertain regions spatially spread out 

on the tympanic membrane surface. 

2. In Chapter 3, we performed a global sensitivity analysis on the middle ear. The major 

findings are: 

a) The created PCE-based surrogate models of the amplitudes of the umbo and 

stapes footplate and the phase of the stapes footplate can accurately represent 

the behaviours of the stochastic FE model at most frequencies.  

b) Although the importance of each parameter varies with frequency, the most 

influential parameters are the Young’s modulus of the tympanic membrane and 

stapedial annular ligament, the damping of the stapedial annular ligament, the 

Young’s modulus of ossicles, and the thickness of the tympanic membrane. 

c) The most significant interactions happen between the Young’s modulus and 

thickness of the TM.  

3. In Chapter 4, a novel method was introduced for estimation of the Young’s modulus of 

2D thin structures using harmonic vibration data from holography measurements, it 

was found that [79]: 

a) For all noise-free benchmark vibration data, and also for the data with Gaussian 

and non-Gaussian noise high-intensity noise, the highest value of the error of 

the estimated values of Young’s modulus was less than 5%. 

b) For each case study, estimations at different frequencies revealed that when 

uncertainties in the geometrical and material parameters are negligible, the 

effects of the excitation frequency are not considerable on the estimation 

outcome. 
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c) The accuracy of our proposed method can be compromised if the boundary 

condition is incorrectly specified. 

d) Error in the viewing angle of the experimental holography setup results in 

estimation errors of less than 3% for camera angle errors of up to 10° for all 

frequencies. 

e) When uncertainty in the thickness of the object exists or an ideal perpendicular 

viewing angle is hard to obtain in the experimental setup, material 

characterization at higher frequencies is recommended. 

f) The method is promising especially for material characterization applications 

in which access to high-quality free vibration or modal data is limited. 

4. In Chapter 5, we used machine-learning-based surrogate models for fast material 

characterization of the middle-ear structures. The outcomes are: 

a) ML-based surrogate models created using eXterme gradient boosting method 

can fairly represent the amplitude and phase of the umbo and stapes footplate 

and vibration patterns of the TM at most frequencies even with a wide range of 

variations for model parameters.  

b) The parameter estimation method that works based on the combination of ML-

based surrogate models with Bayesian optimization can accurately estimate the 

Young’s modulus of the TM and SAL (with respect to the FE model) at the 

same time and separately.  

5. In Chapter 6, we investigated the mechanical effects of medical devices attached to the 

TM, the major findings are: 

a) The variations of the material properties of the medical device lead to 

significant changes in the middle-ear resonance frequency. 

b) The effects of changing the material properties of the device on the umbo and 

stapes footplate motions are negligible at frequencies above 5 kHz. 
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c) Point-mass models cannot accurately represent behaviours of middle ear (with 

respect to the FE results of the full-device models)  in the presence of the 

medical device. 

d) The variations of diameter/height of the medical device can have considerable 

impacts on the middle-ear vibrations at several frequencies. 

e) Implanting the medical device to the TM does not have significant effects on 

the TM vibration patterns at low frequencies. However, it changes the 

amplitude/phase pattern of the region in which the device is attached and some 

adjacent regions at higher frequencies. 

6. In Chapter 7, we investigated the acoustical effects of medical devices attached to the 

TM. The major outcomes are: 

a) TM perforations can have significant effects on the displacement of the umbo, 

stapes footplate, and the vibration patterns of the TM at different frequencies. 

b) The location of the perforations on the TM does not have remarkable effects on 

middle-ear vibration outputs. 

c) The size of perforation has considerable effects on sound conduction in the 

middle ear. 

d) When we have both the acoustical effects (as a result of TM perforations) and 

the mechanical effects of the device (as a result of its mass and stiffness), the 

acoustical effects are dominant at low frequencies (below about 1 kHz). 

However, at frequencies above 1 kHz, the behvaiours of the middle ear are 

significantly affected by the mechanical effects of the device. 

8.3 Future work 

In this section, a few suggestions are made for future modelling and experimental works. 

The stochastic FE model presented in Chapter 2 considers uncertainty in the mechanical 

parameters of all structures of the middle ear as well as the thickness of the TM. To increase 
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the generalizability of the findings, it is necessary to add variations in the morphological 

features to the stochastic model as well. As changing the scale of each of the structures of the 

middle-ear results in applying some changes to the mesh, finding a systematic approach to 

study the variations of the geometrical parameters can be challenging. These variations in the 

morphological features can then can be fed into the global sensitivity analysis procedure 

introduced in Chapter 3 to rank the importance of the shape/geometry of different structures in 

the middle ear. Additionally, one other suggestion is to perform further experimental and 

modelling investigations on large populations of ears to determine the distribution of each of 

the model parameters. 

The method proposed in Chapter 4 for estimation of the Young’s modulus of thin planar 

structures does not consider the damping of the structures. The addition of the damping can 

increase the applicability of the proposed estimation method specifically for biological 

structures. Also, as the method needs the complete boundary of the vibrating domain to apply 

the finite-difference equations, in cases where the displacement field of the entire object and 

its non-moving boundary is not measurable, some user-interactive techniques can be 

implemented in the model. Using these techniques the user can specify the exact boundary of 

the object so that the parameter estimation method can apply the mechanical equations of 

motion to the whole domain and then only use the nodes on the domain for which we have 

experimental measurements for the calculation of the objective function in the optimization 

process. 

The proposed material characterization method in Chapter 5 is able to estimate the Young’s 

modulus of the TM and SAL with high accuracies. As observed in the global sensitivity 

analysis results provided in Chapter 3, there are some other mechanical parameters in the 

middle ear model, such as the damping of the SAL, that have remarkable effects on the 

vibration responses of some of the structures of the middle ear at some frequencies. 

Characterizing the mechanical properties of these structures can add to the generalizability of 

the proposed parameter estimation method. Additionally, in order to increase the usability of 

the diagnostic tools such as the method proposed in Chapter 5, it is necessary to perform further 
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experimental and modelling studies on the effects of different middle-ear pathologies on the 

mechanical properties of middle-ear structures. 

In Chapter 6 and Chapter 7 we studied the mechanical and acoustical effects of medical devices 

attached to the TM on the sound conduction in the middle ear in silico. Future studies can 

address the same problems using experimental measurements and in a systematic way with 

medical devices accurately manufactured with different sizes, geometries, and material 

properties. 
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Appendices 

Appendix A 

Range of model parameters for Chapter 2 

Table A –  Range of the uncertain parameters used in stochastic FE model. 

Parameter 
Range for CV of 
10%  
[min,max] 

Range for CV of 
20%  
[min,max] 

 
Parameter 

Range for 
CV of 10%  
[min,max] 

Range for 
CV of 20%  
[min,max] 

Poisson's 
ratio of 
TM 

[0.31,0.49] [0.14,0.49] Young’s modulus of 
AML (MPa) 

[1.26,2.90] [0.51,3.80] 

Poisson's 
ratio of 
ossicles 

[0.21,0.41] [0.11,0.48] Young’s modulus of 
LML (MPa) 

[1.35,2.62] [0.69,3.24] 

Poisson's 
ratio of 
IMJ 

[0.28,0.49] [0.07,0.49] Young’s modulus of 
manubrial fold 
(MPa) 

[0.81,1.64] [0.42,2.08] 

Poisson's 
ratio of ISJ 

[0.30,0.49] [0.11,0.49] Young’s modulus of 
SML (MPa) 

[3.04,6.45] [1.18,7.99] 

Poisson's 
ratio of 
SAL 

[0.32,0.49] [0.15,0.49] Thickness of TM 
(µm) 

[50.99,98.6
8] 

[27.98,123.
35] 

Poisson's 
ratio of 
PIL 

[0.32,0.49] [0.16,0.49] Cochlear load 
(N.s/m) 

[0.16,0.36] [0.08,0.44] 

Poisson's 
ratio of 
AML 

[0.34,0.49] [0.19,0.49] Damping (α2 
coefficient) of TM 
(s) 

[24.98,54.0
5]×10-7 

[9.97,68.09]
×10-7 

Poisson's 
ratio of 
LML 

[0.30,0.49] [0.12,0.49] Damping (α2 
coefficient) of 
ossicles (s) 

[2.57,5.72]×
10-7 

[1.15,7.44]×
10-7 

Poisson's 
ratio of 
manubrial 
fold 

[0.26,0.49] [0.02,0.49] Damping (α2 
coefficient) of IMJ 
(s) 

[8.56,17.16]
×10-5 

[4.12,21.31]
×10-5 
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Parameter 
Range for CV of 
10%  
[min,max] 

Range for CV of 
20%  
[min,max] 

 
Parameter 

Range for 
CV of 10%  
[min,max] 

Range for 
CV of 20%  
[min,max] 

Poisson's 
ratio of 
SML 

[0.28,0.49] [0.08,0.49] Damping (α2 
coefficient) of ISJ 
(s) 

[8.82,17.07]
×10-5 

[4.64,21.14]
×10-5 

Young’s 
modulus of 
TM (MPa) 

[8.19,16.61] [4.39,21.23] Damping (α2 
coefficient) of SAL 
(s) 

[9.24,16.86]
×10-5 

[5.48,20.71]
×10-5 

Young’s 
modulus of 
ossicles 
(MPa) 

[9565.60,18522.78] [5131.20,23045.55] Damping (α2 
coefficient) of PIL 
(s) 

[8.93,17.13]
×10-5 

[4.87,21.25]
×10-5 

Young’s 
modulus of 
IMJ (MPa) 

[21.19,39.97] [12.37,49.94] Damping (α2 
coefficient) of AML 
(s) 

[8.72,17.68]
×10-5 

[4.45,22.36]
×10-5 

Young’s 
modulus of 
ISJ (MPa) 

[19.32,39.76] [8.65,49.51] Damping (α2 
coefficient) of LML 
(s) 

[8.81,16.79]
×10-5 

[4.61,20.58]
×10-5 

Young’s 
modulus of 
SAL 
(MPa) 

[0.94,1.88] [0.49,2.36] Damping (α2 
coefficient) of 
manubrial fold (s) 

[24.19,53.5
0]×10-7 

[8.37,67.00]
×10-7 

Young’s 
modulus of 
PIL 

[1.28,2.60] [0.56,3.20] Damping (α2 
coefficient) of SML 
(s) 

[8.60,17.56]
×10-5 

[4.21,22.11]
×10-5 
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Appendix B 

Comparison of the stochastic FE model results with several experimental 

results in the literature for Chapter 2 

 

 

Figure B –  Comparison of the stochastic FE model results of the stapes footplate with several 
experimental results in the literature[68], [104], [221], [222], [242]–[244]. The gray thin lines 
represent the stochastic FE model results of the stapes footplate with CV of 20% for model 
parameters. All experimental measurement results are reported in the piston-like direction of 
the stapes footplate. For the works that did not report a value of the measurement angle 
between the laser beam and the piston-like motion of the stapes, we assumed an angle of 35°. 
Also, for the works that reported a range for measurement angle between the laser beam and 
piston-like direction, the mean value of the reported range was used. The experimental results 
presented in this figure reveal that the variations of the experimental measurements are higher 
than the maximum variation we considered in our model (CV of 20% for model parameters). 
The high variation of the experimental results can be due to the morphological variability as 
well. 
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Appendix C 

Range of model parameters for Chapter 3 

Table C –  Range of variation of model parameters and the values used for generating results 
in column (b) of Figure 3-4. 

Structure 

E (MPa) – 

[min,max] 

E (MPa) 

for Figure 

3-4-b 

Poisson’s 

ratio - 

[min,max] 

Poisson’s 

ratio for 

Figure 3-4-b 

α2 (s) - 

[min,max] 

α2 (s) for 

Figure 

3-4-b 

TM [4.39,21.23] 9.60 [0.14,0.49] 0.39 [9.97,68.09]×

10-7 

3.20×10-6 

Malleus [5131.20,23

045.55] 

11200 [0.11,0.48] 0.24 [1.15,7.44]×1

0-7 

3.20×10-7 

Incus [5131.20,23

045.55] 

11200 [0.11,0.48] 0.24 [1.15,7.44]×1

0-7 

3.20×10-7 

Stapes [5131.20,23

045.55] 

11200 [0.11,0.48] 0.24 [1.15,7.44]×1

0-7 

3.20×10-7 

IMJ [12.37,49.9

4] 

24 [0.07,0.49] 0.39 [4.12,21.31]×

10-5 

1.04×10-4 

ISJ [8.65,49.51] 24 [0.11,0.49] 0.39 [4.64,21.14]×

10-5 

1.04×10-4 

SAL [0.49,2.36] 1.12 [0.15,0.49] 0.39 [5.48,20.71]×

10-5 

1.04×10-4 
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Structure 

E (MPa) – 

[min,max] 

E (MPa) 

for Figure 

3-4-b 

Poisson’s 

ratio - 

[min,max] 

Poisson’s 

ratio for 

Figure 3-4-b 

α2 (s) - 

[min,max] 

α2 (s) for 

Figure 

3-4-b 

PIL [0.56,3.20] 1.6 [0.16,0.49] 0.39 [4.87,21.25]×

10-5 

1.04×10-4 

LML [0.69,3.24] 1.6 [0.12,0.49] 0.39 [4.61,20.58]×

10-5 

1.04×10-4 

Manubria

l fold 

[0.42,2.08] 0.96 [0.02,0.49] 0.39 [8.37,67.00]×

10-7 

3.20×10-6 

SML [1.18,7.99] 3.92 [0.08,0.49] 0.39 [4.21,22.11]×

10-5 

1.04×10-4 

AML [0.51,3.80] 1.6 [0.19,0.49] 0.39 [4.45,22.36]×

10-5 

1.04×10-4 

 

TM thickness (µm) – 

[min,max] 

[27.98,123.35] TM thickness (µm) for Figure 

3-4-b 

59.20 

Cochlear load (N.s/m) – 

[min,max] 

[0.08,0.44] Cochlear load (N.s/m) for 

Figure 3-4-b 

0.21 
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