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CHAPTER 1

Ophthalmic Surgery

The following chapter contains content that is adapted from M. J. RiBgél. Tang, and Y. K.

Tao, AAdvances i n mul ti modal i maging i n oph
Ophthalmology (2021J11].

Reprinted with permission from SAGE Publishing.

1.1 Ophthalmic disease management

Vision loss and blindness present signiftcaocial and economic burdens and are estimated to
affect at least 2.2 billion people globally due to the prevalence of ophthalmic conditions such as
presbyopia, ageelated macular degeneration (AMD), diabetic retinopathy (DR), glaucoma, and
cataractg2], [3]. Direct health costs due to visual impairment were estimated to be 2.3 trillion USD
globally in 2010 and are expected to rise due to an aging population, which has increased the
proportion of people suffering from chronic eye diseases such as BRDand glaucom@]i [6].
Furthermore, it is estimated that at least 1 billion cases of visual impairment could have been
prevented or are yet to be addressed. However, general population screening for diagnosis of early
stage ophthalmic diseasesften costineffective, resulting in latstage disease diagnoses when loss
of visual acuity has already occurred. Management of ophthalmic diseases, thus, often requires
surgical intervention to delay or prevent disease progression.

Ophthalmic microsurggris the most frequently performed surgery in the United States, but
requires extreme precision when manipulating submilliragiiek, semitransparent ocular tissues
that results in a steep learning cuf¥kg [8]. Primary ophthalmic surgeries includeahterior segment
procedures involving the cornea, iris, and lens, 2) posterior segment procedures involving the vitreous
and retina, and 3) other intraocular procedures involving therapeutic de€liadae 1.1)9]. Despite

the prevalence of ophthalmisurgery, limited visualization of fine ocular structures and



corresponding surgical maneuvers remains a critical barrier to improving clinical outcomes.
Improvements in intraoperative ophthalmic surgical visualization are critical to successful operation
by reducing risk of complications and providing enhanced feedback on instriissemstinteractions

that can be used for retine guidance of surgical maneuvers.

Table 1.1. Incidence of primary ophthalmic procedures in the Unifdtes from 2012014
Adapted from{9] with permission from Elsevier

Procedure Total Inpatient Ambulatory
Procedures,N | Procedures,N (%) Procedures,N (%)

Corneal transplant 43,860 970 (0.7) 43147 (1.1)

Glaucoma procedures 150624 1,505 (1.1) 149373 (3.9)

Lens and cataract 2,580415 3,245 (2.3) 2,578000 (66.5)

Repair of retinal tear,

detachment 201,236 3,085 (2.2) 199130 (5.1)

Other therapeutic procedure

on eyelids, conjunctiva, 339132 86,325 (62.4) 318615 (8.2)

cornea

Otherintraocular therapeutic

procedures 455579 13,760 (9.9) 440857 (11.4)

1.2 Anterior segment surgery

The anterior segment, or front of the eye, includes ocular structures such as the cornea, iris, lens,
and ciliary body (Fig. 1.1). Common anterior segment surgeries include cataract surgery, glaucoma
procedures, and corneal transplantafjn

Cataracsurgeries are some of the most performed ophthalmic procedures worldwide and typically
involve making a small corneal incision, followed by phacoemulsification and extraction, and finally
replacement with an intraocular lens (IQLP]. Despite the speeand high success rate of cataract
surgery, complications still occur in approximately 4% of cases due to several factors including
dropped nuclei, postoperative endophthalmitis, and posterior capsular opacifitali¢h2]. These

complications canelad to more serious conditions including uveitis, increased intraocular pressure



resulting in iatrogenic glaucoma, and retinal detachment.

Cornea

Anterior chamber
----------------------------------- = Iris

. ) Anterior chamber angle
------ P — o Posterior chamber

/ Ciliary body
Zonular fibers

Ora serrata

Lens capsule

Optic nerve

Figure 1.1: Anatomy of the eye. (American Academy of Ophthalmology).

Glaucoma procedures are performed to manage high intraocular pressures, which can ultimately
result in optic nerve damage and vision loss. The most common glaucoma procedures are tube shunt
surgeries or trabeculectomies, both of which function to opethavpg from the anterior chamber
to the subconjunctiva for fluid to flow out of the eye, thus reducing intraocular pressure. Postoperative
results from the Tube Versus Trabeculectomy (TVT) study comparing patient outcomes following
tube shunt surgery or tsaculectomy showed high postoperative complication rates of over 34%
independent of operation through a fisear followup [13]. Complications following glaucoma
surgery include corneal edema, cystoid macular edema, suprachoroidal hemorrhage, retinal
detachment, and persistent diplofia4]i[16]. Furthermore, due to complications, reoperation
occurred for 22% of patients who underwent tube shunt surgery and 18% of patients who underwent

trabeculectomy in the TVT study.



Epithelium Endothelium

Descemet’'s membrane

Figure 1.2: Cornea anatomy. (Aerican Academy of Ophthalmology).

Keratoplasties, or operations involving the cornea, encompass a wide variety of surgical
procedures including deep anterior lamellar keratoplasty (DALK), penetrating keratoplasty (PK),
Descemetstripping automated endottelial keratoplasty (DSAEK) and Descemetmembrane
endothelialkeratoplasty (DMEK) Donor corneal tissue is used for transplantation in each case but
involves replacement of the full thickness of t
membr ane and posterior endothelium HRyDRgLIR) i f t
[17]. Similarly, if the patientds anterior corneas
endothelium can be removed and replaced along with donor corneal stroma (DSAEK) or without
additional donor stroma (DMEK)18]. These proedures are used to treat several conditions,
including keratoconus, corneal scarring, and corneal dystrophies. However, complications associated
with lamellar keratoplasties are welbcumented and include donor graft rejection, graft detachment
or failure iatrogenic glaucoma, and microbial keratjfiS]i [22].

Postoperative complications and corresponding rates associated with anterior segment surgery are

summarized in Table 1.Despite the prevalence of anterior segment operations in the United States



(Table 1.1) high rates of adverse postoperative outcomes often require reopemadiorhronic
managementurthermore, the success rate following reoperation is significantly lower compared to
initial operation, thus confoundintgesecomplicating factes. Improved intraoperative visualization

of ophthalmic surgical procedures igssentialto better understandhe incidence ofthese

intraoperative and postoperative complicatitoxdmproved patient outcomes.

Table 1.2. Anterior segmenprocedure complications and associated rates.

Procedure Complications Complication Rate

3-20% (primary keratoplasty23],

Graft failure 12-54% (secondary[R3],
35-67% (tertiary)[23]
Suture failure 10-12%][24]
Corneal transplar Descemet membrane perforatio 0-50%[25]

9-31% (early postoperativ§26], [27]

latrogenic glaucoma 14-47% (repeat keratoplastjd8]

Microbial keratitis 8%[20]
Persistent@rneal edema 4.316%([13], [15]
Cystoid macular edema 2.55%7113], [15]
Glaucoma Suprachoroidal hemorrhage 0.5-8.3%[29], [30]
procedures
Retinal detachment 1-5% [13], [15], [31]
Persistent diplopia 6-12%[13], [15]
Iatrog_enlc glaucoméue to 51.85206[32], [33]
retainedensfragments)
Corneal edeméue to retainetens 46-49.56[32], [33]
fragments)
Uveitis (due to retainetens 56-67.1% [32], [33]
Lens and catarad fragments)
Dropped nuclei 0.090.8%][11]
Posterior capsular opacification 20.4%[34]
Retinal detachment 4-8%[33]
Endophthalmitis 0.35%[35]




1.3 Posterior segment surgery

Posterior segment surgery refers to operations involving ocular structures at the back of eye,
including the vitreous humor, retina, optic nerve, and the choroid. Vitreoretinal surgeries represent
the majority of posterior segment operations and incluttectomy, membrane peeling, and laser
photocoagulation for treatment of diseases such as DR and AMD as well as associated pathologies
such as neovascularization, macular holes, and retinal detach8&nts

The most common vitreoretinal procedure isphes plana vitrectomy (PPV), during which the
getlike vitreous humor is removed. PPV typically involves the insertion of three trocars through the
sclera, allowing for surgical instruments, such as an infusion cannula, light pipe, and vitrector, to be
inserted into the vitreous bod87]. PPV is often performed to relieve traction on the retina in the
case of retinal detachments, which also aids in preventing future detachments. In addition, PPV is
performed for cases of vitreous hemorrhage, intraoéotaign bodies, and for procedures requiring
access to the subretinal space. Intraoperative complications associated with PPV are rare, but
postoperative cataract formation has been described&%0of patients, thus requiring folleup
or combined cafract surger{38]i [40]. Less serious complications occur at a rate of 20% and include
hypotony, retinal edema, retinal tears, and vitreous hemorrhage, while more serious complications,
such as endophthalmitis and retinal detachment, occur at a rggrokianately 5%441]i[43]. As a
result, 30% of PPV cases require additional operation in order to resolve postoperative complications.

In addition to PPV, membrane peeling surgery is often required in response scar tissue formation
due to aging and ophahmic disease pathogenesis. Idiopathic epiretinal membrane (ERM) formation
in healthy eyes can occur naturally due to aging and is caused by synchysis, or liquefaction of the
vitreous humof44]. Synchysis and syneresis, or contraction of the liquefteglows humor, results
in traction between the posterior vitreous cortex and the inner/internal limiting membrane (ILM) of
the retina, which leads to the proliferation of epiretinal cells and the formation of EFM$46].
Secondary ERM formation i®$s common and associated with several ocular conditions including

inflammation following surgery, retinal detachment, macular hole, DR, AMD, and retinal vein



occlusion [47]. ERM formation and proliferation increases tension on the retina, resulting in
distortion and progressive retinal thickening that can lead to irreversible loss of[4i8jom these

cases, surgical removal of the ERM/ILM is performed to restore vision and has been shown to
significantly improve patient visual acuitj49]i[51]. However, postoperative complications
associated with ERM/ILM peeling include cataract formation, retinal detachment, and cystoid
macular edema in addition to confounding factors following P#2¥i [54]. Additional challenges
include ERM recurrence andtsequent reoperation, which is associated with worse success rates

and worse visual outcomgsb].

Table 1.3. Posterior segment procedure complications and associated rates.

Procedure Complications Complication Rate
Cataract formation 60-80%[38]i [40]
Hypotony 3.320%[41], [42], [56]
Vitreous hemorrhage 1.54.8%([42], [43]
PPV Retinal edema 7.0:9.4% [43]
Retinal tear 1.1-1.9% [41], [43]
Retinal detachment 0.24.6%[41]i [43]
Endophthalmitis 0.3-0.4%[43]
Cataract formation 52-76%][52]
PPV +Me_mbrane Cystoid macular edema 12-15.®6[52], [54]
peeling
Retinal detachment 14%[52]

Common posterior segment complications and associated rates are summarized in Table 1.3. The
most prevalent adverse event is cataract formation, which often necessitates combined PPV and
phacoemulsification. Thus, these operations often confound multiplplicating factors due to both
anterior and posterior segment procedure. In addition, reoperation for secondary PPV or secondary

ERM removal is often necessary and is associated with worse outcomes. Similar to outcomes



described for anterior segment sugggsection 1.2, Table 1.2), enhanced intraoperative visualization
can potentially provide valuable insight into the incidence of postoperative complicafioms.
example, wlumetric and 4D visualization of instrumergsue interactions can be udedreal-time
assegwent oftissue deformation and tissue damalgerthermore, hesemetricscan be directly
associated witlpostoperative outcomes and patient visual adaitpngitudinal clinical studieso
potentiallyprovide enhancethtraoperativeguidance of ophthalmic surgical maneuvers
1.4 Drug delivery and therapy

Increasingly aging populations, especially in industrial countries, have contributed to the increased
prevalence of chronic vitreoretinal disease, such as DR, AMD, and diabetic macular edema (DME)
[57]. Treatment of chronic eye conditions of both theedot and posterior segment has been
significantly benefitted by the development of effective drug therapeutics, such -assoutiar
endothelial growth factor (VEGF) for the management of neovascular disease as well as topical eye
drops for management gfaucoma and treatment of infectious diseases, such as endophthalmitis,
keratitis, and conjunctiviti§s8]. Topical drug delivery facilitates ophthalmic disease management
without the need for direct surgical intervention and associated risks, buttawoninvasive methods
suffer from limited uptake by target ocular tissues. It is estimated that ex@yo50f topical drug
dose is absorbed by the eye, with the remaining majority being absorbed into systemic circulation via
blood vessels in the conjungi[59], [60]. Due to drug clearance by the anterior segment, topical
drug administration is ineffective for and does not reach targets in the posterior segment of the eye
[61]. Inefficient uptake is especially problematic for gene therapy and treawherongenital
ophthal mic diseases, including inherited retinse
congenital amaur osi s ([B2]CAs)aresult, mdre iI8/asive dgug delivery) s d i ¢
methods are typically observed in erdio ensure effective drug administration and uptake by
posterior segment tissues.

Alternative methods for drug delivery involve injection of drugs or implant placement directly

into ocular tissue. Subconjunctival injections involve injection of fluid the subconjunctival space,



which leads to the formation of a bleb and slow diffusion of drugs through the sclera, thereby
bypassing uptake by conjunctival blood vessels. Despite low risk of complication due to direct
visualization of the needle tip duginhe procedure, subconjunctival injection is impeded by diffusion

of large macromoleculef63]. High scleral permeability ensures efficient drug delivery to the
choroid, but the choroid and retinal pigment epithelium (RPE) present significant barfierher
diffusion into the retina due to low permeability of certain molecules by the-o&timél barrie[64],

[65].

Intravitreal injection is the most common technique for delivery of drugs directly to the posterior
segment due to the direct uptakfedrugs by the inner retina via the vitreoretinal interface, thereby
bypassing the blooetktinal barrier. Intravitreal injection is typically used to administer-¥EGF
agents (e.g. bevacizumab, ranibizumab, aflibercept) orstenidal antinflammabry drugs
(NSAIDs) to the posterior segment to deal with elevated VEGF levels and inflammation,
respectively, that occur due to many ophthalmic disefEds Due to the invasive nature of the
injection, which is typically accomplished via a pars plamgpreach, a greater number of
complications may occur compared to noninvasive or subconjunctival approaches. These
complications include glaucoma, cataract formation, lens injury, endophthalmitis, and retinal tears or
detachment$67]i [70]. However, dued the chronic nature of these ophthalmic diseases, multiple
intravitreal injections are often performed, which can lead to higher risk and complicatidid tates

Another potential route for drug delivery is via subretinal injection where dosage voluenes
administered directly between the photoreceptor layer and thd RPESubretinal delivery is the
predominant approach for the treatment of inherited retinal disorders due to the fact that gene vectors
come in direct contact with their two primaterapeutic targets, photoreceptor and RPE &l
Targeting the neurosensory retina and RPE is more challenging using an intravitreal injection
approach due to the transduction by epithelial cells in the ciliary body, neutralization in the vitreous
via immune response, and the presence of the ILM, which acts as a barrier that separates the vitreous

and outer reting74]. Despite more efficient targeting, subretinal injections suffer from increased



rates of complication due to the inherent needdoce a retinal detachment via bleb formafitsj.
Furthermore, transduction is typically limited to cells in a small vicinity near the retinal bleb and is

therefore impractical for treating paetinal diseaselg’5].
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CHAPTER 2

Intraoperative ophthalmic imaging

The following chapter contains content that is adapted from M. J. Ringel, E. M. Tang, and Y. K.
Tao, AAdvances i n mul ti modal i maging i n oph
Ophthalmology (2021).

Reprinted withpermission from SAGE Publishing.

2.1 Stereomicroscopy

Ophthalmic microsurgery is complex and requires the use of an operating microscope, which
improves visualization of ocular microstructures and enables delicate manipulation of these features
[76]. Thesesurgical microscopes provide crucial illumination and magnification of both the anterior
and posterior segments, which facilitates more precise surgical manguvgrdn particular,
ophthalmic microsurgery is conventionally performed under a vilite stereomicroscope, which
provides anen faceview of underlying ophthalmic structures. Stereomicroscopes differ from
traditional 2D microscopes by providing stereopsis, which is the sense of depth perception that is
achieved by binocular viewing of a se&[78]. As a result, stereomicroscopic views provide
information that i's similar to a humands binoc
development of modern stereomicroscopic systems dates back to the introduction of the Greenough
stereonicroscope in 189%79]. These systems employ two identical tilted optical paths which relay
light from an object into each eye for detection. More complex systems, such as common main
objective (CMO) stereomicroscopes introduced in 1957, utilize a ssigheed objective that
generates a flat focal plane compared to the Greenough configuration, which generates a slightly
tilted image in each eyepiece. The use of a single objective lens also creates an infinity space between
the objective and tube lens tlemables more modularity for adjustable zoom range and magnification

[80], [81].
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Current generation stereomicroscopes for ophthalmic surgery typically employ CMO
configurations, which benefit from improved versatility due to their modularity. In addgiystems
such as the Leica Proveo 8 ophthalmic microscope take advantage of CMO infinity optics by
modi fying | eft and right eye channel[82dhmponent
right eye channel is modified to include a larger nuna¢aperture binocular objective lens for high
resolution imaging, while the left channel utilizes a lower numerical aperture lens to improve visual
depth of focus at the cost of resolution. Viewing each channel simultaneously, the brain combines
each imagelo generate a higresolution, high deptbf-field image. Despite advancements in
stereomicroscopic technology, microscopic systems suffer from changes in image appearance due to
variable lighting conditions, nonuniform illumination, specular reflecti@m] noise[83], [84].
These variables reduce the quality of acquired digital images, which are often used for ophthalmic
training, performance assessment, and motion anal@8is In addition, ophthalmic surgeon
microscope views often provide highegsolution visualization compared to digitally captured
images, thus limiting the utility of external monitors for surgical guidd86§ As a result, there
exists a need for improved visualization of complex ophthalmic tissue microstructures inoorder t
provide reaiftime guidance of ophthalmic surgical maneuvers.
2.2 Optical coherence tomography

Optical coherence tomography (OCT) is a deptplved imaging modality based off of low
coherence interferometry. Early tindemain OCT (TBOCT) systems employethe use of a
Michelson interferometer and translating reference mirror to extract depth information from tissue
(Fig. 2.1). A broadband light source is split using a besuiitter or power coupler between reference
and sample arms that are péhgth matched with each other. The reflected light from both mEaths
recombined by the coupler and detected, generating an interference fringe that can be used to extract
sample réectivity at a given depth. By moving the reference mirror, a deggblved sample
reflectivity profile can be generated-gan). The incorporation of a scanning mirror in the sample

path allows for multiple Ascans to be acquired at adjacent positidhss generating a two
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dimensional (2D) image @Bcan). Finally, multiple Bscans can be acquired by raster scanning to

Source

generate thredimensional (3D) volumes.
b A] ( Reference
SNEL v Mirror
Coupler
A A,
Detector < Sample

Figure 2.1. Simplified OCT imaging system setup utilizing/lichelson interferometer.

More recently, spectralomain OCT (SBOCT) and swepsource OCT (S®CT) systems have
been developed. These systems have several advantages in terms of imaging speed as well as signal
to-noise ratio (SNR) compared to TOCT syséms. SBDOCT and SSOCT systems preclude the
need to translate the reference mirror by acquiring the interference signal as a function of wavelength
as opposed to time. In SOCT, this is accomplished by fixing the reference mirror position and
spectrally dspersing the recombined light with a spectrometer and detecting it with a line detector
such as a chargmupled device (CCD). In SSCT, the laser is swept temporally through its optical
range and thus only a single photodiode is necessary.

In addition there exists &ourier relationship between the source spectrum andmiigispread
function (PSF)In particular, the coherence length of the system can be described as-tdtfull
half-max of the axial PSF and therefore represents axial resol@&ince the coherence length is
inversely related to the bandwidth of the source spectrum, broadband light sources are often used to
achieve lower coherence lengths and higher axial resolution. Other metrics, such as-sigisal
ratio (SNR), 6dB falloff, and imaging range are also critical design criteria for clinical imaging and

diagnosticgTable 2.1)
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Table 2.2. Critical OCT design parametefsr clinical ophthalmic imaging

Z, detector sensitivity

oSS Rati w11 @Y | sample power @
(SNR) P 0 3|, A-scan rate )
m €lectron charge
Aial e P f , source center wavelength
Resolution S - ¢ &k f, source optical bandwidth (2.2
3Q R i, source bandwidth in wavenumber
6-dB ciilc 11 #,, spectrometer resolution (SDCT) or
Imaging = —_—= instantaneous linwidth (SSOCT) in (2.3
Depth 1.Q T - wavenumber and wavelength
Maximum p #  pixel size (SPOCT) or sampling
Imaging —_— — clock frequency (S®CT) in (2.9
Depth 8 = wavenumber ashwavelength

The introductionof OCT in 1991 has revolutionized the field of ophthalmology by providing
depthresolved 3D imaging of both the anterior and posterior segments of tf@&/gy®ince its first
demonstration, parallel advancements in laser sources, detectors, and dataoschaisiigreatly
increased the speed, resolution, and the sigrabise ratio (SNR) of OCT imaging. Current high
speed systems are capable of reaching megahertz (MHing Aates for videgate volumetric
imaging[88]i [92] and ultrahigh resolution syshs achieve axial and lateral resolutions between 1
10 um[93]i [99]. The development of OCT has significantly improved the diagnosis and monitoring
of ophthalmic diseases such as diabetic retinopathy (DBQ]i[105], agerelated macular
degeneration AMD) [106]i [110], and glaucomg111]i[116] by enabling the higiesolution
visualization of complex ophthalmic tissue microstructures and their changes over time.

Furthermorethe development of intraoperative OCT (iIOCT) through the use of compattdidnd
OCT probes[117]i[127] and surgical microscogategrated OCT (MHOCT) [128]i[133] has
addressed several limitations of clinical OCT by allowing for esestional and volumetric imaging

of supine patients during ophthalmic surgery (Figu®. Depthresolved imaging during surgery
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enables visualization of instrumetigsue interactions for a wide variety of aforementioned anterior
and posterior segment surgeries including tsinent/trabeculectomy, keratoplasties, ERM/ILM
peels, and subretinatjections. In addition, the safety and efficacy of iOCT for ophthalmic surgery
has been investigated in two landmark studies:n@)Rrospective Intraoperative and Perioperative
Ophthalmic Imaging with Optical Coherence Tomography (PIONEER) study cowchptet2017
evaluated the feasibility and safetyiGfCT in 518 cases of ophthalmic surg¢t$4] and (2) the
Determination of feasibility of Intraoperative Spectral domain microscope Combined/integrated OCT
Visualization during En face Retinal and ophthial surgery(DISCOVER) studyinitiated in 2014
hasassessdthe viability of microscopéntegrated OCT imaging in a larger cohort of 820 cases
is currently ongoing135].
2.2.1 Microscope-mounted OCT

The first demonstration of microscoepmunted OCT for intraoperative ophthalmic imaging
utilized a system that integrated an operating microscope with a custom attachment for holding and
stabilizing a handheld Leica Microsystems (formerly Bioptigen) pftB6]. Microscopemounted
OCT imaging enabled the generation of more repeatable images compared to previous handheld OCT
studies[127]. In the study, iOCT utility was evaluated during macular hole repair surgery, which
involved an ERM/ILM peel in 13 pieents. Residual ERM and ILM could be easily visualized on
iOCT without the use of exogenous contrast agents, such as indocyanine green (ICG) or
triamcinolone acetoniddyes. In addition, conventional dye staining of the membranes enhanced
their visualizaibn on OCT, which facilitated identification of the edge of the membrane for peeling.
iOCT also provided valuable quantitative information, such as macular hole height and thinnest
width, that could potentially be correlated with surgical outcomes andtaseelp guide future

patient management.
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Figure 2.2: (a) Microscopemounted handheld Bioptigen probe used for the PIONEER $tady
(b) iIOCT B-scan acquired following graft insertion during DSAEK surgery showing residual fluid at
the graft/host interface and (c) iOCTFdBan acquired during DALK surgery showing trephination
extent and the Des c e fin@an[I38] withgembigsiannfrem Elsewegd) i nt e d
Microscopeintegrated ZEISS RESCAN 700 system used as one of three systems for the DISCOVER
study[138]. (e) IOCT Bscans taken preoperatively (top), post initial ERM peel (middle), and post
second ERM peel (bottom) shaow complete membrane removal. Reprinted frd&9] with
permission from Elsevier

The results of these initial clinical trials helped inform the possibility that a larger prospective
study could provide valuable insight into the direct impact of iOCagimy in surgical decisien
making and londgerm patient anatomical and functional outconip40]. Thus, the PIONEER
clinical trial was initiated in 2011 to assess the utility of iOCT imaging in 275 anterior segment

operations including DSAEK, DALK and taact extraction, and 256 posterior segment procedures

including vitrectomy and membrampeeling[137]. The study utilized a microscomeounted iOCT
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probe (Figure 2(a)), which facilitated the visualization of crucial features, such as residualrfluid i
the cornea following DSAEK graft insertion and
dissection during DALK (Figure 2(b),(c))[141]. In particular, the presence of residual fluid at the
graft/host corneal interface is associated withgidy incidence of postoperative interface opacity
[142]. iOCT imaging allowed for monitoring of fluid removal during DSAEK, which endbfgimal

graft apposition to the host corneal. iOCT feedback helped inform surgical deuigiing despite
surgeon Blief that graft apposition was complete, which resulted in additional graft manipulation in
29% of DSAEK cases. iOCT also verified completion of surgical goals in 18% of DSAEK cases
despite incomplete apposition assumed by the surf&f. In vitrectany cases for treatment of
vitreomacular traction, iOCT enabled visualization of the vitreoretinal interface, which allowed for
identification of traction release as well as subsequent macular hole forn@aterall, iOCThelped

guide surgical decisiemaking in 48% of lamellar keratoplasty cases and 43% of membrane peeling
casesandno adverse events were attributed to theofis@CT [137].

Despite the advantages of microscopeunted OCT imaging during surgery, the use of a
mounted handheld probe necessitated switching between the surgical microscope and the probe
during the operation, leading to repeated pauses that increased operating tipn® 26.7 minutes
(mean: 4.9 minutes)137]. Pause time included image acquisition as well as alignment of the
handheld probe to the patient, which can be particularly challenging when imaging the posterior
segment and required a trained researdimieian to facilitate efficient imaging during the operation.
Furthermore, the microscomeounted platform precluded rei@ine visualization of surgical
maneuvers, which could potentially be used to directly monitor instrutissoe interactions and
therefore tissue deformation or damage.

2.2.2 Microscope-integrated OCT

Technological advancements made in parallel to the conduction of the PIONEER trial enabled the

development of MHOCT systems, which provide simultaneous visualization of the surgical

microscopefield and OCT crossections. The first MOCT system was described in 2010 and
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incorporated OCT optomechanical imaging components into a compact enclosure that could be
suspended directly from a surgical microscope while also supporting@nsBinocular Indirect
Ophthalmomicroscop€IOM) for imaging of the posterior segment during vitreoretinal surgery
[128]. Further developmenenabled imaging of both the anterior and posterior segment on the same
platform using an electrically tunable focus, whalowed for reatime compensation of the OCT
focal plane with respect to that of the surgical micros¢bpg&]. Headsup display (HUD) integration
of the surgical microscope oculars was also used to dynamically display OCT images across the entire
ocdar field-of-view (FOV), overlaid on the surgical field, or at the periphery of the field in
accordance with user preference.-®ICT addresses several limitations of previous microscope
mounted configurations by eliminating the need for repeated pauseg dperation and allowing
for reattime visualization of surgical maneuvers and instruntisstie interactions. Alignment and
stability of OCT imaging to the patient is also facilitated by direct integration with the surgical
microscope FOV and automatixtus control using a foot pedal.

Preclinical studies performed to evaluate the utility of QT demonstrated similar imaging
performance to previous microscep®unted handheld OCT systems and-tima¢ visualization of
both anterior and vitreoretinal iglical maneuvergl29], [130], [143] Early studies have also shown
that MI-FOCT informs surgical decisiemaking by providing feedback that guided additional
membrane peeling for removal of residual ERM/I[M}4]. MI-OCT enabled membrane peeling
without the use of dyes in 40% of patients, and OCT images corresponded well with retinal dyes in
94.3% of patients for verifying complete membrane rem{4h]. However, these initial studies
suffered from relatively small sample sizes, which limited inegtgiility of the potential impact of
MI-OCT in facilitating ophthalmic surgery.

As a result, the DISCOVER trial was initiated in 2014 to assess the feasibility@CNllimaging
in a larger cohort of patients (873 eyes) for both anterior segment andgroségment surgery
[139]. MI-OCT imaging was performed at multiple centers using three different systems: Zeiss

RESCAN 700, Leica EnFocus, and a prototype developed at the Cole Eye Institute (Rglje 2.
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The anterior segment arm of the study ineldl@44 operations involving DSAEK, DALK, DMEK,
PK, cataract extraction, and tubbunt surgeries. MOCT was reported by surgeons to provide
valuable feedback in 88.5% of anterior segment cases and was used to evaluate the extent of
DSAEK/DMEK graft appogion as well as the presence of fluid at the graft interface. Furthermore,
graft position feedback and persistent interface fluid orRO@IT informed changes in surgical
management in 43.4% of these cases. The posterior segment arm of the study incloged598s
involving PPV and membrane peeling.-CT informed surgeons of residual membranes in 19.8%
of patients undergoing ERM/ILM peeling and helped to verify completion of surgical goals in 40%
of cases despite surgeon belief that there was resitkrabrane (Figure 2(e)). Surgeons reported
that MI-OCT provided valuable feedback in 59.4% of posterior segment cases with changes in
surgical management due to{@ICT feedback occurring in 29.2% of cases.
2.3 Clinical challenges

Despite the reported benefits of {@ICT for surgical guidance, several major limitations hinder
the broad adoption of the technology. Although numerous clinical trials have demonstrated the
feasibility and utility of iOCT for surgical guidance, more stgdiee needed to understand the impact
of iOCT guidance on patient outcomes in terms of complication rate, reoperation rate, visual acuity,
and quality of life. Furthermore, these studies have shown that there are still fundamental limitations
of MI-OCT tetinology that impede its overall utility. A major finding of the DISCOVER study was
surgeon preference of static OCT images for posterior segment operations due to several limitations
of realtime MI-OCT feedback, including instrument shadowing and ladksifumenitracking. In
addition, the slow scan speeds of commercialMIT systems, such as the Zeiss RESCAN 700 and
Leica EnFocus, limit visualization to cressctional images and static FOVs that require manual
alignment to the surgical regiaf-interest (ROI). Broad adoption of iOCT technology requiaes
combination ofapid volumetric imagingnd automated instrumetnaickingfor full 4D visualization

of instrumenttissue interactions during surgery.
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2.3.1 Video-rate 4D visualization

Figure 2.3: iOCT visualization during (a) anterior and (b) posterior segment suigdy (a) iOCT
showing graft placement during corneal transplant showing a persistent fluid interface (arrowhead).
(b) 4D iOCT imaging of forces peeling epiretinal membridr33].

Currentgeneration commercial MDCT systems are limited by static cregstional imaging of
ROls (Figure Z(a)), which inhibits visualization of bulk interactions between the surgical instrument
and underlying tissue. In particular, the O&Btemaused in the PIONEER and DISCOVER trials
operate at line ratdsss than 40 kHz, which is an order of magnitude slower than current research
grade OCT systenj446]. As a result, it is difficult to perform reéime volumetric imaging that can
potentiallybe used to improve visualization of instrumé&ssue interactions during complex surgical
maneuverq131], [147] The recent development of rapid sweptrce lasers has facilitated the
development of 4DOCT imaging systems. The first demonstrationddd MI-OCT was able to
achieve volumetric imaging rates up to 10u$ing a 400 kHz source (Figure3g)) [133]. Beyond
traditional swepsource lasers, Fourier Domain Mode Locked (FDML) lasers have also been
developed for ultrafast OCT imaging at miMHz line rated148], [149] These systems have been
shown to be able to achieve line rates of up to 20.8 MHmuwsibase 5.2 MHz FDML source and
parallel scanning of four spots. Recent implementations of #Miidiz OCT have demonstrated
videorate volumetric imaging at over 20 Hz in the human finger as well as the posterior segment of
the eyg150], [151]

Despiteadvances in laser speedpid volumetricimagingreduces detector integration time per

beam position on the sample, which inherently degrades image SNR and requires increased sampling
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density or decreased FOVAs a resultpptimal volumetricimagingrates are betweepto 3.33 Hz
for sufficient samplingpf 4D MI-OCT volumegq133]. Furthermore, dowssampling via volumetric
averaging is often necessary to achieve clinically relevant SNR levels above 95 dB when operating
in the multtMHz line rate regim¢90]. In order to address these limitations, novel scan patterns have
been proposed for improved volumetric OCT imaging. These scan patterns include Lissajous
scanning152], constant angular velocity spiral scann[t§3], and constant linear velagispiral
scanning (CLVYSC)[154]. CLV-SC enables 4D OCT imaging at 10 Hz volume rate with isotropic
transverse and axial resolution while simultaneously eliminating dead time between successive scans
due to scanner return lines. However, these modifiad patterns necessitate remapping of acquired
data back into Cartesian coordinates, which requires additionappasissing and computational
overhead for visualization. Thus, there exists a fundamental¢fadbetween 4D imaging speed,
sampling derigy, and FOV, which precludes retiine visualization of surgical maneuvers with high
resolution.
2.3.2 Motion compensation

One major limitation of commercial OCT imaging is the presence of motion artifacts, which
degrade image quality, distort anatomical features, and prevent quantitative analyses from being
performed155]. These systems are relatively slow, which makes tm@re susceptible to multiple
sources of motion: patient motion including fixational eye motion (ocular tremor, drift, and
microsaccade$)56] as well as bulk motion due to patient movement, breathing, and operator motion
[157]. Despite the use of mroscopemounted and MOCT systems for increased stability, iIOCT
imaging is additionally confounded by complex surgical maneuvers, which often require patient
adjustment to target ROIs.

Several hardware and computational methods have been proposed ifmn matking and
compensation of OCT volumes. Hardware solutions include the use of regemiehsystems
employing rapid sweptource lasers. MuliiHz sources enable redime volumetric imaging,

which significantly reduces the effects of motion artadue to faster data acquisition with respect

21



to the temporal dynamics of typical sources of mofits8]. However, these systems suffer from
inherently low image SNR, which necessitates increasing sampling density or decreasing FOV.
Multi-volumetric aeraging of muliMHz OCT volumes is an effective computational method to
improve image SNR and simultaneously reduce speckle noise but is ultimately highly susceptible to
intervolume motion and achieves effective line rates similar to current commerstaimsy
Alternative motion compensation methods incltite use of novel scan patterns, such as Lissajous
scanning and CLABC. These softwarkased methods can facilitate motion tracking and
compensation for improved image quality and reduction of matitifacts[159]i [161]. However,

the increased complexity of these scan patterns compared to conventional raster scanning prevents
the realtime visualization of tissue that is crucial for intraoperative guidance. Another common
method employing modified scan patterns is ortmag volume acquisition which necessarily
increases acquisition time and is therefore also infeasible for-videdntraoperative visualization

[162].

Clinical OCT systems, such as the Heidelberg Spectralis, Optos Silverstone, and Zeiss PLEX
Elite, otten implement external eyteacking technology for effective motion correction despite slow
scan speeds. The development of scanning laser ophthalmoscopy (SLO) in 1980 has enabled high
resolution en faceophthalmic imaging and has been leveraged by thgsirss to provide
complementaryen faceand depthresolved via combined OC3LO. Furthermore, the efficacy of
tracking SLO for aiming and motion compensation of OCT volumes has been extensively
demonstrated163]i [166]. However, these early systems tygllg employed separate scanning
systems for SLO and OCT and thus lack spatialegistration that prevents motion correction on a
frameby-frame basisMany current generation combined OSLO systems use shared optics and
scanners to relay light into tleye to reduce overall system complexity and provide {éxadl co
registration between corresponding OCT and SLO imd#63g]i [170]. SLO motion tracking
precision is related to both spatial and temporal resolution, and developmentsafdimeng SLO

(LSLO) has overcome frarmate limitations of conventional poistanning SLO systems at the
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expense of full confocality, allowing imaging of fast dynamics up to several hundred frames per
second171]i[173]. In addition, ovel extended source LSLO illunation and detection schemes,
such as those using spectral encoding, have replaced complespdiee relays from source to
detector with fiber optics, and handheld prototypes using these technologies have recently been used
for motioncorrectedn vivo ophthalmic OCT and OCangiography (OCTA)122], [174], [175]
2.3.3 Automated instrument-tracking

The broad utility of MIOCT is severely limited by static cressctional imaging and lack of
robust instrumentracking methods that necessitates manual alighoféOCT FOVs to surgical ROIs
[139], [143], [145] Although motion tracking methods have been widely implemented in clinical OCT
systems, intraoperative motion tracking is confounded by variations in the surgical environment and
instrument deformatioimside the eye. These factors prevent the use of traditional tracking methods,
which rely on instrument color, geometry, or edge detection extracted from surgical microscope or
endoscope feed83], [84]. In particular, surgical microscope images tenslufber from nonuniform
illumination, specular reflections, and background noise. Current techniques for intraoperative motion
tracking include manual alignment via custom software to offset OCT scan positions, which requires
an additional trained technéi to be to be able to accurately follow instrument positions
intraoperativelf176]. Several tracking methods have also been proposed to track instrument position
from segmented OCT -Bcans and volumes but ultimately assume continuous localizatiore of th
instrument within the OCT FO\177]i[180]. As a result, these methods are impractical for
intraoperative 4D visualization where OCT FOVs are limited to small ROIs in order to maintain
sufficient image sampling. Stere@sion-based tracking methods haalso been explored but assume
a rigid relationship between the surgical instrument and physical space and do not account for changes
in instrument shape and orientation as well as ocular distorftid@igi [184]. Furthermore, these
methods are limited bthe need for fiducial markers that limit application to the anterior segment.
More recently, advancements in ddeprningbased tracking have been demonstrated, enabling

tracking with high speed and accurd@®5]i [187]. These methods overcome limitais of current
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instrumenttracking methods for ophthalmic surgery and ultimately enable rapid and robust detection

of surgical instruments despite image variability.
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CHAPTER 3

Optimization of a portable multimodal ophthalmic imaging system forreal-time motion
tracking

3.1 Introduction

Intraoperative tracking of surgical instruments for retinal microsurgery has been previously
explored, but typically involves the use of complex algoritht88], [189] These methods increase
postprocessing computational burden and preclude-tie@ videorate tracking of surgical
maneuvers. In addition, the accuracy of these models is highly dependent on the quality of the surgical
video feed, which is integrated with the surgical microscope and useth fiacetracking of the
instrument tip. These adels oversimplify the tracking problem based on instrument color or
geometry and typically perform more poorly in complaxvivo applicationsdue to nonuniform
illumination across the surgical field as well as aberrations caused by the eye and nedersaep
[189], [190] Other methods for rapid instrumdracking include the use of stereision for accurate
reaktime tracking, but require modification of the surgical instrument through the use of LEDs and
fiducial markers, which may lead ergonanaihallenges as well as potential safety concerns due to
lack of sterilizatior{184], [191], [192] Furthermore, instrumetttacking for MFOCT presents more
challenges due to the lack of-pegistration between the surgical FOV and OCT FOV. Due to the
orthogonality between the microscope view and OCT priority acquisition dimerssioyeons must
estimate the location of features in the surgical field with respect to their location in corresponding
OCT imageswhich can impede operation.

An alternative slution to tracking viaen facamages provided by the surgical microscope feed is
to use SLGbased tracking. Tracking SLO has several advantages in that the technology can be
integrated with OCT imaging for eegistereden faceimaging. Due to the fact & SLO also
providesen face2D images, it can also be used teregister to the surgical microscope FOV while

also ensuring coegistration between OCT and the surgical microscope. In addition, the frame rate
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of tracking SLO is independent of the surdjivacroscope feed rate and can potentially be increased

for higher speed tracking, which benefits vidate applications. Although early SLO systems were
confocal, pointscanning systems, recent developments have led to the introductionsifdim@ng

SLO systems with frame rates on the order of 10qHD], [171]} For realtime tracking, we take
advantage of a previously developed spectrally encoded coherence tomography and reflectometry
(SECTR) system that combines facespectrally encoded reflamhetry (SER) linescan imaging

and crosssectional OCT imaginflL22], [173], [193] Here, we construct a portable SECTR system

for clinical imaging and validate its utility fan vivomotion tracking.

3.2 Spectrally encoded coherence tomography and reflectwetry

Figure 3.1 SECTR imaging is used to simultaneously acquire orthogonah(fgceSER and (b)
crosssectional OCT imageSERIaser power is spectrally dispersesa function of wavelengtb-()

along the OCT slovaxis (Y) for line scanimaging.Adapted with permission froifi73].

In order to address the aforementioned limitations of slow commercial iOCT systems and lack of

motion or instrument tracking, our group has developedikimodal ophthalmic imagingystem

called SECTRhat integrateen faceSER and crossectional OCT imagingFig. 3.1)[173]. The
system uses a higgpeed 400 kHz swesburce laser that is split between SER and @€ihg a
custombuilt engine. SER power is spectrally dispersed usindfaaction grating foren faceline

scanmaging andrackingat high frame rates. The OCT beam is combined colinearly with SER using

shared optics and electronics. A shared-&&st (X) galvanometer is then used to sw8&R line
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and OCT beam simultanedysHigh-speed SECTR imaging enables rapid volumetric over an order
of magnitude faster than current commercial iOCT systémghermore orthogonality between

tracking SER and crossectional OCT also facilitatesattime motion tracking.

SER

Lateral DFT Registration

»| XY Motion \

Scale and apply
shift to OCT

Axial DFT Registration - /
XZ Motion

1
>

Figure 3.2 SECTRbased motiofiracking pipeline Threedimensional motion is extracted from
simultaneoushacquired SER (XY) and OCT (XZ) imag€ebhe motion parameters are then scaled
to account for pixel scale differences between each modality. Finally, laterax@idmotion
parameters are applied to OCTsBan for motiorcorrected volumetric OCT.

Inherent spatidemporal ceregistration between these two imaging modalities enabl@s®&Dn
trackingandcompensationf OCT volumegFig. 3.2) Discrete Fourier transform (DFT) registration
[194]is used to extract XY motion from SER images and XZ motion from OCT im&bese shifts
are then scaled and applied to corresponding OCT-sexg&ns for motion correction on a frame
by-frame basisAdditionally, SER images enablapid tracking ofen facefeatures, such as optic
nerve head or instrument positiomhich can be directly correlated with OCT scan positiand
OCT volume FOVdor reattime feature trackingThese tracking methods canalse leveraged for

intraoperative tracking of macular heler other pathological featuresfor automated instrument

tracking for4D visualization of ophthalmic surgical maneuvers.
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3.3 Portable SECTR design

We have previously developed a SECTR system thrabies SER and OCT imagifij73]. In
particular, the system is comprised of an engine and imaging relay. The engine contains
optomechanical components to split laser power between SER and OCT imaging as well as detectors
for each modality. The engineilites a 200 kHz swegdource laser (Axsun) centered at 1060 nm for
optimal retinal imaging. In order to improve the speed of the system, the lap&caly bufferedo
double its duty cycle, resulting in a 400 kHz sweep rate. Due to the buffer,eanadXaser trigger
and external {clock are used for acquisition synchronization and linear sampling as a function of
wavenumber. The engine interfaces with a kighed digitizer (AT®373, AlazarTech) that is used
to simultaneously sample SER and OCamtels at 2 GB/s, allowing for retiine visualization of
both imaging modalities. For ophthalmic imaging, SER and OCT beams are relayed to the eye with
an optical imaging relay either using a benchtop configuration or the use of a handheld imaging probe
[122]. Colinear combination of SER and OCT beams is achieved using shared optics and a shared
fastaxis scanning mirror, ensuring spatiotemporategistration between the two modalities. We
believe a portable SECTR system will enable rapid motion mgdkiat can benefit intraoperative

ophthalmic imaging and reéime visualization of surgical maneuvers.

3.3.1 Portable SECTR model and construction

Despite the demonstrated utility of the SECTR system, there are several limitations that prevent
the translation of SECTR into the clinic or operating room. In particular, the SECTR engine is
currently limited to the benchtop, which facilitates preliminary imaging and quick changes in system
design but also precludes movement of the technology outsithe ¢db space for clinical use. In
order to facilitate the translation of SECTR imaging, a portable system was designed and constructed.
Individual components (Fig. 3(a)) were first modelled in SolidWorks before assembly and
construction. The overall digs was optimized to fit in a compact optical enclosure that could fit

onto a mobile cart (Fig. 3(b)).
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——SER = OCT — SECTR
Figure 3.3. (a) SECTR enging¢122] and (b) SolidWorks model and dimensions of the compact
enclosure containing all of the components shown in (a)
3.3.2 Portable SECTR optimization

Another limitation of the benchtop SECTR engine was the inherent insertion loss between the
power coupler connections. In order to address this problem, power coupler connectors were removed
and the optical fibers were fasispliced together. A total of 7 connections were fusion spliced,
resulting in a 64% increase in power at the pupil for OCT (1.4 mW vs. 2.3 mW) and a 27% increase
in power at the pupil for SER imaging. In addition, the power of OCT and SER imagingiaite¥ f
splicing was designed to conform to the American National Standards Institute (ANSI) safety limits
for infrared exposure on the eye. By using more power at the pupil for imaging, it is possible to
significantly increase imaging SNR. The theoreticahfula for SNR in SBOCT and SSOCT is

given by the expression (Eqn. 3.1):
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Z, detector sensitivity

Signakto-Noise gy F» sample power

prl | &5 (3.1)

Ratio (SNR) 1|, A-scan rate

m €lectron charge

Thus, it can be expected that the OCT imaging SNR increases by 2.16 dB, which is crucial for
improved clinical imaging, accurate diagnostics, and-Bjgged intraoperative imaging applications
that inherently sacrifice SNR. An increase in SER power alsefit® motion estimation and tracking
due to increaseen facamage SNR and contrast.
3.4 In vivo motion tracking

Ophthalmic imaging is often confounded by motion artifacts that arise due to patient saccadic eye
motion or bulk motion during image acquisition. Handheld ophthalmic imaging often confounds this
problem due to the fact that operator motion occurs simultesiye to patient motion. This issue is
especially evident in handheld OCTA, where the dense sampling requirements result in longer
acquisitions that are more susceptible to motion artifa2®). In order to show the benefits of SER
based motion track) several OCTA volumes were acquired in a healthy adult volunteer. Small
amounts of motion can severely degrade OCTA quality and prevent quantitative analyses from being
performed[195]. Thus, OCTA image quality following motion registration and comagms
enables objective evaluation of the utility of SB&sed retinal tracking that can potentially be used
for intraoperative instrument tracking. In order to demonstrate the utility of the portable SECTR
system for retinal imaging and tracking, the @egivas interfaced with a handheld ophthalmic
imaging probe foin vivoimaging (Fig. 34). Ophthalmic imaging was performed with the mobile
system under an Institutional Review Board (IRB) approved protocol in a mock surgical operating

room.
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Figure 3.4. Portable SECTR system for vivohandheld imaging of a supine patient.

3.4.1 SER-based motion tracking and registration

For demonstration, OCTA volumes were acquired at the fovea using 2560 pixels per line, 500
lines per frame, and 400 frames petume with 4 repeated frames for a total volume acquisition
time of 3.2 seconds (Fig.5. Images before motion registration show significant degradation due to
bulk motion, which appears as bright streaks across the image. In addition, motion resdsein
discontinuities which affect quantitative measurements and reduce anatomical accuracy(&)g. 3.
In order to perform motion compensati@f T registration was used to estimate lateral shifts from
SER imagesX, Y) and axial shifts from OCifmages Z) on a frameby-frame basi$194]. Following
motion compensation and pqsocessing via sefusion [196], image quality and anatomical
accuracy significantly improve (Fig.%b)). The images show lateral frame shifts as well as gaps
betweenframes, which are due to eat-plane motion measured on SER and would not be

measurable solely with OCT.
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Figure 3.5. SERbased motion tracking and compensation of OCTA volumes. (a) Raw @GTA
face projection showing significant motion artifacts, inding noise regions and vessel
discontinuities (red arrows). (b) Motierorrected and pogtrocessed OCTA projection showing
improved image quality and anatomical accuracy.

Regions of the eye that are typically affected by ophthalmic digeeede the fovea, optic nerve
head, and the periphery of the retina where diseases tend to originate. In order to show the viability
of SERbased motion tracking, multiple OCTA volumes were acquired at each position and motion
compensation was performefig. 36(b)-(d)). In addition, multivolumetric mosaicking can be
performed via deformable registration on the volumes acquired at each pfsfidnrMosaicking

and selffusion can be used to improve image quality as well as to fill in mig#ioignation between

acquisitions, thus benefitting clinical diagnostics by maintaining more accurate anatomical features

(Fig. 36(e)(9))-
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Figure 3.6. In vivo retinal imaging. (a) Widefield OCT with highlighted regions corresponding to
the fovea (red)optic nerve head (blue), and peripheral retina (green). (b), (c), (d) Maiioacted
single OCTA projections at each position. (e), (f), (g) Theleme OCTA mosaics showing
improved vessel contrast. Scale bar: 259
3.4.2 Variable-velocity scanning

Although it has been shown that SER can be used for motion tracking and compensation of OCT
volumes, there are several limitations that degrade registration performance. SER is a line scan
imaging modality and therefore lacks the confocality of conventioraktahce imaging modalities
that is typically used to reject specular reflections angbéfbcus light. Thus, SER images are highly
susceptible to image artifacts such as-fidar reflections from the cornea and specular reflections
from the OCT beam eecially when imaging the fovea, which is the region e&gis central vision.
A potential solution to this problem is to extend the FOV out to the optic nerve head, a region that is
much less susceptible to these reflections. However, extending thede®@ssarily increases overall
volume acquisition time, which can potentially limit videsde volumetric imaging applications (Fig.
3.7(a)). A more viable solution is to use variabkdocity imaging to densely sample a ROI (e.g. the
fovea or an instrumerip) and sparsely sample the periphery of the FOV (Fig{bB- The sparse

region of the FOV can then be resampled to extract the same SER fiducials as in the case of linear

sampling with little loss of resolution (Fig.78c)).
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Figure 3.7. Variablevelocity scanning protocol. (a) Protocol for linear dense sampling of the fovea
and optic nerve head. The SER image (bottom, blue) shows the FOV extended out to the optic nerve
head, which provides additional artifact fiducials for mottmmpensation of th©CT (dashed
green). (b) Variableelocity scan protocol for dense sampling of the ROI (fovea) and sparse sampling
of the periphery (optic nerve head). (c) Resampled SER image from (b) showing similar fiducial
features in the linearized sparse region tlaat be used for registration.
3.4.3 Discussion

Herewe have successfully modelled and constructed a portable SECTR engine based off of a
previouslydesignedenchtop system. The SECTR engine was designed to fit into a compact optical
enclosure that was placed onto a mobile cart for portable ophthalmic imaging, thus potentially
enablingin vivo clinical and intraoperative imaging. In addition, engine perfooeamas optimized
by fusionsplicing power coupler connections, which significantly reduced insertion loss and resulted
in a 64% increase in OCT power and 27% increase in SER power at the pupil. These improvements
will improve OCT and SER image SNR, whichcilitates clinical diagnostics and higpeed
intraoperative imaging as well as highcuracyen facemotiontracking.

In addition, we have validated the performance of the portable SECTR system that was designed

and optimized. In particular, we acquitgidh-resolution OCTA images of ROIs located at the fovea,
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optic nerve headind periphery of the retina. We have shown that simultaneous acquiskiofece

SER images allows for retinal tracking and motcampensation of OCTA volumes, which
facilitates the correction of owif-plane motion and therefore significantly reduces the presence of
motion artifacts. As a result, we are able to improve image qaadypreserve anatomical accuracy

in en faceOCTA projections, which can improve clinical diagnostics and quantification of vascular
parameters. We have also demonstrated a modified scanning protocol, walabigy scanning,

that can be used to improweotiontracking and registration by subsampling an extended FOV for
additional artifacfree SER fiducials without sacrificing sampling density in a ROI. By doing so, we
can increase imaging speed by 27% over conventional{#@@apling across the sam@¥, thereby

benefitting highspeed iOCT imaging applications.
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CHAPTER 4

Modeling and optimization of galvanometric pointscanning temporal dynamics

The following chapter contains cont eMotelinghat i s
and gtimization of galvanometric poirgcanning temporal dynamic®® Bi omedi cal Opti c
12, 67016716(2021)[198].

Reprinted with permission fro@ Optica Publishing Group

4.1 Introduction

Scanning technologies are integral to a broad range of optics applications including microscopy
[199]i [202], ophthalmoscopy203]i [206], optical coherence tomography (OC[87], optical
ranging (LIDAR)[207], and prototyping and manufacturifgP8]i [211]. The most commonly used
scanning technologies can be divided into four categories: resonant scanners, polygon scanners,
acousteoptic deflectors (AODs), and galvanometer scanners. The temporal response of these devices
is bandlimited and the cosponding finite settling time of the scanner fundamentally limits
performance parameters such as scanning speed, linearity, trajectorgf-fiedd (FOV), and/or
resolution.
4.1.1 Resonant Scanners

Resonant scanners have high scanning speeds (> 10 kHztéihamd low power consumption,
making them ideal for microscog12]i [214], OCT[215], light-sheet imaging216], and adaptive
optics[204], [217] [219]. Compact forrFfactor microelectromechanical system (MEMS) resonant
scanners are also often dda displays and laser scanning syst¢a29], [221] However, resonant
scanners are limited in their ability to randomly target regarsterest (ROIs) because they must
be driven with sinusoidal waveforms close to their resonant frequency. Wiidatplitude of the
resonant scan waveform can be modulated, sampling along the sinusoidal scan trajectory is

necessarily nonlinear and requires additional calibration, nonlinear awadiigjtal converter (ADC)
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sampling, or posprocessing to relinearizbe acquired imagg822]i [224]. Nonlinear scanning also
results in nonuniform illumination/optical power deposition across samples, which contribute to
increased tissue damage and photobleaching at the edges of the FOV where dwell time is increased
in fluorescence applications. Acousiptic and electr@ptic modulators can be used to modulate
laser intensity across the field, but these methods significantly increase system cost and complexity
[225].
4.1.2 Polygon Scanners

Polygon scanners combine a higfpeed motor with multiple mirror facets to achieve > 100 kHz
line rateqd226]i [231]. The lack of oscillatory elements enables constant linear velocity scanning over
large FOVs. However, the facet size and rotation speedlgfion mirrors are fixed and, thus, also
fix the FOV and minimum ADC sampling requirements. In addition, all detection electronics are
generally required to be synchronized off of the polygon clock. Manufacturing and assembly of
polygon mirror facets caalso introduce defects that result in fatmefacet angle variance, facet radii
variance, surface nonuniformity, and surface reflectance differd@82% Polygon mirror scan
angles are directly proportional to the number of facets, thus, requigtgnedesigned scan optics
to match specific mirror geometries. The size of polygon mirrors is also proportional to the aperture
size and number of facets, which generally precludes applications in space constrained devices, such
as compact handheld devicégplications that require descanning or fdimensional scanning will
also require complex system geometries and additional scanning/translational elements.
4.1.3 Acousto-optic Deflectors

Acoustcoptic deflectors (AODs) are primarily used in applications irggy extremely high
speed scanning (> 1 MHz line rate) or randomly addressable scan trajectories because they do not
require mechanical elemerf&33]i [235]. However, the diffraction angle of AODs is wavelength
dependent and induces chromatic disper#ian is coupled with group velocity dispersion induced
by the AOD. AODs also suffer from significantly lower power throughput compared to reflective

scanners (60% vs. >90% optical efficiency) due to both material dispersion and loss to multiple
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diffraction orderd236]. Spatial and temporal broadening requires precompensation using prism pairs
or diffraction gratings, which increase system cost, complexity, and optic§2B¥Es Furthermore,
the small aperture of these devices limits the maximunede&sh angle and number of resolvable
spots, thereby reducing the FOV and spatial resolution of the system. The wavdkpgtdent
deflection of AODs also prevents its use in systems that require descanning, such as in fluorescence
imaging.
4.1.4 GalvanometerScanners

Galvanometers are the most commonly used scanners for biomedical il23@Ji¢241] due to
their moderate speed (> 1 kHz), low step response times (#sLl@@ 3 mm apertures), and high
positional accuracy242]. Additionally, closedoop cantroller feedback of mirror position can be
used to optimize galvanometer inputs to improve linearity and minimize positional errors. Compared
to resonant scanners, clodedp galvanometers enable imaging of a large FOV with high linearity
and adjustablspeed. Galvanometers also do not suffer from feetcet variability as compared
to polygon mirrors or high loss and dispersive effects as compared to AODs. In addition,
galvanometer pairs can be used to randomly address scan trajectories to target ROIls

Despite the aforementioned advantages of galvanometers, their performance is directly related to
response time optimizations specific to mirror size, material stiffness, weight, and aligaa#nt
Previously demonstrated methods for scanner optimization include iterative learning [@3#}ol
[244], Landwebeibased deconvolutiof245], and optimization of input scan waveform shape,
frequency, and amplitud@46]i [248]. However, these mette are dependent on a specific input
scan waveform and are not robustly suitable for imaging applications that require changing the FOV,
speed, or sampling density of the scan. Here, we take advantage of theladpsézbdback of
proportionalintegratderivative (PID) controllers to optimize the response of galvanometer scanners
to arbitrary input waveforms. By modifying fundamental PID parameters (e.g., error proportional
gain and low and high frequency damping gains), it is possible to significantigpniengalvanometer

controller frequency response and reduce settling [246]i [251]. We show that we can halve
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galvanometer response time to enable high speed imaging of dynamics and increased scanning FOV,
which can have broadnging benefits in objealetection, ranging, and tracking as well as other
scanning applications. As a preaffconcept, we perform functional ophthalmic imaging using
optical coherence tomographic angiography (OCT2b2], and propose several software
optimization methods thadeverage optimized galvanometer response times to further improve

imaging performance.

4.2 Methods
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Figure 4.2. Measurements of galvanometer step response. (a) Experimental setup. A DAQ device
generates Xand Y-mirror position outputs for each laser line trigger. The galvanometer controller
processes the input signals and outputs them to the mirrors. A FPGAasienulsly measures the
mirror positions directly from the controller. (b) Simplified diagram depicting imaging of the tilted
reflector, which enables sampling of galvanometer position as a function of depth. (c) Processing
and extraction of position wavefas from optical measurements.

4.2.1 Experimental Setup

Small (X) and large (Y) galvanometer mirrors with 5 mm pupil diameters (Saturn 5B, ScannerMax

T Supplementary Fig. 1) were interfaced with a custom 400 kHz sseeppte OCT enginfl22],
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[173]. Image aquisition and galvanometer scanning were synchronized using an external laser line
trigger and data acquisition device (U8B51, National Instruments). A fiejorogrammable gated
array (CRIG9053, National Instruments) was used to stream X amdirior pacsitions from the
analog output channels of the galvanometer PID controller (MachDSP, ScannerMax) (Fig. 4.1(a)).

4.2.2 Optimization Criteria
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Figure 4.3. Comparison of electronically and optically measured galvanometer step response. Top
row: Optically (dashed) and electronically (solid) measuradilYor step response and settling times
(crosses and circles) for three manufacturer provided tunings atsigpufunction amplitudes 1.6
mm, 3.2 mm, 4.8 mm, 6.4 mm, and 8 mm. Bottom row: Settling times for each tuning at different
step amplitudes

Closedloop feedback of the galvanometer controller facilitated hardware optimization by
providing access to basic tuning parameters (error proportional servo gain, low and high frequency
damping gain, position error integral gain, and position propoltgeia) and several intermediate
tuning parameters. For optimization, a settling time cdterias chosen as it provides a quantitative

metric describing the performance of the PID controller for different tuning parameter values and is

a direct reflectia of the frequency response of the sysf2&8]. Here, the time that the mirror took
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to settle to its final position within an error band after a step response was denoted as the total settling
time. In this imaging demonstration, this error band wagcséte lateral resolution limit of the
imaging system (11.am) since oscillations below the resolution limit cannot be resolved.
Galvanometer step responses and corresponding settling times were measured electronically using
mirror positional outputs im the galvanometer PID controller (Fig2(a)). PID positional outputs
were validated against optical interferometry measurements made by imaging a tilted reflector with
a flat scattering surface (Fig.1(b) and (c)). Interferometric measurements alldwemapping of
lateral galvanometer scan positions to axial displacements scaled by the tangent of the tilt angle,
which effectively enables measurement of galvanometer angular position with arbitrary accuracy up
to the image signdb-noise (SNR) limit (k. 4.1(b)). This allowed for significantly higher spatial
resolution than would otherwise be possible using standardhagt measurements, which are
samplinglimited by the convolution of imaging spot size and-tdwsirt feature size.
The Y-mirror setling time for different input step function amplitudes and manufacturer provided
PID tuning parameters were measured both electronically and opticall¢ @igManufacturer PID
tunings were designed to have high position accuracy (Tuning 1), highopoaitcuracy and
bandwidth for stable scanning at high speeds (Tuning 2), and high bandwidth (Tuning 3). A total of
100 electronic and optical measurements were acquired for each tuning and step amplitude
combination. Tilted reflector depth profiles wereaeraged to reduce noise and measurement
variability, and position waveforms were referenced to the axial intensity peak. Electronic and optical
measurements of settling times and positions were equivalent4(Bijgtop row) and statistical
analysis showe no significant difference (p > 0.05) between the methods 4Rg bottom row).
Large standard deviations in the optical measurements are from underdamped responses caused by
ringing of the mirror during settling that was likely filtered by the PID culgr onboard electronics
and not present in the corresponding electronic measurements. This was not a limitation of the
electronic measurements, because the mean settling time in underdamped cases were consistently

higher than critical damping cases aubsequently removed from the galvanometer optimization
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search space. Given this validation data, all subsequent measurements were made electronically,
which obviated the need for image ppsbcessing, showed significantly decreased measurement
variability related to spatial differences in scattering across the tilted reflector, and may be directly
implemented without specialized test equipment.
4.2.3 Gaussian Process Regression

Galvanometer optimization was performed by iteratively modifying PID tuning parameters using
manufactureprovided controller software to minimize step response settling time. First, a sparse
sweep of the 5 basic parametéesror proportional servo gaitpw and high frequency damping
gains, position error integral gain, position proportional gaia$ performed. Each parameter was
incremented by a step size of 100 over a full rangeldfdD. Figure 3 shows an example of a single
optimization iteration fo 2 parameters. For each set of parameters, a position waveform was
measuredand the corresponding settling time was calculated as the time from the step start to when
the position waveform settled to within a lateral4witith at halfmaximum (FWHM) spbsize (11.1
pum) of the final steadgtate position (Figd.3(a)). Parameter values that caused the scanner to be
unresponsive were excluded, resulting in a total of 10,602 unique basic parameter configurations

(Na).
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Figure 4 4. Y-mirror settling time measurement and modeling example. (a) Raw position waveforms
and corresponding settling times (cross) for increasing error proportional servo gain (right to left
lines). (b) Heamap aids visualization of settling time trendsaafunction of tuning parameters
(dashed line corresponds to settling times in (a)). (c) Raw settling time data (cross) was used to
generate a (d)-Bimensional Gaussian process regression model used to predict global optimum
tuning parameters.

A Gaussian process regression (GPR) model of settling time values was created (MATLAB,
MathWorks) to narrow down the range of optimal basic parameter values over the complex nonlinear
parameter space. GPR is a nonparametric, Bayesian regression methggnifidant performance

advantages over conventional linear regression m@2iedg, [255] In general, a Gaussian process

is defined as a multivariate Gaussian distribution where each observation acts as a random variable.
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Thus, forN given data point®r observations, the corresponding Gaussian process wolld be
dimensional. As a result, each data point has an associated mean and covariance describing the

probability distribution of values for that specific input. GPR modeling begins with an aspuored

distribution that will be updated given a set of observations:

SRR AN (4.1)

Here, the prior settling time distributioly,, is defined as a joint Gaussian distribution with a mean

of mtand a covariance matrix 8 i , where:

5 Qohy E Qb
VAY1A) é E é (4.2)
Qo E Qoo

The covariance matrix), is created by evaluating a covariance kernel funcitior each
combination of inputs) that span the parameter tuning space. The most common class of covariance
kernel functions used is the Matérn cl§zs6], which describes the similarity betwetwo inputs

and therefore between model outputs as well. One case of the Matérn class of functions is the squared

exponential or Gaussian function:

Qaotm Agb 9%

43
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In this case, anda are hyperparameters corresponding to the signal variance anddeatgh

respectively. Gaussian processes with small signal variance produce values that stay close to the mean

while those with large signal variance tend to deviate from the mean. FootieerGaussian
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processes with a small lengtbale tend to change rapidly while those with a large leswste vary
more slowly and are therefore smoother. By optimizing hyperparameter values, it is possible to
generate a more robust prior distributiomttivetter fits the signal trends of observed data, thus
improving model accuracy.

The goal of GPR is to calculate a posterior probability distribution for predicting optimal settling
time parameter values based on the initial prior settling time distibatd training observations.
Given a set of settling time observationg)RY , the posterior probability distributiofy

0 "YSY , can be calculated:

PosterioMean
_ Vl o
. OV Who U Oho “Yh
0 & 0O O QO 0 &My
l Y
Posterior Covariance

\
(44)

The posterior mean formula suggests that the prior settling time neanrf) is shifted to match
the observed settling time values. Thus, inputs to the model that are closer to the observed parameter
inputs will prodice mean values closer to the observed settling time values. Similarly, the posterior
covariance suggests that input parameters closer to the observed settling time inputs will have a lower
variance.

GPR model training and optimization of the kernel fimtiand corresponding hyperparameter
values via 5old crossvalidation was performed in MATLAB. Comparisons between optimal GPR
performance and that of conventional regression methods, such as linear regression, decision tree

regression, and support vectoachine regression were also computed.
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Figure 4.4. Gaussian process regression predictions for t#mairvor. (a) GPR model heat map of
settling time as a function of position erietegral gain and position proportional gain. Arrow shows
minimum predicted settling time and optimal galvanometer stepmespohen both parameters are

0. (b}(d) Settling time heat maps for three remaining basic PID tuning parameters and position error
integral gain and position proportional gain set equal to 0. Dashed white boxes show the predicted
optimal range of values ed to narrow the parameter search space in each dimension (arrow,
minimum settling time).

Galvanometer positional waveforms with underdamped step responses were excluded from the
training data in order to improve the accuracy of the model for identifyptgnal basic tuning
parameters (Fig. 4.3(d)). GPR model predictions following the initial sweep showed optimal values
of 0 for position error integral gain and position proportional gain (Fig. 4.4(a)), allowing for a
reduction in dimensionality. A secomrameter sweep was performed for the 3 remaining basic

parameters (error proportional servo gain and low and high frequency damping gains) over a GPR
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predicted optimal range for each parameter with a step size of 50 (Figd¥(b)n addition,
intermedide PID tuning parameters (low and high frequency damping filter cutoffs) were
incremented from 5060000 Hz with a step size of 500 Hz for a total of 7,056 unique tuning
configurations (M. Iterative parameter sweep and GPR model training was repeatedlalvsl

optimum basic and intermediate PID tuning parameters were identified.

4.3 Results

Galvanometer tuning optimization significantly reducedniror settling time as compared to
default tunings for all measured input step amplitudes (Fig. 4.5, p <kOLESpecifically, the
measured step responses show that settling time improves@l2@bver manufacturer provided
tunings for small input step amplitudes. For large step amplitudes, the optimized PID tuning improves
settling time by 1154%. Similarly,the optimized Xmirror tuning resulted in a 359% reduction in

settling time as compared to the default tunings for a 4.5 mm (2.61 degree) step amplitude.
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Figure 4.5. Optimized tuning performance comparison. (a) Optimized tuning step responses and
settling times for varying input step amplitudes. (b) Comparison between the settling times as a
function of step angle measured for each PID tuning.

Motion during imaging integration time degrades lateral resolution by smearing the focal spot.

Galvanometer response time plays a prominent role in this loss of resolution at FOV edges where
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scanning mirrors transition to and from higjpeed return wavefors. Using measured galvanometer
positions during these transitions, we computed the lateral motion between serial samples and
effective lateral resolution normalized by the spot size compared against the Nyquist criterion
conventionally used in poirsicaning applications (Fig. 4.6). Expectedly, the optimized
galvanometer had the highest resolution loss (>4 x FWHM), but also settles below the Nyquist
sampling criterion 261% faster than those with default tunings. These results reiterate the advantage
of optimized settling times and highlight the importance of quantitating galvanometer dynamics for
pointscanning systems. Smeared and subsampled regions are routinely cropped and discarded, but
galvanometer response dictates the amount of discarded datamaodantly, whether spatial

resolution across the imaging FOV is uniform.
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Figure 4.6.Degradation of lateral resolution from galvanometer motion. (a) Galvanometer position
waveform during a higispeed galvanometer positional reset. (b) Correspondfegtiet lateral
resolution normalized by spot size FWHM.

The effect of optimized galvanometer response on faiahning based imaging was validated
using a fine distortion target (R1LS3P, ThorLabs) with a grid size of 10 pm and 50 pum spacing. In

addition, we demonstrated the benefits for functional OCTA imaging, 4D imaging of dynamic

motion, and bidirectional scanning.
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OCTA volumes were acquired in a healthy adult volunteer under aiapRByved protocol using
a handheld ophthalmic imaging probe. Singpparameters were chosen to densely sample a small
ROI below the central fovea of the retina (Table 4.1). Rast@nning OCTA was performed using
sampling protocol 1, which included a linear scan waveform (300 lines) and sinusoidal return
waveform (50dines) that set a fixed interscan delay of 2 ms between frames to visualize capillary
flow. Linear scanning regions were identified as galvanometer positions with error deviations less
than a spot size measured using corresponding PID controller pdsiteadoutsand the
corresponding OCTA images for each tuning (Fig. 4.7(b)) show that the optimized tuning-has a 6
49% increase in linear FOV over the manufacturer provided tunings. In addition to FOV differences,
the nonlinear scanning regions (Fig. 4.7(l), (f), red) show feature deformations and degraded

lateral resolution.
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Figure 4.7.0CTA acquisition protocol comparison. (a) Sampling ProtodgoCbnventional OCTA

scan waveform, measured position, and (b) corresporeliinéace OCTA projection for dense
sampling of a small ROI. Regions of linear sampling are denoted by the colored circles. Nonlinear

scan regions are highlighted in red on OCTA projections. (c) Sampling Protoddbdified scan

waveform and (d) corresponding OCBAowing increased linear FOV by eliminating return lines
between frames. (e) Sampling Protocal Blodified scan waveform and (f) corresponding OCTA

showing increase in linear FOV and decreased interscan delay.

50



Table 43. Samplirg protocols for OCTA imaging.

Samolin Linear Scan Return Frames Repeated | Interscan Volume
Protgco? Waveform | Waveform per Frglmes Dela Acquisition
(lines) (lines) Volume y Time
1 300 500 200 5 2ms 2s
2 800 0 200 5 2ms 2s
3 500 0 200 8 1.25 ms 2s

We also evaluated the robustness of our galvanometer optimization to modified scan waveforms
that benefit functional imaging by either increasing the linear FOV (Fig. 4.7(c) and (d)) or image

SNR and contragb-noise (CNR) ratio (Fig. 4.7(e) and (f)). Thalowing formulas were used to

calculate CNR and SNR:

Sampling protocol 2 increases the linear FOV by extending the linear scan waveform and
removing the return waveform (Fig4.7(c)). The number of lines per frame and, thus, the interscan
delay remain constant to maintain vascular flow velocity sensit@#ynpling protocol 2 increases
the linear FOV by 13459% over sampling protocol 1 (Fig.7(b) and (d)). Sampling protocol 2
effectively uses a sawtooth waveform, and since no return waveforms are explicitly sent to the PID

controller, the length of the nbnear galvanometer positional reset period is ultimately determined
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by its frequency response. Here, our optimized PID tuning increased the linear FOB36 Iiver

manufacturer provided tunings. As expected, by maintaining interscan delay, no significa

differences in average image CNR or SNR were observed4(Bitp) and (c)).

Optimized galvanometer response and modified scan waveforms can similarly be leveraged to

improve image CNR and SNR. Sampling protocol 3 both extends the linear scan wauafiorm a
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removes the return waveform from sampling protocol 1 to increase the linear FOV while reducing
the interscan delay. Sampling protocol 3 increases the effective imaging frame rate such that the total
number of repeated frames can be increased whiletanaimg total volume acquisition time (Fig.
4.7(e)). Again, there is a significant increase in linear FOV43%, Fig.4.7(b) and (f)) and mean

SNR and CNR as a result of frarageraging (8.8% and 6.7%, respectively, Big(b) and (c)) as

compared to sapling protocol 1.
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Figure 4.8. Comparison between (a) linear FOV, (b) CNR, and (c) SNR between sampling protocols
(* p < 0.05, ** p < 0.01, ** p < 0.001).

We demonstrate the benefits of optimized galvanometer response for 4D volumetric imaging of
dynamic motion by comparing conventional (300 lines, 300 return lines, 100 frames) and optimized
(370 lines, 0 return lines, 100 frames) sampling protocols ovardamm FOV (Fig4.9). Similar to
OCTA protocols, return lines refer to a dedicated sinusoidal return waveform in the conventional
protocol whereas the optimized protocol uses a sawtooth scan waveform without a dedicated return
waveform and galvanometeogitional reset occurs in the additional 70 lines of the scan4Hi(.)
and (e)). These return and reset regions were cropped, yielding identically sized and sampled volumes
with 2560 x 300 x 100 pix. (depth x lines x frames). Optimized sampling impreekimetric
imaging speed by 62% over conventional sampling, enabling visualization of dynamic motion with

fewer motion artifacts and distortions (Fg9(c) and (d); Visualizations 1 and 2).
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Figure 4.9. 4D imaging of cannula dynamic motion using @nventional and (b) optimized
sampling parameters. The series of acquaadfacevolume projections show (c) conventional
sampling at lower volume rates (6.67 Hz) compared to (d) optimized sampling (10.81 Hz). Slower
volumerates result in discontinuities and distortion of the cannula tip (asterisk). Nonlinear scan
regions are highligted in red and show image distortions and degraded lateral resolution effects
observed in Figure$.6 and4.7.

Finally, we evaluated the benefits of optimized galvanometer responsedfcgdiional scanning,
which can be used to effectively doubleisspeeds. Bilirectional galvanometer scanning can be
limited by ringing at the sharp transition points, especially at higher scan Jpd@tisHere, the

positional residual error with respect to the input waveform (Fig. 4.10) shows that our galhenomet

optimization increases the linear FOV by 36% as compared to manufacturer provided PID tunings.
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Figure 4.10. Tuning comparison for kdirectional scanning. (a) Measurednrror position
waveforms from the galvanometer controller for an inpwdif®ctional scan waveform and insets
showing differences between tunings. (b) Position residuals used to calawdaterdigions for each
tuning within the lateral resolution error band. Start and stop positions for linear regions are shown
by the corresponding colored circles.
4.4 Discussion and Summary

Scanning technologies require robust kigieed performance. Galvaneter scanners are not
constrained by fixed frequency, fixed FOV, or highly lossy/dispersive operation that limits resonant,
polygon, and acoustoptic scanners. However, the performance of galvanometers is fundamentally
limited by frequency response, whiimpacts settling time, sampling linearity, lateral resolution, and
speed. By taking advantage of the clekmmp feedback unique to galvanometer controllers, it is
possible to reduce the step response settling time by over 50% as compared to mashdfzfeiuits.
This reduction benefits applications requiring rapid scanning, such as 4D volumetric imaging, bi
directional scanning, and reé@ine tracking of ROIs.

The proposed hardware optimization also has significant advantages over previously reported
methods, which are restricted to specific input waveforms. Here, we present methods of optimizing
PID tuning parameters and the corresponding frequency response of the galvanometer controller,

making the optimized tuning inputdependent. As a result, & possible to combine both hardware

and software optimizations to further improve scanner performance and tailor scan waveforms
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specific to broad applications. Importantly, the method presented may be directly implemented
without the use of specialized tegjuipment because we demonstrated that positional feedback from
the galvanometer PID controller is sufficient for evaluating mirror response. As agiroahcept,

we demonstrated hardware and software optimizations to increase linear FOV and ima@RRBNR/

in OCTA as well as to increase speed for rapid volumetric imaging. However, similar advantages can
be broadly achieved in poistanning applications in imaging, display, ranging, manufacturing, and

therapeutic technologies.
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CHAPTER 5

Automated instrument-tracking for 4D video-rate imaging of ophthalmic surgical maneuvers

The following chapter contains content that is adapted from E. M. Tang, M-Hadglad, S. N.
Pat el , and Y. K. T at@ckingffoh 4D videaate imatjingi oh agphithalmione n t
surgi cal maneuvers, 0 Bi ol@&td2D2R]aq7]. Opti cs Express

Reprinted with permission from © Optica Publishing Group.

5.1 Introduction

Rapid development of imaging technologies has facilitated the use of intraoperative image
guidance in a broad range of medical fields including neurd@®gji [261], ophthalmology262]i
[264], hepatology[265]i[267], and oncology[268]. Imageguided surgery provides enhanced
visualization of instrumertissue interactions and is especially useful when haptic feedback is limited
such as in ophthalmic microsurgery, minimatyasive surgery, and robotic surg¢2$9]. In these
cases, endoscopic amicroscopic video feeds are used to relay information regarding instrument
position back to the surgeon. However, intraoperative imaging tends to suffer from nonuniform
illumination, noise, specular reflections, and variations in the surgical envirotiagntlitimately
limit the accuracy of instrument pose estimation and instrutnacking [83], [84]. Instrument
fiducials can be used to facilitate registration and tracking, but these methods assume a rigid
relationship between the instrument tip and/gatel spacg191]. These factors are also often
confounded by surgical dynamics, which result in changes in instrument shape and orientation as
well as movement of the instrument -aitfocus during surgery.
5.1.1 Ophthalmic Surgery

Imageguided ophthalmic microsurgery has been demonstrated using intraoperative optical
coherence tomography (IOCT) and provides significant benefits compared to conventional

microscopic surgery, which offers limited contrast and feedback for submillithét&rtissues and
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precludes visualization of subsurface feat259]. The development of iOCT technology through
the use of microscopmounted handheld probd&27], [136] and microscopéntegrated OCT
systemd128], [131]addresses these limitatis by enabling highesolution volumetric imaging of
supine patients during surgery. Recent studies have shown that iOCT helps to visualize structural
changes during surgery that ultimately guide intraoperative desgisidng, result in modification
of aurgical management, and enable verification of surgical gdag], [134], [135], [139]
Furthermore, preliminary results show that patients undergoing-&¥Sisted macular hole surgery
have a higher singleperation success rate and significantly ioyed visual acuity posiperation
[271]. Despite the aforementioned benefits, the broad adoption of iOCT technology is hindered by
slow imaging speeds and a lack of automated instrutnacking, which prevents videate 4D
visualization and requires maal adjustment of the OCT fielaf-view (FOV)[272].
5.1.2 4D Video-Rate iOCT

The safety, utility, and efficacy of commercial iOCT systems such as the Rescan 700 (Carl Zeiss
Meditec) and the Enfocus (Leica Microsystems) have beerestlblished for ophthalic surgery
[273], [274] However, these systems operate attates between 1032 kHz, which limits current
visualization to static crossectional images and prevents 4D imaging of surgical dynd@ié&g.
Recent developments in higipeed swepsource laser technologyVeenabled 4D videoate OCT
imaging. These researgnade systems are over an order of magnitude faster than current commercial
IOCT systems and are capable of imaging atiates between 100 kHz1.67 MHz and at volume
rates over 10 HE276]i [279]. 4D imaging of surgical maneuvers provides enhanced feedback of
instrumenttissue interactions, which can be used to monitor tissue deformation and prevent damage
to underlying ocular tissues. However, these systems suffer from an inherewiftizsteveerspeed,
sampling density, and FOV. Imaging at higher speeds reduces detector integration time per scan
position, thus limiting system sensitivifp0]. On the other hand, it is possible to maintain high

sensitivity by increasing sampling density at thetaf speed or FOV.
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5.1.3 Automated Instrument-Tracking

Currently, iOCT imaging is performed over a static FOV, thus necessitating custom scan software
to offset IOCT scan positions to regieoiinterest (ROIs) and requiring a trained technician to be
able b accurately follow instrument positions intraoperatijé&§6]. Manual adjustment of the OCT
FOV during surgery disrupts surgical workflow and has been shown to increase operating times by
up to 25 minutes despite the presence of a trained techi2fi@h Several automated instrument
tracking methods have been previously developed to segment axial position and estimate instrument
pose from OCT Bscans and volumefl77]i [180]. However, these methods assume that the
instrument is continuously locaéd within the OCT FOV and are thus unable to track lateral
movements of the instrument across the surgical field. This issue is confounded by the fact that iOCT
imaging is often limited to small ROIs in order to achieve 4D visualization. Our group hasighgv
demonstrated a stere@sion tracking system that decouples lateral instrurracking from axial
OCT imaging, enabling tracking with high speed and accuracy across a largg2&FD\However,
stereoavision-based tracking method$81]i [183] require fiducial markers to be placed on the back
of instruments and therefore do not account for field distortion and instrument deformation inside the
eye, which result in a nonlinear relationship between fiducials and tracked features. Furthermore,
movenent of the patient and of the eye dynamically changes the frame of reference during operation.

Conventional instrumertacking methods for surgery involve the use of color features,
instrument geometry, or gradielddsed edge detecti¢P82]i [286]. Thee methods perform well in
controlled lab environments, but tend to suffenivo due to changes in appearance and lighting
conditions, motion blur, and specular reflections. Recently, -tBseping algorithms have been
shown to be more robust to variatsoim the surgical environment while also maintaining a high
tracking accuracy on the order of several pixels of error and a high tracking speed of over 30 Hz
[185]i [187].

Here, we present an automated instruntextking method for ophthalmic microsurgethat

leverages multimodal imaging and recent advances inléeeqingbased object detection. We use
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a highspeed spectrally encoded coherence tomography and reflectometry (SECTR) system that
combinesen facespectrally encoded reflectometry (SER) ardsssectional OCT imaging for
automated instrumentacking and videgate 4D imaging[122], [173] A convolutional neural
network (CNN) is trained to detect -2auge internal limiting membrane (25G ILM) forceps from
SER images, and OCT scanning isoaudtically updated based on instrument position. We also
present an updated method for adapsampling by optimizing input scan waveforms to densely
sample instrumertissue interactions without sacrificing speed or H287]. We show that we are
ableto achieve resolutictimited detection accuracy across the OCT imaging range, and as proof
of-concept, we demonstrate 4D tracking of surgical maneuvers in a phantom at 16 Hz volume rate.
5.2 Methods

5.2.1 Automated Instrument-Tracking Framework

OCT,
Processing
SECTH SER_ Tracking

| Resampling |:

Scanning v

Mirrors oo o CNN s ]
e O AL SR
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: Controller < Waveform Buffer O:
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Fig. 55. Automated instrumertracking framework.
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The framework for our proposed automabestrument tracking method (Fig. 5.1) can be divided
into three main processes: simultaneous acquisition of OCT and SER images, detectinmuoéimst
position from SER images, and scan waveform modification based on instrument position outputs to
re-center the OCT FOV. Despite the fact that these processes occur in series, the overall workflow
must be highly parallelized in order to minimize fatg between steps. In particular, automated
instrumenitracking requires dynamic modification of SECTR scan signals at high speeds necessary
for videorate 4D imaging.
5.2.1.1 SECTR Acquisition

A custombuilt SECTR engine was used to simultaneously genemattaceSER and cross
sectional OCT images. OCT imaging is performed by raster scanning a galvanometer¥air (X
separated by a uniyagnification 4f optical relay to maintain telecentricBER uses a transmissive
grating to spectralkgisperse broadband illumination, which is then optically relayed using a 4f relay
across the OCT fastxis scanning galvanometer (X). SER illumination on the sample consists of a
focused line extended soulicethe spectrallyencoded axis that is aligned to the OCT sks (Y).
SER and OCT beam paths use a shared ssepte laser and optics to ensure collinearity and
spatiotemporal coegistration, allowing for the acquisition of a singlefaceSER imaggX-Y) and
a single OCT Bscan (XZ) for each sweep of the faakis (X) galvanometer mirror. As a result, we
are able to use SECTR imaging to trackfacefeatures, such as surgical instrument position, from
SER images and directly correlate those festuvith respect to the position of the OCT scan FOV.

Here, we modified our previous benchtop dedig®8] by moving engine components into a
compact optical enclosure placed on a portable cart for clinical application. An optical buffer was
used to double the laser sweep rate in order to achieve a 400 kHz line rate for rapid volumetric
imaging. In addition,iber connections were fusiespliced with each other to minimize insertion loss
and optimize the throughput of the system. A kigked digitizer (AT®373, AlazarTech) was used

to simultaneously acquire SER and OCT data at 2 gigasamples/second-fonegadocessing and
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display. Custom C++ software was used to synchronize scan waveform generation via a DAQ (USB
6351, National Instruments) with data acquisition.
5.2.1.2 CNN Detection

Similar to intraoperative imaging variability, SER images acquired using SE€IRto suffer
from image artifacts that preclude the use of traditional instrutngcking and segmentation
methods.

Here, we leverage dedparningbased instrumentacking techniques by using a GPU
accelerated CNN289] for detection of surgical imgiments from SER images. In particular, the
network implementation utilizes the OpenCV Deep Neural Network library and the NVIDIA GPU
Computing Toolkit (CUDA) for rapid training and detection. The epearce network was trained
using 4730 manualiabelled SER images of 25G ILM forceps. SER images were acquired in paper
phantoms (N = 4290), retinal phantoms (N = 254) exdivobovine eyes (N = 186). In addition,
data augmentation was performed by utilizing a horizontal flip and 90° clockwise rotatigacfo
image. The augmented data was then split between training (80%) and validation (20%) sets. CNN
training was performed on a computer with an Intel@@00X CPU, an NVIDIA GeForce RTX 2080
Ti GPU and 64 GB RAM. Training was run for 400,000 epochs tivecourse of 24 hours, resulting
in a mean average precision value of > 99% based on a complete intersection over union (CloU) loss
function[290].

CNN model and weights were integrated directly with the SECTR C++ acquisition software for
reattime deection of SER images. Multithreaded programming was used to decouple SECTR
acquisition from CNN detection by copying acquired SER images to a buffer. A parallel thread then
passed the stored SER image through the trained network fesnghl detectiort aver 120 Hz.
5.2.1.3 Scan Waveform Modification

Finally, scan waveforms must be updated on a volboyreolume basis for smooth 4D
visualization, which corresponds to update rates of at lea®0 Hz. Typical DAQ devices used to

generate scan waveform signadperate in regeneration mode, where scan waveforms are
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preallocated to an onboard waveform buffer (Fig. 5.2, red). As a result, scanning must be paused and
restarted in order to update scan waveforms. Here, we take advantage of a nhonregenerative operating
regime that allows us to dynamically modify waveform values per scan volume. An additional thread

is used to continuously monitor the size of the waveform buffer and automatically modify and write

new values immediately when the buffer is empty (Fig. ).
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Fig. 56. DAQ operating modes. Regeneration mode allows continuous output from the scan
waveform buffer. Nonregeneration requires new values to be written to the buffexndiles
dynamic scan waveform updates.

The CNN outputs bounding box coordinates (x, y, width, height) corresponding to the top left
coordinate (X, y) of the detected surgical instrument for #igimded cases or the top right coordinate
(x +width, y) for left-handed cases (Visualization 1). These values were sent directly to the waveform
generation thread and used to update scanning outputs. CNN position to galvanometer scan waveform

voltage offset calibration was accomplished by fitting measured sffised to center the OCT FOV

around the instrument from different initial positions (Fig. 5.3(a)). Due to adegaiwpling of the
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fastaxis (see Section 5.2.2), a higher order fit was required to calibrate the nonlineatoeffset
position curve. On the ber hand, the slovaxis was linearlysampled and therefore required only a
linear fit. The design of the SECTR system enabled independent calibration of ttenthstow
axes since each scan mirror is conjugate to the other through a 4f imaging neélsrnfrare, in order
to optimize imaging performance, galvanometer scanners (Saturn 5B, ScannerMax) were tuned using
a previouslyreported method to maximize scan speed and linear FOV for 4D infa§idly
5.2.2 Adaptive-Sampling

Additionally, input scan wavefms were modified by using an adaptsampling protocol (Fig.
5.3(b)(d)), which allowed us to dynamically-center the denselyampledregion of each OCT
volume with the automaticallyracked instrument position to enhance visualization of instrument
tissue interactions. The original linear scan waveform prior to adagsivipling can be described

mathematically as:

s ey OG-
0 Q¢ Qi g Zm (5.2)

Here, the lineaty-axis waveform input is defined as a line with slope equal t6Qbedimm)
scaled by a voltage scale facted (V/mm) divided by the number of lines. On the other hand, the
slow &>raxis scan waveform is constant per frame to generate a raster scan pattern. For- adaptive
sampling, the slope of the line@raxis waveform (Eqrb.1) is scaled by Ti® Uo densely
sample the center of the FOV betwegen and® by a factor of 4. In addition, the slope of the
scan waveform is scaled by p® t{calculated based off af ) to sparselysample the
periphery of the frame. Seafactors were chosen to maximize sampling density at the center of the
frame while maintaining a wide FOV for tracking as well as a high frame rate for 4D volumetric

imaging.
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For visualization and CNN detection, acquired SER images were resamplegiJe).based on

the fastaxis galvanometer position output measured via the galvanometer controller (MachDSP,

ScannerMax).
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Fig. 5.7. Scan waveform modification calibration. (a) Fast (X) and slow (Y) axis offset calibration.
(b) Adaptivelysampled SER images showing desaenpling of the instrument tip and (c)
resampled/linearized images. (d) Input and resampled scan waveforms fa im@dne(c) showing
X-and Y-offsets used to center the OCT FOV on the instrument (red) followingfgaiane motion

(left images vs. right images).
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5.2.3 Experimental Setup

Table 54. CNN accuracy experimentphrameters

Experiment . : :
Number Depth (2) Orientation Translation Speed (X)
0,3,6,9,12, 15, 18, _
! 21 mm 0 5 mm/s

2 0,3,6,9mm o 0.25,1,2,4,6,8,10

mm/s
—~| 0.25/1,2,4,6,8,10

3 0 mm 0, 45, 90, 135, 180 mmis

The SECTR engine was interfaced with an ophthalmic imaging probe placed in a microscope
configuration with axial (Z) translation freedom. A pair of 25G ILM forceps were clamped and

mounted to a twaxis (XY) motorized translation stage (MLS203, ThorLabdh®w.1 um position

resolution for precise control of instrument position and speed.

In order to quantify the accuracy of the CNN for basic surgical maneuvers, a series of 3
experiments were performed by varying probe axial/depth (Z) position, instrument orientation, and

instrument translation speed (Table 5.1). Instrument speeds weendbaover and extend beyond

the range of typical ophthalmic surgical maneuver speeds betwee &.Inm/g291]i [293]. For

each set of experimental parameters, SER images of the forceps placed over a paper sample were
acquired. For Experiment 1, tireaging probe was translated between 0 maid@us) to 21 mm at

increments of 3 mm, which corresponds to the measured Rayleigh range of the system, in order to

simulate motion of the instrument eait-focus (Fig. 5.4(a)). For Experiment 2, both instruntsagith

and translation speed were varied in order to simulatefgpiane motion and motion blur. Lastly
for Experiment 3, instrument orientation and speed were varied to imitate dynamic movement of the
instrument during operation (Fig. 5.4(b)). For ead#t of parameters, manual annotation of

instrument position from tracked SER images (N = 200) were compared to corresponding CNN

outputs to determine pixel error and tracking accuracy.
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Fig. 58. SER images as a function of vargi(a) probe depth and (b) instrument orientation.
5.3 Results

SER image resolution was measured using a 1951 United States Air Force test chart to be 44.2
nm with a sampling resolution of Ifim/pixel. Thus, the minimum expected pixel position error
corresponding to the resolution limit can be calculated to be 44.2/15 = 2.95 pixels. For each
combination of experimental parameters, position error was calculated by taking the difference
between neral network position outputs and manual labels of position (N = 200). Aamele t
test was used to compare each distribution of calculated errors to the resolution limit of the system.
Comparing manual annotations of instrument position to CNN ougpwtsrious axial positions, we
are able to achieve resolutitimited tracking accuracy (p << 1B between 0 mrit 9 mm, which
is beyond the ~7 mm full axial range of our OCT imaging (Fig. 5.5, top). Comparing tracking
accuracy in this depth range with yig instrument translation speed, we maintain resolution
limited performance up to velocities of 10 mm/s (Fig. 5.5, middle). Similar performance can also be
achieved when varying instrument orientation and speed (Fig. 5.5, bottom). Despite the pfesence o
error extrema and outliers, distribution means were statistically significantly lower than the resolution

limit. These results suggest that the CNN is particularly robust to intraoperative variability, including
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movement of the instrument in and @itfocus, high speed maneuvers, and dynamic maneuvers

involving rotation and translation of the surgical instrument.

30
25 L |- = = =Resolution Limit = 44.209 ym :t
20 & :‘:
15 s
10
b =
PR o T + . é _____ % ________________________ -
><' 0 i:::__: %
a 0 3 6 9 12 15 18 21
i Depth (mm)
g 1 O — l- = = = Resolution Limit = 44.209 pm 0 mm (Focus) 3mm 6 mm 9 mml
L I + i
- 8FI + + +
o + + + +
= 6r
3 | .
4 - g+ + - +1 + -
s U 11 e | [ —— ... | S— o
% 0 _ 1 1 | 1 | | |
e 025 2 4 6 8 10
2 10 - Velocity (mm/s)
-
2 8 [+ = = -Resolution Limit = 44.208 ym 0 45° 90° 135° 180°]
6 + + +
+H - + + 4 +H + +
4 gt + +H + + ﬂ — + +
i ! boa
0L [ J I | I | | I I
025 1 2 4 6 8 10
Velocity (mm/s)

Fig. 59. Quantification of CNN accuracy as a function of depth for a fixed orientation and speed

(top), depth and speed (middle), and orientation and speed (bottom). Pixel error between CNN and

manual outputs are compared to the resolution limit of the syste®b(pik.). Box plots span the

25" and 7% percentiles and box waists correspond to distribution means. Box plot whiskers extend

to data extrema and outliers are denoted by 6+050
Beyond tracking accuracy, it is also important to continuously center shrement within the

imaging FOV in order to provide 4D visualization of instrurasgue interactions. For each

combination of experimental parameters, the standard deviation of CNN outputs was calculated to

determine how precisely the instrument wascartered despite changes in focus, speed, and
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orientation. Comparing CNN instrument position outputs, we are able to localize the instrument at
the center of the image within the resolution limit for typical ophthalmic maneuver speeds below 1
mm/s regardles of instrument orientation or depth position (Fig. 5.6). However, a linear trend in
deviation from the center of the frame is observable at higher speeds due to update rate limits. Here,
we chose to update scan position waveforms per volume (16 Hz)dndtaathe CNN output rate

(120 Hz) in order to prevent discontinuities in volumetric rendering as well as to maintain anatomical
accuracy within each volume. Nevertheless, a minimal deviation of ~15 pix. can be seen even at
translation speeds of 10 mmishich is beyond the speed of conventional ophthalmic surgical

maneuvers.

Depth Orientation
16

- = == Resolution Limit = 44.209 ym - - - - Resolution Limit = 44.209 ym
—&— Depth = 0 mm (focus) 2
| |[—©— Depth =3 mm
Depth =6 mm
F |[—©— Depth =9 mm

wiy
D

Instrument X-Center Deviation (pix.)
Qo

0251 2 4 6 8 10 0251 2 4 6 8 10
Velocity (mm/s) Velocity (mm/s)

Fig. 510. Instrument deviation from center for tracked SER frames using CNN position outputs for
changes in depth and speed (left) anéntation and speed (right). Resolutionited localization
of the forceps at the center of the frame is shown for typical ophthalmic surgical maneuver speeds
(shaded box).

Finally, we validated our CNiased tracking method by performing automatedriment
tracking and 4D videoate imaging of a mock surgical task. Fled maneuvers of 25G ILM

forceps by an untrained volunteer were used to evaluate CNN tracking performance in the presence

of physiological tremors. In particular, a metallic ringswaoved between 4 phantom quadrants of
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varying height (O mm, 1 mm, 2 mm, 3 mm). Additional features, such as holes and a scale bar (3 mm
increment), were included in order to better visualize lateral and axial changes as the instrument
moves. Volumetric iraging was performed using 2560 (Z) x 500 (X) x 50 () pix. (pixels per line x
lines per frame x frames per volume) for a frame rate of 800 HmféeiceSER and crossectional

OCT B-scans and volume rate of 16 Hz for 3D OCT. CNN detection of forcepsS&Riimages

was performed simultaneously at a rate of 120 Hz. SER images were acquired over a 25 mm (Y) x 7
mm (X) FOV and tracking was performed over a maximum FOV of 25 mm x 25 mm. Following the
acquisition, standard OCT pgstocessing methods were ugedjenerate images from spectral data

and a 4D rendering of OCT data was produced using 3D $H6di. Despite lateral movement
across the entire sample, changes in depth/focus, opening and closing of the forceps tip, as well as
presence of speculaftections from the metallic ring, the forceps remain localized in the OCT FOV

(Fig. 5.7, Visualization 2).
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Fig. 5.11. Automated instrumertracking in a 4quadrant phantom. (a) SER image of 25G ILM
forcepsmanipulating a metallic ring and (b) corresponding OCT volursedh maximum intensity
projection and (c) 4D rendering. (d) SER image followingafyplane motion and translation of the
instrument. (e),(f) Localization of the instrument in the OCT FO\piletateral movement and axial
position change. Scale bar =1 mm (a),(d) and 0.5 mm (b),(e). See Visualization 2.

5.4 Discussion and Summary
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Ophthalmic microsurgery is conventionally performed under a surgical microscope, which
precludes visualization of subsurface features and underlying instrtisgrd interactions. iOCT is
an emerging technology that provides dembolved visualization fosurgical maneuvers but is
currently limited by slow scans speeds and lack of automated instriraeking that necessitates
manual adjustment of the static imaging FOV. Here, we propose an automated instraokéamy
method that takes advantage ofighkspeed SECTR system to simultaneously acariréaceSER
and crosssectional OCT images. @egistration between the two imaging modalities allows for
dynamic updates of OCT scan position based on instrument position detected from SER images.
Using a GPlaccelerated CNN, we are able detect surgical insmupuasitions at over 120 Hz with
resolutionlimited accuracy despite changes in focus, orientation, and speed. In addition, the proposed
method has significant advantages over previetgbprted OCIbased, colebased, and gradient
based detection methodyy providing widefield lateral tracking in the presence of instrument
deformation, softissue movement, mechanical manipulation of the eye, and artifacts such as
specular reflections. Furthermore, our method enables tracking for both anterior andmposteri
segment operations due to the networkés insensi
optical system and the optics of the eye. We demonstrated the efficacy of our method by performing
automated instrumeittacking and 4D videoate imagilg of a mock surgical task in a phantom.

Currently, the main limitation of our method is the update rate, which occurs once per volume in
order to prevent intravolume updates that would degrade 4D visualization. As a result, we have a
linear increase in imument position deviation from the center of each image with increasing
instrument velocities. However, ophthalmic microsurgery requires delicate manipulation of tissue,
and instrument maneuver speeds are typically betwean@SLmm/s. Within this speerange, our
method achieves high tracking accuracy and localization of the instrument. In addition, we show that
our method is robust to extreme changes in speedi{@@3nm/s) and defocus (O miir® mm) that

are beyond traditional use cases. We alsowtcfor changes in instrument orientation which may
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occur during manipulation of tissue as well as from differences in surgeon preferenbar(teftl

vs. righthanded). At higher speeds beyond ophthalmic surgical use cases, it is also possible to use
extrapolation methods, such as Kalman filtering, to achieve better localization of the surgical
instrument despite limited update rates.

Furthermore, we believe the proposed method can be extended for the identification and tracking
of multiple instruments wibh are often present simultaneously in the surgical field. The implemented
CNN is capable of predicting instrument positions across multiple classes at once and can be trained
to detect a variety of ophthalmic surgical tools including forceps, pickss,|J@opmbrane scrapers,
and light pipes. In addition, the existing 25G ILM forceps model can potentially be extended to
facilitate training through transfer learning to generate a robust model for multiple instr{@9&ihts
[296]. By using an opesourcenetwork, we also eliminate the need for extensive hyperparameter
tuning and optimization that is typical for many CNN implementations and, thus, broaden the
applicability of our automated instrumenacking framework. Similarly, we can extend our
adaptivesampling protocol to be able to target individual surgical instruments as specified by the
surgeon as well as to switch between multiple instruments by leveragingclasiti detection
outputs.

In addition, our technology can be directly integrated théosurgical microscope and potentially
used for 40n vivoimaging and automated instrumerdcking[297], [298] We believe our method
ultimately enables intraoperative guidance for ophthalmic microsurgery and will facilitate the
adoption of iIOCT tedmology. Furthermore, our method can benefit iGgiiided surgery by
lowering the learning curve for surgeons and allowing them to perform an operation normally in
comparison to the use of commercial iOCT systems, which require manual tracking and alignment
of the static OCT FOV to ROIs. SECTased tracking can also be extended beyond ophthalmic
applications for use in fields such as dermatology, where imaging power and speed can be

significantly increased for enhanced 4D tracking and visualiz§2@8y, [300].
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CHAPTER 6

Automated instrument-tracking and 4D video-rate visualization of ophthalmic surgical
maneuvers inex vivoporcine eyes
The following chapter contains content that is adapted from E. M. Tang, M-Hadglad, S. N.
Patel, and Y. K. T at@mckingifoh 40t valearate iendging af sphthakmime n t
surgi cal maneuvers, 0 Bi ol@&@D2R]297. Opti cs Express

Reprinted with permission from © Optica Publishing Group.

The following chapter contains content from E. M. Tang, M. TH&tldad, S. N. Patel, and Y. K.
T a o Autonfiated instrumenttracking and 4Dvideorate visualization of ophthalmic surgical

maneuvers imex vivoporcine eyes that is currently in preparation.

6.1 Introduction

The development of lomated instrumetttacking techniques is crucial for successful and
efficient imageguided surgery and has potential benefitsdiohancing feedback in rsumber of
fields, includingophthalmic microsurgery and minimaligvasive surger{301]i [303]. In particular,
these operationspresent several challenges, including limited haptic feedlack reliance on
surgical microscope or endoscope feeds for visualizatioaroplex surgical maneuve@69]. These
feeds often suffer from illumination variabilignd specular artifacts thareventhe use of traditional
instrumenitracking methods, which include color and geométged techniqued304].
Furthermore, redaime 4D visualization of ophthalmic surgical maneuvers requires robust ard high
speed tracking thatannot beachieved by conventional imageocessingbasedalgorithms[185].
Alternatesolutions include the use of fiducial markers, which require modification of the surgical
instrumentand thus raise€oncerns in terms of codvjocompatibility, sterility, and egonomics
Additionally, optical tracking and stereasion-based trackingnethods suffer frontracking errors

that vary as a function of fiducial marker distarficam the instrumentip as well aschanges in
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instrumenwrientation[305]. These factors are often confounded by optterrationglueto radial
or barrel distortion ofenses used in camebasedsystems as well as ocular distortidne to
aberrations and motian ophthalmic imaging applicatiofi806]i [308].

In addition, ophthalmic microsurgery involves complex maneuvers that involve the use of a
variety of surgical instruments designed for precise manipulation of both anterior and posterior ocular
tissueg309]. Conventional instrumeritacking methods relgg on instrument color, geometry, or
gradientbased edge detection are often specifically designed to track a single surgical instrument
from endoscopic or microscopic video feeds and tend to suffaer Yovo applications and for muki
instrument trackig [310]. Thus, these methods are impractical for use in ophthalmic surgery, which
involves a range of surgical tools of different shape, size, and visual properties that also varies with
respect to use for anterior or posterior segment operations.td,cadanited number of approaches
have been explored for tracking multiple surgical instruments. Ngtiument tracking methods
relying on visual feedback are capable of detecting multiple instruments in a field simultaneously and
can provide valuableollision feedback for safefd11]. However, these methods suffer from video
feed artifacts, such as nonuniform illumination, specular reflections, and occlusions. In addition, these
methods lack specificity for identifying and tracking specific instnta within the surgical field.

In order to address these limitations, our group has developed a multimodal ophthalmic imaging
system for simultaneousn facereflectance and crosectional OCT imaging [122], [173]
Automatedinstrument tracking isccanplishedusing deegearningbased detection of instrument
position fromen facespectrally encoded reflectometry (SER) imadekerent spatidtemporal ce
registration between SER and OCT images enalyleamic3D tracking of surgical instruments and
autamatic localization for 4D videoate visualizatiorof ophthalmic surgical maneuvei#/e have
previously validated the performance of our automated instrutreamiing method i paper sample
and phantom and have demonstrated resoMlliticited detectionaccuracyfor different instrument
speeds, orientations, and depf2s7]. Here, we extend our CNNased tracking method to detect

multiple surgical instrumentsr videorate 4D visualization of ophthalmic maneuvierthe anterior
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segment o&x vivoporcine eyesCompared to conventional tracking methods, deamingbased
approaches have demonstrated a higher degree of specificity that allows for classification of multiple
surgical instrumentg312], [313] We demonstrate robusbcalizationof three surgical instruments
despite the presencemdnuniform illuminationreflection artifactstissue deformation, armhanges
in instrumentorientationin ex vivoSER imagesWe believe our proposed method can be extended
for any number of surgical instriemts and can be used for automated instrwtnaoking and 4D
visualization of both anterior and posterior segment ophthalmic procedures.
6.2 Methods
6.2.1 ExvivoSECTR Imaging

Ex vivo ophthalmic imaging was performed using a custarilt spectrallyencoded coherence
tomography and reflectometry (SECTR) endihi&3]. The system utilizes a buffered 400 kHz swept
source lasecentered at 1060 nm with a bandwidth 60 hhm.Source dser power was split between
SER and OCT imagingA customophthalmic imaging probe was interfaced with the SECTR engine
and used to colinearly combiaad relay SER and OCT illumination beams toghmple(Fig. 6.1)
[122]. A high-speed digitizer (ATS983, AlazrTech) was used to simultaneously digitdetected
SER and OCT signals at 2 GS/s and stream acquired datdisk. Although ex vivoporcine eyes
(Sierra for Medical Scienc&jere acquired and imaged for demonstrat®8BiR and OCT power were
optimizedto fall within ANSI Z80.36 safety limits forin vivohuman ophthalmic imagin@CT and
SER powers at the pupilere measured to be 1.3 mW and 4.2 mW, respectifaely total power of
5.5 mWat the sampldn addition, a dichroic window in the SE&Tprobe was used to capture white
light images of the sampl® simulate surgical microscope visualization.light pipe (Alcon)
provided external illumination and @MOS cameraBlackfly BFLY-PGE-50S5C, Point Grey

Researchjvas used to captufeames at 16 HzX448 x 2048 pix.)
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Fig. 6.1.Experimental setup. The SECTR imaging probe was placed in a microscope configuration
for visualization of ophthalmic surgical maneuvers irearvivoporcine eye sample.

6.2.2 Surgical MicroscopeObjective Integration

In our previoustracking accuracyvalidation study, SECTR imaging was performed the
intermediate image plane of a handheld probe mounted in a microscope config{iiatidh1)
However, one limitatioto the translation o SECTR and otheQCT imagingsystems is integration
with the optics of a surgical microsco@CT imaging is often performed in thear infraredegime
at wavelengths between 8@B00 nm, while surgical microscopes operate using whdat
illumination. The design of stereomicroscopes, therefore, is often optimizezbanedted for visible
wavelengths of light and ultimately degrade OCT image qudiligyto wavelengtdependenoptical
aberrationsvhen imaging through the microscopbjexctive leng128]. Furthermore, commercial
objective lenses are oftemr ovi ded-bas6 6mbheks t hat i nhi bi't
aberrationcompensationOur lab has developed a nroantact lens characterization methtud
characteriz¢he plysical and optical properties atommercialZeiss VISU 200 surgical microscope

objective lens[314]. Lens characterization has enabled optimizationnotroscope integrated
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intraoperativeSECTR and evaluation of its performance throutple objective lens of a surgical
microscopewhich is critical for futurén vivoapplication298]. Here, we similarlyadjustour initial
experimental setup byodifying handheld probe scan and relay lenseshiiinclusion of a Zeiss

VISU 200 objective lengFig. 6.2) As a result, tracking performance can be assessednora
practical scenario where SECTR optics are integrated with those of a commercial surgical
microscopeEx vivoporcine eyamagingand aitomatedinstrument tracking was performed at the
focus of the surgical microscope objective lewkich allowed fordirect comparison of tracking

accuracy to that of our previous study conductguhiperphantoms.

y

Dichroic o [l]

frelay Z

z
f . 1
relay
& -
y X y

<

o

/o)
o.
°

Zeiss
Objective

| Image
Plane

= SECTR

= SER VIS
e OCT = SECTR+VIS

Porcine Eye

Fig. 62. Modified SECTR optical configuration forimaging of the anterior segment ex vivo

porcineeyes Handheld probecan (fcap andrelay (fey) lenses were modifie@ind optimized for the
incorporation of a Zeis®/ISU 200 surgical microscope objective lenBigure adapted with
permission fronj298].

77



6.2.3 Multi -Instrument Tracking

Rapid developments indeep neural networkbave acceleratedthe generationof network
architectures capable ofulti-class detection and classificatiorhese networks have beepplied
for a wide variety of applicatiomanging fromcomputer visiorto disease diagnosj815]. Here, we
leverage theversatility of currerdgeneration object detectors by extendingrewviously described
opensourceneural networY OLOv4) for multi-class detection and multistrument tracking289].
Recenstudies have evaluated the performance of YOLOv4 and lemertstrated accurate tracking
of multiple surgical instruments typically used nmnimally invasivesurgery[316]. In addition,
YOLOv4 hasshown superior performance comparedotber similar modelsfor more complex
applications, such asitomated deteicn of artifacts in endoscopic imagasd combinatorial sorting
of cellsin microdroplet4317], [318]

Our previous implementation of YOLOv4 focused on sirgdess detection of 25G internal
limiting membrane forcep®r determination of tracking acaey and initial automated instrument
tracking validation In order to achieve broader utilityr ophthalmic surgical instrument detection
and trackingwe have modified our network configuration for the detection of three unique classes
of instrumentsmicrosurgical knives (Mance), forceps, and canngfiaeedlesThese instruments are
commonly usedor anterior segment operatiom order to create incisions in the corneapeelor
grasp oculatissues, andto injectair orcontrast agenisto the anterior chambgrespectivelylnitial
demonstration oéx vivo instrumendtracking is performedor detection ofthesethree instrument
classes, buhe network can easily be extended to any numbesttimentlasse$or more complex
surgical procedures as well as to account for smaller gauge instruments used in posterior segment
surgery.

6.2.4 Multi -Channel Training

We have previously demonstratmegtomated instrumeitacking with resolutiodimited tracking

accuracy in a paper sample. wver, similar to surgical microscope feedSER imaging

performance tends to sufferéx vivoandin vivoapplicatiors due tothe presence of image artifacts,
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such as specular reflections and shadowiig. 6.3) These artifacts arise from detector brdepth
saturationpackground subtraction, and ocular structures such as the cornea tdardilicition,the
appearance of theadifactschangedynamically throughout imagirdue tobeamscanningvarying
field positiors resulting from tracking offseteind bulk motiorof the eye by both the operator and
patient.These factors are confounded by changes in instrument oriertiattom and oubf-plane,
which resultin varyingreflectivity profiles andcontrast Although deeplearningbased instrument
detectionis more robust to these variables than conventional tracking methtitsization of

network inputs can potentially improve training and detection performanee fovoapplication.

Fig. 6.3 SER images acquired in a (a) paper samplexXljvobovine eye and (dh vivohuman eye
showing imaging artifacts such as specular reflections and shadowing due to saturation (red), DC
artifacts (blue), and cornea tear film reflections (yellow).

Dataaugmentation isvidely usedfor improving CNN performance and robustnégsaltering

and inflating training data sets while preserving lafgl9], [320}] Common agmentation methods
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include geometric transformations (fiimg, rotaing, translating, @pping)and photometric (color)
transformations. We have previously explogedmetric augmentation of instrument data by flipping
and rotating each image, which hasproved network performance for varying instrument
orientationsHowever, SERmages used for training were graysdalegle channe))wherea$CNN-
based object detectors are often designeaki® RGB three channeted, green, blue) or BGR input
images for detectiorColor images can then be decomposed into their individual cblamnels for
multi-channelestimation of object positiorComparing the performance of CNNvith varying
number ofthannel inputsstudies have demonstrated a classification improvement of 3%aadorg
images over grayscale imagesn largescale image atabaseq321], [322] For ophthalmic
applicationsCNN-based diagnostzas benefitted from the use of color fundus imatyesto channel
encoding of variousvavelengthdependenimorphological andunctional features, such gsinner
retina (blue) blood vessels (greemnd outer retina/choroid (refB23]. Furthermorestudies have
shownthat color channels can be used to endoadependent informationia concatenation of
multiple complementaryimages For example, the fusion ofpatial, temporaland thermal
information in a single BGR imag®as been demonstrated and barusedo improveboth object
detection accuracy and computational efficiej834].

Here, we leverage photometric augmentation techniquesier toencode SER spati@mporal
information in a single BGR image for CNN training and detedfég. 6.4) Individual images are
concatenated in order to encode raw SER images (lHt@)erage SER images (green), and 5
variance SER images (reddveragingof SER imageseduces background speckle noise and also
encodesoth spatial information of the instrument and temporal information of instrument position
across multiple volumeSimilarly, SER image variance across multiple volueredes instrument
motion (high variance) relative to stationary background tissue (low variaDe&. fusion was
accomplished by modifying the instrumerdacking thread in the SECTR acquisition software. Raw
SER images wereopied andcontinuously stored in #rst-in-first-out (FIFO) 5-frame buffer. A

running5-frameaverage ané-framevariance were calculated upanquisition of a new raw SER
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frame.The most recently acquired frame in the buffer was used as the blue channel rana8ER
input and was concatenated with teresponding average and variantdérames in the buffeto
generate a single BGR imagehe BGR image height was thepwnsampledy a factor of 4via
spectral averaging to match the network heligtibrebeing used as an inpiatr training ordetection

(Fig. 6.4(b))

v v

Average Variance BGR

Network
Input

Fusion

o

Fig. 6.4 Multi-channelSER fusion. (a) A series of 5 SER imagissstored and used to encode
information into a single BGR image: Bludast raw SER image in tretoredtime series; Green =
average of 5 SER images in the series; Red = variance of 5 SER images in the series. (b)
Concatenation of data shown in (a) creates a single BGR ifilagémage is resized (16646000

416x 500, spectral x lateral pixvia spectral avaiging before being input into the CNN.

SECTR imaging was performed &x vivoporcine eyes and corresponding instruments were
manipulated to simulate mock anterior segment surgical maneuvers (e.g. corneal incision, corneal
scraping, andnterior chambeinjection). GPU-acceleraté CNN [289] training was accomplished
using 4031BGR SER images for classification ofnces (N = 2166), anterior segment forceps (N
= 1380),andblunt cannulas and 30G hypodermic needles (N = &&8)simplicity, ranuatlabelling
was accomplished by annotating the blue chaminehch image correspomdgj to the raw SER image

channel In addition, data augmentation was performed by flipping each image horizawatally

increase robustnestepending omperator handednesBhe augmented data was then split between
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training (80%) and validation (20%) sefgaining was performed on a computer with an Intel i9
10900X CPUan NVIDIA GeForce RTX 2080 Ti GPU and 64GB RA®Iverall, CNN taining was
run for 200,000 epochs over the course of 12 hours.

6.3 Results

6.3.1 CNN Training Performance

Intersection over union (oU) ——— (6.1)
Precision (6.2)

Recall (6.3)

Fl-score — (6.4)

In order to determine the efficacy and feasibility of mimiitrument, multichannel CNN training,
we evaluated our trained model using several conventional metrics for quantifyifigg C
performanceFor object detection, there exists a predicted bounding box by the CNN as well as a
ground truth bounding box thistdetermined by manual labelling of the SER imagesinfersection
over union (loU)can then be calculated by finding thea of overlap between the prediction and
ground truth and dividing that value by the area of the union of(&aph 6.1,Fig 6.5) Based on an
loU threshold (e.g. loU > 50%), a precisimetric (or positive predictive valuean be calculated
for a specifc classby finding the number of images that correatlgssify the instrument(true
positive)and dividing that value by the total number of images identiiezbntain thainstrument
(total positive). Similarly, recalfor sensitivity)can be calculated by finding the number of images
that correctly identify thénstrument (true positive) and dividing that value by the total number of
images thahave the specifimstrument (both correctly identified and falsely rejeyt&or a given
loU threshold, a precisierecall curve can be generated similaat@ceiver operating characteristic

curve.Average precision (AP) cahenbe calculated by taking the area under the precisoall
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curveand mean average precision (mAfRan be quantified by averaging AP values at a specific loU

threshold across all classes.

=== Manual Label
=== CNN Label

Intersection over Union (/loU) =

Bounding Box Union

Fig. 6.5. Intersection over union @U) is calculated by taking the area of bounding box overlap
between manual (green) and CNN labels (blue) and divitietgvalue by the union of the two.
Thus, these metriosereused to quantify the performance of the CNN in correickntifying
three classes of ophthalmic surgical instrumé¥téance, forceps, and cannula/needhdler data
augmentation]1612 imagesvere included for validatioduring training Of the validation set1602
images containednique truth counts corresponding teiaglesurgical instrumentlass while the
remaining 10 images did not contain an instrunfergt. sample backgroundjost hoc validation of
model performance shows high AP99.9%using an loU threshold of 0.50 (Table 6.1). Across all
classes, a mAP value of 99.98% was achievemtoss allvalidationimages,1547 true positive
classifications (95.97%), 10 false negativeclassifications (0.62%), and 45 false positive
classifications Z2.80%) were madeTherefore, v demonstrate that ware able to achieve high

instrumentclassification accuracyith 97% precisio{Eqgn. 6.2)and 99% recalbr sensitivity(Egn
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6.3), corresponding to an Fdcore of 98%Eqn 6.4)

Table 6.1.CNN trainingperformancejuantifiedpost hoc usinghe validation set (N Z1612.

Class True Positive False Positive Averag(iPP)recision
V-lance 817 26 99.99%
Forceps 536 7 99.99%

Cannula/Needle 194 12 99.95%

Total 1547 45 mAP = 99.98%

6.3.2 CNN Detection Latency

Our previous implementation of automatedtrument tracking enabled high speed tracking at
over 120 Hz However, in order to improve model robustness drrvivo tracking, we have
implemeneéd multi-channel image detectidry fusingraw SER images with average and variance
imageqFig. 66). Initial image processing follows thpgior implementation and inatles resampling
of raw adaptivelysampled images as well as background subtrad®i@viously, raw SER images
were then spectrally downsampled by a factor of 2 without averaging to reduce image size and reduce
inference time when being subsequently patsedigh the CNN (Fig. 6, dashed arrows). Here, we
take advantage of the high detection speexgbéztrally average raw SER images by a factor of 4 and
therefore potentially reduce noiaed improve image quality along this dimension. The resized image
is then passed to tHeframe FIFO buffer and replaces the oldest image befameaverage and
variance image are calculatdRiaw, average, and variance images then fused toreate ahree
channeBGR image before being passed to the CNN for detectmettfl averaging and calculation
of average and variance images presents additional computational overhead contipag@wous

implementation, where raw SER images were fed directly to the network following resizing.
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Fig. 6.6. Instrumenitracking thread framewordomparing current (solid arrow) and previous (dashed
arrow)softwareémplementationdmage dimensionis pixelsafter each processing step are indicated
(spectral x lateral number of channelg)ver corresponding ame.

The total latency for the current instruméraicking thread pipeline (including ppgocessing
time and CNN detection) was measured to be approximately 43.7 ms (23 Hz) compared to 8.25 ms
(120 Hz) with the previous implementatidespite the increase in latency and reduction in tracking
speed,automated instrumeittacking is ultimately fundamentally limited by volumetric imaging
rates.As we have previously discussed, scan waveform updatefoateacking are synced with
volumeric imagingratesin order to prevent intravolume updates that would lead to discontinuities
and thus affect anatomical accuracy ofréDdering Therefore, atomated instrumerttackingwith
detection a3 Hz is sufficient for smooth 4D visualizationwaflumetricOCT datg which requires

updates rates of 180 Hz. Furthermoreour modified implementatiotakes advantage of mulki
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channel detection to potentially improve network performaaed tracking accuracwithout
sacrificing update speeds.
6.3.3 Video-rate 4D Ex vivo Tracking

Finally, we validatedour modified automated instrumetnacking methodfor 4D videorate
imaging of mock surgical maneuverstime anterior segment @&x vivoporcine eyesFreehand
maneuvers of threephthalmicinstruments (Mance, forceps, and 30G hypodermic needle) were
performed by an untrained volunteer in order to assess CNN tracking perfoimtdrepresence of
several confounding factors, including physiological tremor and artifacts arising €xorivo
imaging Specifictasks were performedad simulate typicabphthalmic surgicananeuversl) the V-
lance was moved acrod® cornea in order to demonstratitial widefield tracking 2) the \tlance
was used to scrape the apex of the taesimulate collectiorf cells or removal of debrigom
the corneal surface3) the V-lance was used to make an incisiorttia cornea to simulate anterior
segment operation requiring access to the anterior chafblee \-lance was removed and forceps
were introduced in oet to pull on corneal tissue ahdtheropen the previous incisioh) the forceps
were removed andrzeedle was introduced and inserted into the incision to simulate injection of air
or contrast agents into the anterior chamber.

Visualization of these aneuvers waaccomplishedising both whitdight and SECTR imaging.
White-light imaging waschievedsimultaneouslyhrough a dichroic window of our SECTR imaging
probe using a Point Grey CMOS camera operating at a 16 Hz franaadsdight pipewas usd to
provide external illuminationSECTR imaging was performadsing a modified imaging probe
integrated with a Zeiss VISU 200 objective lens for anterior segment imamiage aquistion was
performed at a frame rate of 800 Hz and volume rate bfZL&n faceSER andcrosssectionalOCT
images were simultaneously acquired and sampl&fet x 500 pix. (spectral x lateral) ah@64 x
500 x 50 pix. pixels per line x lines per frame x frames per volume), respectiRegttime 2D
display of SER an@CT images was used fadditionalguidanceof surgical maneuvers. Raw binary

SER and OCT dataerestreamed t@ disk and conventional pegtocessing methods were used to
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generaté&SER pit conversion, normalization) and OC3péctral reshapingjspersim compensatign
Fourier transform, bit conversion, normalizationpges 3D/4D visualization of processed OCT data
was then accomplished using 3D Slig2e4]. Corresponding whitéight, SER, and 4D OCT
renderings show localization of thel®hce anteror segment forceps, and 30G hypodermic needle
in a single continuous acquisiti@@spiteout-of-plane motion, interactions with underlying corneal

tissue, and the presencefiefd-varyingreflection artifacts on SER.
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White Light SE

)

Fig. 6.7. Automated instrumertracking and videgate 4D imaging irex vivoporcine eyesMulti-
instrument tracking was demonstrated using (dance, (b) forceps and (c) a 30G hypodermic
needle.
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6.4 Discussion

Ophthalmic microsurgery is extremely complexd requires manipulation of fine ocular
microstructures. Howeverthese surgeies are conventionally performed under whilight
stereomicroscopes, which suffer from nonuniform illumination and reflectioncdiand ultimately
lack depthresolved visualization obcular tissues.We have previouslydemonstratech deep
learningbased tracking method for detection and localizatiawpbthalmic surgical instruments for
4D videorate imaging of surgical maneuvehs particular, a higlkspeed SECTR system is used to
simultaneously generata faceSER and crossectional OCT images. The-cegistration between
these two modalities allows for the use of a CNN for rapid detection of surgical instrument position
from SER images and subsequent scan waveform modification for localization of the OCT FOV
around the instrumenHere, weoptimize our tracking framework to improve its applicability for
microscopentegratedracking inex vivoeye modelsWe integrateour high-speedSECTRsystem
with the objective lens of a surgical microscope in order to evaluate tracking performance through
visible-light optimized lenseswhich inherently degrade neiafrared imaging In addition, we
incorporate multinstrumentand multichannel detection that is capable of achieving 99% sensitivity
for robustclassification of three ophthalmic surgical instrumeaisimonlyused in anterior segment
operation.Furthermore, we demonstrate miltstrument tracking and videate 4D imaging of
ophthalmic surgical maneuvers @x vivo porcine eyesBy leveraging advancements in deep
learningbased object detectors, we show that we are able to track and localtggensuirgical
instruments in a single continuous acquisition without the need to reiniaaligasition or detection
parameters.

Additionally, the network can belirectly extended for use in visualization and tracking of
posterior segment maneuvegygem throughput wasriginally measured and optimized through
surgical microscope objective lens @IM lens for5.5 mW combined SER and OCT power at the

pupil, which is below maximum permissible exposure limits in the-imfieared regime as dictated
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by the ANSI safety standardSurthermore, the system uses extensiegrceillumination, andSER
and OCTbeans arespatially offset from one anothahus improving safety for posterior segment
imaging Here, we integrate our SECTR probe with the objedéme of a surgical microscope. Full
microscopeintegration can be achieved bynply integrating thecurrent system with theeduction
and widefield ophthalmic lens of a BIONNevertheless, automated instrumeatking can be
achieved without change toehmplemented frameworllue to the inherent spattemporal ce
registration between SER and OCT imagigyond surigal applicationsmulti-instrument tracking
andreaktime volumetriamagingof surgical maneuvetss potential benefits fophthalmic training
andskill-assessmen©phthalmic microsurgery requires high precision that results in a steep learning
curve Thus, taining can potentially be facilitated by videwate 4D imaging ofnstrumenttissue
interactionsas well ashy extracton of quantitative metrics relating to tissue deformationissue
damage during operatiohe proposed automatddstrument tracking methoenablesvideorate
4D imagingof multiple instruments during ophthalmic surgery and addresses critical btoribes

broad adoption of iOCT technology.
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CHAPTER 7

Summary and Future Directions

The following chapter contains content that is adapted from M. J. Ringel, E. M. Tang, and Y. K.

Tao, fAdvaalkes moidral i maging i n ophthal mol ogy,

Ophthalmology (2021).

Reprinted with permission from SAGE Publishing.

7.1 Summary

Ophthalmic diseases often require surgical intervention to prevent progression and to improve
patient visual adty and quality of life.However, ophthalmic surgery is complex and involves
manipulation of sudmillimeter-thick, semitransparent tissues. As outlined @mapter 2, current
visualization is limited to whitdight stereomicroscopes, which provide onlyesrfaceview of these
structures. iOCT systems have been developed for 3D visualization of ophthalmic microtissue, but
broad adoption of iOCT technology is inhibited by three major limitations: 1) staticszotenal
imaging due to slow commercial systespeeds, 2) the presence of motéstifacts that degrade
image quality, 3) lack of automat@ustrument tracking that necessitates manual adjustment of static
OCT FOVs.The work described in this dissertation addreisesemajor barriers to thadoption of
iOCT technology.

In Chapter 3, we describe the utility of higheed SECTR imaging for spatemporally ce
registereden faceSER and crossectional OCT imaging. Gregistration and orthogonality between
these two imaging modalities faciliess 3D motiortrackingand 4D imagingA compact and portable
SECTR systemwas designed and engine throughput was optimizedvittgo-rate 4D clinical
imaging. In addition, we assessed and validated the motion tracking performandtidizing a

handheld ECTR probe for OCTA imagindOCTA projectionsemphasized bulk motion artifacts,
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which arise from both operator and patient magtiand were indicative of intraoperative motion.
SERbasedmotion tracking and correctiofacilitated precise reconstruction €CTA volumes
despitethe presence of extreme motion artifadts. Chapter 4, we further optimidesystem
performance by performing both hardware and software optimization via galvanometer tuning
optimization andscan waveform optimization. We developedimpted scanningprotocols for 4D
imagingthat improved both speed and linearity compared to conventional sampling pretibols
default tunings

In Chapter 5, we leveraged our optimized SECTR sy$terdeeplearningbased tracking and
detection of 25G IM forceps. We demonstrated resolutionited detection accuracy and high
speed detection at over 120 Hz for vidate 4D imaging oinstrument maneuvers in paper samples
and 3D printed phantoms. In Chapter 6, we extended our network forinstiitiment and mukHi
channel detection of ophthalmic surgical instruments. Additionally, we integrated a surgical
microscope objective lens wittur SECTR probe for assessment of microsdopegrated tracking
performanceWe demonstrated high classification accuracy for detection of three different classes of
surgical instruments and we validateilti-channelnetwork performancey performing vide-rate
4D imaging and automated instrumdratcking inex vivoporcine eyes.

In this chapterye present future developmeriteat can be used to improve tracking performance
and ophthalmic surgical visualizatioAdditionally, we describ@dvancements inurrent methods
and potential metrics that can be useddsess the utility of automated instrumatking and 4D
visualization of ophthalmic surgical maneuvetsirrent clinical studies are limited by the use of
commercial iOCT systems that providetst@rosssectional OCT visualizationFuture studies are
crucial to provide quantitative informatiomom 4D OCT that can be used to assegserator
performancend surgicabuccessQuantitativeintraoperativeassessmerf surgical maneuveisan
be directly correlated with postoperative patient outcormed is therefore critical for ophthalmic

training andevaluation

92



7.2 Tracking Optimization

Our proposed automated instrumdnaicking framework achieves high performance and speed
that is fundamentally limited byolumetric imaging rates. We have demonstrated detection rates
between 23120 Hz(multi-channel vs. singlehannel) while videeratevisualization corresponds to
updates rates of 180 Hz. Although improving detection speed is not neces$aster detection
facilitates the use of additional ppeocessing methods that can potentiaiiyprove detection and
tracking accuracyFor example more compleximageprocessing methods can be used, such as
gradientbased edge detectioBradient images can then be encoded as individual network channels
for improved classification performanciigher detection speed can be achieved by leveraging
pamllel computational and dedparning advancements. Our current systatitizes relatively
modest computational powand operates on dntel i9-10900X CPU, an NVIDIA GeForce RTX
2080 Ti GPU and 64 GB RAMA significant performance increase can be exgabtly upgrading
tohigh-end GPUs, such as tfeForce RTX 3090 (10496 coreahdby improvingmemory/memory
speed (24 GB, GDDR6XFurthermore, multiple improvements in CNidsed object detection have
beendemonstrated since YOLOv4 was released in 20B@recentintroduction of YOLOvV5325]
and YOLOX[326] demonstrate potential advantages for bigthrovednetwork detection speexs
well asimproveddetectiomaccuracy.

Additionally, recent implementations of CNNs for object detection or classification have
leveraged 4D informatiomia RGB-X data encodindB27]i [329]. Additional informationtypically
RGB-D (depth), is encoded for multhannelnetworkdetection. Thessystems take advantage of
recentadvances in camesensorghat are able to encode both RGB and NIR or depth information.
Our current CNN implementation leveragestannel detection (BGR) but can be extended for 4
channeldetection by incorporating addihal information, such as image gradiedtkng the lines
of depthencoded information, we can also potentially leverage dgsthived OCTimaging by
encodingen faceOCT projections along with the-8hannel SER data described previouEly.face

OCT intensity projections would providegh instrument contrast due to the high reflectivity of the
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surgical instrument relative to ophthalmic tissue. In addigarfaceOCT images do not suffer from
reflection saturation, or shadowing artifacts compared to SER or surgical microscope images. The
spatiotemporal ceregistration between SER and OCT imaging also ensatesloverlap which
facilitates instrument detection aratalization.

7.3 Rendering and Display

High-resolution vsualization of ocular tissues is a crucial component of ophthalmic microsurgery.
Surgeons generally operate through the ocualbaswhitelight stereomicroscope, which provides an
en faceview of undelying tissue. Thessteremnicroscops also provide pseuddepth visualization
through the stereopsis effect, but ultimately lack true degsblved visualization of dphalmic
tissues. Although MI-OCT has enabledD visualization, integration of crosedional and
volumetric iOCT data into the surgical view is a challenging taskditionally, whitelight images
captured during surgeprealso simultaneously relayed to an external monitor for additioseds
up visualization These external monitors provide limited visualization of the surgical
microenvironment due tlow conventional camera resolution (1920 x 1080 pikis limiting the
overall utility of headsup surgey [330]. Recent advancements have focused on the desigK of
high-definition (3840 x 2160 pix.and 8K ultrahigh definition(7680 x 4320 pix.J)eadsup systems
that provide 24x higher resolution compared to current commercial sysf86js[331].

Despite these advancemergsamless integration of iOCT depth inforioatrequires reatime
visualization and feedback for guidance of ophthalmic surgical manetdezdsup display (HUD)
systemghat incorporate iOCT crossectional images through the oculars of the surgical microscope
have previously been demonstratdB1]. These integrated systenmesentsignificant visual
advantages over external displays by enabling immediate iOCT feedback without the tugrd to
away from the surgical field332]. Systems incorporatingapid volumetric iOCT andHUD
integration havealso demonstratedsimultaneousAD MI-OCT and operating microscope view
visualization[333]. Furthermore, it was found thattegratedreattime volumetric visualization did

not significantly affectheresoltion, FOV, or image quality of the surgical microscope vigtudies
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have also demonstrated @rgonomic advantage of HUgystems, which enable surgeons to sit more
comfortablyand can potentially reduce musculoskeletal [ja84]. In additionto theseaugmented

reality systems, virtual realit@CT display througlhe use of immersivgystems, such as the Oculus

Rift, have also been explorgd35], [336] Virtual reality display through heasiounted systems
preserd significant advantages by providing a greater FOV compared to surgical microscope oculars
(105’ vs. 45 FOV), whichenables enhanced visualization of iOCT and surgical microscope, views

as wellas potential to incorporatalditional information, such as patient visans

K
q'-

Fig. 7.1. Microscopeintegrated SECTR imaging ahterior segment maneuvers acquiredxrvivo
porcine eyeqa) Surgical microscope view showiagial position overlay relative to posterior cornea
extracted fromco-registered(b) en faceSER and (c)en face OCT projection Reprintedwith
permission fromj337].

Preliminary studies assessing the utiland efficacyof 3D HUD systems for ophthalmic
microsurgery have demonstrated similar postoperative outcomes and visual actigvearstiown
no significant difference in overall operating times compared to covehtsurgical microscope

operation[338]i [342]. However,the commercial HUD systemased in these studigé&lcon 3D

NGENUITY, TrueVision 3D Visualization, and Zeiss ARTEVO 800) I&@ICT integration that can
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improve visualization of ophthalmic surgical ameuvers and therefore patient outcomes
Furthermore, commercial iOCT HUD systems are limited to static -sexsfonal imaging due to
their slow imaging rates. Thus, there exists a need to combine eger@riation commercial 3D
HUD technology with reseah-grade 4D MIOCT systemsOur group has previously demonstrated
high-speedintraoperativeSECTR imaging and rediime display of SER and OCT imagasing a
TrueVision camerafor headsup visualization (Fig. 7.1) [337]. Additionally, the automated
instrumenttracking and motiottracking methods described in this dissertaéinable videeaate 4D
visualization of ophthalmic surgical maneuvers. Display of4DI information using integrated 3D
HUD technology will facilitate the visualizan of bulk interactions between the surgical instrument
and underlying tissuand will enable reafime guidance of ophthalmic surgery.
7.4 Automated Segmentation

Automated extraction of keintraoperativefeatures, such as instrument depth crucial for
providing realtime feedbackhat can be used to asspssgressandperformancaluring ophthalmic
surgery Several methods have been exploreddotomatedsegmentatiorfrom OCT imagedor
applications irboth anterior segment apasterior segmeniperationsAutomated segmentation of
corneallayer thicknes&nd needlgosition has been demonstrated for 4teéak tracking of needle
depth for guidance of DALK procedurgk/7]. Similarly, anautomated method for assessing graft
orientation ha recentlybeen demonstrated for guidance of DME#igery[343]. Previous studies
have also been used fautomated segmentation of fldigkerface volume followinddSAEK [344],
[345]. These studiekave shown that automated segmentation lmarused to provide crucial
guantitative information that can be directly correlatetetiniquedependent differences between
surgeonsandto postoperative graft nonadherende.addition, iOCT feedbacknd segmentation
facilitated the reduction of intiarce fluid during operatiohy providing realtime surgical guidance.

iIOCT feedback during posterior segment operation has also benefitted afubomated
segmentation and quantification kdy parametergassociated with patient outcom&egmentation

of macular hole thickness and volume from iOCT imagasprovided insight into postoperative
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macular hole closure, which was found to be negatively correlatedeudtittion in macular hole
width and was potulated tobe due totrauma resulting from ILM peeling346]. Automated
segmentation of needle position from-RCT images has also been demonstrated for subretinal
injection guidancg347], [348] These studiegnable accurate estimatiaf 3D needleposeand
precise guidance of injection procedulteess been demonstrated éx vivoporcine eyeqd349].
Furthermore, quantification of injection volume can be performesubyetinal bleb segmentation,
which facilitatesdosing assessment and delivery efficryocular therapeutid850]. With parallel
advancements in dedgarning, moreeacent studiefor segmentation of posterior segment features
have leveragedetworkbasedalgorithmsfor rapid and accurate segmentationrefinal layer
boundaries, quantification of layer thicknessmsd intraretinal or subretinal fluid volunamalysis
[351]i [354].

While significant advancements have been made for automated sedpnestat quantification
of ophthalmic surgical feature8D visualization of reattime volumetriciOCT data remains
challengingdue to inherently lower SNR compared to clinical OCT systéuditionally, optimal
volumetricrenderings ininhibited by degradation of imaging performance due to limited Fids
sampling densityspeckle noiseand instrumenshadowingThese limitationsltimately reduce the
performance of featurextraction algorithms for instrument segmentation or ocuissué
segmentationwhich can be used to improvetraoperativefeedback and visualizatioiRecent
advancedor improving visualization of 4D iOCT data have incorporated automated segmentation
algorithmsfor rapid retinal layer and instrument segmentajfiztv], [355] These methodsely on
static reference volumes and automated instrument segmentation in aitenltaneously encode
instrument color and fill innformation due to instrumershadowing Integration of the proposed
SECTRbased automated ristrumenttracking method with optimized deegpearningbased
instrument/tissusegmentation andolor-encodedD rendering methodsansignificantly improve
visualization of videerate 4D iOCT datand potentially reductechnologicalearning curvegor

ophthalmic surgeong$-urther integration witmodern3D HUD technology described in SectioB 7.
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canalsoprovide surgeons with improvddedback compared to current iOCT HUD systems, which
rely solelyon crosssectional OCT views with limitedisplayresolution.
7.5 Quantitative Surgical Guidance

iOCT provides depthesolved information that can be used to quanitifiyaoperative and
postopeative structural changeSeveral of these features, suchrettal layer thicknessnacular
hole thicknessand fluid at thecornealgraft-host interface are directly correlated with patient
outcomes as described in the previous seckarthermoreyideorate 4D imaging systems present
significant advantages over current commercialQ@T by enabling analysis of bulk interactions
between the surgical instrument and underlying tiss@sgantitative metrics, such as tissue
deformation have yet to bestablished with conventional iOCT systems that are limitestatc
crosssectional imagingPreliminaryqualitativestudies hag shown significant deformation of the
retina and macular hole during ERM peeling due to interactions between the surgigalénsie.g.
finesse loop omdiamonddusted membrane scraper) and underlying ti$366]. Thesesurgical
interactiongenerateurrently unquantifietractional forces that result in visible striatimndimpling
of the retinaand can potentially lea@ fpersistent postoperative retinal deformatione study has
utilized adepthencodedcolor gradient to better visualizZd® MI-OCT data andissue deformation
in order to assess ophthalmic surgical skHig. 72) [357]. The study has found thdéepthencoded
colorization enabled more accurdifferentiation of the membrane from the retinal surf@oe more

accurate identification of instrument contact with the retinal surfacefamtinal deformation.
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Fig. 7.2. Motion-stabilized colorization of MDCT volumesacquired duringnembrane peeling
Panels show (a) membrane tractidim) membrane pullingpy forceps (c) retinal deformatioroy
finesse loopand (d)finesse loopsurface approactReprinted with permission frofi357].

These previous studies show thesdtablishing quantitative deformation metrics is crucial to
correlate intraoperative surgical maneuvers with postoperative outcomes. The most common
techniqus for assessing tissue deformatiare optical coherence elastography (OGH) phase
decorrelation OCT (PHDCT). OCE is an analog of OCThat is usedo detect microrscale
displacements caused by an external mechanical stimulus to extract biomechapetigs of
tissue[358], [359] PhD-OCT s an alternate method for measuring tissue biomechanics that uses the
decorrelation of scattered light from Brownian motion as a surrogate measure of tissue viscosity

[360]i [362]. Initial OCE demonstitions used OCT speckle tracking of axial displacetmdérom a

static |l oading force to quantify tissueistrai

strain relationshig363], [364] OCE can also be used to measure

combining dynamic loading forces, such as stesate harmonic loading and transient excitatron
vivo measurement cfources, with advanced wave propagation md@éls]. These dynamic OCE
methods have been used to fiovasively measure biomechanical properties of the human ciornea
vivo, showing tle potential fointraoperativeranslation and utility366].

Established applications of OCE includermeal elasticitymeasurement, which is usefidr
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diagnosing keratoconus and corneal ectasia and monitoring corneal collagen crosslinking (CXL)
treatmen{367]i [370]. OCE has shown increased corneal stiffness in in vivo rabbit eyes after CXL
treatments with an air puff as the external mechanical stimulus TB¢r)(b)) [371]i [373].
FurthermorePhD-OCT has successfully identified changesanneal biomechanics after CXL in

vivo without the need for external stimiyi862]. OCE studies havelso shown distinct elasticity
differences in retinal layers im vivo rabbit andex vivoporcine models (Figuré.3(c),(d)) [374],

[375. OCE studies have also shown that increased
scleral stiffness are correlated with increasing IOP, which suggests that OCE can also be used to
monitor progression of glauconfia76], [377] These studies indate thalOCT-derivedsurrogates,

suchas OCE and PHDCT, have the potential to providgiantitative intraoperative information
related to tissue mechanics for the 1@le assessment of tissue deformation and damage.

Although quantitativeassessment dhtraoperativetissue deformation can be used to better
understandostoperative outcomes, current-RICT systemsare limited by static crossectional
imagingand lack of automated instrumeracking As a result, these systearg unable to visualize
deformation or bulk interactions between the surgical instrument and underlying Esstinermore,

OCE or PhBOCT assessment of tissagechanicsvould also be fundamentallylimited to these
individual crosssections Thus, aitomated instrumerttacking and videwate 4D visualization of
surgical maneuverdias potential utility for bothimproving visualization andallowing for
guantification of tissue deformation. The proposed method allowsnfwe robustvolumetric
analysisof tissue mechanics as well 4B visualization of ophthalmic surgical maneuvers without
the need for manual adjustmefithese advancements facilitate thmegration ofaccurate and
efficient algorithmsfor quantifying intraoperative deformation mechanittsat can be used for

ophthalmic surgical guidan@nd improved patient outcomes
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Fig. 7.3 OCE imaging of the (a), (b), cornea and (c), (d) retina. (a) Structural OCT and (b) OCE
elastogram cross sections of in vivo rabbit corneg poest, and 1 week after CXL treatment (top to
bottom, respectively)371]. (c) Structural OCT and (d) OCE stagram cross sections of ex vivo
porcine retina showing differences in retinal layer stiffrjdg4].
7.6 Surgical Robotics

Imageguided feedback during surgery impreveisualization of tissue structuresand is
particularlyuseful whermanipulating fine features and whieaptic feedback is limited asthe case
for minimally-invasive surgery and ophthalmic microsurgeffese surgeries require complex
maneuvers and precision control of instrurAsgue interactionthat is inhibited i natural human
physiological tremor and instability378]. Recently, robotic surgery has been extended for
ophthalmic applications for potentially enhanced performance of intricate maneRedrstic

surgery in experimental eyes has been performed usegDa Vinci Xi surgical system for

phacoemulsification duringataract surgery and penetrating keratoplggt9], [380] These studies
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demonstrated the feasibility of using these robotic platforms foofshéhalmic surgicainaneuvers,
such as cornéauturing Previous studies have also assessed the feasibility of tgic systems

for posterior segment operatiom a virtual environment andx vivoporcine eyeg381], [382]
However, performance for vitreoretinal procedures was significantly diminished Ik tuf haptic
feedback for accurate control afbotic instruments as well as inferior endoscopic image quality
compared to the surgical microscope vi®abotassistd surgery was also shown to be significantly
slower compared to manual surgery, which was attributed to a steep learning curve for robotic
operation.However, robotic operation improved movement precisanboth novice and trained
vitreoretinal surgeonsnd novice operatorsalso inflicted less tissue damage imtwalreality
simulationscompared to manual surgemhese results suggest that improved visualization of robotic
maneuvers and enhanced haptic feedhaitikfacilitate translation of robeassised ophthalmic
surgery.

Imageguided robotassisted ophthalmic surgery has recently been demonstrated by incorporating
iOCT feedback of robotic maneuveiQCT provides microfdepth resolution and visualization
ocular structures anénables enhanced feedkaof precise maneuvers compared el face
microscopic or endoscopic view®ne studyhas demonstrateilDCT-based needle trackingnd
guidancefor robotassistecheedle insertiofior DALK [383]. Automated segmentation okedle
posefrom acquired OCT volumes was usedntanipulate a robotiarm for preciseneedle depth
insertion. Robotassisted needle insertiomas more precie and accurate compared to those
performed by surgical fellowm ex vivoporcine eyesAnother study has alsdemonstrated high
precisionrobotic needle insertiofor DALK with small tip errors of 3.6 uni384]. Furthermore,
similar methods have been implemerfdobotassisted subretinal injection and have demonstrated
accurate needle detection and locdiarafrom OCT volumes with anean calibration error of 9.2
pm [385].

Volumetric visualizationof ocular tissueenhances thprecisionof robotic ophthalmicsurgery,

butaccurate manipulation of ocular tissuesltgmatelyinhibited by lack of force contr@nd tactile
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feedback. Methods fdorce-sensing often involve the modification of surgical instruments for the
implementation of micromanipulators and sen$886]i [388]. Howeverthese methods are limited
by sterilizabilityconcernss well asensor size, which may affesrigonomics of surgical maneuvers.
Recently,methods have been developed that relymare compacbptical fibers for OCT-based
sensing of needle tip insertion forf289], [390] Additionally, a deeplearningbased method ka
been proposed tosemate force directly from OCT volumg891]. In this study, mstrument
movementby a robotwith varying applied forcess used to deform a tissusampleor phantom
CorrespondingdCT volume andorce sensor measurements are used to train a CNaifomated
force estimatiowithout the need fainstrument modification.

Despite advancements in imageided robotic surgeryand improvements in foregensing
capabilities visualization of complexophthalmic maneuversis limited by en face surgical
microscope viewand slow volumetric imaging rates of commerciat®ICT systems. Furthermore,
detection of the suigal instrument vieEDCT-basedsegmentation relies dhe assumption that the
instrument remains localized within the OCT volunde. a result, movement of the instrument
outside of the OCT FOV requires manual updates for relocalizatidninhibitsrobotic surgery
utility . The proposed automated instrumgatkingand highspeed videgate 4D imaging platform
provides significant benefits that can be used to improve Hadxisted ophthalmic surgery.
Automated instrumertracking enables continuous locatipa of the surgical instrument within the
OCT FOV while providing volumetric information that can be used to accurately and efficiently
determine instrument pose fanproved robotic feedback Furthermore, videoate 4D imaging
provides high-speed volumeic OCT data that can be used for r#ale visualization and

segmentatiomalgorithms
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