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ABSTRACT

REDUCING POSITIONAL UNCERTAINTY IN FTIR-TOMOGRAPHY DATA
ACQUISITION WITH AUTOMATION AND MACHINE LEARNING

by
Sugato Ray

The University of Wisconsin-Milwaukee, 2023

Under the Supervision of Professor Carol Hirschmugl
Fourier Transform Infrared Micro-Spectroscopy (FTIR-MS) is an advanced analytical method
employed to examine materials’ molecular structure and chemical composition at a microscopic
level. By merging the principles of infrared spectroscopy and microscopy, it offers
comprehensive insights into the molecular vibrations within a sample. The key components are:
(1) infrared spectroscopy which involves analyzing the interaction of infrared light with
molecules, (ii) Fourier Transform allows the conversion of a time-domain signal into its
frequency-domain representation. In FTIR, an interferogram is obtained, which contains
information about the different frequencies present. In summary, FTIR-MS considers infrared
spectroscopy to enable the analysis of molecular vibrations and chemical composition at a
microscopic level. Whereas tomography is a method of imaging that generates precise, cross-
sectional images or slices of an object or sample. By reconstructing collected data, it enables the
visualization of internal structures and characteristics of the object. During tomography, the
object is measured or imaged from multiple angles, capturing various projections. This study

focuses on developing the capability to accurately capture imaging data with FTIR-MS meant for



downstream 3D reconstruction with CT. The focus of this study is on measurement of the data
and not on the CT-based reconstruction of the acquired FTIR-MS data. The aim is to measure
dataset for downstream CT or Limited Angle Computed Tomography (LACT) using FTIR-MS
by correcting the positioning problem primarily in the following three steps — (i) lab automation
using real-time positioning correction method, (ii) using feature engineering through the use of
Principal Component Analysis (PCA) to find the “edge” of the sample and the background, and
(iii) microloop’s center detection using two methodologies. A Heuristic Solution is adopted to
detect the center by exploiting the microloop’s geometry and the other solution involved image
segmentation on synthetic data using Deep Learning (DL) based solution to identify the
microloop’s center. To approach a DL based solution, synthetic dataset was generated using
variations in microloop structure, sample location and sample shape/size. The UNet based DL
model was only trained on synthetic data and had no exposure to the original IR Tomo Data

measured in the lab.
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1. Introduction

Atomic state transitions are features of visible light; however, molecular vibrations are associated
with infrared (IR) radiation. In recent years, IR has been widely used in spectroscopic techniques.
One of the ways of studying the molecular vibrations in IR is by considering the interactions across
the wavelengths. Wilbur Kaye in the 1950s pioneered the use of IR spectroscopy when the near-
infrared spectrum was tested. Later in the 1960’s, Karl Norris popularized the use of IR
spectroscopy in the analytical world [1]. However, the discovery of Fellgett's advantage
(measurements where there exist an increased signal-to-noise ratios (SNR)) in early 1970’s and
Fourier transformation made utilization of IR spectroscopy possible [2]. Since then, Fourier-
transform infrared (FTIR) spectroscopy has been an instrumental tool for IR spectroscopy [3], [4],

[5] and IR spectroscopy is a crucial tool for studying the structure of a variety of objects.

In 1972, Godfrey Hounsfield and Allan Cormack invented the Computed Tomography (CT)
scanner. CT is used for non-invasive 3D reconstruction of an object of interest. Using a
combination of computer technology and X-rays, CT produces images of the inside of an object
(often, parts of human body). This study focuses on developing the capability to accurately capture
imaging data with FTIR-MS meant for downstream 3D reconstruction with CT. The aim is to
measure dataset for CT or Limited Angle Computed Tomography (LACT) using FTIR-MS. A
custom-made stage for tomography was necessary for precise and reproducible sample rotation
and translation under the FTIR microscope and within a tight space of a cube of about 3.5 cm
sides. The design of the stage (henceforth referred to as TomoStage) required 6 degrees of freedom
(dof) with 3 translational and 3 rotational axes. These 6 dofs were necessary to allow for the

complex set of motion necessary to measure data for both CT and LACT experiments.



Hirschmugl lab had previously published a study of generating 3D reconstruction of biological
sample(s) from more coarse measurements of tomography data, limited by the precision of the
gantry stage (made with parts from National Instrument) used for sample rotation [6]. This
provided a foundation for developing FTIR-MS based CT reconstruction with more precise
capabilities of sample rotation.

The internal-chemistry of a sample can be inferred from Fourier Transform Infrared (FTIR) micro-
spectroscopy (MS) imaging, which help in biological studies such as diabatic retinopathy (DR)
[71, [8].

It is well known that Hyper Spectral Imaging (HSI) provides a suitable amalgamation of both
microscopy and spectroscopy for biological studies [9]. One such HSI technique, FTIR-MS can
be used to study the 2D-spatial distribution of chemistry on a sample [10] by evaluating the
refractive index (RI) distribution inside the sample [11]. The spectra for a thin film of homogenous
RI distribution inside will look much different from that of a spherical object with the same
homogenous RI owing to the EM normal modes inside the object [11]. Add to the mix, the effects
of optics and the spectra could look further different owing to the Optical Transfer Function (OTF)
of the microscope. The measured FTIR spectra of an object often consists of contributions from
absorption, reflection and scattering [12], [10], [13], [14], [15]. Elastic scattering resulting from
the spatial inhomogeneity introduces broad undulating background to spectra [16]. Scattering
correction has been implemented for IR spectra to extract biologically relevant information [13],
[14], [15]. When combined, FTIR micro-spectroscopy and Tomography could yield a non-
destructive method to study the volumetric chemical composition within the sample [6]. However,

Computed Tomography (CT) assumes minimal to no scattering for each of the 2D projection



images and a linear ray-path. Diffraction Tomography (DT) considers bending of light inside the
sample for constructing the internal RI distribution [17].

The contribution of this research work is three-fold. First, a custom-made retractable platform (RP)
was developed so that the equipment (TomoStage) can be mounted on and off the FTIR
microscope as and when necessary, allowing for measurements with other kinds of sample
mounting stage possible without imposing any operational constraints. There was an additional
requirement of the RP to allow for smooth operation with minimal to zero maintenance over a
prolonged period (spanning over years), despite accumulation of dust and dirt/grease. The design
of the RP, procurement of parts and tooling was done in the Physics Department machining shop
on campus. Once the RP was available, the first measurement with the TomoStage revealed that
any sample mounted on the stage was observed to effectively move outside the field-of-view (FoV)
and that not all the 3 rotational axes could be used for sample rotational purposes due to lack of
precision or reproducibility.

The Hirschmugl Lab had a script (using Brucker’s proprietary scripting technology) to operate the
Bruker Hyperion 3000 microscope that allowed them to capture tomography and other datasets
(TomoData) in an automated fashion. However, a system upgrade to the Bruker microscope by the
manufacturer rendered the previous automation scripts unworkable. This effectively curbed all
automated measurement capabilities that could be reliably performed. Thus, we created an in-
house automation of all the lab-equipment using Autolt to complete Lab Automation. Autolt is a
test automation framework which allows one to quickly prototype automation by using Graphical
User Interface (GUI) or Command Line Interface (CLI) automation. After rigorous efforts to
control various equipment, including the microscope, light-sources, network-attached-storage,

cryogenic-LN2-pump, old tomography stage, etc., a lab automation suite was developed.



Studying the three axes of rotation and understanding the error that happens in a scale of microns
to millimeters for a sample that is typically one-tenth of the thickness of human hair (~100
microns) was crucial. The challenge was to understand the motion of the object by observing the
object only under the microscope, while the location of the object was not known a-priori and the
only means of observing the object under the microscope was by trial and error.

Additionally, since the TomoStage was under warranty from the manufacturer, we could not afford
to have made any modifications inside the equipment, even if we had the necessary skillset to work
with piezoelectric motors. Software automation was the only way to fix the problem— any direct
hardware modification was out of scope. The ab-initio home-grown Lab Automation suite, called
AutoLab consists of multiple modules, each used for automating/controlling different aspects or
equipment of the lab. The module written for measuring TomoDataset provides means to
autocorrect the position of the sample mounted on the TomoStage after each rotation. The solution
for this was engineered so that the initial setup can be completed between 30 — 45 minutes and
then the automated FTIR measurements will continue running. For the rest of the FTIR
measurement (which could run for over 12 hours), the automated module keeps correcting the
position of the sample and then runs FTIR imaging. For diagnostics detailed logfiles are also
created, which helps in case the experiment fails for some reason.

This was first achieved with micromeshes (resembling tennis rackets) measuring 300 microns
across and using a 4x objective. Once the 4x objective showed promising results with the
micromeshes, we measured a microloop (50-micron diameter) using visible light.

However, when FTIR images were compared against visual light (Vis) based measurements, the
Vis images seemed to move in the plane of the images, whereas the IR images did not share any

such characteristics. The only possible reason behind this was the Vis Camera was probably



shaking while measurements. On the other hand, when sinograms were constructed with the IR
data, we observed that the sinograms were jagged and the jaggedness only suggested the projection
images being non-centered about the axis of rotation. Thus, even though the Lab Automation
driven positioning correction did yield about 1000 times better correction in positioning the
sample, the quality of the jagged sinogram was yet not acceptable for downstream consumption
by a CT algorithm and reconstruct the object of interest non-invasively.

Second, Post Image-acquisition Positioning Restoration (PIPR: pronounced as piper). Since
visible light images were observed to move in the plane of the image, they could not be of any use
for positioning correction. The establishment of an acceptable ground truth of what exact change
will set the projections align about the same axis of rotation and smoothen the jagged sinograms
as a result was necessary. One observation was that given all the images are offset such that the
center of the microloop in all the projections coincides, it will effectively ensure a common axis
of rotation passing through the microloop’s center in all projections and through the plane of the
image and typically through the microloop’s holder. Using Feature Engineering, specifically,
Principal Component Analysis (PCA), we tested this hypothesis by manually identifying the
microloop centers in each projection and noting their coordinates. Finally, coinciding the
projection images’ microloop centers effectively placed them on the same axis of rotation.

The next logical step was to develop an automated method of identifying the microloop centers in
the projections. To start with, a heuristic method of exploiting the circular or elliptical geometry
of the microloop in a projection, based on the angle of projection was applied. This approach
worked in almost 90% of the projections. But had its limitation when the cross-section of the
microloop hardly resembled an ellipse. So, there was an improvement needed over the heuristic

method. Third, prediction of which pixels in the image belonged to the microloop and not to the



sample alone or the background. This is a classic scenario, where given an input X, one is trying
to map it to another space with an output of Y. Deep Learning models typically are good at this
kind of problem scenarios, given we have enough training data with a healthy proportion of unique
variations in the features, so that the model can learn to generalize.

If the data to train the DL model already existed, then there was nothing to solve for as the perfect
data is already available; or, if there is no data, then the DL model cannot be trained. Scenarios
like this can often be circumvented by generating synthetic training data such that it closely
resembles the real-world scenario. We used Computer Aided Design (CAD) to generate
parametrized synthetic datasets of sample and microloop assemblies were derived. The datasets
thus produced were used to train a UNet [18] based DL image segmentation model, which can
predict the pixels in the image that belong to the loop portion of the microloop. Given these pixels’
positions, a centroid of those positions will yield the position of the microloop’s center in that
projection.

To summarize, this thesis aims on developing the capability to accurately capture imaging data for
tomography with FTIR-MS, correcting the positioning problem primarily in three steps — (i) lab
automation assisted using real-time positioning correction, (ii), feature engineering and object

image mask generation and (iii) Deep Learning based solution to identify microloop’s center.

A flowchart is provided in the next two pages summarizing the salient points of this
thesis.




1.1. Summary Flowchart

Objective | wp | FTIR-MS-TOMOGRAPHY Dataset Acquisition
\ ) J
| |

The instrument A stage from
already existed in SmarAct Gmbh (called
the laboratory. TomoStage) was bought.

¥

A Retractable Platform (RP) was custom made for FTIR-MS and TomoStage
to work together.

$

Problem: Due to engineering design limitations, TomoStage could not meet the
research criteria.

m Difficulties:

1. Microscope system upgrade invalidated previously functional automation
script. So, new automation was necessary for automated microscope
measurement.

2. The TomoStage was supposed to keep the object of measurement in the field of
view. However, the object was out of focus.

3. To preserve factory warranty, no hardware changes could be done to the
TomoStage. So, only option was at the software level.

4. Out of the three rotational axes, only one (the phi rotation) was functioning

$

Lab Automation:
Automate measurements --
1. with microscope.
2. with TomoStage.

4

Solutions:
Automated script for functioning of the microscope positioning.
Algorithm for ideal axis of rotation for phi rotation (the TomoStage).
Controlled stage rotation.
Imaging process is functional now.
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Observations:
The sinogram from the images had jitter.
The micro loop was not stable in visible light. However, it was stable under IR
imaging.

$

Challenges:
Images often had challenges such as, diffraction, scattering, out of focus pixels.
Jitters in sinogram needed correction before the dataset could be used for
tomographic reconstruction.

£

W N

Ground Truth Determination:
A manual process of finding the center of the micro loop was adopted.
All points were labelled to find the micro loop center (MLC).
Automation to find the MLC.
Single tomo data projection dimension was: 128 x 128 x 770. There were 770
wavelengths for the IR measurements.

£

Feature Engineering:
Method of “edge” detection = Principal Component Analysis (PCA) was used
to find the edge of the assembly (micro locp + sample).
a. Data dimension reduced from 128 x 128 x 770 to 128 x 128.

£

0
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Synthetic Dataset Generation for Deep Learning (DL):
2D image datasets produced with parametric CAD generated synthetic 3D
microloop and 3D sample.
Variations in microloop structure, sample location and sample shape/size were
used to enrich the synthetic dataset.
Image augmentations were used to further enrich the training dataset for DL.
The UNet based DL model was only trained on synthetic data and had no
exposure to the original IR Tomeo Data measured in the lab.

£

Microloop Center Detection:
Heuristic Solution: Center detection by exploiting the microloop’s geometry.
Deep Learning (DL): Center detection using image segmentation on synthetic
data.




1.2. Why FTIR Micro-Spectro-Tomography?

Fourier Transform Infrared (FTIR) micro-spectroscopy is an emerging technique for the
biochemical analysis of tissues and cellular materials [19]. FTIR spectroscopy serves as an
analytical method employed for the identification of functional groups within both organic and
inorganic compounds. This is achieved by assessing their absorption of infrared radiation across a

spectrum of wavelengths, as outlined in studies by Smith [20] and Margaris [21].
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Figure 1: The Big Picture - Why FTIR Micro-Spectro-Tomography?

High energy electromagnetic (EM) exposure, such as from the use of if X-rays could damage
biological tissue, as the EM-wave travels through the tissue [22, p. 5]. An alternative to using such
high energy EM wave, is to use relatively low energy infrared light source. The relatively low
energy of IR makes it less harmful for biological tissue [23]. While this is a benefit of using IR
light source to image a biological sample, there is no free lunch: since most biological cells are

typically ~ 1 — 100 um [24]. Since the wavelength of the IR light source (mid-Infrared) that we



use in our experiments ranges between 2.5 microns to 20 microns, and that is also comparable to
the size of the biological cells, this causes light to bend: which is also known as dispersion.
Refractive Index (RI) is typically a complex quantity, whose real part is associated with refraction
and hence scattering. On the other hand, the imaginary part of Rl is related to any attenuation as
the EM wave travels through a medium. Thus, the imaginary part is related to the absorption in a
medium [4, pp. 382-435].

The energy band of IR electro-magnetic wave excites the vibrational modes of the molecules. For
FTIR to work the infrared absorption must manifest through the change in the electric dipole
moment of the molecule. This is called the selection rule of infrared spectroscopy [3, p. 5]. The
interactions of infrared radiation with matter may be understood in terms of changes in molecular
dipoles associated with vibrations and rotations [3, p. 6]. Under the sinusoidal driving force from
the EM wave, the molecules could undergo stretching or bending, which is typically known as
vibration. IR Spectroscopy helps measure these vibrations and hence is also called vibrational
spectroscopy [3, p. 8].

FTIR Micro-Spectro-Tomography uses multiple projections of the sample of interest (Sol), where
each projection comprises of multiple images (2D data) of the Sol, measured using various infrared
wavelengths. These 2D images are essentially absorbance spectra corresponding to a cross-
sectional area under the microscope. A Computed Tomography (CT) algorithm then transforms
(reconstructs) the 2D absorbance information into a 3D absorbance hyper spectral cube (HSC).
The Beer-Lambert law provides a relationship between the amount of absorption and the thickness
of the sample [3, pp. 57-59]. It states that absorbance is directly proportional to the thickness and
concentration of the sample.

A = ecl

10



Where, A = absorbance, ¢ = molar concentration, | = path length of the sample (thickness), and

€ = molar absorptivity.

The Beer-Lambert law could then be used to transform the 3D absorbance cube into a 3D complex
refractive index cube. The 3D distribution of complex refractive index could help identify the type
of biological material in a tissue.

As an example of how this method could be useful, say you have cancerous tissue embedded in an
otherwise healthy tissue. The area where cancer has metastasized will have similar biological
matter, but with higher concentration. For the same material (€), and same sample thickness (1), a
higher concentration should yield a higher absorption (and vice versa). However, if the type of
material happens to be different, then the corresponding absorption peak will also move

horizontally, in the absorbance spectra.
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2. Lab Automation

Blacksmiths played an important role during the Middle Ages. They served as a major engineering
source of talent for practicing and evolving critical technology, that ultimately decided if a certain
kingdom had the necessary weapons or technology to establish its predominance or ward off
intruders. They were forging the tools that would be used during peacetime or wartime. However,
they had other set of tools to that enabled them to forge the end-product (weapons/tools) they

produced for consumption by the public or the army.

Today, scientific progress rides on the advancement of various technologies and the use of
software is pervasive in managing and building the technological infrastructure that in turn
supports the core infrastructures. The role played over 1000 years ago by the blacksmiths are often
bourn by engineers today and because software is controlling systems everywhere, software
engineers also play a very important role today. For scientific laboratories, where resources are
often limited and human attrition is high, the only way to scale up their capabilities could often
depend on automating their processes. The reusable and scalable lab automation strategies that we
have adopted could be open-sourced in future and shared with the scientific community for the

greater good.

The laboratory measurements involve controlling multiple equipment, primarily including an
FTIR Microscope, a tomography stage (SmarGon) and a liquid nitrogen (LN2) pump. The
individual measurements could range from a few minutes to close to an hour, depending on the

type of sample and the type of infrared (IR) source used. For tomography we may need 180 to 360
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measurements, which could run for hours and sometime over multiple days. This clearly meant we

needed automation for our lab measurements.

Significance and Benefits of Automation:

e Minimum human interference/involvement — lower personnel cost.

Faster completion of tasks — higher productivity.

Greater consistency — better repeatability.

Structured oversight with output-log files = more documented transparency.

Greater control — technologically advanced.

At present, we are using Globar as a broadband IR source. The imaging scheme for tomographic
application involves measurements with both IR and visible light (VIS) for each angular-
projection. The Bruker Hyperion 3000 FTIR Microscope uses a Focal Plane Array (FPA) detector
and the operating temperature of the detector needs to be maintained at 84 K. The Norhof LN2
pump is used to inject liquid nitrogen into a tank onboard the microscope to keep the FPA at 84
K. Previously we used a National Instruments made tomography stage (NStruct) for tomography
measurements. NStruct had manual setup for any translational motion and any subsequent setup
was completely manual. It had a rotary stage mounted on top of the manual translational stages.
Compared to NStruct, SmarGon is a rather accurate and advanced stage with both translational
and rotational capabilities. There are three translational axes and three rotational axes onboard
SmarGon. As a part of lab automation, each instrument is controlled by a dedicated module. A
module is a group of custom functions written to control a specific instrument. For a list of lab-

instruments refer to Table 2.
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Table 1: A Few of the Key Building Blocks of Autolt for Rapid Prototyping of Workflow

Common Windows User Tasks Autolt Functions

* Do a mouse click (left, right) MousecClick(), ControlClick()

* Type something in an editable space Send(), ControlSetText()

* Cut, Copy and Paste something Send(CTRL+X/C/V), ClipGet(),

ClipPut(), ControlGetText()

* Select a menu-option with mouse or with Send(sequence of key strokes as
command you would to access the menu)

* Access different open windows (minimize, WinActivate(window name),
maximize, select, reposition/move a window) WinMove()

2.1. The Need for GUI Automation

All the instruments came along with their respective vendor-software and a user can operate
these instruments via the graphical user interfaces (GUIs). The operating workflow for these
instruments via their GUIs were already known and no other dedicated command-line interface

was available. Thus, primarily any form of automation needed to happen on top of the GUIs.
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2.2. The Choice of Primary Programing Language

The necessity of GUI automation in a Windows environment led to the use of a programing
language called Autolt [25]. A freeware BASIC-like scripting language designed for GUI
automation and general-purpose scripting in a Windows environment, Autolt [26], uses a
combination of simulated keystrokes, mouse movements and window/control manipulation to
facilitate automation in a reliable manner. Table 1 provides a few examples of simple one-line

functions for GUI automation using Autolt.

Why Autolt?

* Mimics a human user.

* Interacts with software as a dummy user.

+ Can interact with hardware: through command-line.

« It's FREE.

« Exists since 1999 — Programming language maturity.

« Aot of user-defined-functions (UDFs as libraries) exist.

« Autolt supports python: can be imported for python coding.

+ Autolt forums are available for discussing technical challenges
faced with Autolt programming - Community Support.

Autolt

Autolt v3 is a freeware BASIC-like scripting language
designed for automating the Windows GUI and general
scripting. It uses a combination of simulated keystrokes,
mouse movement and window/control manipulation in
order to automate tasks in a way not possible or reliable
with other languages.

Figure 2: Why Autolt?

A set of most important features that make Autolt a favorable candidate for lab-
automation in Windows OS.

Autolt has been used to construct low-cost laboratory automation processes and it has been

observed that it has low entry bar allowing new users of Autolt to learn and apply it quickly [27].
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2.3. Mode of Interaction Between Autolt and Hardware

Autolt can either directly interact with the hardware through some command line interface (CL1I)
or it could access the hardware via the vendor/manufacturer provided software GUI. A schematic
diagram of this mechanism has been provided in Figure 3. The following table (Table 2) provides
a list of the instrument/components along with their respective mode of interaction.

Table 2: Mode of Interaction Between Autolt and Hardware

1 FTIR Microscope GUI
2 IR Source GUI
3 NStruct Tomography Stage GUI
4 SmarGon Stage GUI
5 Norhof LN2 Pump GUI
6 ICCapure Visible Light Imaging Utility GUI
7 LAN Control CLI
8 Data Synchronization CLI

16



AUTOIT Code

Vendor Software
(GUI)

Hardware

Figure 3: Lab Automation using Autolt.

The hardware can be controlled by Autolt either through a command line interface (CLI) or automation of a
graphical user interface (GUI) provided by the vendor/manufacturer.

2.4. Modules

Several Autolt modules were developed to support various kinds of operations. Each module
provides some custom user defined functions (UDFs). The following table (Table 3) provides an

alphabetically ordered list of the modules.

Summary: Total 16 Modules with 8.5k lines of code and a total of 232 functions.

Table 3 shares a summary about the Autolt modules created for enabling lab automation and rapid

prototyping.
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3. Automated Tomography Measurements
With Hardware Positioning Correction

Current Operational Status:

The TomoStage (SmarGon) poses some significant challenges for rotational motion in keeping the
sample steady under the microscope. We are currently calibrating the stage to algorithmically
predict the position of the sample in space during rotation and bring it back under the focal point

of the microscope for imaging.

3.1. Equipment Details

Equipment: SmarAct Stage (SmarGon) for Tomography/Laminography.
Manufacturer: SmarAct Gmbh.

Received: Jan-2018

3.2. Purpose of the Stage

Acquire FTIR-MS measurements for CT or LACT.
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The intended use of the stage is to control translation and rotation of the sample with micron
level precision for translation and milli-degree precision for rotation about certain axes. Such
precise movements will enable accurate measurements in the FTIR micro-spectroscopy system

to yield precision driven Tomography and future developments of Laminography.

X

Figure 4: SmarGon axes for translation (x, y, z) and rotation (phi, chi, omega).

The IR/visible light beam is directed along the y-axis. The sphere of confusion (SoC) for
the w-rotation is the least (1 um) compare to y-rotation (7 um) and ¢-rotation (10 um). The
least count ability of each of the three rotational axes is 1 milli degree. The accuracy for
translational motion along all the three axes (x,y,z) is 1 nm. The yellow arrow shows the
direction of IR beam.

3.3. Description of the Stage

The TomoStage (SmarGon) is equipped with piezo-controlled nanometer precision X, Y, Z
motion. It also has three rotational motors with their precision ranging between 1 ym to 10 um
sphere-of-confusion:

e Omega (w) Rotation: rotation about X-axis (most precise motion in rotational motors).
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e Chi (x) Rotation: rotation about Z-axis.

e Phi (¢) Rotation: rotation about an axis as shown in Figure 4.

3.4. Equipment Delivery Delay from Vendor/Manufacturer

The customized TomoStage (SmarGon) was ordered in Jan-2017 and according to the vendor bid,
the delivery was expected by May 2017. The equipment was finally delivered in January 2018

owing to delay caused by the vendor/manufacturer.

3.5. Establishing Operational Compatibility in Lab

The stage (SmarGon) was not compatible for direct integration with the existing equipment in the
lab. As it turned out, the vendor had manufactured SmarGon with certain assumptions about the
operational height difference between the microscope and the optical table acting as the universal

base for all lab equipment. We needed a custom-made platform which could support SmarGon and

FTIR SmarGon
Microscope (stage)

¥ 4

¢ iv
X Z: into the

plane ®

Focal
Point

Custom-made Platform

Optical Table

Figure 5: Schematic diagram of the microscope, the SmarGon stage and the custom-made platform

travel both in X and Z directions as shown in Figure 5. The custom-made platform was assembled
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in the Physics Dept. machine-shop and was ready by the end of February 2018. The subsequent
tests with SmarGon made it clear that using this equipment will require addressing some additional

challenges.
3.6. Challenges faced with Operation of SmarGon

3.6.1. SmarGon does not have an absolute global translational reference frame

The entire assembly is mounted on a vertical platform attached to a tower. The vertical platform
rotates about x-axis during omega-rotation. This makes the sample effectively translate to a
different point in space under omega-rotation. Since, there is no global x,y,z translational
capability available which is also uncoupled from omega-rotation, any translation using the
onboard x/y/z axes amount to moving in the relative frame of reference of the rotating stage.
3.6.2. Sample translates to outside Field-of-View during rotation

It was observed that both for the phi and omega rotation the sample rotates about the axis of
rotation with some effective radius of rotation and hence moves outside the Field of View (FOV).
The focal point is a point in 3D space under the FOV. Once the sample moves away from the focal
point, it needs some compensatory translation to get back under the FOV at the focal point. The
solutions for achieving this for phi and omega rotation are quite different from each other. As they
come with certain benefits, rotation about phi and omega axes also present certain challenges and
there are pros and cons to using one of them as opposed to the other. This will be explained in the

subsequent sections.
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3.7. Phi Rotation

The phi-rotation theoretically should be equivalent to the omega-rotation when there is no chi-
rotation. Additionally, the phi-rotation is uncoupled from the onboard x, y, z translations. Thus,
phi-rotation for no chi-rotation and no omega-rotation, effectively becomes a good test case that
mimics the intended behavior of the stage for tomography. To test if rotation followed by
compensatory translation calculated with algorithmic corrections could yield the desired rotation
of the sample under the microscope, the sample was rotated with phi-rotation. It was observed that
the sample moves through space during phi-rotation, instead of rotating about a point of interest
inside the Field-of-View. We tested a proof-of-concept to address this problem:

1. Rotate about phi

2. Predict rotated position

3. Translate to the predicted position
This brought the sample back under the microscope for all the angular rotations with phi-axis. But
it must also be noted that the accuracy of phi rotation is inferior to omega and chi rotation. We
intend to use omega and chi separately, for Laminography and preferably omega alone for
Tomography. This led us to our next logical step: we started implementing the same tactic for

omega-rotation.

3.7.1. Key lessons from studying Phi-rotation
1. Phi-axis with Omega=0 and Chi=0.
2. Rotation axis is same as x-axis.
3. When sample is mounted using MiTeGen [28] mount, an arbitrary radius vector
exists from rotation axis to the point of observation.

23



4. Rotation effectively translates the sample in space and away from the focal point.
So, Rotation followed by compensating Translation can be used to bring the sample
back under microscope focal point.

5. We want to Image the sample with its center being at the focal point. This
necessitates the knowledge about the thickness of the sample and the focal position
of the top-surface (Phi=0) and bottom-surface (Phi=180).

6. Predict the position of the sample in 3D space and then translate to that point before

Imaging.

3.7.1. Methods

The phi-rotation being independent from the translation (x, y, z), absolute movements during ¢-
rotation are possible using SmarGon. This effectively reduces the number of steps required for
tomography dataset. Also, the relationship between top, bottom and middle layer of the sample

are different for ¢-rotation compared to that for w-rotation. Refer to Figure 6 for this section.

Method Outline
1. Acquire position of point P, (6 = 0°) and P_(# = 180°) as shown in. Here “position” means the

6-coordinates’ position of a specific point in the order: A, B, C, X, Y, Z.
2. Note 1:
a. Rotation axes: A = Omega, B = Phi, C = Chi.
b. Translation axes: X, Y, Z.
c. Fortomography, set A=0and C =0.
d. Thus for P, (8) will have the form: (A0 B? C0O X? Y? Z?).

e. The user needs to provide only for the coordinates with an accompanying “?”.
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3. Note 2:

a. For quadrants Q1 and Q4 only the upper surface is visible to the detectors.

b. For quadrants Q2 and Q3 only the lower surface is visible to the detectors.

c. The object is essentially rotated about its center (t distance away from both surfaces).

d. The microscope is focused at the top surface at point-A, (A, = P,.(0 = 0°)) to begin
with, which essentially traverses a circular trajectory of radius t around the center of
rotation, and passes through the point-C_ (C_ = P_(8 = 180°)) when the object gets
upside down.

4. Note 3:

a. There are four sets of conjugate-pair of points: (A,,4_), (B,,B_), (C,,C_), (D,,D_).

b. These points represent upper and lower surface points for 6 = 0°,90°,180°,270°
respectively.

c. These points are different from the axes labels: A (omega), B (Phi), C (Chi), X, Y, Z.

5. Measure the thickness (2t) of the tomographic sample at 8 = 90° and 270°. Use the average of

these two measured values of thickness as the measured thickness to use in subsequent calculations.

(2t)gge + (2t) 2700
a. (Zt)measured =20 =2t

2
6. Calculate position of the points on the other surfaces at both positions (6 = 0°,180°).
a. For P_(0 = 0°): Point-A_
eY_(0=0°=Y,(6=0°—2t
e X_(6=0°=X_(6 =180°
e Correction for Z_(6 = 0°) is yet to be determined (WIP: Work-In-Progress). But
this is not essential for current measurement requirements.

b. For P,(6 = 180°): Point-C,.

e Y, (0 =180° =Y_(6 =180°) — 2t
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7.

8.

10.

11.

e X, (0 =180 = X,(0 = 0°
e Correction for Z, (6 = 180°) is yet to be determined (WIP). But this is not
essential for current measurement requirements.

Calculate the circular trajectory of the point midway through the sample’s thickness.
If in future we require to predict the trajectory of the inner circle of all P_(@) points (red line) or,
the outer circle of all P(0) points (blue line), we will develop the algorithm accordingly. It is not
required as of now.
Finally, the circular trajectory through the center of the sample (at a distance t from either surface)
is calculated and SmarGon motion program code is generated for the user to test it manually.
The final predicted trajectory places the focal point at the midway through the sample’s thickness.
Any point thus tracked ensures that the sample is back under the field of view after each rotation.
Since the point of interest on the sample is geometrically constrained to move with the sample,
predicting the circular trajectory of that point alone elegantly solves the requirement of placing the
sample under the field of view, while centering around the point-of-interest.
Once the user verifies that the trajectory prediction works reasonably well, the generated SmarGon

code file can be used for unattended automated measurements.
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Right_handed P, (8) = A point on the top surface for angle 8

coordinate y P_(8) = A point on the bottom surface for angle 6

system. x is
into the page.

X=yYXZ -
~y
~
”
R 2t~ .
‘ P_(6 = 90°)

2 |

P_(6 = 0°)

P_(6 = 180°)

2t |

+ p.(6 =180

P.(8 =270°

P_(6 =270°)

2t
4

Figure 6: Phi Rotation Visualized.

The sample rotates from theta = 0 to 360 degrees. Trajectory: ABCDA. Outer surface is denoted by subscript "plus”
(A,,B,,C,,D,) and inner surface by subscript "minus" (A_, B_,C_,D_). The points of interest for the outer and
inner surfaces are: P, (@) and P_(0) respectively.
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3.8. Omega Rotation

Since the omega rotation is the most precise rotation about the X axis, we decided to apply

algorithmic prediction and subsequent correction of sample-position to omega rotation.

3.8.1. Challenges

The following challenges exist for w-rotation:

3.8.1.1. Unknown Position of Omega Rotation-Axis

The omega rotation axis does not pass through (0,0,0). This creates a problem as the x, y, z readings
during a rotation do not show the true position measured from the center of rotation. The solution
was to determine the position of the omega-rotation-axis from multiple measurements.

3.8.1.2. Unknown Vector for Mounting the Sample

Once the sample is mounted, the effective position of it could be thought of a sum of several
vectors each representing a distance vector constrained to move in a specific way along with the
assembly. Multiple measurements of the same point under omega-rotation could be used to
estimate the vector associated with mounting the sample. It should be noted that this final vector
may most likely change from one sample to another and also for the same sample when it is
mounted at different occasions.

3.8.1.3. Unknown amount of tilt between the microscope and the axis of omega-rotation

The weight distribution of the stage is not symmetric in terms of where it is placed on the custom-
made mounting platform. This results in a variable amount of tilt every time the stage is brought

into its operational position -- this tilt must be considered for all practical intended use of the stage.
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In addition to this there could be some other rotation about the y and/or z axes in the absolute
reference frame. At present we are trying to determine the amount of these tilts and prescribe a
repeatable and practicable method to correct for such tilt.

3.8.1.4. It is more complicated than it sounds

Although we have mentioned the various challenges coming from omega-rotation as isolated
events, in practice they are not. The user will only be able to measure the final effect of all these
causes put together. So, we do not know a priori, which order of correction would be most
effective. The solution will therefore be to use multiple strategies and test which yield better result
than the others repeatedly irrespective of the sample mounted.

3.8.1.5. SmarGon develops some stress over the number of movements

SmarGon can operate in two ways: (a) move to an absolute coordinate and move the relevant
motors simultaneously to reach the point; (b) move incrementally for the relevant motor/degree-
of-freedom (DoF). It was observed that while working with omega rotation, approximately
somewhere between 1000 and 1500 movements (incremental steps: translation/rotation) SmarGon
often develops some stress and may move erroneously. At this point the only option left is to re-
reference SmarGon and restart measurements. The problem with re-referencing SmarGon is that
the measurements made afterwards most likely cannot be used in conjunction with the previous
one. Currently we are trying to find a solution to this. Therefore, as of now, ¢-rotation is the best

available alternative for tomography.
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3.8.2. Key lessons from studying Omega-rotation

1.

Omega has more accurate rotation than Phi (manufacturer specification): smaller sphere-
of-confusion. However, it develops stress over time for incremental steps and becomes
prone to error.

The axis of rotation is not the x axis. It is parallel to x-axis.

Need a method to consider this unknown axis of rotation.

The only form of information available is visible light (VIS) measurement of the top or
bottom surfaces under focus. This is because for pre-IR measurements, the only option
available is to use visible light and setup the experiment.

User needs to define what is called to be “under focus” and verify the prediction with
observations. Wrong focus means effectively wrong thickness of sample.

Omega rotation is coupled with the x/y/z translation. All translation under rotation is
effectively in relative frame of reference. The absence of an absolute frame of reference
poses the biggest challenge.

The arbitrary sample mounting vector must be included in the model predicting position.
Both predicted and measured data points should be used to extract information about the
arbitrary sample mounting vector (ASMV).

Empirical correction can be applied for any other alignment issues between SmarGon and

the microscope.
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3.8.3. Methods

3.8.3.1. Relationship Between Top, Bottom and Middle Layers (Surfaces) of the Microloop
The objective is to rotate the microloop about its center (located on the plane-surface positioned
midway between the top and the bottom surfaces) for tomographic projection measurements.
However, the user can only observe the top or the bottom surfaces when w = 0° and w = 180°
for ¢ = 0°. This means the microloop is positioned such that the focal plane intersects with the
top and the bottom surfaces respectively. In the following sections we prove the relationship
between the top, bottom and the mid-layers in conjunction with the position of the focal plane (see
Figure 7). The ability to control the position of the focal plane inside or on the surfaces of the
microloop will be useful in interpreting how the phase of the final image is related to the position
of the focal plane.
Define:

e Thickness of the microloop = 2t

e Top Surface = surface of the microloop that is visible when w = 0° and ¢ = 0°.

e Bottom Surface = surface of the microloop that is visible when w = 180° and ¢ = 0°.

e Middle Surface = This surface is never visible as this one resides inside the microloop,

midway between the Top and Bottom surfaces.

Y}, = Y-position required to focus on the Top surface for w = 0°.
Yo = Y-position required to focus on the Bottom surface for w = 0°.
Y2, = Y-position required to focus on a surface at a depth midway through the thickness for w =
0°.
Similarly,

Y. . = Y-position required to focus on the Top surface for w = 180°.
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Y, = Y-position required to focus on the Bottom surface for w = 180°.
Y2, = Y-position required to focus on a surface at a depth midway through the thickness for

w = 180°.

Evaluation of Actual Center of Rotation for Omega Axis

It can be shown that for Case-1:
Yo = —[(YCT —2Y¢4) + (Yg,o - YCT)] = Y% +2¥¢4

Thus, Y9 . is independent of position of CT.

Yo=Yl +2Y¢y Ea. C.01

Using equations Eq. 2.07a and 2.08b, Eq. 2.05 can be recast into the following form to evaluate

YCA.

_ (Yoo + Yorr) _ (Yo + Yar)

Yea = Eq. C.02
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Note: To bring the top surface under
focus from the mid-surface (----- ),
one needs to move the microloop
DOWN by half its thickness (). Thus,
for the top surface {--—--- )

Yio=Yoo—t
=>Y0, =Y+t
Similarly, for bottom surface (----- ),
Yoo= Yoo+t

0 — —
ﬁYw()_ wo— 1

We will use the following equations
later:

Y0, =Y, +t|Eq.C.03a

Y%, =Y, — t|Eq.C.03b

w=0°
4
' |
I v
I
1
l R o
I ’I’
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Focal I Microloop T 2t 0
Plane ............... I_- _____ —— on
Fro==mmmmem e \
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| N Ytu()

m
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w = 180°
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Plane™"" [ TTTT T 3 { - Yo

P e et e

\\\ Yin

Note: To bring the top surface under
focus from the mid-surface (----- ),
one needs to move the microloop UP
by half its thickness (t). Also, note
that in this case the direction of y-axis
has flipped after 180° rotation in w.

Thus, for top surface ( ----- )
Yin=Yon—t
= Vo =Yint+t
Similarly, for bottom surface ( ----- ),
Yor= Yo+t
SV, =Y —t

We will use the following equations
later:

Yo =vi .+t

ng =Yur—t

Eq. C.04a

Eq. C.04b

Figure 7: Relationship between top, bottom and middle surface for Omega-rotation.

At w = m the axes flip upside down, the relationship between top, bottom and middle surfaces must consider this. (a)

w=0and (b) w = .
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Primary Procedure
The following steps and formulas are applicable for all four cases mentioned earlier: Case-1, 2,
3,4.
The objectives are:
1. Calculate the Y-position of actual center of omega rotation (CT).

2. Predict the required Y-coordinate of the Bottom Surface kept at focal plane.

For a MiTeGen microloop of aperture diameter 50 um and known thickness, 2t = 10 um we

will follow the steps below to accomplish Objectives 1 and 2 mentioned above.

The steps are:
1. Calculate the center of omega-rotation, ¥, using Eg. C.02. Known values are Y, and
Yor

Y., = (YZ)O + Y(:)n)
a=""g

2. Calculate Y9, by combining equations C.02 and C.03a as follows:
Yo, =—-(Yio+0)+2Y¢,
3. Calculate Y, using Eq. C.04b.
Yor= Y0 +t
4. Testif Z;,4 is equal to:

7o = (ZZ)O +Z(:m')
a=""g

5. Record the coordinate of the center of rotation:



_ by +Yan)
Voa=—"g

_(ZootZyy)
Zea=— 5

6. Calculate radius of w-rotation:

R, = \/(X(Jf,o —Xca)? + (Yho —Yca)2 +(Z)y —Zca)?

Ryn =V (Xin —Xca)?> + Yin —Yea)? + (Zhn — Zca)?
7. Cross-check that the following relation holds:
R, =R, =Ry =Ryrn
8. Calculate trajectory as:

a. Rotation matrix for w-rotation by angle 6:

1 0 0
wg=|0 cosf —sind

0 sin@ cosO

a. Define CA position:

b. Define Pypsorutes:

Pabsolute,o = | Yuo

c. Define Relative position:

Prelative,o = Pabsolute,o — Pcy

0

XwO - XCA
— 0

= Prelative,O - YwO - YCA
0

ZwO - ZCA
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d. Calculate absolute position in space to predict trajectory. Note here we calculate
the trajectory of the point defined by the intersection of the planar middle surface
and the straight line that join Pypsoiute 9=0 aNd Papsorute g=r- THIS NE€ds
correction for the direction flip

Papsotute,s = Pca + @oPretative,o
e. The w-rotation must be done as follows:
e Do not use w-rotation along with xyz-translation.
e Firstgoto P.,.
e Execute w-rotation.
e Translate to the expected xyz-coordinates. Now you are at Pypsopyte,o-

f. NOTE: The motion of the stage to bring the top (or, bottom) surface at the focal
plane is:

e Opposite to the direction from the central plane to the desired surface for
w-rotation.

e Along the direction from the central plane to the desired surface for ¢-
rotation.

9. Let V be the arbitrary mounting vector from the (X4, 0,0) to the point of observation on
the sample when the SmarGon coordinates are: w = 0,¢p =0,y = 0,x = X4,y =0,z =
0. In future, we will refer to these coordinates as (4, B, C, X, Y, Z). After a rotation of w =
0, the arbitrary vector V becomes V' = wgV. The change is: dV = V' =V = V(1 — wyp).
dV is estimated from: dV = (measured Pypsoiutep) — (predicted Pypsorute,s)-

Although this method reduces the error to a few microns, the overall time required to
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setup using omega is overwhelmingly long (2-3 hours). Therefore, we are using Phi-

rotation as of now.

3.9. The Elegant Solution: Phi-Rotation

As stated before, phi-rotation at present offers a better and more reliable solution compared to
omega-rotation for tomography. This is primarily because:
1. Phi-rotation is uncoupled from the translational motion of TomoStage (SmarGon).
2. Any point that needs to be tracked during rotation only needs two inputs:
a. SmarGon Coordinates of the point on top/outer surface at ¢ = 0°.

b. SmarGon Coordinates of the corresponding point on bottom/inner surface at ¢

180°. The point on the bottom surface is directly across the sample along its

thickness, with respect to the point on the top surface.
The phi-rotation can be achieved so elegantly because as we predict and follow the trajectory of
the point-of-interest, the rest of the sample also rotates while maintaining the geometric
constraint relations of the sample’s shape and size with respect to the point-of-interest. The entire
setup can be achieved in about 30 minutes, making this a practicable option for laboratory
implementation. In contrast, the method for omega-rotation requires at least 20 measurements
followed by a lot more pre-processing. The overall procedure of omega-rotation prediction could

take up to three hours — making it a less desirable option.

37



3.10. Results and Discussions

Here we present some images captured with Visible Light (Vis) and Infrared (IR) source.

3.10.1. Vis Images: Examples

The following four figures (Figure 8, Figure 9, Figure 10, Figure 11) show Vis Images for
various projections.

Frame: 02 | Projection Angle: 10 degrees | Observation: In-focus, clean.

FPA_TOMO_Test_2018-12-21_T02_VIS

Frame: 2 at x = 0 um 5 Frame: 2 at x = 70 um 5 Frame: 2 at x = 240 um

100 100

200 200
300 300

400 400

Figure 8: Visible light images of the microloop at different x positions for Frame-2
Frame: 23 | Projection Angle: 115 degrees | Observation: Partly in-focus, partly blurry.

FPA_TOMO_Test_2018-12-21_T02_VIS

Frame: 23 at x = 0 um o Frame: 23 at x = 70 um n Frame: 23 at x = 240 um

100 100

200 200
300 300

400 400

Figure 9: Visible light images of the microloop at different x positions for Frame-23
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If we look closely, the figures show some blurriness resulting from part of the microloop being

outside the depth-of-focus while imaging with the visible light.

Frame: 45 | Projection Angle: 225 degrees | Observation: Partly in-focus, partly blurry.

FPA_TOMO_Test_2018-12-21_T02_VIS

Frame: 45 at x = O um 5 Frame: 45 at x = 70 um 5 Frame: 45 at x = 240 um

100
200
300 300

400 400

Figure 10: Visible light images of the microloop at different x positions for Frame-45
Frame: 54 | Projection Angle: 270 degrees | Observation: Partly in-focus, partly blurry.

FPA_TOMO_Test_2018-12-21_T02_VIS

Frame: 54 at x = O um o Frame: 54 at x = 70 um 5 Frame: 54 at x = 240 um

100
200
300 300

400 400

Figure 11: Visible light images of the microloop at different x positions for Frame-54
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3.10.2. Sinograms: IR Images

The following two sinograms (Figure 12 and Figure 13) show that they are not smooth. The
jaggedness in the sinograms is indicative of image displacement between subsequent projection
measurements. This is a problem, as any Tomography routine will require the input dataset to be
centered around the axis of rotation. We will explore possible alternative solutions in the

subsequent chapters.

Sinogram: Column = 30

Original Image | Frame: 0

Original Image | Sinogram: Column = 30 Image Type: IR
0 o

20 20

Before °

20 30 40 50 60 70 0 20 40 60 80 100 120
Projections

°
8

Center Shifted Image | Frame: 0
Center Shifted Image | Sinogram: Column = 30 Image Type: IR

After

100

120

70 0 20 40 60 80 100 120

Figure 12: Singogram of IR Mircoloop Images at Column 30

The sinogram here has two parts: Before and After (Figure 12). The part Before pertains to the
output of the automated tomography measurements discussed in this chapter. The part After shows
the sinogram correction we have done and is described in the chapter next chapter. We would also
like to note that this jaggedness is not a one-off behavior observed for some specific projections.

It is rather effortlessly visible in all the projections. Here is the result using another sinogram
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(Figure 13) constructed with a different column (60™"). The previous one was made with the 30"

column from all the projections.

Sinogram: Column = 60
Original Image | Frame: 0
Image Type: IR

] 20 40 60 80 100 120

Original Image | Sinogram: Column = 60
0

Before

0 10 20 30 40 50
Projections
Center Shifted Image | Frame: 0
Center Shifted Image | Sinogram: Column = 60 Image Type: IR
0 H

After

70 0 20 40 60 80 100 120

0 10 20 30 40 50 60
Projections

Figure 13: Singogram of IR Mircoloop Images at Column 60

In the next chapters we will introduce concepts and strategies used to smoothen the sinogram or

devise a working strategy to improve the quality of the sinogram.
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4. Algorithmic Correction to Images Acquired using Phi-
Rotation

4.1. Analysis of Images Captured with Visible Light Source

Although Phi-rotation has a higher sphere-of-confusion than Omega-rotation, currently it is the
best option for tomography. The following (Figure 14) is a polyamide microloop with an aperture
diameter of 50 um and thickness 10 um. The image was taken with visible light as visible light
imaging is faster than IR imaging. We are exploring means to algorithmically correct the
microloop projections in cases where the axis of rotation does not pass through the center of the
microloop stick as well as the center of the aperture. The TomoStage (SmarGon) operation with

Phi-rotation comes with a constraint: it can only be set such that the axis of rotation passes through

the center of the aperture. In most cases the axis of rotation will not align with the axis of the stick.

b

Figure 14: Microloop projection at 0° rotation.

Aperture diameter is 50 um and thickness is 10 um. The image was taken with visible light and a 15x Schwarzschild
Objective. A mean background image was calculated from a total of 119 images without the microloop. To reduce
background noise and increase SNR for the microloop for the images measured with visible light, each image was
divided by the mean background image. (a) image without background suppression and (b) image with background
suppression. Image dimension: 480x640 sqg-pixels.
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A total of 73 projections were collected, each 5 degrees apart. It’s a standard practice to normally

visualize the sinogram obtained from such projections. Figure 15(a) shows the vertical strip

(dashed-red-line) picked from each projection and stacked horizontally to create the sinogram in

Figure 15(b). The position of the vertical strip is column-270. When we look at all the projections

it is observed that the axis of phi-rotation is not collinear with the symmetry-axis along the stick

Figure 16(c) and Figure 17(a). The asymmetric sinogram (about the horizontal dashed-red-line)

in Figure 15(b) confirms that the stick-axis was not collinear with the x-axis. We attempt to extract

the angular offset between the stick’s symmetry axis and the phi-axis by means of an algorithm,

employing image processing and mathematical correction.

4.1.1. The Procedure

1. Image Binarization: Convert the projection images into binary images.

2. Image Inversion: Invert the binary images to have ones where the microloop is and zeros

elsewhere.

3. Target Area Selection: Select a portion of the images so as to select a region from the

stick that is present in all the images.

4. For each projection:

a.

b.

Break this portion of the stick into vertical columns.

Calculate mean (mean_1) and range (range_1) for pixels that have non-zero value.
Use Least Square linear fit to the mean of the vertical strips for the Target Area on the
Stick to estimate the equation of the stick-axis.

Use the slope to rotate the image so that the axis now becomes horizontal.

Calculate the mean (mean_2) and range (range_2) again.
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f. Use the column position corresponding to the range-maxima at the center of the
aperture to get the x-coordinate of the center.
g. Similarly determine the y-coordinate of the center of the aperture.
However, the center determined in different projections (post image rotation) keeps moving a few
pixels from one image to another. We are currently working on devising a stable algorithm to
ascertain the axis and the aperture-center simultaneously. The images shown here follow the

following axes orientation (Figure 15):

_ —X
' R '
a i i 50 b |
| 2
100 | )
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o | 150 | 2 .
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o 1 | .
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< SRR ==~ === 2]
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1 H
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Figure 15: Microloop Sinogram.

(a) The vertical strip (red dotted line at left edge of the microloop) depicts the column-position used for making the
sinogram, (b) sinogram of the vertical strip at position column-270 across all 73 projections. The projections were
measured 5 degrees apart. The Figure 8(a) is the same as Figure 7(b). The dashed red line in the sinogram shows that it
is not symmetric above and below the center (dashed red line). The red-dot in figure-(a) is the aperture-center and the
red dashed line in figure-(a) is the true axis of the microloop-stick. The semi-transparent solid blue line shows that even
for 0° rotation, the microloop axis was slightly at an angle with the g-rotation axis (+-axis).
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The following two figures (Figure 16 and Figure 17) show that for non-horizontal orientations of
the microloop stick-axis, the axis can be identified algorithmically and then the image can be
rotated accordingly to make the stick-axis horizontal. Two microloop projections are chosen such
that the loop-stick-axis is clearly at an angle with the horizontal x-axis. Figure 16(c) shows the

identified orientation of the stick-axis as red dashed line for ¢ = 115° and Figure 17(a) shows

d

Figure 16: Identification of Microloop’s Stick-Axis and Image Rotation at ¢ = 115°.

The figures (), (b), (c) and (d) show how the stick-axis of the microloop is identified and the image is rotated to create
projections that effectively rotate about the stick-axis. (a) The red rectangle contains the loop region and the green
rectangle contains the target section of the microloop stick. (b) Binarized image of the microloop in (a). (c) The red
dashed line shows the identified stick-axis. (d) Axis-rotated image of (c).

the orientation of the stick-axis (red dashed line) for ¢ = 225°. Once the axis-orientations are

identified, the images are rotated accordingly. However, the algorithm is not yet able to coincide
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the center of the microloop from various projections after rotation. Currently, we are working on

devising a statistically sound algorithm that can collocate and coincide the center of the microloop

from all the projections.

Figure 17: Identification of Microloop’s Stick-Axis and Image Rotation at ¢p = 225°.

(a) Microloop stick-axis identified: red dashed line. (b) Axis-rotated image with the loop-region and the stick-region
highlighted by red and green semitransparent rectangles respectively.
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4.2. Analysis of Images Captured with FTIR-MS

Since the sinograms were found to be jagged, we knew that the subsequent projection images were
not aligned. However, we needed to know how much of restoring offset is necessary for each
projection image, so that all the images effectively get aligned with the microloop center as a
common center.

So, we manually labelled the centers (see Figure 19 and Figure 20) on each of the 73 projections
(each 5 degrees apart) with the location of their microloop centers. Since we had only one
microloop per image, this was a relatively simple task. What we learned from the manual labelling
exercise, is that for certain projections, closer to 90 or 270 degrees, it could get increasingly harder
for one to precisely locate the position of the microloop center.

Thus, to get around such ambiguity, we created a python tool that will ask the user for left, right,
top and bottom margins that contain the inner-aperture or the external surface of the microloop,
within the image. The tool then essentially shows the guiding lines (green dotted lines) and the
center of the image (red dotted lines). This helps the user iteratively determine the center of the

microloop in a projection. Once a final steady value is achieved, the user can record that.
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Sinogram: Column = 30
Original Image | Frame: 0

Original Image | Sinogram: Column = 30 Image Type: IR
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Projections
Center Shifted Image | Frame: 0

Center Shifted Image | Sinogram: Column = 30 Image Type: IR
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Projections

Figure 18: Manually correcting microloop sinogram.

The following images (Figure 19 and Figure 20) show how a trail center is used to guide the user
to find the user determined center (prediction). Once we had these manually determined centers,
we applied them to offset the projection images and tested the effect of these offsets on the

projection images’ sinogram. It was observed that the sinogram became considerably smoother as

compared to before.
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Frame: 4 | (L,R,T,B): (39,82,49,88)
Center_Pred: (61, 69) | Center_Trial: (61, 69)
Prediction: User tested prediction-result
Trial: Any algorithm driven prediction-result

@  Trial Center
@ Predicted Center

o 1 I T

0.2

0.1

Figure 19: Manually identifying microloop center for Frame 4 (20 degrees projection).

Frame: 11 | (L,R,T,B): (39,82,40,98)
Center_Pred: (61, 69) | Center_Trial: (60, 70)
Prediction: User tested prediction-result
Trial: Any algorithm driven prediction-result

@  Trial Center
@ Predicted Center

I 1
I 1
1 1
1 1
20 : i
I 1
I 1
I 1
I 1
I 1

0.2

0.1

Figure 20: Manually identifying microloop center for Frame 11 (55 degrees projection).
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5. Edge Detection and Feature Engineering

The images acquired with FTIR-MS could be blurry around the edges due to diffraction, scattering,
or could be simply out of focus. This could pose some challenges for fitting an ellipse, estimating
the center of the microloop or using the images with deep learning. Simply put, we need a clean

background subtracted image of the microloop and the sample in each of the projections.

Why Binarize?

Binarization of an image classifies every pixel into two classes: black or white. A binarized image
is often called a mask. Given, we have a mask that determines which pixels in the image belong
to the assembly of the sample and the microloop-holder, we can use it for downstream tasks of
image-segmentation.

The FTIR Micro-Spectroscopy (MS) images we measured would typically have a dimension of
128x128x770 as Height x Width x Channels (or Layers). One of the challenges with the images
was that they were not centered. This creates a jitter and displaces the image-slices on the sinogram
for tomography. If we can precisely extract the assembly as a mask from each of the projections,
then we could use these masks for identifying the loop section of the microloop-holder. This mask
extraction effectively acts as a preprocessing step, enhancing features of the input images.

In our attempt at solving the object-positioning-uncertainty while measuring with FTIR MS for
Tomography dataset, we realized a need for a method of binarization of the hyperspectral images

(see Figure 21).
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Hyperspectral

Multilayer Image to

Single Layer
Binarization Logic

Figure 21: Schematic diagram of converting an HSI multilayer image into a binarized single layer image.

One possible approach to this HIS binarization could be setting a pixel threshold by manual
inspection. But a possible pitfall of this method could be frequent manual inspection of the validity
of the binarization-threshold.

The binarization step was necessary for the input to the deep learning solution we developed for
positioning-correction of the object-of-interest measured for FTIR MS Tomography. We preferred
an alternative method that requires less human intervention and offers a rather standard approach

to HSI binarization.

PC1|PC2|PC3

Figure 22: The notion of what PCA does to your data.
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PCA Based Binarization of Hyperspectral Images

Principal Component Analysis (PCA) is a method, typically used for dimensionality-reduction of

data.

Cumulative Variance of PC's

o
©
©

0.98

0.97

Cumulative Variance Explained

0.96

0 5 10 15 20 25 30 35 40
No. of principal components

Figure 23: Using Cumulative Variance Explained as a metric to determine the number of Principal Components.

We started with a total of 40 principal components on the data from the entire dataset of projection-
0 of holder-only-data. The EVR (explained variance ratio) plot (see Figure 23) shows that
inclusion of all the 40 components is as good as explaining the data with 99.75% information. The
first PC alone explains 95.5%, the first three PCs together explain 98%, and the first eight PCs
explain 99% of the data.

Choosing only the first PC for projection 0 degree, yields a surprisingly clear image (Figure 24)

of the microloop, accentuating its features.
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Image of PC1
OCumulative EVR 95.5%
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Figure 24: PC1 for Projection 0 (0 deg)
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Image of PC1
Cumulative EVR 95.5%

Image of PC6
Cumulative EVR 98.8%

Images of all 40 Principal Components (PC)

Image of PC2
oCumulative EVR 97.3%

Image of PC7
Cumulative EVR 98.8%

Image of PC3
Cumulative EVR 98.0%

50 100

Image of PC8
Cumulative EVR 99.0%

Image of PC4
nCumulaﬁve EVR 98.4%

image of PC9
Cumulative EVR 99.1%

Figure 25 shows how all the first 40 PCs look like for the projection of O degree.
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Figure 25: All 40 Principal Components (PCs) of the 0-degree microloop IR projection data.
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The following figure (Figure 26) compares the first principal component (PC) for projections 0
degree, 30 degrees and 90 degrees evaluated along the dimension of the wavelength. This

effectively reduces the 128x128x770 dimensional dataset to 128x128x1 (as discussed in Figure

21).
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Figure 26: A comparison of PC1 of three projections of the FTIR microloop data.
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6. Positioning Correction with Deep Learning based Solution

Lab Automation and the Software Automated Realtime hardware positioning Correction (SARC)
routine implemented previously in this study, made it possible to do two things:
1. Run automated, unattended FTIR-MS-Tomography imaging experiments. These
experiments could last from anywhere between several hours to even a day.
2. Keep the object of interest within the field of view of 140x140 microns.
However, we found that the microloop holder was not steadily rotating about a rotation-axis
passing through its center in all the projections. This made the sinograms exhibit some jitters

instead of being smooth (see Figure 27).

Original Image | Frame: O
Original Image | Sinogram: Column = 30 Image Type: IR
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o
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°
8
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Figure 27: Sinogram correction with before and after correction perspective.

Manual identification of the microloop centers followed by aligning the images so that their
microloop centers coincide, provided support and proof for the hypothesis that this method has
merit in smoothening the sinograms. Smooth sinograms are necessary for downstream 3D

reconstruction of the sample with computed tomography (CT). Although application of CT is
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outside the scope of this study, it is useful to mention why the smooth-sinogram correction is a

necessary evaluation criterion before the FTIR-dataset could be used in CT.

6.1. Center Detection Algorithm: Heuristic (CDAH)

We first developed a heuristic algorithm that takes in a 128x128x770 dimensional FTIR-MS image
and then calculates its wavenumber-filtered binarized image of dimension 128x128, followed by
an algorithm that attempts to fit an ellipse to the outer edge of the microloop.

When applied to the microloop only situation (without any sample mounted), the heuristic
algorithm was able to predict the microloop center reasonably well for 92% cases in the 73

projection images (spread 5 degrees apart).

Ellipse Centered at (61, 69)

Original Image | Frame: 0 Binarized Image | Frame: 0 Edge Detected Image | Frame: 0
0
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Figure 28: Center detection with heuristic algorithm that identifies the oval outline for Frame 0.

Here we see that Figure 28 (frame: 0) and the next two figures (Figure 29 and Figure 30) for

frames: 5, 9 respectively, show a reasonably well prediction of the location of the microloop center.
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Ellipse Centered at (61, 72)
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Figure 29: Center detection with heuristic algorithm that identifies the oval outline for Frame 5.

Ellipse Centered at (60, 72)
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Figure 30: Center detection with heuristic algorithm that identifies the oval outline for Frame 9.

The next two figures (Figure 31 and Figure 32) show that even when the microloop is turned very

close to 90 degrees, sometimes the center detection could work.
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Figure 31: Center detection with heuristic algorithm that identifies the oval outline for Frame 19.

Original Image | Frame: 51

Ellipse Centered at (66, 72)
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Figure 32: Center detection with heuristic algorithm that identifies the oval outline for Frame 51.

But the last figure below (Figure 33) shows that in cases, where the projection angle in close to
90 or 270 degrees the center prediction may not work well. Thus, this is a good first step. However,

it is clearly not enough to reliably get the microloop center alone.
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Next, we will look into what improvements we can apply to identify the microloop center. Here,
we would like to point out that this heuristic solution of fitting an ellipse works only when the
image has the microloop alone and nothing else. However, in reality, the microloop will have some
sample mounted on top of it (see Figure 34). This will break the symmetry of the microloop and

in the absence of the circular outer-edge the heuristic algorithm will not work.

Ellipse Centered at (66, 56)
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Figure 33: Center detection with heuristic algorithm that identifies the oval outline for Frame 54.

6.2. Microloop Dimensions

We used MiTeGen [28] microloops and micromeshes in the experiments. The original microloop,
most often used in the lab during the measurements, had an inner aperture radius () of 50 microns,
the breadth (d) of the loop was 20 microns, and the thickness (t) of the microloop was about 10

microns. The breadth-to-thickness ratio of the loop section was 2:1.
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6.3. Synthetic Data Preparation (SDP)

Computer Aided Design (CAD) modelling was used to prepare 3D parametric models of the

microloop holder and a 3D asymmetric sample (Figure 34).

Figure 34: Synthetic 3D Model of Microloop Holder and a Composite Sample

Figure 35 shows a synthetically designed microloop holder. It depicts two of the three shape
parameters (aperture radius and breadth) for the microloop’s 3D CAD model. The thickness
parameter of the microloop is the thickness of the loop section along the direction perpendicular

to the plane of the image.
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2r+d=2R

Figure 35: Synthetic microloop schematic diagram.

A synthetic sample was designed to have an asymmetric shape. However, to facilitate quick
parametric modification of the sample’s shape and structure, its constituent parts were chosen to
be simple symmetric primitives (sphere, ellipse, cylinder, cube, etc.), generally used in CAD
design. Figure 36 shows a composite synthetic sample. The various substructures contributed by

other smaller shapes have been painted with different colors to enhance visual clarity.
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Figure 36: Synthetic 3D model of a composite sample.

The composite sample is made of simpler and symmetric 3D primitives. The composite model is designed to have
asymmetry in its 3D shape, to create synthetic dataset that offers greater generalization.

6.3.1. Method: SDP

A parametrized 3D microloop model was created using OpenSCAD 3D CAD modeler [29]. The
default values of the parameters for the 3D CAD model of the microloop were chosen to closely
mimic the observed ratios of aperture-radius, loop-breadth and loop-thickness for the physical
specimen of the 50 micron-aperture microloop from MiTeGen. However, the benefit of
parameterization makes it possible to create other variations of the dimensions that define the
microloop.

Similarly, a 3D parametrized composite sample (non-holder-material: NHM) was created using
OpenSCAD [29] as a placeholder sample to place on the 3D model of the microloop. Synthetic

projection.
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6.3.1.1. 3D CAD Model Design: Degree of Freedom Considered
We considered the following set of changes in various dimensions of the assembly: microloop +
sample.
The choice of using simulated data, comes with its own set of limitations and potential pitfalls.
Simulated data could suffer from under representation of the possible dimensions in the data,
unless taken care of. At the same time, trying to incorporate many degrees of freedom (dof) in the
simulated data could explode into a problem of itself; and pose a new challenge — the curse of
dimensionality. Thus, with the intension of keeping the data-generation space tractable and time-
budged, we took a practical approach at allowing selectively some degrees of freedom to the
simulated data.
e Dof: Holder (Stick + Loop)
o scale
o translation
o rotation
e Dof: Holder-Stick
o scale
o length

shape

O

rotation (relative to the Holder-Loop)

O

O

translation (relative to the Holder-Loop)
e Dof: Holder-Loop
o scale

o radius of annular section
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©)

©)

©)

thickness of annular section (perpendicular to the radial direction)
rotation

translation

e Dof: Non-Holder Material (NHM: Sample)

o

(@]

o

(@]

(@]

(@]

scale

shape

position of the loop

rotation

composition (could be made of multiple smaller shapes)

multiplicity (how many types and instances of samples to use on the same loop)

e Dof: Projection

o

o

projection angles

equal spacing: multiple values for angle-increment

inequal spacing: randomized behavior (reproducible: seeded random number
generator)

motion of assembly (Holder + Sample)

in-plane rotation

in-plane translation
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6.3.1.2. The Option of using Data Augmentation

It is a standard technique to often use data-augmentation for deep learning models, when the
variability in the degrees-of-freedom in the training dataset is not sufficient or rather limited. There
are various python libraries that offer data-augmentation capabilities for images torchvision [30],
albumentations [31], kornia [32], tormentor, stainlib, etc. We used albumentations for image-data-
augmentation purposes.

The choice of applying image augmentations also alleviates the burden of having to consider a
large space of holder and sample assemblies with variations introduced in all the above mentioned

dofs.
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6.3.1.3. Why synthetic data?
From the previous steps as presented in this study, we knew that if we can somehow recover the
specific pixels that belonged to the microloop in the projection images, it will allow us to predict

the center of the microloop and then the projection images could be realigned.

Figure 37: Why Synthetic Data?

Given a binarized input image (X), we need to extract the binarized output image (Y), with the center (C). A Deep Learning
segmentation model could be used here to "learn" the representational space mapping between the input and expected out spaces.

A deep learning image segmentation model could be trained given we have sufficient amount of
training data with meaningful variations for the model to learn from and generalize based on. But
the challenge was that we did not have enough data to train a deep learning model. If we had the
measured data from the lab, then the very problem we are trying to solve does not exist anymore.
And if we did not have the data, then we could not train the DL model. There was a research paper
that came out in 2021 by Microsoft researchers: “Fake it till you make it” [33], which also
circumvented the problem of non-availability of rich data that could be used to train a DL model
and identify features of faces. The researchers in [33] used synthetically generated human faces to
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introduce a rich set of diversity and variations. Our research was also at a similar juncture, where

we knew what we need, but did not have the data to train a DL model.

Location
Color: Holder + Black: Holder +
of Black: HolderOnly Black: LoopOnly
Sample Sample
Sample

-G - 0 O
-« @ -0 O
- -® -0 O

Figure 38: Synthetic data preparation modality.

Figure 38 shows from left to right the colored assembly image, all-black assembly image, all-

black holder-only (no sample) and all-black loop-only (no-holder-stick and no-sample) images.
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Additionally, we have also moved the sample on the holder. Three locations are labelled with
clock-positions (e.g., 12 o’clock), based on where the sample is placed with regard to the

microloop center.
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6.3.2. Classifying Projections as Easy and Hard

We have seen previously that the greater the area of the microloop’s projection, the more likely it
is to accurately predict for the microloop’s shape of the loop and the pixels it occupies. Thus,
while, for some of the projections (closer to 0 or 180 degrees), it is relatively easy to predict the
microloop-occupied-pixels, for the other projections (closer to 90 or 279 degrees), it gets harder
as we have increasingly diminishing number of pixels occupied by the microloop in those
projections closer to 90 or 270 degrees.

We wanted to encode this information as a feature to the model and hence created a feature with
two classes:

e Hard: projection angles between 35 degrees on either side of 90 and 270 degree.

e Easy: any other projection angle.

~~~ Easy vs Hard Orientations ~~~
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Figure 39: Projection prediction difficulty level.

The figure above (Figure 39) shows the distribution of 181 images from a single synthetic
TomoDataset, each projection taken 2 degrees apart, has been classified as “easy” or “hard”
depending on the angle of projection.

Next, we split these projection images into training and test splits (Figure 40), while still

maintaining the same proportion of easy vs. hard images in the two splits. This will allow for the
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model to learn to similar easy/hard distribution in training as to expect in test. This step lets us
maintain similar data class-imbalance in across the training and the test datasets. The training

dataset has 144 projections, and the test dataset has 37 projections.

All Data: Train-Test Split Training Data: Easy-Hard Orientation Split Test Data: Easy-Hard Orientation Split
Total: 181 Total: 144 Total: 37

Easy Easy

Train (False)

isTestData
angle
angle

Test (True)

Hard Hard

Figure 40: The Train-Test split and relative distribution of "easy" and "hard" projection images.
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6.4. UNet Architecture

The UNet architecture was first used in 2015 in a biomedical paper [18] for an image segmentation
task. It comprises of two arms:
e An encoder, which performs compression of information from a high dimensional space to
a latent space of low dimensional representation.
e A decoder, which performs the opposite of what the encoder does - decompression of
information from the low dimensional latent space to the high dimensional output.
The classic UNet uses skip connections between layers. This technique allows it to avoid pitfalls
like vanishing gradients.

The following image (Figure 41) shows the original UNet architecture from the 2015 paper [18].
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Figure 41: Original UNet Architecture [18].



The left half of the UNet architecture compresses information from the input image file and the
right half decompresses it to the output segmentation map. The left arm steps down the
dimensionality of the input in the 4 down-convolution blocks, that consist of 3x3 convolution,
followed by RelL.U activations and the compression also involves the 2x2 max-pool layer. The
right half does the opposite of the left half and up-convolves the as well as combines the input

from the incoming skip-connections.

6.4.1. Modifications to UNet

The role of the left half of the UNet is to compress information and extract the low-dimensional
representation. Using the UNet as is, requires us to train the model weights of the entire model.
We used a pretrained model instead for the left half. The pretrained model was trained with more
generic set of images, from ImageNet dataset. Using its comprehending capability of images, helps
training the modified UNet, only training the right half of the network. We chose to use a pretrained
ResNet-34 model trained on ImageNet dataset.

We designed our model to accept input images of size: 640x640 and output predicted masks of the
same size. The size of the input and output images was chosen based on the fact that the FTIR-MS
measurements in Hirschmugl Lab have a dimension of 128x128x770. The binarized image of this
single projection dataset will be 128x128. Choosing 640x640 is allowing us an effective

magnification of 5x5 = 25 times. This design allows us greater room for prediction errors.
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6.5. What is skip-connection?

The concept of skip-connection was used in the famous ResNet (Residual Network) paper [34] by

researchers from Microsoft in 2015.

=4

w

waight layer
__I' '| W relu
) 1 N
weight layer . -
e Y identity

Residual learning: a building block.

Figure 42: Skip Connection Illustration.

Source: ResNet paper [34]

It was shown that the skip-connections allowed using very deep neural networks without the
problem of vanishing gradients. The usage of residual networks has now become a standard for
models like UNet, where an un-altered signal (x) is added to the output of a subsequently altered
signal, F(x), via passing through some layers: G(x) = F(x) + x. The benefit is that even if the
gradients calculated for the F(x) part become very miniscule during the backward-pass, the other

part (x) lets gradient calculations for earlier layers possible.
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6.6. Results and Discussions

6.6.1. Microloop Mask Prediction

The figure below (Figure 43) shows the results of microloop mask prediction, given the input
image had both the microloop and the sample. The left column is the input image. The middle
column is the ground truth (GT) mask for the microloop alone. The third column from the left has

the DL model predict the likelihood that a pixel for belongs to the microloop.

Image Ground Truth Mask Predicted Mask

Ground Truth Mask Predicted Mask

Ground Truth Mask

Predicted Mask

-O

Figure 43: A comparison of the predicted and ground truth masks for the synthetic data.

The dark pixels signify a very high prediction probability (>=95%) for a pixel classified as a part
of the microloop. The other pixels that are not as dark as the obvious pixels from the microloop,
belong to the sample or are artifacts of data-augmentation during training. However, since we are
only concerned with the pixels from the microloop, we can disregard the gray pixels in the
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predicted image. Another interesting aspect of this model prediction that comes up is that while
for “Easy” and “Medium” difficulty images, the model does a descent job at predicting the
microloop pixels, the “Hard” ones seem to give the model some challenge. Here the “Medium”
difficulty is essentially a part of the “Easy” category, where the angle of projection is farther than
35 degrees from 0 or 180 degrees. It has been introduced here solely for purpose of presentation

of gradual increase in the amount of difficulty of prediction. We have not used any ‘“Medium”

category during training the model.

Image Ground Truth Mask Predicted Mask

Image Ground Truth Mask Predicted Mask

Bc>| B<m

Figure 44: An example of holder recovery when original image is severely occluded by sample.

Figure 44 is an enlarged version of the “Hard” scenario from the previous figure. We can clearly
see that the front half of the microloop was not accurately reproduced from the input image. It
must be noted that the inflated degree of difficulty emerges from two separate sources:
e Angle of projection is close to 90 or 270 degrees, reducing the effective cross-section of
the microloop in the image; less information leads to greater uncertainty.
e The sample occupies almost the entire front half of the microloop. Thus, the DL model
effectively has very little information about the front half of the microloop in the input

image.
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So, while these two sources compound the degree of difficulty for the DL model, it does a decent
job at recovering the microloop pixels reasonably.
The current deep learning model was applied to the test dataset with 37 synthetically generated

projections spread across 0 to 360 degrees (as previously mentioned in section 6.3.2).

Image Ground Truth Mask Predicted Mask

Figure 45: Deep learning model prediction for 0 deg projection

Figure 45 shows (from left to right) the original image of the holder and the sample as an assembly,
the ground truth mask of the holder-only pixels, and the deep learning model predicted pixel-

specific likelihood of the pixels that belong only to the ground truth image.
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Figure 46: Intensity scaled predicted image for O deg projection

An intensity scaled predicted image (Figure 46) shows that pixels with highest values could return
a mask for the holder-only pixels. Prima facie it appears that a value of 0.95 could work as a good

threshold for extracting the predicted mask for the target pixels.

The following figures (Figure 47, Figure 48, Figure 49, Figure 50, Figure 51) show how
changing the threshold from 0.95 to 0.75 with decrements of 0.05 impacts the quality of prediction,
when measured using Intersection over Union (loU). Theoretically, loU ranges between 0 and 1.

The higher the value of loU, the more accurate is the prediction.
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Figure 47: Predicted holder mask loU for test dataset with threshold = 0.95

The prediction with threshold value of 0.90 (Figure 48) shows an improvement for all the

projections as opposed to what we saw for threshold of 0.95 (Figure 47).
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Figure 48: Predicted holder mask loU for test dataset with threshold = 0.90

Similarly, we see that threshold of 0.85 (Figure 49) yields better result for loU when compared to

thresholds of higher values (0.90 and 0.95).
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Figure 49: Predicted holder mask loU for test dataset with threshold = 0.85
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Figure 50: Predicted holder mask loU for test dataset with threshold = 0.80
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Figure 51: Predicted holder mask loU for test dataset with threshold = 0.75

It is quite evident that choosing a threshold of 0.75 on the DL model predicted image yields better
prediction across the board than the best prediction with a threshold of 0.95 (see Figure 47 and
Figure 51). Also, this behavior is consistent as we move from 0.95 to 0.75 threshold. The drop in
performance near the angles 90 and 270 degrees is expected as the signal cross-section (from the

original image) drops for those angles of projections.

6.6.2. Future Scope of Possible Improvements

While the deep learning model does identify the microloop reasonably well, we saw that the model
still has some limitations under certain scenarios:
e when angles close to 90 or 270 degrees and

e when the sample covers up a significant portion of the microloop.
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6.6.2.1. How can we possibly improve the microloop center detection algorithm?
Although the heuristic method we discussed earlier, may not be useful anymore, the learning from
the exercise could still be relevant. Given the binarized image of the sample and the microloop
holder (we will refer to this as the holder from now on), we are interested in the following four
tasks:

e T1: Predict the pixels that belong to the holder.

e T2: Predict the pixels that belong to the loop section of the holder.

e T3: Predict the center of the loop. (Most Important)

e T4: Predict the outer edge of the loop.

Microloop Center Prediction: Schematic Flow Chart

TO: input T3a: loop-center

(binarized-image) ,x" (key-point) \\
T1: holder T2:loop L T3b: loop-center \, T6: loop-center

(filled-area-centroid) / (consensus)

T5: loop-center

R (loop-edge-centroid)

Figure 52: Prescribed schematic flow chart for future improvement of the microloop center prediction algorithm.

Here we present a possible direction (Figure 52) of how predicting the microloop may not be

robust enough. In the proposed pipeline above (Figure 52), the input image is first binarized (TO)
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and then passed to a deep learning (DL) model that predicts the pixels with the holder (T1). Next
the holder predicted binarized image is passed onto another model to predict the loop (T2). The
loop-predicted binarized image is then fed to steps T3a, T3b and T4. While T3a comes from the
same model that predicted T2, T3b is achieved by passing on T2’s output to another DL model to
produce a filled area with the loop. For T4, we use the heuristic method to determine the loop-edge
(contour-detection) and at T5 we evaluate the centroid of the loop-edge. Finally, we combine the

three inputs T3a, T3b and T4 to arrive at the position for loop-center (T6).

This consensus-based approach makes sure to use the strengths of all three prediction mechanisms

(T2-T3a-T6, T2-T3b-T6, T2-T4-T5-T6) and combines them to predict the center of the microloop.

6.6.3. Summary

The heuristic model worked well in about 90 percent of the cases when applied to 72 projection
images (each 5 degrees apart) and predicted the microloop centers reasonably well as compared to
manual detection of the centers. While it was clear that the heuristic model had limitations when
applied to projections closer to 90 and 270 degrees, it undoubtedly offered a major advantage over
the manual detection of the centers.

The manual detection of the 72 projections took around 2 days, and still it was not entirely accurate
for the hard images (closer to 90 and 270) degree angles. So, despite its limitations on accuracy to
about 10% images, the heuristic method was a step in the positive direction.

However, another fundamental limitation of the heuristic method was that it needed images of
microloop holder alone and no sample with it. The heuristic method works only if the oval or

circular surface geometry of the microloop is visible and not occluded by a sample mounted on
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top of the holder. Thus, it would have been a serious impediment to applying even any automated
heuristic model for image (sinogram) alignment if the images contained a sample in them.
The Deep Learning (DL) approach offers a solution here by restoring only the pixels of the
microloop from the input images of microloop and the sample. Once the microloop only image is
obtained, the heuristic model can be applied on the output of the DL model. The DL path thus
helps in navigating around the input-limitation of the heuristic model.
However, it must be noted here that none of this addresses the prediction limitation we observed
for the heuristic model in about 10 percent of the projections.
The previous section discusses how the DL solution could be improved by adopting a hybrid
consensus model that combines:

(a) the predictions of purely heuristic method

(b) partly heuristic and partly deep learning driven methods

(c) wholly DL method.

Thus, in the current state of the models (heuristic and DL), we have gained some automated
capabilities of predicting the microloop centers and predicting the pixels that solely belong to the
microloop. This could be used to save time in labeling the microloop centers, via automated center-
detection assistance to a human user looking forward to identifying the microloop centers in the
IR projections. While the manual method of identifying centers could take 2 days for 72 projections
and perhaps almost a week for a complete tomo-dataset of 180 projections, the automated method
effectively brings that timeframe down to under an hour. Also, the PCA driven background
subtraction transforms the problem from a multilayer (multi-channel) hyperspectral image

problem to a single layer (single channel) binarized image problem. Thus, the method of
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implementation of the automation also offers modular breakdown of intermediate steps and the

intermediate solutions could be used in other use-cases even outside of the current pipeline.

Comparison of applying heuristic method on Ground Truth and Predicted Mask Images

The DL model compliments the limitations of the heuristic method of center detection. The figures
Figure 54, Figure 55 and Figure 56 show the center prediction error when the same heuristic
method is applied to the test-dataset, for both the ground truth (GT) image of the microloop holder
and the DL model predicted mask of the GT. The relative horizontal error is the difference between
the center detected from the GT and the predicted mask. Similarly, we evaluate the relative vertical
error. The relative Euclidean distance error also shows that in the worst scenario the maximum
error is under 5 pixels for the 640x640 pixels output image from the DL model. If we were to

downsize this to 128x128 pixels, L.
Heuristic Method
the [

individual errors in X
(horizontal) and y (vertical) will Q .o.°
be scaled down by a factor of 5.
Thus, with the synthetic data, the :

DL model and heuristic method | Ground Truth l s Predicted Mask

can keep the error in center

prediction to under 1 pixel for an 0 o

image size of 128x128 pixels.

Figure 53: Heuristic method is applied to both Ground Truth and
Predicted Mask
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The shaded horizontal spans (90 = 35 degrees and 270 + 35 degrees) on the above three figures
(Figure 54, Figure 55 and Figure 56) show the range of angles we have identified as “hard” to
predict the center even manually, owing to the smaller cross-section of the sample/holder and more
noise in the images.

The relatively inferior predictions around the shaded regions are expected as the heuristic model
was not performing well for those ranges of angles when applied on the original laboratory data
earlier.

However, given the time taken for such predictions and the reproducibility achieved in the overall
method, application of DL + heuristic method certainly instills optimism. Further research into
applying other types of DL models and blending with other potential heuristic methods could be

explored as part of future improvements of this study.
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6.7. Deep Learning and Python Resources

Since both Deep learning and Machine Learning are vast and quickly growing fields, here are some
resources to help the readers grasp some relevant concepts.

The application of Artificial Neural Networks (ANN) as part of Deep Learning (DL) or in a more
general sense Machine Learning (ML) has been gaining traction in a wide array of fields [35],
[36], [37], [38], [39], [40]. ANN has been implemented in ML/DL based studies involving
Microscopy [41], [35], [38], Holography [42], [43]and Computed Tomography (CT) [44], [45],
Limited Angle CT (LACT) [46], [45], [47], Diffraction Tomography (DT) [42], FTIR-MS [48].
While Computed Tomography (CT) assumes minimal to no scattering for each of the 2D
projection images and a linear ray-path. Diffraction Tomography (DT) considers bending of light
inside the sample for constructing the internal RI distribution [17].

Deep learning is a rather vast and fast-growing field. Often books and online resources tend to
become obsolete as the field and the libraries keep updating in a very quick iteration. Even though
| have used PyTorch framework [49], the documentation of TensorFlow is still quite helpful in
grasping concepts [50].

For Image Segmentation, the TensorFlow tutorials are quite helpful [51]. For general conceptual
understanding of deep learning, loss function, model architectures, strengths, weaknesses and
limitations of DL and machine learning approaches refer to [37], [52], [53], [36], [54], [55], [39],
[38], [46], [56], [57].

The UNet architecture is comprised of a compressing encoder arm and a decompressing decoder
arm. To gain more clarity on Auto-Encoders and Generative Models in general, please refer to

[58], [59], [60], [61], [62], [63], [64], [65].
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The DL and ML application and the entire data processing was done using Python. Please refer to
Python Object-Oriented Programming book [66] for the object-oriented programming knowledge
required for using advanced ML/DL frameworks.

The book Dive into Deep Learning [67] is a well-balanced blend of theory and practical
implementations using different DL frameworks, including PyTorch. Computer Vision (CV)
related theory and concepts could be helpful for understanding and extending this work. Please
refer to [68] and [69] for CV.

Machine Learning is a vast field. Dimension reduction is a subfield of ML. To learn more about
hands on methods for such as PCA, please refer to [70]. The book, Machine Learning with PyTorch
and Scikit-Learn [71] is a decent resource for learning about PyTorch (DL) and Scikit-Learn (ML).
Machine Learning related research progresses very quickly and a lot many more papers get
published every year. This could often make it incredibly challenging in keeping up with the field.
| have used three different tools/sites that helped with reducing noise while searching for papers
and comparing/validating their claims: Papers-with-Code [72], Made-with-ML [73] and
Connected Papers [74]. | would encourage the reader to explore these resources and use them

where deemed fit.
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7. Conclusion

IR imaging comes with its own set of limitations — diffraction, scattering, being some of the
notorious ones. This leads to a region of ambiguity around the true edge of the object under study
in the imaged data. PCA based background subtraction could yield an objective and reproducible
method to identify the object from the homogenous background, solely based on information
content. Manufacturing custom specified tomography stage with 6 degrees of freedom comes with
its own set of engineering challenges and limitations. Use of all the rotational axes may not yield
equal benefit and some may accrue detrimental effects when reproducibility is considered.
Moreover, such custom-made stages, designed to operate in highly constrained spaces, may need
other custom-made tools before acceptable lab use. Even when the stage can be used in the lab, it
may require custom designed prototype software to facilitate proper functioning. Autolt is a
software-language that could be used to address such rapid prototyping of ad hoc demands
presented by scientific experiments in a laboratory. Engineering limitations of such lab-
automation, coupled with mechanical engineering limitations of such stages, could present further
problems for precise positioning of the object of interest. While heuristic methods can be used as
an option to further correct any irregularities or uncertainties in the imaged data’s location offsets
(introduced due to mechanical stress/limitations or uncertainties of the imaging system’s stage),
they may offer a good first approximation in improving the sinograms of the imaged datasets.
Machine Learning solutions could pave the way when heuristic options have been exhausted.
However, ML models need data to train on with well-known ground truth. If the training data has
problems or bias, that will show up in the trained model. Synthetic datasets could alleviate the
conundrum of solving the positioning problem even before the dataset acquisition has been
perfected. The use of synthetic data was possible with hyperspectral images, as objective
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background subtraction was owing to the use of PCA along the wavelength-dimension of the FTIR
dataset. Finally, as a next improvement, we suggest that a combination of heuristic and ML based
methods together may provide better prediction mechanism for identifying the center of the

microloop and offsetting the shifted images.
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