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Abstract

Optical Coherence Tomography (OCT) vibrometry provides sub-nanometer displacement sensitivity and has
become a key technique for mapping complex vibration patterns, particularly in hearing research where
frequency-dependent motion of middle-ear structures is central to diagnosing pathology. However, at high
frequencies, OCT measurements often approach the noise floor, degrading the accuracy and interpretability of
reconstructed displacement fields, which is especially critical for fast and reliable assessment.

We introduce a robust, regularized finite-element (FE) global reconstruction framework that utilizes higher-order
shape functions and L-curve optimization to recover continuous, high-fidelity displacement fields. Through
comprehensive simulation and experimental validation, we demonstrate that this method significantly
outperforms traditional unregularized filters. Statistical validation via two-sample t-tests indicates that the
regularized approach achieves significantly lower mean reconstruction errors compared to lower-order methods
(p <0.01). Most importantly, variance testing proves that regularized filtering always improves the variance (p
< 0.01), consistently reducing noise-propagation while preserving the underlying accuracy of the reconstructed
field. This workflow provides an objective, reproducible method for quantitative vibration analysis, bridging the
gap between raw OCT data and high-fidelity mechanical modeling.

1. Introduction

Optical Coherence Tomography (OCT) provides high-resolution volumetric imaging based on backscattered
light [1], achieving axial resolutions of 1-15 um depending on system design and optical bandwidth. In
ophthalmology, OCT is clinical standard for characterizing retinal layers [2,3]. Recent advances in image
processing and super-resolution techniques have further improved its diagnostic capabilities even on standard
hardware [3-7].

In addition to morphological imaging, the phase of the OCT signal can be analyzed to extract vibrational motion,
enabling phase-sensitive OCT vibrometry with sub-nanometer displacement sensitivity [8,9]. Owing to this
unique ability to combine morphological and vibrational information, OCT has generated significant interest in
the field of hearing research [10,11]. For example, the inner ear, specifically the cochlea, has been investigated
using OCT-vibrometry [12,13]. Furthermore, the workings of the middle ear, i.e., the eardrum and hearing
ossicles, have also been investigated with great success [8,10,14].

However, one key challenge in middle ear studies is that eardrum displacements are extremely small and highly
frequency dependent. For sound pressures near 1 Pa (94 dB SPL), displacements reach only a few hundred
nanometers and rapidly decrease with frequency [15]. Consequently, measured vibration maps often exhibit a
low signal-to-noise ratio, limiting accurate mode shape reconstruction and reducing diagnostic interpretability.
While methods such as local Gaussian filtering or selection of the brightest voxels have been used to mitigate
noise [8], [16], these local approaches inherently smooth data without reconstructing a continuous displacement
field, making quantitative interpretation difficult.

An alternative to local data filtering methods are global least-squares approaches, which consider the entire
dataset simultaneously. Among these, finite element (FE) approximation is particularly attractive because it
provides a piecewise continuous reconstruction of the displacement field through element-based shape functions,
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inherently ensuring spatial smoothness. Moreover, this framework naturally integrates with standard FE
software, facilitating subsequent mechanical modeling or material analysis [17-19]. FE-based global filtering
has been shown to outperform local filters when processing full-field techniques such as Digital Image
Correlation [19-22]. Recently, Livens and Ukshini (2025) compared local and global filtering strategies on
Pressure-Sensitive Paint data, demonstrating that the FE approach can objectively balance noise suppression and
spatial resolution via mesh and regularization control [23].

This paper addresses our limited knowledge of suitable filters for OCT data, and explores the application of
regularized FE reconstruction to OCT displacement data. Low- and higher-order polynomial shape functions are
evaluated in combination with Tikhonov regularization, enabling suppression of noise while maintaining spatial
fidelity. The technique is validated through simulated and experimental case studies, including a vibrating rubber
membrane and a rabbit eardrum, demonstrating its ability to reconstruct smooth, high-resolution displacement
maps and to reveal frequency-dependent vibrational mode shapes under low signal-to-noise conditions. A set of
MATLAB routines implementing the approach is freely available for research use:
https://bitbucket.org/bimef/oct-filtering-using-global-fe/src/main/

2. Materials and methods
2.1 Finite element reconstruction of discrete data

Measured displacements d; at locations x; are inevitably affected by noise. Assuming zero mean additive
Gaussian noise JV;, with standard deviation o, the relation between the ground truth displacement u(x;) and the
measured data can be expressed as:

d; = u(x;) + N;(0,0) (1)

OCT vibrometry signals are affected by several noise sources, including phase jitter of the light source, shot
noise, and mechanical vibrations of the measurement setup. Although these components are generally non-
Gaussian, their combined effect can be considered additive and modeled as in Eq. (1). In the following, we denote
this cumulative noise contribution as JV;. Displacements d; are a scalar quantity in this work, since OCT only
measures displacements along the longitudinal direction. If the full 3D displacement field needs to be
reconstructed, Eq. (1) can be repeated for each component of motion. In practice, the goal is to filter noise and
reconstruct a smooth, continuous approximation of the true displacement field u(x;). Local filters such as
moving averages or Gaussian smoothing achieve this by averaging data within small neighborhoods. While
simple to implement, these methods rely heavily on user-chosen parameters, and the resulting output is restricted
to a discrete set of points, not a continuous field, which substantially limits interpretability and further analysis
[20].

In contrast, global filtering methods use all measured data simultaneously to obtain a continuous reconstruction.
Among these, FE reconstruction is particularly advantageous because it provides a piecewise continuous
representation of the field via element shape functions and can be directly integrated with conventional FE
software for subsequent analysis or modeling.

Given nodal displacements u; and shape functions N;(x), the displacement field u(x) can be approximated by:

K
u@®) = Y M@y @
j=1
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Organizing all measurements in a vector d, the nodal values in a vector u with corresponding noise V', and the
selected shape functions into interpolation matrix M, Eq. (1) and (2) become:

d= Mu+ N 3)

The least-squares solution seeks to minimize the residual between measured and reconstructed nodal
displacements:

min|| Mu — d|| 4)

yielding the following estimate % for the nodal displacements:

= (M'M)Mtd 5)
By inserting Eq. (3) into Eq. (5), the estimate becomes

U= u+ MM MN (6)
Therefore, the reconstructed displacement field % is contaminated by a noise-propagation term that depends on
both the noise vector V' and the conditioning of M.

To stabilize the inversion, Tikhonov regularization introduces an additional penalty term to Eq. (5) that enforces
smoothness in the displacement field [24]

= (MM + AL'L)"'Mtd (7)

The regularization matrix L and regularization strength A control the balance between fidelity to measured data
d and smoothness of the reconstruction #. Using the second order derivative operator as regularization matrix
has been shown to improve data reconstruction in Digital Image Correlation [25,26], spline interpolation [27],
and when processing pressure-sensitive paint data [23]. In this paper, we will follow a similar approach and
regularize the solution using the following expression

_ . AN AN
u, = MM+AW W Mtd (8)

Filtering performance, therefore, depends on three main parameters:

1. Element size, which defines the spatial averaging scale and determines how much data is included within
each element.

2. Shape function order, which controls the complexity of the displacement reconstruction within each
element. Higher-order functions capture finer spatial variations but are more sensitive to noise.

3. Regularization strength, which governs the degree of smoothing applied to the reconstructed field.

All three parameters can be set objectively using L-curve analysis [23,25], which plots the residual norm
[[M1i, — d|| against the smoothness term ||L%@,;||. Such curves often represent the letter L, and the point of
maximum curvature represents the best trade-off between fidelity to the data and suppression of noise. Examples
of L-curves are given in the Appendix, and more details about their interpretation follow in the Results section.

2.2 Simulation experiments
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To validate the finite element reconstruction approach, we first created two simulation datasets. Both datasets
were created using finite element simulation in COMSOL Multiphysics (V6.2).

The first model is illustrated in Fig. 1A: a circular membrane with a radius of 5 mm. A thickness of 80 um,
stiffness of 100 MPa, and Poisson’s ratio of 0.3 were defined, so the simulated output resembles that of the nitril
rubber used in the experiments. A pressure wave of 82 dB SPL is applied to the membrane’s surface. The outer
edge of the membrane was fully fixed, i.e., no rotations or displacements were allowed. The model was solved
for frequencies of 1000, 2400, and 3600 Hz. The resulting complex-valued displacement data was exported to
MATLAB (R2024a).

The second model is that of a human middle ear, which has been described in other works [28,29]. The eardrum,
shown in red in Fig. 1B, has an elliptical shape with major and minor axes of 5 and 4.4 mm, respectively. The
eardrum’s stiffness was set to 30 MPa, Poisson’s ratio to 0.3, and the thickness to 80 um. A pressure load of 82
dB SPL was defined at the lateral surface (ear canal side), and the model was solved for frequencies of 2000,
2500, and 4000 Hz. The resulting complex-valued displacement data was exported to MATLAB.

For both datasets, we used MATLAB’s scatteredInterpolant method with linear interpolation to resample the
finite element data to voxel locations representing an OCT volume. A typical B-scan in our experimental setup
had 200 axial by 130 lateral pixels, respectively. The experimental volume was constructed by collecting 50 B-
scans at different Y coordinates across the volume. Therefore, the finite element data was interpolated to
resemble the experimental data. The X, Y, and Z coordinates were resampled to a grid of size 130, 50, and 200,
respectively. The corresponding X, Y, and Z spatial resolution for both datasets was 89, 224, and 5 pum,
respectively.

A) Membrane model B) Middle ear model

5
STIRRUP (Stapes)

ANVIL (Incus)
J HAMMER (Malleus)

EARDRUM

mm

Fig. 1. Overview of the two simulated dataset: a circular rubber membrane (A), and a human middle ear (B).

Sensitivity analysis of the experimental OCT data demonstrated that the setup can resolve displacements as small
as 5 nm at frequencies below 1 kHz. Although the noise floor decreases at higher frequencies, the analysis
focused on the worst-case scenario. Therefore, 5 nm Gaussian noise was added to the simulated OCT volumes
to mimic the noise present in an experimental dataset. The noisy simulated experimental data is shown in Fig. 2.
The top row shows data of the membrane, and the bottom row shows the eardrum data. When comparing data
from left to right in Fig. 2, we see that when the input sound frequency increases, the displacement maps become
more complicated. Additionally, the displacement amplitude quickly decreases with increasing frequency,
leading to increasingly noisy data.
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Fig. 2. Simulated data for the circular membrane (top) and eardrum (bottom). Increasing the frequency of the
input pressure leads to more complicated modal behavior (left to right). Due to the rapid decrease in
displacement amplitude with frequency, the higher frequency data is much noisier.

2.2 Optical coherence tomography measurements

Sample preparation
To complement the simulations, two objects were examined using OCT vibrometry: a rubber membrane and a

rabbit eardrum.

A patch of nitril rubber (VWR, serial nr. 112-2372) was stretched across a metal cylinder with a hollow inner
bore of 5 mm radius, see Fig. 3A. The outer radius of the holder was 15 mm. The membrane was fixed using a
metal washer bolted to the cylinder top, ensuring uniform tension without visible wrinkling. Two openings were
made along the cylinder’s length: one opening to connect an earbud (Sennheiser, CX 300 II) for sound
stimulation, and a second opening allowed the probe microphone (Briiel & Kjer, type 4182) to record the
acoustic pressure. The cylinder was then fixed on a translation stage using double-sided tape and placed
underneath the OCT imaging head, with the membrane oriented perpendicular to the optical axis.

To collect eardrum data, we obtained a rabbit head from a local breeder (Peeters — Verbaeten, Ranst, Belgium),
immediately frozen after death. The head was thawed at room temperature for one hour, after which the ear canal
was removed to allow visual access to the eardrum. The preparatory steps to remove the ear canal, allowing
visual access to the eardrum, have been described elsewhere [30-32]. The middle ear chain was left intact, and
only bony parts of the ear canal wall limiting optical access were removed, (illustration in Fig. 3B). To stimulate
the eardrum, a hole was made in the middle ear cavity. Then, a 3D printed microphone and speaker connector
was positioned over the hole and sealed using two-component silicone paste (Dreve Otoplastik, Otoform Ak X),
ensuring an airtight connection. The sample was then fixed on a holding stage using mechanical clamps to
minimize motion and placed beneath the OCT imaging head, as shown in Fig. 3C.
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Fig. 3. Schematic of the measured membrane (A) and a picture of the prepared eardrum (B). An earbud and
probe microphone are connected to calibrate the sound pressure level. The samples are positioned in the OCT-
vibrometry setup using a custom sample holder.

Experimental OCT setup & data processing
To measure the displacement maps resulting from the acoustic pressure, a custom spectral domain OCT-

vibrometry setup was developed. The instrument uses a superluminescent diode as an optical source, with a
central wavelength of 840 nm and a 50 nm spectral bandwidth (Superlum Broadlighter, model S840). The axial
resolution, determined using this source, experimentally measured, was 5 um (in biological tissue). In the sample
arm, two orthogonal galvanometer mirrors (Thorlabs, model GVS002) were used to scan the optical beam over
the sample. The beam was focused onto the sample by a 54 mm focal length scan lens (Thorlabs, LSM04-BB).
Light back-scattered by the sample was then recombined with the light from the reference arm and detected by
an in-house devised spectrometer. The spectrometer includes a transmission diffraction grating from Wasatch
Photonics with 1,200 Ipm, which diffracts the optical beam over the pixels of a fast line camera (Teledyne e2v,
model Octoplus USB). Positioning of the galvanometers and triggering of the line cameras is done via a
multifunction I/O device (National Instruments, model PCle-6321) and custom LabVIEW software. The
acquisition rate of the camera was 100 kHz, i.e., every 10 ps, an OCT intensity profile is collected. Intensity
OCT images were produced using the Master-Slave approach [35] and displayed in real-time.

OCT-vibrometry uses fluctuations in the phase of interferometric signals to measure vibrations and movements
of scatterers within a medium. To employ this method, the setup was modified to allow for measurements of
both the magnitude and phase of the OCT interferometric signal in synchronism with an acoustic stimulus. When
an acoustic stimulus, such as a sinusoidal sound wave, is applied, it causes oscillations of the scatterers, leading
to a change in the OCT signal's phase. By capturing consecutive OCT reflectivity profiles (A-scans), at central
wavelength A, the phase difference A®(t) can be calculated. Mathematically, the displacement of the scatterer
Az(t), can be expressed as [33-35]

Az(t) = j—; AD(t) ©)
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A laptop connected to a terminal block (National instruments, USB-6251) was first used to calibrate the earbud
speaker voltage using the probe microphone to reach 82 dB SPL for each desired frequency of sound. Then, a 5
ms sound signal and a corresponding phase-locked trigger signal were created. The LabVIEW OCT software
was modified so that the OCT instrument starts collecting data locked to the sound phase, and then collects 500
subsequent channeled spectra at each (x,y) position of the optical beam on the sample. As a result, because the
camera operates at 100 Hz, a 1D vibrometry scan (in the z-direction) is obtained with data collected within 5 ms.
The 5 ms duration was chosen because it allows us to quickly change the desired frequency without significant
modifications to the hardware or software. The only stipulation is that the selected sound frequency must be a
multiple of 200 Hz (5 ms period), so it is always contained wholly within the 5 ms interval.

Data necessary to construct a 2D vibrometry cross-sectional image (in the xz-plane) was acquired in 130x5 =
650 ms (X-galvo scanner driven at ~1.54 Hz). Finally, data were acquired to build a 3D vibrometry image at
50x0.65 =32.5 s (Y-galvo scanner driven at ~0.03 Hz). We limited the number of 2D vibrometry images within
the 3D volume to 50 because this provides a good balance between measurement duration, data size, and spatial
resolution.

The real-time operation of the instrument was facilitated by the Master-Slave approach, which computes intensity
and phase values only within the axial imaging range of interest, thereby limiting the number of axial points to
a much smaller value than when using FFT-based techniques [36—38]. Thus, we only used 200 axial points in
our images. As a result, the final volumetric vibrometry image was of 130x50x200 pixels. The field of view was
the same for both the membrane and the eardrum data collection, and the corresponding spatial resolutions for
the X, Y, and Z coordinates were 89, 224, and 5 um, respectively.

Although the data acquisition time was only 32.5 s and the processing time to calculate the intensity and phase
was very short, altogether, the time elapsed between the start of the data acquisition and the moment when the
data are available on the hard drive to be processed in MATLAB was about 5 minutes due to the need to write
large files to disk.

Withing dedicated segmentation software (Dragonfly 3D, V2024.1), Otsu thresholding and manual outlier
removal, was used to create a binary mask separating the measured object from the background. This mask was
then used in MATLAB to compute the FFT on the OCT phase data of the measured sample. The resulting
displacement maps are shown in Fig. 4 for the membrane (top row) and for the eardrum (bottom row). For low
frequencies, the displacement amplitudes are high and these data have good signal-to-noise ratio. However, at
high frequencies the displacement amplitude becomes comparable to the noise floor, resulting in a reduced
signal-to-noise ratio. Figure 4F is especially noisy, highlighting the need for dedicated filtering.
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Fig. 4. Experimental data collected using our OCT-vibrometry setup of the rubber membrane (top) and the
rabbit eardrum (bottom). Increasing the frequency of the input pressure leads to more complicated modal
behavior (left to right). Due to the rapid decrease in displacement amplitude with frequency, the higher
frequency data is much noisier.

3. Results

To reconstruct and filter data using Eq. (8), a suitable finite element mesh needs to be selected. Since our samples
are very thin, we opted to use a mesh of surface elements to reconstruct the data. Through-thickness variations
can then be visualized by scaling the displacement along the element’s normal [39], but we will only present
data on the middle surface of the objects. When the surface is meshed using triangular elements, abbreviated T3
onwards, there are three nodes per element, and three linear shape functions. A quadratic element can be defined
by adding nodes at the midpoints of the triangle’s edges, creating a quadratic T6 element. Similarly, a
quadrilateral element has four nodes and bilinear shape functions, abbreviated Q4 onwards. By adding nodes to
the midpoints of the Q4 edges, and one additional point at the element’s center, the quadratic Q9 element can be
defined. Going forward, we will systematically compare how T3 and Q4 elements compare with T6 or Q9, and
what the effect of regularization is. When no regularization is used, we will denote the filtered result with A = 0,
while the regularized filtered data will be denoted with A = A*, which is the value found by the L-curve. Both
simulated and experimental datasets were processed using low-order, high-order, and regularized high-order
filters to assess reconstruction quality.

Reconstructing simulation data

For the membrane data, a mesh was constructed using Q9 elements. Following Livens and Ukshini, we started
with a mesh of 2 mm, but observed a downward sloping straight-lined curve and not an L-shaped profile. [23].
Decreasing the mesh size to 1 mm did produce the L-shaped profile, which is used in subsequent analysis. The
L-curve at 3600 Hz is given as an example in the Appendix, Fig. Al.

Since the eardrum has a complicated cone-like shape, quadrilateral elements lead to very poor meshes with
distorted elements. Therefore, a T6 element to mesh the eardrum data was employed. Using the L-curves, we
found that a mesh with a size of 0.8 mm was the best suited, see Fig. Al.
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The results of finite element filtering are shown in Fig. 5 for the membrane data (top) and the eardrum data
(bottom). Compared with the noisy data (second column), all filter approaches work reasonably well. The
(bi)linear elements (Q4 and T3) result in a smooth reconstruction but lose spatial detail. The quadratic elements
(Q9 and T6) without regularization (1 = 0) provide a reconstruction with higher spatial resolution, but the results
are noisier. When using the regularized reconstruction, smooth results with high spatial resolution are obtained.

To objectively quantify each filtering approach, the reconstruction error was computed as the absolute distance
between the reconstructed and ground truth data. In Fig. 6, the reconstruction errors are shown as boxplots,
grouped per frequency. Overall, Q4 or T3 elements (blue boxes) exhibit higher reconstruction errors and larger
spread compared to Q9 or T6 elements (orange and yellow boxes), indicating both greater error and increased
variability.

A two-sample t-test confirms that Q4 and T3 yield significantly higher mean reconstruction errors than Q9 (4 =
A or T6 (A =A%) (p <0.01), while variance testing shows that differences in noisiness also contribute to the
observed spread. For the rubber membrane data (Fig. 6A), at 1000 Hz, Q4 differs significantly from Q9 (4 = 1)
in both mean and variance (p < 0.01). In contrast, Q9 (1 = 0) and Q9 (1 = 1*) show no significant difference in
mean (p = 0.0539) but a significant difference in variance (p <0.01), indicating that regularization mainly reduces
noise without affecting the average error. At 2400 Hz and 3600 Hz, both the mean and variance differ
significantly across comparisons (p < 0.05), showing that regularization impacts both error magnitude and
variability at higher frequencies.

For the eardrum data (Fig. 6B), T3 shows significantly higher mean error and variance than T6 (4 = 1%) at all
frequencies (p < 0.01). Comparing T6 (4 = 0) and T6 (4 = 1*), no significant differences in mean or variance
are observed at 2000 Hz and 2500 Hz (p > 0.05), indicating similar performance. At 4000 Hz, the mean remains
unchanged (p = 0.4556), but variance differs significantly (p < 0.01), showing that regularization reduces noise
without affecting the average error. In all cases, reconstruction errors remain well below the noise amplitude of
5 nm.

Comparison of filter strategies on simulated data

Ground truth Noisy data QI (A=0 QI (A=

"N 7
N = —_— E}
I E - =
-3 — — | g
O = — = 2
M = = z
. ——— & R
T
Ground truth Noisy data
N
- -1
S g
S
é‘

Fig. 5. Comparison of filtering approaches applied to the simulated data of the rubber membrane (top row)
and the human eardrum (bottom row). The columns show the noisy input data (second column),
reconstructions using Q4 and T3 elements (third column), higher-order elements without regularization (Q9
and T6, A = 0; fourth column), and higher-order elements with regularization (A = A*; last column).
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Fig. 6. Comparison of the reconstruction error on the membrane data (A), and the eardrum data (B). Filtering
using Q4 or T3 elements (blue boxes) results in higher reconstruction errors compared to the Q9 or T6 element
(orange and yellow boxes). At 3600 Hz, the unregularized Q9 (4 = 0) result (orange box) has higher whiskers
than the Q4 (blue box), showing that higher order elements cause noisier reconstructions (A). The regularized
approach Q9 (4 = A%, yellow box) leads to the best reconstruction. For the eardrum, the same results are
observed (B).

Reconstructing OCT vibrometry data

Next, we applied the filtering procedure to the experimental OCT data shown in Fig. 4. For the rubber membrane
data, a mesh size of 1 mm yields an L-curve with a distinct transition between the data fidelity and regularization
regimes, consistent with the behavior observed in the simulated data (Fig. A2A). Coarser meshes produced more
gradually descending curves without a clearly distinguishable transition. This indicates that the 1 mm mesh
provides an appropriate balance between reconstruction accuracy and regularization at this spatial resolution.

Since rabbit eardrums are smaller than human eardrums, a finer discretization is expected. This is confirmed by
the L-curve analysis, where coarser meshes again result in a less distinct transition between the two competing
terms (Fig. A2B). Based on this analysis, we select a mesh size of 0.5 mm for further processing, noting that
nearby values (e.g. 0.7 mm) yield comparable L-curve behavior and do not significantly affect the reconstructed
results.

The filtered results are shown in Fig. 7 for the rubber membrane at 3000 Hz (top row), and for the rabbit eardrum
at 5400 Hz (bottom row). For the rubber membrane data, the Q4 interpolation (top row, second column) produces
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a reconstruction with lower spatial variability than the higher-order Q9 approaches, but also attenuates fine
spatial features. In contrast, the unregularized Q9 reconstruction (A = 0; top row, third column) exhibits
substantially larger variability than the regularized Q9 (A = A*) result. Statistical analysis confirms that both the
mean and variance differ significantly between these two reconstructions (p < 0.01), with the standard deviation
decreasing from 3.89 x 107 m in the unregularized case to 7.89 x 107'° m after regularization. The regularized
QO reconstruction maintains the fine spatial structure while substantially reducing the spread of the displacement
distribution. Similar trends are observed for the rabbit eardrum data (bottom row), where the standard deviation
decreases from 1.36 x 10° m to 3.79 x 107'* m with regularization (p < 0.01). Overall, these quantitative results
demonstrate that regularization reduces variability in the reconstructed displacement fields while preserving the
overall spatial reconstruction characteristics.

Comparison ofﬁlter strategies on experimental OCT data
Noisy OCT data Q9 (A=0) A=Y

Displacement (nm)

3000 Hz

ement. (nm)

5400 Hz

Fig. 7. Comparison of filters on the experimental data of the membrane (top) and the eardrum (bottom). For
the rubber membrane (top row), the Q4 filter yields a smooth reconstruction but at reduced spatial resolution.
The data filtered via the Q9 mesh without regularization (4 = 0) is quite noisy, while the regularized result is
smoother and has higher spatial resolution. For the eardrum data, we see similarly that the regularized T6 filter
(A = A7) leads to the best reconstruction. The dashed lines in the first column indicate data locations used in
the line plot of Fig. 8.

Since no ground truth data exists for the experimental data, we sought to compare the effects of different filters
using a relative comparison. Data were selected along a horizontal line with coordinates Y=0, as indicated in
Fig. 7, for both experiments. These data are presented in Fig. 8. For the membrane data at 3000 Hz, Fig. 8A, the
experimental data (grey spheres) contain three distinct local maxima. The Q4 filter (orange line) underestimates
these maxima, while the Q9 (A = 0) filter (yellow line) follows the overall shape more closely but shows increased
local oscillations. The Q9 (A = A*) filter (purple line) provides a smoother reconstruction while maintaining the
main features. Although visual differences between the Q9 filters are subtle, the statistical analysis described
previously indicated significant differences in both mean and variance.

For the rabbit eardrum at 5400 Hz (Fig. 8B), the experimental data (grey spheres) are more sparsely distributed
compared to the rubber membrane due to the thinner structure. The T3 filter (orange line) and T6 (A = A*) filter
(purple line) yield smooth and comparable reconstructions. In contrast, the T6 (A = 0) filter (yellow line) exhibits
pronounced oscillations along the profile, indicating increased sensitivity to noise with limited data. This
observation is supported by the statistical results reported for Fig. 7 showing significant differences in both mean
and variance, with the unregularized case exhibiting substantially higher variability.

11
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Fig. 8. Visualization of the OCT data (grey spheres) and the filtered output along a horizontal line Y=0 across
the surfaces. For the rubber membrane (A), the experimental data at 3000 Hz shows three distinct maxima.
The Q4 filter (orange) does not adequately capture this information. The regularized Q9 (4 = A*) filter (purple)
approximate the data the best. For the thin rabbit eardrum, there are less datapoints (grey spheres) available
(B). The T3 (orange) and T6 (4 = A*) filters show the smoothest approximation of the data. The T6 (1 = 0)
filter is heavily influenced by noise, partially due to the limited amount of data.

4. Discussion
This study investigated the application of regularized finite element reconstruction of OCT displacement data.

Simulated data demonstrated that regularized filtering with high-order polynomial shapes yielded the most
accurate displacement field reconstructions. At low displacement amplitudes, the poor signal-to-noise ratio
required filter regularization to prevent excessive noise in the results. Experimental OCT data were also analysed,
and both filtered displacement maps and inspections across a line on the surface indicated that the regularized
global filter perform better than unregularized low ordered shape functions. This study examined the efficacy of
several global finite element-based filters, excluding comparisons with other commonly used filters such as local
Gaussian averaging due to the following considerations:
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1. The present study focuses on a finite element—based reconstruction framework in which smoothness is
controlled through element order and regularization (via the L-curve), rather than through an explicitly
defined spatial kernel size. This makes the parameterization fundamentally different: Gaussian filtering
requires a chosen window size that directly sets the spatial cutoff, whereas in the proposed method
smoothness emerges from the basis functions and regularization strength within the reconstruction problem
itself. For this reason, a direct one-to-one comparison of parameter settings is not straightforward, even
though both approaches influence spatial gradients in a related way.

2. Comparing local and global filters has been done before on other types of datasets, and the general consensus
is that global filtering leads to more accurate result [17,20,21,23]. However, much less literature exists on
regularized global filters. To the best of the authors knowledge, no paper has explored the use of global
filtering on OCT vibrometry data, especially not including a regularized approach.

3. The result of global finite element filtering is a finite element mesh with nodal displacement values. These
data can be readily compared to finite element models, enabling material characterization and accurate test-
design-built cycles. Such an approach can be a powerful tool in developing robust data inspection pipelines.

We acknowledge that investigating a wider range of filter strategies would be valuable, but this is beyond the
scope of the present paper.

One current limitation of global approaches is the requirement to generate suitable finite element meshes to use
as filters. Evidently, mesh-quality directly influences the accuracy of the resulting displacement fields [40] From
the OCT segmentations, the meshes for the rubber membrane could be easily constructed. The rabbit eardrum,
however, has regions of only 30 pum thick [31]. Therefore, the initial mesh was quite noisy, and some additional
steps such as Gaussian smoothing of the spatial coordinates and remeshing were required to generate a suitable
mesh for interpolation. In future work, it could be convenient to generate a mesh-template which is then mapped
onto the specific OCT dataset. Moreover, segmenting OCT data has been semi-automated using machine
learning approaches [41,42]. Mesh generation could also be improved in this manner, provided a large enough
training dataset can be acquired [43].

Although visualization of the L-curves is a convenient way to select the optimal mesh size and corresponding
filter strength, there is still some level of subjectivity. The simulated data showed a clear L-curve, see Fig. Al.
The experimental membrane data showed a clear L-curve, see Fig. A2 (A). However, the eardrum data’s L-curve
was not sharply defined for any of the mesh sizes studied, see Fig. A2 (B), presumably due to the low spatial
density of the thin eardrum’s OCT data. To check the robustness of our results, we varied the regularization
strength A around their selected values and found no significant changes to our results. Therefore, even when the
L-curve is not well-defined, a sub-optimal choice still leads to significant noise reduction and accurate
reconstructions.

One future improvement to make the A selection more objective might be to compute the curvature of the L-
curve, since the A value resulting in maximal curvature corresponds to the location of the bend [25,44]. An
alternative is to reformulate Eq. (8) as a constrained optimization problem [24], which can also enable automatic
A selection. Since this paper explored if (regularized) finite element approximation was a viable filter strategy
for OCT data, we explicitly constructed the L-curve to inspect the optimal element size and smoothing strength
A, as was done in [23]. Therefore, an interesting future research goal might be to automate both the element size
and A selection at once.
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While individual noise components such as shot noise and phase jitter are inherently non-Gaussian at the OCT
voxel level, the application of Tikhonov regularization remains statistically sound due to the signal processing
workflow. Because the displacement amplitude is derived via the Fourier transform of the temporal samples, the
resulting aggregate noise term approximates a Gaussian distribution according to the Central Limit Theorem.
Furthermore, the second-order derivative regularization serves as an effective spatial low-pass filter, penalizing
high-frequency "spikes" and uncorrelated fluctuations. This ensures the reconstructed field maintains the spatial
continuity expected of biological tissues, regardless of the underlying noise distribution, and explains the
significant reduction in variance observed in our results (p < 0.01).

The proposed method and OCT setup show limitations in the high-frequency regime, where both simulations
and experiments indicate that regularization becomes essential for suppressing noise. While regularization
improves data reconstruction, the approach remains sensitive to acquisition constraints at high frequencies and
low vibration amplitudes. This limitation is particularly evident in thinner structures such as the eardrum, where
reduced signal levels due to optical transparency degrade data quality. These findings suggest that performance
may decline in applications involving small-amplitude, high-frequency motion. Future improvements should
therefore focus on increasing temporal sampling rates (e.g., below 5 ps) and employing OCT systems with
shorter central wavelengths to enhance both temporal and spatial resolution, combined with regularized data
filtering to maximize data fidelity.

The proposed framework is not limited to middle ear applications and may be extended to other biomedical
contexts involving small-amplitude vibrations. Potential applications include ophthalmology (e.g., corneal or
retinal motion) and cardiovascular biomechanics (e.g., vessel wall dynamics). In such cases, a separate L-curve
analysis will need to be performed to determine the optimal mesh size and regularization strength. Nonetheless,
the underlying approach to spatially regularized reconstruction remains directly applicable.

5. Conclusion
This work demonstrates the first successful application of regularized finite-element (FE) global reconstruction

to OCT vibrometry. The approach effectively suppresses measurement noise and recovers continuous
displacement fields with high spatial fidelity. Through simulations and experimental validation on a vibrating
membrane and a rabbit eardrum, we show that regularized higher-order FE filters outperform low-order and
unregularized methods in terms of smoothness, spatial resolution, and quantitative accuracy.

A central strength of the method is its objective parameter selection: mesh size, shape-function order, and
regularization strength can all be determined via L-curve analysis, removing subjective tuning and enabling
reproducible post-processing. While widely applicable to full-field displacement measurements, the technique is
particularly well suited for hearing research, where resolving nanometer-scale, frequency-dependent eardrum
motion is essential. By enabling robust and quantitative reconstruction, this method has the potential to advance
diagnostic assessment of middle-ear disorders and improve the validation of biomechanical ear models. Future
work will focus on automating mesh generation and L-curve evaluation to streamline integration into clinical
and experimental workflows.
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