








Table of Contents

S 0 T U= PSSRSO v
LEST OF TADIES ...ttt vii
ACKNOWIBAGMENES. ... .ottt et e e et e et e s be e teeneesreenreennesreeeeans viii
AADSTIACT ...t E bRt e e n e r e Xi
(@8 = o) 1 I [0 To [ Tod o USSR 1
1.1  Functional and Anatomical Neuroimaging .........cccccveverieneeresiesrereseeseesee e e 1
1.2 Optical Neuroimaging iNn MICE........coiviiiiiiie et 2
1.3 Diffuse Optical TOMOGIaphy ......ccoooioiiiiiii s 8
Chapter 2: Diffuse Optical Tomography in Mice Using Structured IHllumination........................ 12
2.1 INEFOQUCTION .. bbbttt ettt ene s 12
2.2 IMBENOUS ...ttt 13
221 Structured Illumination Diffuse Optical Tomography Imaging System...........c.cccccveevennne 13
2.2.2 Light Modeling/DOT Forward and Inverse Problem............cccocoviiiiieeic s, 15
2.2.3 Animal Preparation and IMaging ..........cccceveiiiiiieiesie s 20
2.2.4 Baseline Optical Property EStIMation ...........ccccciiiiiiii i 21
2.25 DAL ANAIYSIS ....ceeeeet et 21

2.3 RESUILS ..t 22
2.3.1 Optimizing Measurements Using Effective Source-Detector Separation.............cc.ccccuene. 22
2.3.2 Linearity of Diffuse Optical Tomography Measurements ...........ccocveveveevieieeineseseennesnenns 25
2.3.3 In-Situ Estimation of Baseline Optical Properties ...........ccooviiiiineneieinice e 25
2.34 Measurement REMOVAL ...........ccoiiiiiiiiii e 27
2.35 Non-Invasive Evoked ReSpoNnSes IN VIVO.........coceieiiiiiiiiiiiseseieeeese s 28
2.3.6 Resting State Functional CONNECLIVILY ..........cccoviiiiciiciecc e 31

2.4 DISCUSSION ..ttt stttk bbbttt bbbt bbbt b e e e et e b et e b e st b bt ane s 33
24.1 IN Vivo NON-INVASiVe ACHIVALIONS .......cveiiiieie it 34
24.2 CONEEXE 1O LITEIALUIE ...t 35
2.4.3 Limitations and Potential IMProvements ...........covieieiieie e 36

2.5 SUMMAIY/CONCIUSION .....cviiiiiiieiiiieie bbbt 38
Chapter 3: Whole-Brain DOT in Mice Using Multiple Camera VIEWS ..........cccccevvreneienenennnns 40
TR A [ 411 7o [¥Tox {[o] o TSP ST PP PTPURPRPRPRPN 40






References/Bibliography/WOrKS CIted .........ccueiuiiiiiieiiiie e 88

Appendix: System Design/Construction Challenges...........cccooereiiiiiiiiiiieeeee s 99
AL INEFOTUCTION ..ot bbbt bbb b 99
A.2  Structured lllumination DOT System CoNStrUCTION.........cceoiiieiieiiiie e 99

A2.1  CAMEra SEIBCLION ... 99
A22 LED and Wavelength SEIECHION..........c.coviiiiie i 103
A2.3  COMPULET SEIECLION.......ciiiiicii ettt re e pe e e sreenes 105
A28 OPLCS SEIBCTION ... 107
AL25  SOTIWAIE ...t 108
A3 Multi-view System CONSLIUCTION .....c.oeviiiiiiiiiiiisieeieeeie s 109
A.3.1  Custom Light ENQINE ....c.ooiiiiiii e 109
AN T O 3 (o] 1 o 0] 1= ox (o SRS 112
A.3.3  SYSIEIM SPEEA ...ttt 113
A3.4  Computational ChallENGES ........cccoviiiiiiieie e e 115



List of Figures

Figure 1.1: Extinction coefficients of hemoglobin ... 3
Figure 1.2: Optical Intrinsic Signal (OIS) mouse imaging SYSteM .........cccoovrvrieieienene e 4
Figure 1.3: Resting state functional connectivity in mice using OIS ..........cocooiiiiiiiniiiiee 6
Figure 1.4: fNIRS and DOT MEASUIEMENTS.......c.eiuiiiiriiitirieriieiieie ettt 8
Figure 1.5: Previous DOT SYSIEM OVEIVIEW .........ccuiiuiiiiiiiiiisiieiieie ettt 9
Figure 2.1: Structured illumination DOT SYSEEM .......cccoiiiiiiiieieieee e 14
Figure 2.2: Simulation of DOT Green’s functioNS ..........c.ccooviieiiiienienenisesesee s 16
Figure 2.3: Structured illumination DOT Processing Stream .........cccocevereririesieerienenese e 19
Figure 2.4: Measured light intensity vs. effective source-detector separation .............c.cccceeenee 23
Figure 2.5: Linearity of structured illumination DOT MeasUrements ..........cccceoververerenesiesennenns 25
Figure 2.6: Correction scheme and light model quality assessSment..........c.covviereienencneseninn 26
Figure 2.7: Measurement reMOVAL ............ccouiiieiiiie it sre e s esae e 28
Figure 2.8: Non-invasive imaging of evoked cortical responses in the mouse ............cccccceeuvenens 29
Figure 2.9: Maps of evoked responses in individual MICe...........cccccevviiiiiieiieeie e 30
Figure 2.10: EVOKed reSPONSE tIME COUISES......cuiiiiiieriieieieesieeie st este e staesteesaessaesreesresneesneeneeas 31
Figure 2.11: Resting state functional connectivity as a function of depth.............cccccooiiiinis 32
Figure 3.1: Multi-view structured illumination DOT SYStEM .........ccccoveiiiiieieeie e 42
Figure 3.2: Multi-view tomography system processing algorithms ...........c.ccccoccevveiieieiicieenas 45
Figure 3.3: Surface profiling and 3D surface capture for projector-camera pairs.............c...c....... 46
Figure 3.4: Co-registration of multiple CAmMera VIEWS ............cccveieiieiieie e 47
Figure 3.5: 3D mMesh error StIMAtION .........c.civeiuiiieiiece et sre e 49
Figure 3.6: Measurement 3D location assignment and optimization ...........c.ccocevvierenciencnnnnn. 51
Figure 3.7: Forward model quality @SSESSIMENL...........cciiiriiiiieieriesie et 53
Figure 3.8: Optimized optical properties for all six wavelengths...........c.ccocovviiiiiiniiineee 54
Figure 3.9: Point perturbation simulation reCoONStIUCLIONS. .........cccooviiieieniiisieee e 56
Figure 3.10: Multi-view tomography SyStem SENSITIVILY .........cccooereriieiininiseee e 57
Figure 3.11: Sensitivity and resolution of the multi-view structured illumination tomography
)£ C5] 1 OO U PP PR T 59
Figure 4.1: Concurrent GCaMP fluorescence and OIS imaging SYStem ........cccccevvverenerenennnnn 67
Figure 4.2: Awake mouse imaging teCANIQUES ...........ccoiiiiiiiieieesc e 69



Figure 4.3:
Figure 4.4:
Figure 4.5:
Figure 5.1:
Figure 5.2:
Figure 5.3:
Figure A.1:
Figure A.2:
Figure A.3:
Figure A.4:
Figure A.5:
Figure A.6:
Figure A.7:
Figure A.8:

GCaMP6 mouse model Validation ............cccoiiiiiiiiiiieee e 72
Functional connectivity mapping between states in GCaMP6 mice.............c.cceeueenee. 73
ChR2-evoked hemodynamic responses depend on photostimulation parameters ..... 75
Patterns of degeneration due to alcohol-induced apoptosis ..........cccoererererererinnnns 81
MRI imaging volumes of mice after ethanol exposure during infancy...................... 82
Functional connectivity in adult mice after neonatal ethanol exposure...................... 83
Quantum efficiency and SNR vs. wavelength............cccccooeiiiiiicc e 101
Detectivity of ANdOr Zyla CAMEIa........ccecveiieieiie e 105
System optical compoNents arrangemMEeNt ..........ccvcveriereeiesieese e 107
Structured illumination DOT trigger SEQUENCES.........vevvveveieeireeieseesreeresreesreeeens 109
Light engine ray diagram SKetCh ..o 110
Light engine lens selections and 10CatioNS ...........cccccveveiieieere i 111
LOFU IS (0] 0 0 1 0] (0] =T (0] (SRS RPN 112
Field of VIEW VS. Trame FALE ........cciiiiiiiiieieie e 114

Vi



List of Tables

Table 2.1: Measurement removal percentages from an entire data set within each threshold ..... 28

Table 3.1: Surface profiling errors for various scan parameters..........coccevvverereeneenenieseeseeseenns 62
Table 5.1: Brain volume % reduction vs. controls following ethanol exposure during infancy . 82

Table A.1: Light engine and custom projector power throughput.............cceveeieiencienincenns 113

vii



Acknowledgments

When | accepted the offer from Washington University to attend graduate school here, I still was
unsure if I was making the right decision. Not because | was reluctant, or because | had other
strong opportunities | was passing up, but because of the uncertainty. Graduate school was this
daunting mystery; dedicating the next 5+ years of my life to a to-be-determined field of scientific
research, in a city | had never previously visited no less, was exceptionally overwhelming.
Looking back, my worry was not entirely misplaced, as there were undeniably times of stress,
doubt, and anxiety throughout, but I could not have been more wrong about whether or not this
was the right decision. | would not change anything about my graduate experience if I could, and
| owe a significant amount of appreciation to the many people along the way who were a part of

my life and made this such an undeniably rewarding experience.

I am lucky to have had six committee members who each played a significant, and unique, role
in my graduate career. First, | owe special recognition to Ralf Wessel, who more than any
individual person contributed to my decision to attend Washington University. As a junior in
college, when I first began exploring the idea of transitioning from “traditional” physics into
more biomedical applications of physics, | looked into physicists who were studying the brain
and sent emails to several of them asking what that transition might be like for me. While most
professors sent me brief, impersonal messages (if anything at all), Ralf Wessel noticed my phone
number in the email signature and called me, chatting with me for an hour about the field and
encouraging me to read various recommended books and papers to learn more. | thought, if
professors at Wash U treat random undergraduates from across the country with this level of

personal support and attention, then that is a place | want to be. Sure enough, very soon after my

viii



arrival, meeting Jim Miller proved that notion correct. He has been endlessly supportive, both on

a personal and professional level, and I am incredibly lucky to have had him as a mentor.

If someone had asked me at the start of my graduate career what | wanted to for research and my
eventual career, | would have said that | want to use my physics background to develop novel
medical or imaging equipment. After my first conversation with Joe Culver, it was clear that his
lab was more perfect for achieving that goal than I could have hoped, and | owe him a lot for
giving me such an invaluable opportunity. Joe gave me the freedom and flexibility to design and
construct an imaging system from the ground up, while providing necessary support throughout,
and giving me the chance to routinely travel the world and share my exciting work with others,
which has led to a number of indescribably rewarding relationships and experiences. | was lucky
to join the lab at the same time that a post-doc, Adam Bauer, was beginning to transition to
becoming a Pl himself. As a result, Adam provided endless hands on mentorship as | was
starting out in the lab, and | owe a lot of the skills I’ve gained in designing and troubleshooting

optical systems to his guidance and support.

Another wonderful benefit of working with Joe Culver and Adam Bauer so closely has been their
strong appeal to other talented scientists and engineers for collaboration. I was extremely lucky
to be the graduate student paired up with Kevin Noguchi for one such collaboration, who has
continuously provided me with exciting clinical applications of my work to pursue. Having his
ongoing neuroscience and psychiatry expertise has regularly provided me with a reminder of the
potential big picture value and application of my work, which at times throughout the grind of
graduate school has been very important to keep in mind. I have similarly benefitted from the
ongoing correspondence with Mark Anastasio, who, being an expert in some of the more
challenge aspects of tomography and image reconstruction, has been a wonderful resource.

iX



What has really made graduate school the most memorable and important period of my life,
though, are the friendships I’ve built along the way. My labmates, Patrick Wright, Jonathon
Bumstead, Karla Bergonzi, Zack Markow, Inema Orukari, and many other past and present
members of the Culver lab, have not only made wonderful scientific contributions to my
graduate career, but have provided such personal support and friendship over the last 4+ years

that I am certain | would not have made it through graduate school without them.

The mentorship program in the physics department played a big role in my entire graduate
career, and in particular, the mentors and older graduate students | met upon my initial visit,
Ryan Murphy, Evan Groopman, Amber Groopman, Jeff Pobst, Tom Crockett, Anthony Kovacs,
Mike Abercrombie, and many others, showed me how wonderful of a place this can be and gave
me countless lifelong friends. Thankfully, my classmates and incoming students from subsequent
years, Brendan Haas, Nick Weingartner, Nara Higano, Kim Sukhum, Mack Atkinson, Gus
Medeiros, Kelsey Meinerz, Min Shinn, and honestly nearly an entire dissertation’s worth of

additional people, continued to provide me with a wonderful and supportive group of friends.

But most of all, I owe more than I can say to Rachel Crouch, for her undeniable patience and
support throughout all of graduate school. She committed to coming to St. Louis with me with
even more mystery about what her life would be here than mine was, and she never complained
once. She has stuck by my side through all the ups and downs of the previous 5+ years and I’ll

never be able to show her enough gratitude for the support she has shown me.

Matthew Reisman

Washington University in St. Louis

December 2017



ABSTRACT OF THE DISSERTATION
Structured Illumination Diffuse Optical Tomography for Mouse Brain Imaging
by
Matthew David Reisman
Doctor of Philosophy in Physics
Washington University in St. Louis, 2017
Professor James G. Miller, Chair
Professor Joseph P. Culver, Co-Chair

As advances in functional magnetic resonance imaging (fMRI) have transformed the study of
human brain function, they have also widened the divide between standard research techniques
used in humans and those used in mice, where high quality images are difficult to obtain using
fMRI given the small volume of the mouse brain. Optical imaging techniques have been
developed to study mouse brain networks, which are highly valuable given the ability to study
brain disease treatments or development in a controlled environment. A planar imaging
technique known as optical intrinsic signal (O1S) imaging has been a powerful tool for capturing
functional brain hemodynamics in rodents. Recent wide field-of-view implementations of OIS
have provided efficient maps of functional connectivity from spontaneous brain activity in mice.
However, OIS requires scalp retraction and is limited to imaging a 2-dimensional view of
superficial cortical tissues. Diffuse optical tomography (DOT) is a non-invasive, volumetric
neuroimaging technique that has been valuable for bedside imaging of patients in the clinic, but
previous DOT systems for rodent neuroimaging have been limited by either sparse spatial
sampling or by slow speed. My research has been to develop diffuse optical tomography for

whole brain mouse neuroimaging by expanding previous techniques to achieve high spatial

Xi



sampling using multiple camera views for detection and high speed using structured illumination
sources. | have shown the feasibility of this method to perform non-invasive functional
neuroimaging in mice and its capabilities of imaging the entire volume of the brain. Additionally,
the system has been built with a custom, flexible framework to accommodate the expansion to
imaging multiple dynamic contrasts in the brain and populations that were previously difficult or
impossible to image, such as infant mice and awake mice. | have contributed to preliminary
feasibility studies of these more advanced techniques using OIS, which can now be carried out
using the structured illumination diffuse optical tomography technique to perform longitudinal,

non-invasive studies of the whole volume of the mouse brain.
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Chapter 1: Introduction

1.1 Functional and Anatomical Neuroimaging
Rapid technological developments throughout the 1970s revolutionized neuroscience and

hospital care by allowing physicians to non-invasively observe brain anatomy in their patients.
These now-standard techniques for anatomical brain imaging, for example Computed
Tomography (CT) [1], [2], Positron Emission Tomography (PET) [3], and Magnetic Resonance
Imaging (MRI) [4], [5], are highly effective at providing clinical diagnoses of various
neurological problems such as tumors, bleeding, and trauma, and are all still regularly used in the
clinic to this day. Only in recent decades, however, has neuroimaging expanded into monitoring
brain function as well as structure, accelerated by the discoveries that PET and MRI signals can
be sensitive to changes in blood flow [6], [7]. Given the relationship between neuronal activity
and hemodynamic activity in the brain (known as neurovascular coupling [8]), monitoring of
blood flow using MRI serves as a good proxy for observation of brain activity. Although in the
beginning functional MRI (fMRI) was typically used for task-based brain imaging [9], such as
observing the increase in oxygenated hemoglobin in the visual cortex following a visual
stimulus, the technique provided insight into many diseases that were previously limited to
difficult psychological assessments, and has been the gold standard of functional neuroimaging
ever since [10]. More recently, however, spontaneous fluctuations of blood oxygenation in the
brain were found to persist even in the absence of tasks, and were found to be network dependent
[11]. Specifically, spontaneous fluctuations in certain brain regions tend to occur in unison with
others, implying some sort of functional connection between these regions, even in the absence

of a direct anatomical connection. Studying this spontaneous activity within brain networks, now



referred to as resting state functional connectivity, has opened up functional brain imaging to
some of the most sensitive and important populations that are incapable of performing the tasks
required for traditional functional brain imaging, such as neonatal infants or those having

suffered severe stroke or trauma [12], [13].

Resting state functional connectivity has also provided a new avenue for studying the mouse
brain. The value of mice to biology and neuroscience is undeniable, as they can undergo highly
controlled genetic and pharmacological manipulations to model various diseases and treatments.
These important and clinically translatable studies can be greatly improved with functional
neuroimaging, as longitudinal and minimally invasive studies are more accessible.
Unfortunately, fMRI is difficult and expensive in mice, where very high magnetic field strengths
are necessary to achieve sufficient signal-to-noise ratio (SNR) to detect resting state brain
activity. However, while the small volume of the mouse brain is what limits the capabilities of
fMRI (where signal is proportional to tissue volume), that exact characteristic works to the

advantage of a different functional neuroimaging technique: optical imaging.

1.2 Optical Neuroimaging in Mice
In the same way that MRI signals are affected by changes in blood flow, light is preferentially

absorbed and scattered by changes in blood oxygenation content as a function of its wavelength
(Fig. 1.1) [14]. This can be easily demonstrated by shining a bright white light against one’s
finger and seeing that only red light transmits through without being attenuated; shorter
wavelengths are all completely absorbed within the first several millimeters of tissue. This
phenomenon has become a regular part of everyday life in recent years, with smart watches
detecting changes in reflected light intensity to measure heart rate or blood oxygenation.

Recently, we developed an imaging system that uses this same technique to monitor brain
2



function throughout the mouse cortex by looking at the optical intrinsic signals (OIS) in the brain

(Fig. 1.2A) [15].
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Figure 1.1. Extinction coefficients of hemoglobin. Oxygenated hemoglobin (HbO,, red) and deoxygenated
hemoglobin (HbR, blue) have varying extinction coefficients as a function of wavelength over the visible and near-
infrared parts of the spectrum. In general, longer wavelengths are less attenuated by hemoglobin, and therefore can
penetrate deeper into biological tissue. Differences in reflected light intensity from multiple wavelengths can be used
to determine the relative changes in HbO; and HbR.

The OIS imaging system is a planar imaging system, with a charge-coupled device (CCD)
camera used to collect relative changes in reflected light intensity from light emitting diodes
(LEDs) that sequentially and uniformly illuminate the exposed mouse skull (Fig. 1.2B). The
system uses four different wavelengths, three with preferential sensitivity to deoxygenated
hemoglobin (HbR) and one with preferential sensitivity to oxygenated hemoglobin (HbO>) (Fig.
1.2C). The camera collects light from each wavelength of illumination separately, revealing stark
differences in reflected light intensity in sequential frames (Fig. 1.2D-G). Shorter wavelengths,
which have higher attenuation in tissue, show a greater contrast across the field-of-view (FOV),

with blood vessels appearing more noticeable due to greater absorption of light in these regions.
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Figure 1.2. Optical Intrinsic Signal (OIS) mouse imaging system. (A) The OIS system consists of a ring of LEDs of
four different wavelengths which sequentially illuminate the mouse head and a CCD camera to collect relative changes
in reflected light intensity. (B) A white light image generated from the OIS system, illustrating the camera’s point of
view of the exposed mouse skull after scalp retraction and the 1cm x 1cm field of view. (C) The peak spectra locations
of the four LEDs overlaid on the extinction coefficients of hemoglobin, showing blue preferentially sensitive to HbO,
and yellow, orange, and red preferentially sensitive to HbR. (D-G) Four sequential images taken by the OIS system,
one from each of the four illumination wavelengths. Given the 120Hz frame rate of the system, these four images span
~33ms, showing the significant differences in contrast between the four wavelengths.
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Changes in reflected light intensity can be converted to changes in optical properties
(specifically, changes in the absorption coefficient, as the scattering coefficient is relatively

constant) using the Beer-Lambert Law:

I(t) = IjeA#aOL (1.1)

Here, I(t) is the time-dependent fluctuation of light intensity for a given wavelength

and pixel, I, is the average (baseline) intensity in that pixel from that wavelength, Au, (t) is the
time-dependent fluctuation in absorption coefficient at that pixel, and L is the assumed constant
differential pathlength factor (DPF) [16] for that wavelength, which describes the average
distance that the light travels through tissue. Calculating the DPF for each wavelength requires
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some knowledge of the baseline (average) absorption and reduced scattering coefficients [17].
The baseline reduced scattering coefficient, u, is reasonably constant in the visible spectrum in
biological tissue [18] and therefore assumed to be 10cm™ for all wavelengths. The baseline
absorption coefficient is calculated independently for each wavelength, as it depends on the

spectra of the LEDs in use:

fta = [HbT] % SO, x (HbO, - LED) + [HBT] = (1 — SO,) * (HbR - LED) (1.2)

Here, HbO, and HbR are the extinction spectra from Fig. 1.1, LED is the normalized LED
spectrum for the wavelength of interest, HbT is the assumed baseline total hemoglobin
concentration (76 uM), and SO, is the assumed baseline oxygen saturation percentage (0.71)
[19]. With an estimate of baseline absorption coefficient for each wavelength, the DPF can be
calculated (simplified from the definition by Arridge et al. [20]):

- 1+ 3u,D
2ps\/UgD

Where D is the diffusion coefficient, and is equal to 1/[3(u, + us)]. Once the DPF has been

(1.3)

calculated for each wavelength, the Beer-Lambert law can be rearranged to solve for the

differential changes in absorption coefficient:

—ln(lg—s)

; (1.4)

Aug(t) =
Calculating this time-dependent change in absorption coefficient for multiple wavelengths gives
rise to a linear system which can be solved to calculate the corresponding changes in HbO> and

HbR:

Ao (£) = Egpo, [AHDO,(0)] + Epgpp[AHDR(1)] (15)



The vector Au, (t) is the time trace of changes in absorption coefficient for each wavelength in
the system, and the vector E for each of HbO, and HbR describes the extinction coefficient of
each wavelength for those two contrasts. This extinction matrix is calculated by taking the dot
product of each LED’s spectrum with the extinction coefficient spectra shown in Fig. 1.1. The

solution of this linear system is the pair of independent time traces AHbO,(t) and AHbR(t).

Once this linear system has been solved and the data have been converted to changes in HbO-
and HbR concentration, the time traces are filtered to the canonical resting state functional
connectivity band (~0.009-0.08Hz) [21], and maps of resting state functional connectivity are
generated by comparing these filtered time traces of hemoglobin concentration fluctuation across

different regions of the brain (Fig. 1.3A).
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Figure 1.3. Resting state functional connectivity in mice using OIS. (A) Time traces of HbO; fluctuations with respect
to baseline over a 5-minute period in a mouse from three different locations on the cortex (marked by corresponding
colored dots in B). The green and blue traces are seen to fluctuate together strongly, while the red trace fluctuates
roughly the opposite of them both. (B) A correlation map showing the Pearson-R correlation coefficient between every
pixel’s time trace and that from the blue seed. For example, the correlated green and blue traces have a correlation
coefficient of 0.92, while the anti-correlated blue and red traces have a correlation coefficient of -0.68. (C) Maps
showing correlation coefficients between every pixel over the brain and 7 anatomical seeds of interest, shown in each
map as a black dot.




By calculating the correlation coefficient between a particular brain region of interest (referred to
as a seed) and every other pixel in the brain, maps of correlation coefficients can be calculated
over the entire brain for that particular seed (Fig. 1.3B). Further, these seed-based functional
connectivity maps can be calculated for a range of seed regions of anatomical interest, revealing
the functional structure of the mouse brain (Fig. 1.3C). This can subsequently be used to study
diseases and treatments by observing the disruption of these functional networks in the unhealthy

mouse brain [22], [23].

While optical intrinsic signal imaging has proven very useful for monitoring brain function in
mice and studying brain disease, it has a number of significant limitations. As previously
discussed, OIS does not provide any information about baseline optical properties, and requires
estimates or assumptions of them to ultimately reconstruct HbO, and HbR activity. Additionally,
OIS imaging requires the minimally invasive procedure of scalp reflection prior to imaging.
Given that a surgery and lengthy recovery are necessary, certain longitudinal studies, such as
those in very young (infant) mice, are difficult to carry out using OIS. Furthermore, OIS provides
no depth information because it is a planar imaging technique; we are limited to imaging the
cortex, essentially looking at an average of all depths up to ~500um beneath the brain’s surface.
As a result, there are many inaccessible regions and higher order brain networks that cannot be

observed using OIS.

The broad goal of my work is to expand an optical imaging technique that has recently shown
promise in humans, Diffuse Optical Tomography, into mouse neuroimaging to address these
weaknesses and provide new pathways for studying mouse brain function throughout the entire

volume.



1.3 Diffuse Optical Tomography

Functional near-infrared spectroscopy (fNIRS) is a non-invasive optical imaging modality that,
in contrast with planar imaging techniques, illuminates with a single source at a time [24]. By
collecting light from multiple point detectors for each individual illumination, one can
reconstruct changes within a volume based on how the different detectors collect light from the
same illumination (Fig. 1.4A). The near-infrared light (A~700-900nm) in use can penetrate deep
into tissue given its low attenuation (see Fig. 1.1), but traditional fNIRS techniques use sparse
arrays of point sources and detectors. This confines the spatial resolution and causes non-uniform

spatial sensitivity, which makes fNIRS a non-ideal candidate for rodent neuroimaging.

Source Detectors

A B
d
R
Tissue
fNIRS DOT

Figure 1.4. fNIRS and DOT measurements. (A) A typical fNIRS measurement set, with multiple detectors collecting
light from the same source. The depth of maximum sensitivity is related to the source-detector separation (d). (B) A
two-dimensional slice of a set of typical DOT measurements, featuring a denser grid of sources and detectors, with
more redundancy between tissue regions being probed. This type of measurement distribution provides a more uniform
sensitivity profile over a range of depths, and can image larger volumes with more spatial precision.

In recent years, however, Diffuse Optical Tomography (DOT) techniques have been developed
that use the same framework as fNIRS, but incorporate much denser grids of sources and
detectors to provide better spatial resolution and sensitivity throughout a large volume (Fig.
1.4B). Additionally, DOT typically uses computational modeling methods to model how light is
expected to diffuse through the volume of interest. Discrepancies from this model are then used
to attribute observed changes to specific locations throughout the volume (see Sec. 2.2.2), which
provides much greater spatial accuracy than simply correlating location with source-detector

separation as is typically done in fNIRS.



Consequently, DOT is a much better candidate for whole-brain, non-invasive functional
neuroimaging than fNIRS, as several early systems demonstrated. A fiber-based DOT system,
consisting of ~10 point sources and ~10 point detectors, has shown the ability to image the rat
cortex non-invasively with sufficient speed for monitoring hemodynamics (Fig. 1.5A), but this
fiber array is too sparse to provide the whole-brain sensitivity that we hope to achieve with a
mouse DOT system. The sparseness limitation has been addressed with a high-density fiber-
based DOT (HD-DOT) system for human neuroimaging. This technique implements finite
element modeling of light transport in tissue, which helps to provide volumetric reconstructions
of brain activity with good resolution and sensitivity, but the HD-DOT fiber array cannot easily

be scaled down to the size of the mouse head (Fig. 1.5B).

A B C D
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(~100 5-D pairs) maging brain imaging tissue geometry

Figure 1.5. Previous DOT system overview. (A) A fiber-based DOT system for rodent neuroimaging [25], with too
sparse of spatial sampling for the desired mouse neuroimaging applications. (B) A fiber-based high-density DOT
system for human neuroimaging [26], which cannot be easily scaled to the size of the mouse head while preserving
dense spatial sampling. (C) A CCD and laser diode-based DOT system for molecular and fluorescence imaging in
rodents [27], which is too slow to monitor hemodynamics in the mouse brain. (D) Structured illumination using a
spatial light modulator [28], which has been applied to numerous optical imaging techniques, such as optical
tomography and microscopy. We aim to combine the relative strengths of each of these (green text) into a structured
illumination DOT system for mouse neuroimaging.

The measurement density problem has successfully been solved for rodent DOT by, instead of
using fiber-based sources and detectors, raster scanning a laser diode over the volume of interest

and using a CCD camera for detection (CCD-DOT, Fig. 1.5C). In this case, each pixel of the
9



CCD sensor acts as an independent detector. While this has proven useful for molecular
fluorescence imaging, which is a valuable technique for imaging different contrasts than just

hemoglobin (see Ch. 4), CCD-DOT is too slow for imaging hemodynamics in the brain.

Most recently, speed issues have been addressed in similar systems by using a spatial light
modulator to convert uniform planar light into spatially varying 2D illumination, referred to as
structured illumination source patterns. Structured illumination patterns provide rapid whole
sample illumination instead of only illuminating one point at a time (Fig. 1.5D). Traditional uses
of this technique require sine wave spatial patterns, however, and are therefore not applicable to

the arbitrary illuminations and geometries that would be desired for a mouse DOT system [29].

We can address each of the issues that has limited previous DOT techniques from performing
whole brain mouse neuroimaging by combining their respective strengths into what will be the
primary focus of the remainder of this work: Structured Illumination Diffuse Optical
Tomography (SI-DOT). This technique combines the speed of structured illumination sources
with the high-density detectors of the camera-based CCD-DOT and the finite element modeling
of the fiber-based human HD-DOT into a system capable of fast mouse neuroimaging with good
resolution throughout the cortex and good sensitivity to subcortical brain structures. Chapter 2 of
this work discusses the development of the preliminary SI-DOT system, the theory and analysis
techniques used to optimize the system, and a feasibility study showing its ability to perform
non-invasive functional neuroimaging in mice. Chapter 3 discusses the expansion of the SI-DOT
system into its full form: a “multi-view” tomography system with two separate projectors for
multiple illumination angles and three cameras for multiple detection angles. Chapter 3 also

focuses on the addition of an in situ surface profiling technique to greatly increase the accuracy

10



of the forward modeling of light transport in tissue and subsequently the system sensitivity and

resolution throughout the volume of the mouse brain.

Chapters 4 and 5 discuss preliminary work that has been carried out on problems that will
eventually be addressed more thoroughly with the full, multi-view tomographic imaging system.
Chapter 4 focuses on a system developed to perform awake mouse imaging, and highlights some
results showing the ability of this system to image mice while awake and without brain function
potentially confounded by anesthesia. Additionally, this chapter summarizes this system’s ability
to observe higher order networks using contrasts besides just hemoglobin, via technigques such as

optogenetics and calcium fluorescence imaging, which can ultimately be applied to DOT as well.

Chapter 5 focuses on a preliminary study of a mouse model of fetal alcohol syndrome (FAS).
Further motivating the removal of anesthesia from the imaging of mice, many common
anesthetics or sedatives given to infants, which fall in the same class of drugs as ethanol, produce
excessive spontaneous cell death in the brain and likely contribute to many of the functional
deficits associated with FAS. This work aims to determine the ability of optical imaging to detect
these deficits, with eventual work expanding to more commonly used drugs besides just ethanol.
Establishing which drugs affect brain development and functional connectivity would have wide-
ranging clinical applications, and the flexible non-invasive mouse DOT imaging system will be

the ideal means to carry out such a study.
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Chapter 2: Diffuse Optical Tomography in Mice Using
Structured lllumination

2.1 Introduction
As advances in functional magnetic resonance imaging (fMRI) have transformed the study of

human brain function, they have also widened the divide between standard research techniques
used in humans and those used in mouse models. Although both task-based evoked responses
[30], [31] and resting state networks [32], [33] have recently been observed in mice using fMRI,
high signal-to-noise ratio (SNR) and resolution remain challenging to achieve in the small
volume of the mouse brain, and the logistics of MRI hinder widespread application to high-
throughput mouse studies. A need exists for a fast benchtop modality for studying brain
networks in mice. Optical imaging techniques, such as optical intrinsic signal imaging [15] (OIS,
see Sec. 1.2), have been developed and widely applied to task-based evoked responses [34], [35].
Most recently, OIS has been applied with a wide field-of-view (FOV) to monitor functional
connectivity in cases of disease [22], [23] and development [36] in the mouse brain. However,
traditional OIS methods are limited to planar imaging, providing only a two-dimensional view of
cortical activity. Further, planar imaging requires, at the least, the minimally invasive procedure
of scalp reflection, making longitudinal imaging difficult or even impossible in some

populations, such as infant mice.

In contrast, Diffuse Optical Tomography (DOT) provides non-invasive volumetric imaging at
depths extending to multiple centimeters, which in principle solves some of the limitations of
planar imaging. In addition to DOT instrumentation, algorithms have been developed for
handling arbitrary tissue geometries that can be matched to anatomy using numerical finite

element modeling of light transport [37]. While most papers have focused on humans [26], [38],
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there have been some reports of the application of DOT to rodents [25], [27]. However, thus far
most animal DOT systems have either been fiber-based, which are limited by sparse spatial
sampling [25], or CCD-based, which are limited by slow frame rates (<0.1 Hz) that preclude

imaging functional brain hemodynamics [27].

Here, we present an imaging system that combines structured illumination (SI) with traditional
DOT techniques (SI-DOT) to image a wide FOV (>1cm x 1cm) at high speed (>2Hz).
Successful implementation of SI-DOT for mouse functional neuroimaging requires optimizing
for structured pattern sequences that preferentially select deeper tissue. We introduce an analysis
of the SNR of these patterns that evaluates the average light intensity as a function of an
effective distance. This provides a light intensity versus distance analysis analogous to methods
used in traditional fiber-based DOT. Following optimization, we validate SI-DOT for non-
invasive imaging in mice by observing, through the intact scalp, cortical responses to peripheral

stimulation.

2.2 Methods

2.2.1 Structured llumination Diffuse Optical Tomography Imaging System
The goal of the structured illumination diffuse optical tomography instrument is to provide non-

invasive functional neuroimaging of cortical hemodynamics (through both the scalp and skull) at
a speed >2Hz with a FOV >1cm? to cover the dorsal convexity of the mouse brain. The system
leverages fast, low noise detection provided by a single scientific complementary metal-oxide-
semiconductor (SCMOS) camera (Zyla 5.5, Andor Technology Ltd., South Windsor CT, USA).
For multi-wavelength structured illumination, we used a single projector (Lightcrafter 4500,
Texas Instruments, Dallas TX, USA). Within the projector, multi-colored LEDs were reflected

off a 912 x 1140 digital micromirror device (DMD) array to display arbitrarily complex two-
13



dimensional illumination patterns. The sizes of the DMD chip, the mouse head, and the SCMOS

sensor were all similar, which allowed for symmetric imaging optics.

A Source Detector ® Detector
(DMD) (sCMOS) Brain Mask
!
P A —]Lens
/ 2 ‘ 85mm f/1.4
Lens ‘ 21!
85mm /1.4 \ ’ .

Figure 2.1. Structured illumination DOT system. (A) System schematic showing the relative positions and
orientations of the DMD source projector and SCMOS camera. Internal LEDs and optics illuminate the DMD with the
desired wavelength, and illumination patterns are stored in the on-board projector memory and triggered consecutively
to illuminate the head with the desired spatial frequencies. (B) Six example structured light patterns illuminating the
intact mouse scalp, as collected by the SCMOS. (C) The planar-frame illumination of a mouse head as measured by
the SCMOS camera, showing the positions of ~1,000 detectors (blue) over the intact scalp, after off-camera binning.
A hand-drawn brain mask (yellow) removes measurements that lie outside of the exposed scalp for each mouse.

In particular, 85mm /1.4 lenses were used to maximize the FOV while allowing sufficient
working distance so that the projector could illuminate the mouse head from above (Fig. 2.1A).
To prevent specular reflection off the scalp from saturating the sensor, a polarizer (B+W 72mm
XS-Pro Kaesemann, Schneider Optics, Van Nuys CA, USA) was placed on the projector with its
polarization axis 90° relative to a second polarizer in front of the camera lens. A sequence of
pre-defined illumination patterns was created in Matlab (Mathworks, Natick, MA) and uploaded
onto the projector’s on-board memory. Individual patterns were triggered one at a time and
synchronized with each camera frame (Fig. 2.1B). Several illumination sequences were explored,
typically containing 40 different structured patterns. Each pattern ranged in spatial frequency
from 0.08 to 0.4 mm* with two phases (180-degree phase shifts) and two orientations included
per frequency. Images were collected at a camera frame rate of 80 Hz, providing a full DOT

frame rate of 2Hz. Each detection frame spanned a 12mm x 12mm FOV using the central 512 x
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512 pixels of the sensor. The data were binned to 32 x 32 pixels prior to reconstruction to
improve SNR, yielding a pixel size of ~400um. The binned data had a dynamic range of 10*,
with typical maximum values of ~107 counts and background standard deviations of
approximately 10° counts. The 40 illumination patterns combined with ~1,000 detectors over the
scalp provided ~40,000 total measurements (Fig. 2.1C).

2.2.2 Light Modeling/DOT Forward and Inverse Problem

Diffuse Optical Tomography Image Reconstruction
The diffusion of light through biological tissue can be described by the time-independent

diffusion equation, an approximation of the radiative transport equation [39]:

DV2O(F) — vptg () = —vS(F) (2.1)
Here, v is the speed of light in the medium, @ is the photon fluence (light intensity
per unit area), S is the source distribution, and the diffusion coefficient D = v/[3(u, + us)],
where u, and u; are the absorption and reduced scattering coefficients, respectively. The

scattered field (fluence) can be solved for using the Rytov approximation [40]:

D7) = Dy (F)e®r® (2.2)
Here, the small perturbations in the light fluence, ®,, are much smaller than the
baseline, unperturbed fluence ®,. Given that the data are ratiometric, we can solve for relative

changes in absorption at each location within the volume by solving the linear system:
y = Ax (2.3)

where y is the solution of Eq. 2.2 for the perturbed fluence, a vector of differential light

measurements for each source-detector pair:
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Appendix: System Design/Construction Challenges

A.1 Introduction
The structured illumination diffuse optical tomography (DOT) system for volumetric mouse

brain imaging was first theorized with the goal of meeting a number of parameter improvements
over previous systems. In particular, we needed high spatial sampling, of ideally ~0.3mm, fast
imaging speeds of >2Hz and ideally up to 10Hz, and full volume imaging over a region of
~3cm?3. The preliminary proof of concept of the capabilities of this system were founded in
simulations of sensitivity and point perturbation reconstructions (see Sec. 3.3.3). The initial
design called for four projectors and three charge-coupled device (CCD) cameras symmetrically
arranged around the mouse head. Simulations were carried out assuming optics that permit each
projector to illuminate 120° of the mouse head, with structured patterns linearly spanning 15
spatial frequencies from 0.04mm to 0.6mm™. Reconstructions of 200pm x 200pm x 200pm
point perturbations revealed expected resolution and depth localization throughout the full
volume of the mouse head. These preliminary studies showed enough validity for funding for
this system to be obtained; hence, the initial goal of my research was to design and assemble the

system to meet the desired characteristics.

A.2 Structured llumination DOT System Construction

A.2.1 Camera Selection
The first and most important design decision was the selection of a camera to achieve the desired

signal-to-noise ratio (SNR) over the range of wavelengths intending to be used (visible through
near-infrared). While very expensive (~$50k) scientific cameras have good sensitivity to all
visible and near-infrared wavelengths, a primary goal of this system was to demonstrate that
optical tomography can perform comparably to functional magnetic resonance imaging for
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considerably cheaper. Therefore, we focused on finding a more affordable camera capable of

achieving sufficient SNR for tomographic imaging.

Using the Andor iXon 897 as the gold standard scientific camera for optical imaging systems, as
it has already been established as a suitable camera for detecting resting state functional
connectivity in mice (Chs. 1, 4, 5), we surveyed several cameras and compared their SNRs
across the visible and near-infrared spectrum to that of the iXon. Adding noise to a typical set of
our planar imaging data reveals that an SNR of at least ~1.2 is necessary to observe any resting
state functional connectivity structure, while an SNR of greater than ~2.5 is necessary to observe
clean (i.e. indistinguishable from data with no noise added) functional connectivity maps. This

helped to set a lower threshold on a suitable SNR for the structured illumination DOT system.

The signal acquired in an optical imaging system for a given wavelength is traditionally
considered to be the product of photon flux incidence (P, the photons per pixel per second),
quantum efficiency (Qe, the ability of a sensor to convert detected photons into electrical current
at that wavelength), and the exposure time (t). The noise is defined as the square root of the sum
of three components: the signal (corresponding to the shot noise, or the statistical variations in
photon arrival rate), the dark current (D, in electrons per pixel per second, caused by thermal
fluctuations during detection) of the sensor multiplied by the exposure time, and the square of the
readout noise (Nr, inherent electron noise in analog-to-digital conversion) [137]. For typical
resting state imaging, our true “signal” is the spontaneous fluctuation as a deviation from
baseline, which is typically on the order of a 3% change [15], [54]. As a result, the SNR for all

subsequent calculations scales the signal by 0.03:
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0.03 x PQ,t
SNR = Qe (A1)
JPQ.t + Dt + N2

At the typical photon incidence for a standard wide-field optical imaging system (~10mwW
incident LED power) of ~10° or 10° photons per pixel per second, the total noise is highly
dominated by the shot noise (the first term in the denominator of equation A.1). In this case, the
SNR as a function of wavelength will almost identically match the specified quantum efficiency
of that wavelength range for the sensor in use (Fig. A.1A, B). However, if we consider lower
light levels (~10° photons per pixel per second), which ideally this tomography system will be
capable of imaging as well, as may be required for fluorescence imaging (Ch. 4), the dark current

and readout noise begin to affect SNR (Figure A.1C).
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Figure A.1. Quantum efficiency and SNR vs. wavelength. (A) Quantum efficiency from ~400-800nm for three sensor
types: an expensive CCD sensor (Andor iXon), a cheaper CCD sensor (Basler), and a mid-priced sCMQOS sensor
(Andor Zyla). (B) SNR vs wavelength for a typical wide-field imaging application, with high (~10° photons per pixel
per second) light levels. The relative shapes over the wavelength range closely match the quantum efficiency due to
the dominance of shot noise. (C) SNR vs wavelength for a typical low light (~1,000 photons per pixel per second)
application. Here, the high dark current and readout noise in the cheaper camera becomes more apparent, as it performs
more notably worse than the two more expensive cameras.

Exploring the SNR vs wavelength for three types of sensors, the gold standard expensive CCD
(Andor iXon), a cheaper CCD (Basler Aviator avA2300), and a mid-priced SCMOS sensor

(Andor Zyla), we see that the SCMOS sensor provides sufficiently high SNR over the full visible
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and near-infrared spectrum. Additionally, this sensor has enough pixels (5.5 million total) to
accommodate flexible binning and cropping, which should allow adjustments of speed and

dynamic range to achieve the desired values.

Having identified a sensor that will provide sufficient SNR across the full range of anticipated
wavelengths, our camera selection was narrowed down to two similarly priced, commonly used
SCMOS cameras which both utilize this sensor: the Andor Zyla and PCO Edge. Additionally,
both cameras had two options for communication between camera and computer: CameraLink
and USB3.0. While CameraLink generally affords faster frame rates, USB 3.0 is becoming a
standard across computer types and frame grabbers (the hardware that converts the digital signal
into usable data on the computer), so we elected to sacrifice speed slightly in the interest of

system longevity and flexibility.

The primary deciding factor in favor of the Andor Zyla is its flexible readout mode. Because we
are monitoring hemodynamics over the entire volume from every region (pixel) simultaneously,
we need a camera that reads out all pixels simultaneously. While both cameras implement a
feature (called “global shutter’”) accommodating this, only the Zyla can achieve this without
further sacrificing frame rate. For example, the maximum frame rate that the PCO can achieve at
full resolution in global shutter mode is 16 frames per second, while the Zyla can run at 39

frames per second at full resolution.

Although the well depth (maximum electrons detectable per pixel per frame) of the Zyla is
significantly less than the Andor iXon (~30,000 electrons compared to 180,000 electrons), the
Zyla has a surplus of pixels which can be binned to effectively increase well depth and

consequently the dynamic range. With the Zyla sensor cropped to 512x512, it can run at 201
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frames per second (see Sec. A.3.3), while the iXon can run at 206 frames per second with 4x4
binning of its 512x512 pixel CCD sensor. Binning the Zyla sensor down an additional 4x4
increases its per-pixel dynamic range to values comparable to the iXon, with the only sacrifice
being spatial sampling. Off-camera binning after data collection condenses the data to 32x32
pixels; this makes for a more manageable computational problem (see Secs. A.2.3 and A.3.4)
while still preserving the desired spatial sampling. Given the pixel size, these binned “super-
pixels” are ~400x400um each, close to the original goal of 300um spatial sampling. While this
camera may not be sufficient for extremely low-light-level, single-photon type applications, the
4x decrease in cost for just slightly worse dynamic range (or equivalent dynamic range with
slightly worse spatial sampling) is a worthy sacrifice.

A.2.2 LED and Wavelength Selection

Camera selection was based off of the “ideal” illumination, with typical estimates for LED
power, attenuation, and optical throughput found in the visible spectrum used to estimate typical
photon incidence and subsequently used to calculate SNR. However, we needed to make sure the
full range of possible wavelengths would provide the necessary signal for this camera before
making purchases. This problem can be solved using a concept known as detectivity, which, for
a particular sensor and sampling rate, describes the minimum incident power detectable. To
calculate detectivity, we start with the sensitivity of the sensor, which describes the number of

detected counts per unit energy for a given wavelength:

L QEy » ADC
Sensitivity = (————) (A.2)
E;

Here, QE is the quantum efficiency of the sensor at that wavelength, ADC is the analog-to-

digital conversion rate (in counts per electron), and Ej; is the energy of a photon of the given
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wavelength. This can be converted to a noise-equivalent energy by taking the read noise (azy) of

the sensor (in counts) and diving it by the sensitivity:

ORN

NEE = (———
(Sensitivity

) (A3)
To account for the sampling rate of image collection, this can be converted to a noise-equivalent
power, which scales the noise-equivalent energy by the frame rate, and is generally then
normalized by the square root of the frame rate (FR) to describe the quantity as a function of
bandwidth:

Finally, the detectivity is defined as this noise-equivalent power normalized by the area of the

) (A.4)

sensor (A):

o NEP
Detectivity = (T) (A.5)

This quantity can then be calculated for a given sensor and choice of sampling rate and sensor
area (if cropping). In our case, we can look at the expected power output of the candidate LEDs
to make sure that their signal will remain above the detectivity of the camera over the
transmission depths that we anticipate imaging. For the off-the-shelf Lightcrafter 4500 projector
with built-in LEDs (see Ch. 2), the three included wavelengths are incapable of providing
sufficient signal for the Andor Zyla sensor to allow imaging of the full volume of the mouse
brain (which requires ~2cm total transmission length), with green and blue mostly only able to

probe the cortex (~5mm transmission length, Fig. A.2A).
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Figure A.2. Detectivity of Andor Zyla cameras. (A) The Lightcrafter 4500’s three built in LEDs all fall below the
detectivity of the camera before the necessary 2cm transmission length for whole volume imaging. (B) Estimates of
power output following 2cm of light transmission for the wavelength range of 350-900nm (dotted blue). Wavelengths
where the dotted blue line falls below the camera detectivity are not capable of probing the entire mouse brain. (C)
Six candidate LED wavelengths with attenuation estimated from true measures of their spectra and incident power,
with power falloffs throughout the mouse head volume up to 3cm transmission length. Near-infrared wavelengths
show an ability to probe the entire volume of the mouse brain.

To determine wavelengths that will combine to give the desired sensitivity at large (~2cm)
depths while maintaining good resolution at shallower depths, we can approximate the intensity
of light following a 2cm transmission through the mouse head by assuming a Gaussian LED
spectrum to calculate baseline optical properties at all wavelengths from 350 to 900nm (Fig
A.2B, dotted blue line). Highlighting the wavelengths of six candidate external LEDs (Mightex
systems) shows that the shortest wavelengths will not be able to probe the full volume of the
mouse head, but longer (near-infrared) wavelengths will have power remaining significantly
above the noise floor of the camera. Looking at the light intensity fall-off for each of these LEDs
using their true spectra and incident powers confirms the ability of the near-infrared wavelengths
to probe throughout the volume of the brain (up to ~2.5-3cm transmission length) before falling
below the noise floor of the Andor Zyla camera (Fig. A.2C).

A.2.3 Computer Selection

Computer selection for the structured illumination system required two main criteria to be met:
hardware to accommodate connecting and triggering all of the various components of the system,

and hard drive speed and throughput capable of transmitting and spooling the data at the desired
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frame rates. At a maximum, the structured light system would incorporate 24 LEDs (four
projectors with 6 LEDs each), 4 projectors, 3 cameras, and an electrical stimulus for evoked
response experiments. Hence, we needed a data acquisition card capable of controlling and
triggering up to 31 independent components, and a computer capable of supporting this card in
addition to its other requirements. National Instruments manufactures one card that fulfills these
requirements, the 32 analog output channel PCI-6723, which subsequently required a computer

with a PCI bus accommodating this somewhat outdated form factor.

To account for this, we assembled a custom control computer from Dell that met the necessary
hardware requirements. With the expected cropped field of view, before binning, data collection
occurs at 1024x1024 pixels and a maximum of 100 frames per second. With 16-bit imaging, this
corresponds to 200MB/sec of data. To accommaodate this, we selected an internal PCle solid state
drive for data spooling, which has maximum write speeds of up to 1200 MB/sec, but typically
runs closer to 500-600MB/sec. If spooling 2x2 binned data with the same 100Hz frame rate, the
system collects ~40MB of data per second. For a standard 5-minute imaging run, this comes to
~12GB of data, for a total of ~80GB of data per mouse. Data are binned further before
processing to lessen computation time, but to save raw data, hard drive space can become
occupied very quickly. As a result, we selected a computer with hot-swappable hard drive docks,
so that regular rapid filling of raw data drives would not require a complete system shutdown for
replacement. Instead, data are copied from the PCle solid state drive to removable hard drives for
long-term storage. For the preliminary system (Ch. 2), with just one camera and one projector,
the same computer was used for control and spooling. For the multi-view system (Ch. 3), each of
the three cameras had its own computer for spooling, with a single separate control computer

used.
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A.2.4 Optics Selection
The primary challenge in selecting lenses and designing optics for the structured illumination

system was in preserving the desired field of view throughout illumination and detection within
the confines of the spatial constraints of the system components. For the desired field of view of
~1cm x 1cm (from the top down 2D view of the mouse head/brain), the lenses would have to
magnify the 9mm x 7mm digital micromirror device (DMD) chip, which produces the structured
light patterns, to at least 1cm along the smaller dimension to illuminate the full field of view. To
preserve symmetry along all sources and detectors, the same lenses were desired for the cameras
and projectors. As such, the lenses needed to scale the ~1cm x 1cm field of view to the cropped

camera sensor size of 6.67 x 6.67mm.

Y e

sCMOS sensor 14.15 cm Digital Micromirror Array
0.664x0.664cm 893x.714cm

(1024x1024 pixels) | “ /spot size at mOUSe‘.is 1.36x1.09cm

: 213em N
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Figure A.3. System optical components arrangement. Each projector and camera has an 85mm focal length lens at a
working distance of 21.3cm (drawn approximately to scale) from the imaging plane, with distances between the lens
and the corresponding sensor or digital micromirror chip of 14.15cm. This generates the desired magnifications
throughout the imaging system and allows for efficient spatial arrangement of the cameras and projectors.

With the DMD, sensor, and mouse head all being close in size, optics were chosen to utilize
close to a “2f” relay, meaning the working distance is approximately twice the focal length of the
lens. Given the standard diameter of the large numerical aperture camera lenses in use, and the
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sizes of the body of the Andor camera and Lightcrafter 4500 projector light source, the working
distance was required to be around a minimum of 20cm (Fig. A.3). To optimize the two light
paths and maintain efficient use of space, 85mm focal length lenses were chosen to sit 21cm
from the imaging plane, and about 14cm from the sensor and DMD chip, which generates the
desired magnifications.

A.2.5 Software

To control the timing of the various components in the structured illumination system, voltage
triggers are generated in Matlab and sent to the different devices using the PCI-6723 data
acquisition card discussed in section A.2.2. Because the Andor camera and Lightcrafter 4500
projector are both controlled by independent software, their respective settings must be set up
and gqueued before beginning collection. This consists of setting the desired exposure time
(which defines the amount of time passing between a frame’s initialization trigger and image
readout), number of frames (for allocating necessary space on the hard disk), and binning
information on the camera. For the projector, all patterns are created as individual bits in a 24-bit
.bmp image in Matlab and stored on the on-board memory. This allows more efficient storage of
structured light patterns, as 24 separate patterns (assuming binary patterns where each DMD is
either “on” or “off”, as opposed to the use of spatial sine waves in traditional structured
illumination) are contained in a single .bmp image and can be triggered more rapidly. The order
of patterns to be displayed in the sequence must be loaded from the on board memory before
imaging, and is done using the Lightcrafter 4500 software. For the preliminary system, the color
of each pattern was assigned in this software as well. For the multi-view system with custom

light engine and illumination, a separate series of triggers is required for each LED (Fig. A.4).
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Tngger Sequences for Structured lllumination DOT System - 120fps, 10 patterns per color
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Figure A.4. Structured illumination DOT trigger sequences. This sequence is for a hypothetical pattern sequence of
10 spatial frequencies, all six wavelengths per projector, and 120 frames per second collection on the cameras. LEDs
are sequentially illuminated while each individual pattern is triggered. Once all 10 of the patterns have been triggered
for a given wavelength, the next wavelength is triggered and subsequently illuminated with the same 10 patterns. After
all six wavelengths have illuminated all 10 patterns each, the same sequence is carried out for the second projector.
All three cameras are triggered at the constant frame rate throughout.

A.3 Multi-view System Construction
While design decisions were made with the ultimate application of multiple detector views and

multiple projector illumination angles in mind, the eventual addition of this expansion required
solving further design challenges.

A.3.1 Custom Light Engine

In order to accommaodate a range of LEDs and wavelengths and preserve flexibility to exchange
LEDs in the future if necessary, we designed a light engine that would sit away from the system
and can be adjusted independently from the cameras and projectors. Six LEDs are combined
with appropriate dichroic lenses as a part of this light engine, with a liquid light guide
transporting the output into the system for DMD illumination (see Fig. 3.1). Although the

Mightex LEDs in use are manufactured with a collimating lens (Fig. A.5, C1), because the LED
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die (the chip that produces the light output) has some breadth, the collimated light emitted from

the LED still experiences some divergence (Fig A.5, 61).

LED Dye CL TL1 TL2

— : | 3 _hy

f4 fo + f3 f,  hy

Figure A.5. Light engine ray diagram sketch. Light from an LED die radiates outward before collimation by the
manufactured collimating lens (CL). Despite collimation, the breadth of the LED die causes continued divergence
(01). To focus this large diameter (h1) beam down to the size of the liquid light guide (h2), a pair of lenses (TL1 and
TL2) is used and chosen such that the ratio of their focal lengths is equal to the desired magnification. At the point of
focus, the divergence increases significantly (62) due to the conservation of the optical invariant. Optical ray tracing
courtesy of Davidson College Physlets (http://webphysics.davidson.edu/Applets/Applets.html).

The diameter of the liquid light guide, where light from the LEDs is focused in order to transport
light to the projector (see Fig. 3.1B), is much smaller (~1cm, h,) than the diameter of the of the
LED collimating lens (~4cm, h1). To shrink this spot size down, we can use a pair of lenses in an
optical relay similar to a telescope (Fig. A.5, TL1 and TL2), with their focal lengths (. and f3)
chosen such that their ratio equals the desired magnification. However, focusing a diverging
beam to a smaller area causes the divergence to occur much more quickly (Fig A.5, 6.), due to
the conservation of a quantity known as the optical invariant [138], which states that the product
of an optical component’s diameter and its divergence angle is conserved through a system. For

the optical components and parameters in Figure A.5, h; * 8; = h, * 8,. Because of this rapid
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fame rates, which would ultimately permit the necessary faster full tomography frame rates

should large numbers of wavelengths or illumination patterns be desired.

Figure A.8. Field of view vs. frame rate. (A) The standard field of view and spatial sampling of the system permits
camera collection at 100 frames per second over 13 x 13mm. The sCMOS sensor reads out one column at a time,
highlighted in yellow. (B) Cropping the sensor by ~20% generates a field of view equal to that in previous planar
imaging systems (10mm x 10mm), with an increase in maximum frame rate to 132 frames per second. (C) Given the
column-wise readout of each frame, cropping the horizontal dimension by a factor of two will keeping the vertical
dimension constant yields a 50% increase in maximum frame rate.

The standard field of view has a maximum frame rate of 100 frames per second (Fig. A.8A).
Cropping this field by ~20% while keeping it symmetric yields a ~1cm x 1cm area (matching
that which is used in typical planar imaging systems — see Chs. 1, 4, and 5), with the maximum
frame rate increased to 132 frames per second (Fig. A.8B). However, given the column-wise
readout of the SCMOS sensor, the vertical dimension can be kept constant while the horizontal
dimension can be cropped for a linear increase in frame rate. For example, cropping the
horizontal dimension by a factor of two increases the maximum frame rate to 200 frames per
second (Fig. A.8C). Performing this same crop on each camera would remove the majority of
overlapping measurements in exchange for an overall factor of 2 increase in system speed.
Further, different choices for camera lenses on the projectors and cameras could permit faster

frame rates while preserving overlapping measurements at the expense of dense spatial sampling.
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A.3.4 Computational Challenges
The pattern sequences in use generally yield 36 patterns (sources) and ~3,000 detectors over the

head across all three cameras after all binning and masking is complete, for a total of ~100,000
measurements per wavelength. The overall voxel grid has dimensions of 48x48x48, of which
approximately 50% are generally identified as brain, which comes to ~50,000 voxels to be
reconstructed per wavelength per run. The sensitivity matrix then has dimensions of ~100,000 x
50,000, which with double precision accuracy corresponds to a single matrix of >32GB data size.
Inverting the sensitivity matrix demands more than twice that amount of computational space, as
the full information of the matrix is required in calculating its inverse. Consequently, we required
a computer with sufficient RAM to accommodate this calculation, in addition to efficient means
of communication and data access across collection and processing computers. Our solution has
been to generate Green’s functions first and independently for each mouse. Then, using a
dedicated computational server with large amounts of memory, we create and invert the
sensitivity matrices based on the appropriate sums of the Green’s functions, following the
methods of Section 3.2.2. Even with the computational power afforded by this distribution of
processing across computers the full data processing for a single mouse (~35 minutes of data), if
calculating all Green’s functions and the sensitivity matrix for this mouse, requires ~4 hours of
computation time, making anything close to real-time feedback of in vivo imaging data difficult
to achieve. As a result, the simulations explored in Section 3.3 are very valuable for optimizing
system and reconstruction parameters while avoiding the massive amount of computation time

required for full sets of in vivo data.
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