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ABSTRACT

The present document summarizes the overall goal, specific objectives, preliminary results,

current conclusions as well as the future aims to be addressed for completion of a PhD degree

in Biomedical Engineering and is submitted to the Doctoral Committee to fulfill the PhD

defense exam requisite. The main goal of this thesis project is to improve the quality and

efficiency of single pixel based hyperspectral data acquisition and processing algorithms to

further its utility for planar widefield hyperspectral lifetime imaging of extrinsic and intrin-

sic fluorescence, as well as tomographic reconstructions of absorption contrasts. For planar

lifetime imaging, deep learning algorithms are developed to improve and facilitate both

the intensity and lifetime imaging reconstruction processes. The reconstruction algorithms

are optimized to extend data compression thereby shortening experimental acquisition time

while maintaining image quality. Experimental validation has been accomplished in silico

and with both extrinsic in vivo and intrinsic in vitro fluorescent markers. The imaging of

intrinsic markers is a new avenue proposed to leverage the hyperspectral features that can be

acquired with a single-pixel arrangement. Additionally, a deep learning algorithm has been

developed to disentangle spectral overlaps of the marker’s emissions by using both intensity

and lifetime information. This DL framework has been applied for the retrieval of relative

abundance coefficients and further extended to deliver fluorophore concentrations. For wide-

field hyperspectral tomography, compressive sensing is used together with hyperspectral and

time resolved data types for two different deep learning frameworks that aim at retrieving

absorption contrast values and their spatial distribution, as well as concentration, without

the need for an ill-posed inverse solved solution. The deep learning approaches, together with

application driven optimization of the single-pixel optical setup, aim to display the multiple

advantages of single-pixel hyperspectral strategies coupled to deep learning frameworks for

planar and tomographic imaging.
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CHAPTER 1

INTRODUCTION AND BACKGROUND

Despite the importance of conventional clinical imaging modalities like X-ray Computed To-

mography (CT) (1), Ultrasound (US) imaging (2) and Magnetic Resonance Imaging (MRI)

(3), as highlighted by Pogue (4), Optical Imaging techniques provide a unique increase in

molecular specificity as they allow to detect features of metabolic and immunologic markers

that operate in the micromolar (µM) to nanomolar (nM) regimes (Figure 1.1 (a)). Metabolic

markers like carbohydrates, minerals and respiration products, as well as inmmunologic

markers like receptors, growth factors and hormones, which are released at these concen-

tration regimes, are key to cellular interactions within tissues. Hence, in contrast to other

imaging modalities, optical imaging can provide structural information as well as functional

information that reflects molecular level changes within a tissue. This level of functional

information can also be obtained through nuclear imaging methods like Positron Emission

Tomography (PET)(5) and Single Photon Emission Computed Tomography (SPECT)(6),

however optical techniques are non-ionizing and do not need radioactive tracer probes that

can easily decay over time. Of importance, optical imaging can not only leverage signals ob-

tained from high quantum efficiency extrinsic markers, but can also make use of endogenous

markers already present in tissues and which emissions can be excited at specific wavelength

bands. Parallel to the development and optimization of extrinsic optical molecular probes, as

well as improvement of optical detectors, optical microscopy (7) instrumentation like confocal

(CM), multiphoton (MPM) (8) and super-resolution (SR) (9) microscopy has been key to dis-

Portions of this chapter previously appeared as:

M. Ochoa , A. Rudkouskaya, J.T. Smith, X. Intes, M. Barroso, “Macroscopic fluorescence lifetime imaging
for monitoring of drug–target engagement.” in Methods in Molecular Biology, A. Rasooly, H. Baker, M.R.
Ossandon, Eds.(Humana Press, 2022), pp. 837-856.

J.T. Smith, M. Ochoa, D. Faulkner, G. Haskins, Deep learning in macroscopic diffuse optical imaging. J.
Biomed. Opt. 27, 020901 (2022).

J.P. Angelo, S.J. Chen, M. Ochoa, U. Sunar, S. Gioux, X. Intes, Review of structured light in diffuse optical
imaging. J. Biomed. Opt. 24, 071602 (2018).

D. Faulkner, M. Ochoa, N. Nizam, S. Gao, X. Intes, “Diffuse fluorescence tomography” in Biomedical Optical
Imaging: From Nanoscopy to Tomography J. Xia, R. Choe, Eds. (AIP Publishing, 2021), pp. 11-28.

J. Smith, M. Ochoa, M. Barroso, X. Intes, Roadmap on deep learning in fluorescence microscopy: Fluores-
cence lifetime imaging. J. Phys. Photonics, in press.
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coveries in molecular biology, such as aiding the characterization of immunologic markers and

their signaling pathways, as well as facilitating a deeper understanding of how these pathways

are affected by disease. Optical imaging arrangements can also be implemented from the

microscopic to the mesoscopic regime with techniques like Optical Coherence Tomography

(10) and Mesoscopic Fluorescence Molecular Tomography (MFMT) (11). Furthermore, the

macroscopic regime can also be imaged through modalities like Macroscopic Fluorescence

Lifetime Imaging (MFLI) (12), Spatial Frequency Domain Imaging (SFDI) (13), Diffuse

Optical Tomography (DOT) (14), Fluorescence Molecular Tomography (FMT) (15), Photo-

Acoustic Imaging (PA) (16) and Bioluminescence Imaging (BLI) (17). Macroscopic optical

imaging, which will be the focus of this thesis work, has gained importance due to applica-

tions in fluorescence guided surgery and tumor margin assesment (18, 19), fluorescence based

ophthalmology (20), imaging of tissue oxygenation levels (21) and monitoring of drug-target

engagement (22).

Figure 1.1: (a) Molecular sensitivity per major imaging modality versus amount of
known detectable species. (Redrawn and modified from Reference (4)) (b) Tradeoff
between spatial resolution and penetration depth for the main optical imaging modal-
ities. (Redrawn and modified from References (23) and (24)).

Despite the multiple gains of using optical imaging techniques and compared to conven-

tional imaging modalities, achieving several millimeters in tissue penetration depth specially

at the macroscopic regime is still a challenge. The high absorption and scattering properties

of tissues, mainly at the ultraviolet (UV) and visible wavelength (VIS) bands that limit pen-
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etration depth, have forced optical imaging techniques to aim for exciting optical markers

within the first and/or second Near Infrared (NIR I & II) windows, where tissue absorp-

tion is at least one order of magnitude lower, enabling higher penetration depth.(23, 25, 26)

When moving from the micrometer (µm) to the millimiter (mm) scale imaging regime, pen-

etration depths can range from ∼100 µm to several cm, respectively, at the expense of

an decreased spatial resolution. (23, 24) Indeed, macroscopic techniques enable the mon-

itoring of molecular interactions at the organ level – which is particularly relevant during

assessment of whole-body pre-clinical models. Whole-body pre-clinical imaging has become

highly valuable for clinical translation, as required by federal agencies like the Food and

Drug Administration (FDA).(27) Of note, the availability of a wide range of endogenous and

exogenous optical markers have created the need for optical platforms that can performed

multiplexed imaging and characterize more than one marker at a time. Hence platforms

have evolved from acquiring intensity only information to acquiring information across spec-

tra and time. (28) The need for depth resolution enhancement has also triggered interest

into fusing optical imaging modalities with more established conventional structural imag-

ing techniques like CT (29), MRI (30) or Ultrasound (31). This dissertation focuses on

macroscopic pre-clinical optical imaging performed across the time and spectral domains

and accomplished through the use of computational single-pixel imaging. Time and spectral

information will be leveraged for two main modalities, Macroscopic Fluorescence Lifetime

Imaging (MFLI) and Diffuse Optical Tomography (DOT) while targeting the applications

of drug-target engagement for planar MFLI and tissue oxygenation imaging for DOT. This

first chapter overviews data domains that can be covered by optical imaging modalities,

the targeted optical imaging contrasts and their biological significance, as well as commonly

used macroscopic optical imaging instrumentation. Furthermore, the overall challenges of

macroscopic optical setups for their pre-clinical and clinical implementation, as well as how

these techniques have been aided on the processing side by the development of deep learning

frameworks, which will also be implemented throughout this thesis.

1.1 Optical contrasts and their biological significance

The utility of an optical imaging apparatus is derived from the optical contrasts that

it can resolve. Each optical contrast reveals a different level of light-tissue interaction while

also reflecting changes in the underlying molecular behavior. Light-matter interactions such
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as absorption and scattering are present whenever light travels through tissue. Furthermore,

phenomena like fluorescence and bio-luminescence can also take place and be detected as

imaging markers. Even though many optical contrasts are intrinsic to tissues, extrinsic probe

development is an important area of research, as markers can be engineered to have higher

quantum efficiencies (QE) and more photo-stability (PS) than intrinsic markers. Never-

theless, these latter ones also possess high biological relevance. This section will overview

processes that result from light-matter interactions that are relevant to this thesis work.

1.1.1 Tissue scattering

Biological tissues are considered turbid media due to their heterogeneous nature and

diverse scattering properties. Tissues are composed of ”discrete electric charges” like sub-

atomic particles (ex. electrons). (32) When elements or ”obstacles” that make up the tissue

like atoms or molecules are exposed to an external electromagnetic wave (light), they enter

into oscillatory motion, where their own acceleration causes them to radiate energy in mul-

tiple directions; These radiations are known as scattering.(32) Photons that do not undergo

scattering are known as ballistic photons. Besides scattering the incident light, these excited

elements can also transform some of this incident light into other energy forms, a process

known as absorption.(32) For instance, light absorbed by tissue can be converted into heat or

it can also result in phenomena like fluorescence.(32) Absorption and resulting phenomena

will be summarized in the following sections. At the cellular level, scattering in tissues is

the result of light interaction with cellular obstacles – such as the cytoplasm, nuclei, mi-

tochondria and other organelles. (23, 33) Stronger scattering events result from structures

that have a different refractive index than the surrounding medium and whose size resem-

bles the incident optical wavelength.(23, 33) In this case, the scattering can be modelled

through Mie theory. The average refractive index of tissues typically ranges from 1.34 to

1.62, hence it is greater than that of water, which composes 70% of a cellular organism. (33)

Even though tissues are composed of multiple scatterers, scattering events can be modelled

as independent of each other when they are sparsely located in the volume (>> incident

wavelength) and thus each can be considered as a single-scatterer.(33) The scattering coef-

ficient µs reflects the probability of a scattering event taking place within biological tissue

per unit path length, typically approximating 100 cm−1. (33) For Ns density of scatterers

and σs scattering volume cross-section, µs can be defined as (33):
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µs = Nsσs (1.1)

Rayleigh scatterers are particles that are significantly smaller than the incident wave-

length that reaches them, hence they are isotropic and scatter light in similar magnitudes for

different angles θ. However, if these scatterers are of similar or greater size than the incident

wavelength, they are anisotropic and deflect the light with different magnitudes at differ-

ent angles θ. Anisotropic behavior can be described through the g coefficient which equals

< cos θ >. g can take on values between 0 to 1 where 0 represents isotropic behavior and

1 indicates a forwardly propagated scattered event. In turbid media scenarios (e.g., prop-

agation through tissues), scattering events are more probable than absorption events (i.e.,

µs >> µa), with cellular components like nuclei and mitochondria producing anisotropic

scattering.(33) To account for the anisotropy coefficient g, the reduced scattering coefficient

µ′
s is used. µ

′
s also described in cm−1 units represents photon movement through tissues as a

series of small steps with size 1/µ′
s, each resulting in isotropic scattering at an overall angle

θ. (34)

µ′
s = µs(1− g) (1.2)

As previously mentioned, in addition to scattering light, tissue components can also

absorb light. Scattering, represented by µs and µ′
s and absorption represented µa are not

mutually exclusive processes and they often happen in parallel. Furthermore, both are

wavelength dependent interactions. The probability (T ) that photons will travel a path

length D with ballistic behavior is dependent on both scattering and absorption coefficients

as shown in Equation 1.3. (23, 33)

T (d) = exp(−(µs + µa) ·D) (1.3)

1.1.2 Tissue absorption

Not all photons that propagate through tissue are scattered. Indeed, their energy can

also be absorbed by tissue components at specific wavelengths λk. The incident intensity

interacts with tissue and is scattered or absorbed along the photon propagation distance D.

This implies that the incident intensity of light I0 decreases or is attenuated to I after many



6

absorption events within tissue. (33) This loss in intensity as photons are absorbed can be

described through the Beer-Lambert law as in Equation 1.4, where µa represents absorption

cross-section σa per unit volume for Na density of absorbers (µa = Naσa); the transmittance

is then the ratio of I(D) to I0.(33)

I(D) = I0exp(−µaD) (1.4)

Individual tissue components do not absorb energy at all wavelengths of light. Indeed, de-

pending on their chemical structure, they only do so at selective wavelengths λk. The strength

at which a component can absorb incident light of a λk wavelength is described through the

molar extinction coefficient ε. The extinction coefficient ε with units of (L ·Mol−1 · cm−1)

together with the concentration factor C (Mol ·L−1) and photon propagation distance D in a

medium with a µa absorption coefficient, defines the medium’s absorbance. (23) Within bio-

logical tissues the dominant absorbers are hemoglobin, melanin and water. (33) Hemoglobin

is fundamental for the metabolism of most living organisms as it transports oxygen molecules

that are absorbed by the respiratory system and releases them through the bloodstream into

other systems of the body for essential aerobic processes like energy production. Hemoglobin

has two forms, oxyhemoglobin when oxygen molecules are present and deoxyhemoglobin

when the oxygen molecules unbound. Hence, oxy and deoxy hemoglobin have different ex-

tinction coefficients and their concentration can vary depending on the metabolism of the

organism.

(a) (b)

Figure 1.2: (a) Absorption coefficient values for water which makes 70 to 75 %
of the fat free mass body weight. (35)(Plotted from values provided in References
(36, 37)) (b) Extinction coefficients ε of hemoglobin in its two forms oxygenated and
de-oxygenated (Plotted from values provided in Reference (38)).
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For hemoglobin, absorption is dominant to scattering events.(33) Absorption µa coeffi-

cient values are displayed per wavelength in Figure 1.2(a), and the extinction coefficients of

hemoglobin in its two forms oxygenated and de-oxygenated are displayed in Figure 1.2(b),

these coefficient values will be used in the functional imaging part of this thesis work. Of

note, the absorption of melanin, which is a primary component of hair and skin coloring,

is high at the Ultraviolet (UV) wavelength range but decreases as wavelength increases.(33)

Although knowing how the absorption coefficients µa behave is important for understanding

whether some tissues are more absorbant than others and whether this absorption relates

to disease states, obtaining the concentrations of both oxy and deoxyhemoglobin as well as

oxygen saturation (SO2) is of high clinical value. For example, this information is relevant to

understanding processes like tissue angiogenesis where concentration of hemoglobin (Chb) in-

creases or for cases of hypermetabolism where the oxygen saturation (SO2) decreases.(33) As

mentioned, hemoglobin is composed of oxy and deoxy hemoglobin, hence its concentration is

an addition of the concentration of both components. Equation 1.5 shows the relationship be-

tween the absorption coefficient µa(λk) at wavelength λk and oxy and deoxyhemoglobin.(33)

µa(λk) = ln (10)εoxy(λk)Coxy) + ln (10)εdeoxy(λk)Cdeoxy) (1.5)

Hence, by knowing the absorption coefficients at multiple wavelengths of λk and the molar

extinction coefficient values across λk, as shown in Figure 1.2(b), the molar concentrations of

both oxy and deoxyhemoglobin components can be retrieved. The total hemoglobin molar

concentration CHb = Coxy + Cdeoxy and the oxygen saturation (SO2) can also be retrieved

through Equation 1.6.(33)

SO2 =
Coxy

Coxy + Cdeoxy

(1.6)

1.1.3 Fluorescence and fluorescence lifetime

Fluorescence results from the absorption of light of a determined wavelength λk by

atoms or molecules that are elevated to an excited energy state. The emission of light occurs

during the transition back from their excited electronic state to their original ground state.

(39) Fluorescence contrast is well-known within microscopy applications as it provides infor-

mation about the structure of cellular organisms and allows for the tracking of fluorescently
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labeled components. This aids in understanding their pathways and interactions with other

molecular species typically within >≈ 200nm resolution. (39) When utilized at the macro-

scopic level, whole tumor areas or organs can be described. Fluorophores are imaged more

accurately by optical instruments when they possess high quantum yields and high photo-

stability. The quantum yield (Ψ) defines the amount of photons that can be produced by

the fluorophore upon excitation with one photon.(39) Photostability refers to reproducibility

in the chemical reaction upon excitation. Mathematically, the quantum yield is defined by

Equation 1.7, where Γ and κ represent the rates at which an excited fluorophore drops back

to the ground state, either ”radiatively” (Γ) or ”nonradiatively”(κ). (39) The radiative de-

cay rate is susceptible to chemical bond changes and the nonradiative decay rate may reflect

changes in temperature or consistency of the fluorophore’s surrounding.(39)

Ψ =
Γ

Γ + κ
(1.7)

The imaging of fluorescence based on intensity alone can be compromised by changes of

concentration for a particular fluorophore, which are common for in vivo scenarios, as well as

aspects like bleed-through from other fluorophores, and the increase in scattering coefficients

for specific regions of the tissue.(39) In this regard, the use of fluorescence lifetime (τ) or the

time (t) that the fluorophore remains excited before transitioning back to ground state, has

been proposed. When a fluorophore region is excited (ex. labeled tumor region) through a

wavelength λk the recorded initial intensity (I0) will exponentially decrease over time (t) as

shown in Equation 1.8. (39)

I(t) = I0e
−t/τ + back. (1.8)

The decay curve represented by I(t), which also reflects detected background noise (back),

can then be fitted through the use of mono or multi-exponential minimization models to

retrieve the average lifetime (τ) value of the decay.(39) τ is independent of concentration

and is also sensitive to the molecular environment. Hence, when used for tissue labelling,

its quantification can greatly reflect changes in the tissue microenviroment. Fluorescence

imaging can be categorized in terms of the nature of the fluorophore targeted. In particular,

there is a distinction between endogenous and exogenous fluorophores (40). Endogenous

or intrinsic fluorophores refer to those fluorophores which occur naturally in the organism

and contribute to autofluorescence (41, 42). On the other hand, exogenous or extrinsic
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fluorophores are generated synthetically outside the organism’s body and induced to it using

exogenous precursors (43, 44). Imaging, using both endogenous and exogenous fluorescence,

can provide information relating to both physiological and metabolic aspects of intact tissues

(45). Hence both instrinsic and extrinsic fluorophores can be employed as biomarkers for

detection of pathological changes in tissues(46).

1.1.3.1 Intrinsic fluorescence

Cellular organisms contain many intrinsic/endogenous fluorophores. For example, two

key metabolic cofactors that are known to be autofluorescent are Nicotinamide adenine

dinucleotide (NADH) and flavin adenine dinucleotide (FAD) molecules (47–49). The high

correlation between fluorescence from these endogenous fluorophores and the pathological

state of the tissue is well established (44, 50). They are often considered to be biomarkers

of cell energy metabolism. NADH and FAD provide the strongest fluorescent signal due

to their high quantum yields coupled with their high concentrations within the cells (44).

However, other endogenous fluorophores, which provide a dimmer signal, such as collagen,

elastin, and Carbonic Anhydrase (CA) IX may also be utilized in applications relating to

fluorescence imaging (45, 46). Although NADH and FAD emit with an overlapping spec-

trum, making the detection of individual species rather challenging, filtering techniques,

spectral separation techniques, as well as spectral unmixing algorithms have been developed

to overcome this problem. In addition, a unique endogenous fluorophore CA IX has been

deemed to be an important biomarker for several human cancers, namely, Central Nervous

System (CNS), head & neck, lung, breast, colon, cervical, ovarian, prostate, and renal cancer

(51). Furthermore, other tissues such as the cytoplasm of cells present in the eye are known

to contain a high concentration of NADH (52). Another autofluorophore that has gained

increased attention is Protoporphyrin IX (PPIX) which production and accumulation is in-

duced by the exposure to 5-aminolevulinic acid (5ALA), which is an FDA approved drug for

photodynamic therapy. (53, 54) Most of the imaging approaches associated with endogenous

fluorophores mainly employ multi-photon microscopy (MPM) and/or fluorescence lifetime

imaging (FLIM). The use of endogenous fluorophores in tomography applications, beyond

their use as gene reporters, is rather limited, but for example, a multimodal optical molecular

tomography-phase contrast CT system has been proposed to image an endogenous model

of pancreatic cancer in (55). As already mentioned, despite the clinical appeal of endoge-
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nous fluorescence, it is important to note that it has been primarily associated with planar

imaging. This can be attributed to different inherent challenges. Importantly, endogenous

markers are mainly excited in the visible wavelength range. Hence, the recorded signals

tend to be dim as tissue depth increases and oftentimes contain high levels of background

noise. Furthermore, as many autofluorophores can be excited at the same wavelength bands,

filtering or unmixing their spectral bleedthroughs is necessary to retain the specificity of the

target autofluorophore.

1.1.3.2 Extrinsic fluorescence

The term exogenous or extrinsic fluorophore is a generalized one which refers to small

molecules, nanomaterials, and proteins which emit in a detectable range and are loaded ex-

ogenously (56). A number of features are considered essential for an exogenous fluorophore

– namely, high quantum yield, photostability, as well as strictly defined absorption and

emission wavelength ranges (56). A common fluorophore to be used both preclinically and

clinically is Indocyanine Green (ICG), as it has been approved for clinical use for over 60

years and fluoresces in the NIR. Since its first use in breast imaging (57, 58), its usage has

been evaluated numerous times and over different perfusion scenarios. Still due to its lim-

ited ability for biological targeting, its limited brightness, and short pharmacokinetics profile,

ICG leaves much to be desired and numerous alternative exogenous NIR probes have been

developed. Under design considerations, exogenous probes can be broadly classified into ex-

ogenous synthetic and genetically encoded reporter systems (59). The reporters themselves

can be sub-classified into organic dyes, fluorescent proteins (e.g., green fluorescent protein

[GFP]), and nanoparticles such as quantum dots (QDs) (59). Though organic dyes such as

those in the cyanine class (e.g., ICG) were used primarily as probes in fluorescence appli-

cations, quantum dots have gained increased popularity in recent years due to their broad

excitation but narrow emission spectrum. For instance, in recent work, Ag2Te QDs have

been applied as contrast agents for multimodal imaging combining optical tomography and

CT (60). They were demonstrated to have very low toxicity and remarkable fluorescence.

Moreover, the use of fluorescent proteins such as GFP also remains popular – particularly

so for pre-clinical applications. In recent works involving imaging of the mouse brain, resin-

embedded GFP-labelled protein has been used to produce high-resolution images (61). Still,

it is important to note that even though in preclinical settings a wide array of NIR molecules
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are available, in clinical settings, the number of molecules is very limited. Current efforts

are mainly leveraging the improved brightness of the fluorophore IRDye 800CW targeted to

disease specific receptors. IRDye 800CW has very similar spectral characteristics to ICG but

is more stable and allows for more efficient labeling.(62) Hence, it is expected that the rising

acceptance of these NIR fluorophores will elicit an increase of development in the optical

imaging field, specially to image at higher tissue depths.

1.1.3.3 Förster Resonance Energy Transfer (FRET)

In brief, FRET is a phenomenon that occurs when two molecules (denoted the donor

and acceptor) that have high excitation spectral overlap are within 2-10 nm apart. This

is typically the range in which antibodies or protein ligands bind to their targets which, in

high specificity cases, are receptors located at the cell surface. At this distance, the donor

transfers energy to the acceptor, which causes the intensity and lifetime of the donor to

decrease. Hence Fluorescence lifetime imaging (FLI) techniques measure FRET events by

determining the reduction in fluorescence lifetime of the donor when near to one or more

acceptor fluorophores. (22) By measuring the changes in intensity or lifetime of the donor,

FRET can be used as a nanoscale proximity assay in vivo. Donor-labeled and acceptor-

labeled ligands can bind to dimerized/clustered receptors (63–65) acting as direct reporters

of receptor dimerization and target engagement (e.g., for Transferrin and Trastuzumab,

which target Transferrin and HER2 receptors, respectively [see Figure 1.3]) (66, 67). FLI

FRET has been confined to microscopic techniques and its translation to small animal in

vivo imaging has only recently been achieved – helping monitor ligand-receptor engagement

in cancerous tissue through wide-field planar imaging.(22, 67) Tomography of FRET was

also validated by Venugopal et al.(66, 68) using an NIR FRET pair. For this, the fluorescent

labels for donor and acceptor were Alexa Fluor dyes AF700 and AF750, respectively – both

of which possess high quantum efficiency and photostability in the NIR spectral range. An

important area of investigation is focused on ways to increase the number of FRET events,

as in a perfect process only one molecule of acceptor should be needed per donor molecule to

produce a FRET event. However, to date the typical acceptor-to-donor ratio used is ≥ 2:1

to increase the probability of FRET occurrence, though when conjugated to certain drugs,

increasing the acceptor ratio does not necessarily result in a higher number FRET events

taking place.(69)
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Figure 1.3: Illustration of FRET interaction between conjugated Transferrin donor
and acceptor complexes (a) and binding of labeled TZM monoclonal antibody to
dimeric HER2 (b) for further FRET interaction.

1.2 Macroscopic optical imaging instrumentation

1.2.1 Targeted imaging domains

For multiple planar and tomographic macroscopic optical imaging instruments, the

sample is excited with a homogeneous illumination source and fluorescence signals are col-

lected from the tissue boundaries via spectral filtering to remove any excitation light. One

major classification of the different instrumental techniques developed is based on the tempo-

ral characteristics of the illumination source employed. The field is divided into Continuous

Wave (CW), Fourier Domain (FD), or Time Domain (TD) instruments. CW is the sim-

plest to implement but leads to the least information content, while FD and TD domains

are based on more complex instruments but provide improved data sets, especially in the

case of TD systems. Indeed, if CW measurements enable to map the 2D and 3D spa-

tial distribution of the fluorophores/chromophores (70–72), FD/TD provide means to also

sense lifetime-based parameters for enhanced specificity and sensitivity. Moreover, TD based

systems allow for the acquisition of early and/or late photons for improved reconstruction

quality (70, 73, 74), also allowing for mapping of absolute optical properties (70, 75–77) and

quantification of complex fluorescent lifetimes (73, 78, 79). Beyond defining what type of

data can be acquired, the spatial arrangement of the illumination source and detector also

impacts the performance of optical instruments while being driven by the specific needs of

the applications.
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1.2.2 Illumination considerations

Reflectance or transmission illumination geometries are commonly employed, with

transmission configuration yielding improved penetration depth for non-contact imaging of

deeply located contrast agents. (70, 80–82) The illumination scheme to the sample-plane

can adopt different configurations such as fiber delivery, raster-scanned delivery and/or free-

space optics. Fiber bundles or single/multimode fibers have been proposed for illumination

paths as they provide high throughput and efficient optical contact, which makes their use

convenient for multimodal scenarios. (83–85) Even though fibers allow for flexibility in the

illumination path (for instance, coupling different sources) and efficient power delivery, they

are limited for imaging applications where contact can induce distress in the tissue or in vivo

scenarios where the tissue is in movement. (84) Nevertheless, non-contact arrangements can

be accomplished when coupling illumination fibers to raster scanning devices like galvanome-

ters. (86, 87) In this regard, when using a reflectance configuration, the illumination power

can be sustained while increasing the excited region of interest for imaging in the meso-

scopic regime.(88) For transmission geometry the galvanometers can be also combined with

free-space elements like telecentric lenses to illuminate the sample plane.(89) In this case,

the usage of free-space elements allows for the rotation of the sample plane for illumination

along multiple angles and easier implementation of multimodality approaches. (90, 91) Even

though the rotation of the sample plane is possible for phantom studies, it is not well adapted

to preclinical imaging since the animals are typically put in a vertical position that is not

physiologically normal and would lead to distress. It is also not adequate in clinical scenarios.

However, all the above-mentioned implementations lead to relatively sparse spatial sampling

with a relatively long acquisition time. In recent years the implementation of structured light

illumination (SLI) (70) methods have gained interest. Indeed, SLI enables non-contact to-

mography (92) by taking advantage of the recent developments of digital micromirror devices

(DMDs). SLI enables illumination of large surface areas as well as improved signal detec-

tion and lower acquisition time in deep tissue imaging applications. (93–97) Moreover, it

allows to fully leverage concepts developed in CS by selecting the illumination patterns to be

projected on the sample. Multiple patterns have been proposed, including constant-function

based patterns (92), wavelets (94), Hadamard (70), discrete cosine transform (DCT) (98) and

sinusoidal illumination (99). Furthermore, adaptive approaches to optimize the illumination

pattern basis for optimal experimental acquisitions have been developed.(100, 101)
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As highlighted by the work in Reference (84), another critical component to consider is

the type of illumination source. The source type and wavelengths are dependent on the target

chromophores/fluorophores of the application. In this regard, the NIR spectral range has

been preferred due to the ability to probe deep tissues (few centimeters) but also due to very

low autofluorescence signals and hence, increased sensitivity/specificity. However, this comes

at the cost of detectors with lower quantum efficiency, a reduced number of molecular probes

as fluorescence in microscopy is mainly performed in the visible spectral range, and shorter

lifetimes that can be difficult to quantify. Then, the temporal domain to be used also dictates

the type of sources available. For example, CW excitation can be achieved with simple and

cost-effective sources such as lamps (halogen, metal-halide, mercury lamps), CW LEDs or

CW lasers.(84) However, although lamps were used extensively a couple of decades ago, they

have unstable output power, UV and infrared spectral residuals, high operating temperatures

and warming up times. (84) For robust and cost-effective instruments, LEDs have become

the preferred source type due to higher power efficiency, linearity, temperature stability,

and a longer lifespan.(84) Moreover, in comparison to lamps, LEDs can be modulated in

the time or frequency domain within 100-1,000 MHz (20ns down to 2ns min. pulses).(84)

They also offer a broad spectral width, lower cost, and are simple to integrate. However,

they are affected by low optical power densities, lack of directionality, beam polarization

and coherence. (84) Though, recent developments in LED materials seek to improve these

disadvantages. (102, 103) However, lasers are the main light source employed in this field as

they provide collimated, coherent, polarized beams and high optical power densities that can

be linearly controlled after a threshold current.(84) However, this comes at the expense of

high-power consumption, temperature instability and therefore, the requirement for a cooling

circuit which, all together, results in a higher cost. When the frequency or pulses of the laser

need to be modulated, typically due to the acquisition of FD or TD datasets, the use of pulsed

(TD) or amplitude varying (FD) lasers is necessary. In this regard Titanium: Sapphire (Ti:

Sapphire - solid state) lasers have been preferred despite their high cost as they offer a larger

range of wavelengths with high output power, narrow and ultrafast pulses. An alternative

option to the monochromatic lasers is supercontinuum lasers, which despite offering a lower

output power to that of Ti: Sapphire, have most of the mentioned advantages plus the ability

to output a broad spectral range that covers both the visible and NIR bands.(84) Through

filters like acousto-optical tunable filters (AOTFs), the output beam can contain multiple



15

wavelengths or in free-space, output the full super-continuum spectrum.(104)

1.2.3 Detection considerations

Commonly employed detectors for macroscopic optical imaging are complementary

metal-oxide semiconductor arrays (CMOSs), charged-coupled devices (CCDs), photomul-

tiplier tubes (PMTs) and single-photon avalanche diodes (SPADs). CMOS are attractive

detectors as they can be easily miniaturized and integrated on chips together with circuits

like analog-to-digital converters (ADCs), amplifiers, etc. Furthermore, they provide fast

imaging and low voltage consumption which also results in lower cost. Though despite their

adaptability, disadvantages like low fill factor to quantum efficiency ratio, high noise levels

in low photon count settings, and therefore, a decrease in image quality limit them. (105)

Though in recent years development of new transistor configurations like the field effect tran-

sistors (FETs) (106) aim to improve CMOS in comparison to CCD detectors, CCD detectors

are widely employed for optical imaging applications (107–109). Advantages like improved

quantum efficiency and sensitivity and high spatial resolution makes them attractive for this

application. CCDs are composed of pixels with biased photodiodes where photons that hit

the metal-oxide surface are transferred to electrons and then stored in capacitors as charge.

This charge is “read out” through a change in the electrical bias of a nearby pixel and

quantified by an ADC that digitizes it. Of note, the charge on each pixel is equivalent to

the photons detected at that particular pixel and the quantification for all the pixels in the

camera space yields the image. (110)

As highlighted in the work of Reference (110), CCDs are limited in low-photon count

settings, which are common for in vivo fluorescence imaging, as they need to be properly

cooled down and yield a slow pixel clock rate. To overcome this, enhanced CCDs like ICCDs

and EMCCDs have been developed. Image intensifier coupled CCDs or ICCDs contain an

intensifier unit in front of the detector plane that is typically coupled through lenses or fiber

optics. This unit converts the detected photons to electrons and multiplies this by a gain

voltage constant, then converts them back to photons that are transferred to the CCD unit.

Another enhancement of CCDs is electron multiplying CCDs or EMCCDs which do not use

an intensifier but a gain register unit whose job is to generate new electrons/charge through

ionization. Therefore, the charge of the sensor is amplified before the read-out process. The

performance of both ICCDs and EMCCDs are impacted by dark current and readout noise,
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which in the case of EMCCDs can be amplified in low count conditions. On the other hand,

ICCDs are not as highly impacted and due to its architecture ICCDs are more suitable for

applications where millisecond gating (gated ICCDs) is necessary for signal enhancement,

like in optical tomography of turbid media. Moreover, they can also be adapted to TD

(66, 75, 111) and FD (84, 112) by frequency modulation of the amplifier unit. PMTs have

also been used for this application as PMT provides enhanced photocathode sensitivity in

the NIR. (81) In a PMT the input’s electric signal (from detected photons) is amplified by

electrons being accelerated with an external voltage along the PMT’s dynodes. They are

highly sensitive detectors with high quantum efficiencies, linearity, gain and low dark noise

effects. Though due to their discrete nature, providing high-resolution images in reconstruc-

tion times comparable or below ICCDs has proven challenging, moreover, they also require

efficient voltage regulation circuits and their performance decreases over time.(84) Despite

the drawbacks, the advantages have been exploited for setups leading to high sensitivity.

Moreover, associated with CS principles such as single pixel implementations, they enable

acquisition of high-dimensional optical tomography data by acquiring time-resolved data

simultaneously over multiple spectral channels. (23, 113) Like PMTs, APD sensors also am-

plify photo-detected electrons but in this case the process is because of avalanche breakdown

in the p-n junctions of the solid-state semiconductor owing to a high reverse bias voltage. In

comparison to PMTs, APDs are more suitable for being miniaturized due to their size and

low voltage demands, however, they might suffer from higher dark current and low gain.(84)

As APDs amplify with an increase in the reverse bias voltage, one would want to increase

the voltage as much as possible to produce more gain, though, this might ruin the APD. As

described in Reference (114), this is not the case for SPADs, which are also from the APD

family, where the applied reverse bias voltage can be higher than the avalanche breakdown

voltage resulting in an avalanche of electrons occurring in the picosecond scale and there-

fore, can be used to time photon arrival. These voltage changes are later digitized through

a discriminator unit. For optical macroscopic imaging, linear SPAD arrays with increased

resolution and throughput have been used for TD tomography implementations (115, 116)

and multimodal imaging (59) systems.
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1.2.4 Single-pixel imaging

A rising application of structured light strategies in diffuse optics is the implementa-

tion of single-pixel camera methodologies. The combination of spatial light modulators with

compressed sensing approaches enables the development of imaging systems based on one de-

tector that nevertheless can provide 2D imaging capabilities without any moving parts. Even

though CCD and CMOS light sensors have improved throughout the years, their application

for spectral bands beyond the visible regime is still limited, since they mostly operate in the

visible range and producing them for the NIR and infrared range is complex and expensive.

(117) Conversely, single-pixel systems can leverage detectors sensitive to these spectral bands

and provide 2D imaging capabilities at a reduced cost. The standard setup of a single-pixel

system is composed of a DMD, which is used to project patterns onto the sample plane, and

a single-pixel detector that collects the sample emissions after illumination. This classical

setup has been often modified into more complex systems with enhanced detectors or illu-

mination schemes. These systems can also adopt different scanning methodologies that can

yield better intensity reconstructions or improved acquisition times.(117)

As described in Reference (118), ghost imaging, the precursor of single-pixel imaging,

initially consisted of two detectors with low and high resolutions respectively. The first one

collected the light scattered from the sample and the second one detected the un-scattered

illumination scheme. The incident light could be generated by pseudothermal light sources

(119) that produced speckle-like illumination. A beam splitter would duplicate the illumi-

nation arrangement for it to be sampled by the high-resolution detector. The data collected

from both detectors could later be used to retrieve the sample´s image. The use of this

detector-beam splitter complex was later unnecessary once spatial light modulators (SLMs)

were introduced. An SLM would computationally produce structured illumination where

parameters like phase and intensity were regulated. Therefore, the use of known illumina-

tion fields removed the need of a high-resolution detector. Hence, the setup was simplified

to one detector and an SLM for illumination, which is the basic scheme of a single-pixel

detection system. Combining the single-pixel detection scheme with compressive sensing

(117), which takes advantage of the sparseness of the acquired data, reduces the amount of

required data to reconstruct the sample´s image. The main advantages of single-pixel imple-

mentation are twofold. First, compared to other imaging schemes that depend on expensive

pixelated detectors that respond only to visible wavelengths of light, single-pixel imaging
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uses a single detector which can, when selected judiciously, sense desired wavelengths out-

side the visible range. (120) Numerous applications in the biomedical field can benefit from

cheaper and better sensitivity in these spectral bands (121, 122) such as infrared imaging

(123), hyperspectral imaging (124), or 3D (125, 126) imaging. Second, single-pixel detec-

tors can work better under poor light conditions.(122) This is mainly associated with more

sensitive detectors but also due to the spatial integration of the optical signals collected at

each illumination pattern. It is also of note that single-pixel systems can be extended to the

time-domain for efficient wide-field lifetime imaging applications. The basic setup can be

enhanced by adding a time-correlated single-photon-counting unit (TCSPC), resulting in a

time-correlated single-pixel system. (124) Time-correlated systems can be later analyzed to

investigate properties like fluorescence lifetime (127) or FRET (28). Unfortunately, in the

classical single-pixel detection configuration, a high number of patterns are needed to yield

a good image reconstruction, which also correlates to higher exposure times for the sample.

Moreover, the quality of the reconstructed images is lower than the one obtained by using a

common pixelated detector. These disadvantages have been overcome through the years by

fusing the technique with theories like compressive sensing.

A single-pixel system typically follows the design proposed by Duarte et al. (117)

with slight modifications based on the application at hand. Overall, a single-pixel camera is

composed of a single-pixel detector, an SLM for pattern illumination, and relay optics. The

SLM typically is a DMD which gives the advantage of producing both binary and grayscale

structured illumination. The angle of the DMD micromirrors can be digitally manipulated

to filter a determined amount of light for that specific area. All the mirrors in conjunction

can then produce grayscale patterns with up to 10 bit resolution. (122) The characteristics

of the basic components are dependent on the application of the system. The detectors can

vary from “bucket” detectors (128) that have no spatial resolution and directly detect all

the scattered photons, e.g. single photodiodes and photomultiplier tubes, to multichannel

detectors (28) that detect dispersed light in multiple wavelength channels. The relay optical

elements vary depending on the type of detector and illumination scheme, for example,

they can adopt lensless configurations (129, 130) or use elements (131) like physical masks.

Optical setups can also vary from single-pixel microscopy systems (132, 133) to macroscopic

(70, 134) approaches.
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1.2.4.1 Scanning methodologies

Beyond the consideration of the best optical elements and detectors for the application

at hand, one must also select a proper scanning methodology. Indeed, as mentioned by

Duarte et al. (117) a single-pixel camera can operate under different acquisition method-

ologies like the basic principle of acquiring N measurements to reconstruct an N-resolution

image or under multiplexing strategies like compressive sensing. These scanning method-

ologies must take into consideration the signal-to-noise ratio during the acquisition process,

which can be diminished by Poisson noise or the general instrument response. If an N-pixel

image is to be reconstructed through single-pixel measurements it can be typically done by

using a raster scan, a pixel array, or a basis scan. In the latter case, basis scanning is con-

structed using a single sensor that will detect N measurements acquired one after the other

with patterned illumination, where the patterned light will target diverse arrangements of

the N pixels on the image plane.(117) Multiple types of illumination basis can be employed,

the most commonly used include: Hadamard, speckle, Fourier, and orthogonal or biorthog-

onal wavelets such as Haar, LeGall, and Daubechies. Furthermore, basis scanning can take

advantage of the image plane sparseness to only require part of the full basis patterns to

reconstruct the image plane through compressive sensing algorithms. (117, 135, 136) Basis

scanning performs better than raster scanning by reconstructing similar intensity images

at much lower capture times. (117) Therefore, compressive sensing reduces the number of

patterns per total acquisition, consequently reducing the exposure time. This is key in cases

where the sample is sensitive to photodamage within the expected complete acquisition time.

1.2.4.2 Image recovery approaches

For single-pixel camera systems, the 2D image sought is not obtained via direct imaging

but via an inverse problem. Indeed, the data acquired during basis scanning with a single-

pixel camera is the inner product of the illumination patterns and the sample, therefore

retrieving the sample’s intensity profile through processing algorithms is necessary. This

inverse problem is rather simple and can be expressed as:

M = ∆tPx (1.9)

where M is the single-pixel measurement over a ∆t acquisition period, P denotes the

set of illumination patterns used for acquisition, and x represents the image of the sample
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plane. (122) Compressive sensing assumes that the sparse sample can be represented by

a basis β. Therefore, x = βs , where s represents the sparse image plane. Note that

the illumination basis has to satisfy the “restricted isometry property.” (137) Solving a

minimization-optimization problem for that particular transform domain can then retrieve

the sample´s image. (122)

1.2.4.3 Pattern selection

One area of focus for the field of single-pixel imaging is the selection of optimal basis

for fast and accurate 2D image reconstructions. Common bases include Hadamard, speckle,

Fourier, and wavelet-based patterns. Streeter et al.(138) explain that Hadamard multiplex-

ing is known to improve the SNR in the acquired data by decreasing additive noise. Two

main types of Hadamard matrices are commonly used, the H-matrix which is composed

of ones (1’s) and minus ones (-1’s) and the S-matrix which is formed by zeros (0’s) and

ones (1’s). Since the S-matrix is easier to implement in SLMs, it is more commonly em-

ployed for structured illumination than the H-matrix, even though the latter should provide

an even better SNR boost. Although the additive noise is decreased, Hadamard patterns

are affected by Poisson noise generated by photons, which can decrease the SNR of the

measurements.(138–140)

As described by Guo et al.(130) speckle patterns can also be implemented in single-pixel

systems, where the resolution of the reconstructed image will be dependent on the size of the

speckle features. Speckle patterns are non-uniform illumination, which have been previously

used in microscopy systems to improve the image resolution beyond the diffraction limit.

(130, 141)

According to Zhang et al. (120), Fourier patterns can also be employed for the image

acquisition process. When compared to Hadamard patterns, Fourier patterns are more effi-

cient, while Hadamard patterns are more resistant to noise. The efficiency of Fourier patterns

comes from their ability to concentrate the energy of the image plane. Additionally, using

multi-step Fourier illumination in certain cases can help reduce the number of measurements

and therefore the acquisition time.

Rousset et al.(122) assert that since the compressive sensing reconstruction process

based on minimization is computationally expensive, approaches that could yield better re-

construction times are necessary, especially for applications where a fast acquisition time is
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necessary. Adaptive basis scanning by wavelet prediction (ABS-WP) has been proposed to

allow a more straightforward image recovery than fundamental compressive sensing. This ap-

proach involves the use of a wavelet basis such as Haar or LeGall for illumination and is based

on predicting the most significant set of patterns to be used for a particular image plane. For

the prediction process a set of initial single-pixel measurements with low-resolution patterns

needs to be acquired. This data set can later be used for predicting the significant wavelet

coefficients of the image. These coefficients are indexed to specific patterns that will be

further used for the main acquisition process. The use of wavelet patterns is justified by the

fact that most images can be sparsely characterized in this basis and by the accessibility to

inverse wavelet algorithms for image reconstruction. (122, 142)

Another approach that has been proposed to reduce computational time for the image

reconstruction process is adaptive compressive sensing imaging. Adaptive approaches have

been pursued since the use of basis will often involve measuring background pixels that are

not within the sample’s region of interest. If the acquisition patterns can be selected to

target the area of interest from the sample, the acquisition times may be lowered and the

reconstruction process enhanced.

Soldevila et al.(128) indicate that methods that are based on a priori information

can be disadvantageous in cases where the imaged sample can unpredictably change. Even

though these techniques are beneficial because they define regions of interest on the image

plane, it would be better to have a method where no a priori information is needed. Adaptive

compressive imaging is based on recovering the image under a compressive sensing approach

that defines regions of interest during the acquisition process but without the need for a priori

information. The method involves using sets of masks that will adaptively change depending

on the regions of interest on the image plane. The masks can iterate in size depending on the

desired resolution. Like other acquisition techniques, it uses inverse wavelet transforms for

the image reconstruction process. (128) The small acquired matrices can then be processed

without the need of high computational demand. The image plane is first sampled and

delimited by low-resolution masks. Then a one-level wavelet transform and an edge detection

algorithm discard the borderless regions and determine the regions of interest. The high-

resolution masks are only applied to these areas. This process can be repeated until the

high-resolution masks are only applied to the areas with finer details. Further improvements

are still desired on the recognition algorithms to increase the efficiency of the process.
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1.2.4.4 Single-pixel for lifetime imaging

Single-pixel imaging can be used to monitor fluorescence lifetime. (143) In the medical

imaging field, this new modality has found applications in microscopy (144) as well as in

macroscopic (145) systems. Pian et al. (28) reported a single-pixel system that combines

hyperspectral detection in the time-domain. A multichannel detector is coupled to a TCSPC

unit to perform macroscopic fluorescence lifetime imaging at different detection wavelengths.

The structured illumination is produced by DMDs arranged in a transmission or reflection

configuration. The system uses the compressive sensing multiplexing scanning methodology

and utilizes Hadamard basis as the illumination pattern set. The system has been employed

to quantify and image fluorescence lifetime both in vitro for tissue-simulating phantoms and

in vivo for mice. Macroscopic fluorescence lifetime imaging is highly sensible and serves to

“unmix” the fluorescence lifetime values of different biomarkers. Additionally the described

system (28) has been used to measure FRET, which describes the interactions of the sample

at the molecular level by quantifying the ratio of donor molecules to acceptor molecules and

estimating the distance between them. (146) Pian et al. (70) have also reported a single-

pixel imaging system that can be used for time-resolved hyperspectral tomographic imaging

when combining DMD detection and illumination structures in transmission geometry. It

has been used to map the concentration of targeted fluorophores.

Finally, Lochocki et al. (134) have proposed that single-pixel imaging systems can

be an alternative to the ophthalmoscopes that are necessary to determine a variety of eye

illnesses. Even though ophthalmoscopes have been improved throughout the years, they are

not fully useful in cases where the ocular structures are opaque. As proposed, a single-pixel

camera approach was implemented to image the retina in real time. The technique was

validated in human and artificial eyes to image the fundus of the eye at 15 degrees of visual

angle. Eventhough the technique was not implemented for lifetime imaging, it highlights its

potential for this application, yet further improvement is needed to correct for eye movements

on human subjects.

1.3 Current challenges of MFLI and DOT

1.3.1 Macroscopic lifetime imaging

As reviewed in the previous sections fluorescence lifetime imaging (FLI) provides a dis-

tinctive contrast mechanisms for the interrogation of biological samples. The principles and
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various technical implementations of FLI have been established over the last three decades

but, until recently, have typically remained an expert field. With the advent of turn-key

commercial FLI capable imaging platforms, FLI is currently being increasingly embraced by

end-user communities (e.g., molecular biologists, drug development experts, etc.) (147, 148)

with demonstrated increased utility in microscopic (147) and macroscopic (149) preclinical

and clinical applications. Still, a main challenge in FLI resides in the estimation of the

lifetime(s) or associated parameters. This is a complex computational task, in which ac-

curacy can be highly dependent on the model selected, set of parameters used, and the

signal-to-noise ratio (SNR) of the acquired measurements (typically a photon starved ap-

plication, hence, low SNR). Furthermore, increasing the SNR remains a challenge for both

planar and tomographic macroscopic applications, specially when the contrast is obtained

from autofluorophores of interest, which typically have lower quantum yields than extrinsic

fluorophores. Processing pipelines that depend on inverse solvers for either lifetime fitting

or inverse reconstruction, like in the case of single-pixel imaging, can delay the processing

speed even more, as inverse solvers need parameter optimization.

For planar single pixel MFLI, the linear Time Domain (TD) data has to be first re-

solved into a 2D intensity image, this process is traditionally performed through optimized

inverse solvers. The higher the resolution the more processing time to reconstruct the 2D

intensity distribution. Besides the intensity profiles each inverse solved pixel must represent

a respective fluorescence decay that can be mono or multi-exponentially fitted through a

separate optimization algorithm to obtain a lifetime value per pixel.(28) Therefore, this two

step process involving two different optimization routines represents a computational bur-

den and a limitation to translating the technique for real time assessment. Furthermore, the

high amount of patterned measurements theoretically needed to reconstruct high resolution

images from low SNR conditions is a major drawback of the technique. Which patterns

are best for imaging fluorescence lifetime is also another unknown, as patterns have been

typically assessed for intensity imaging only and with in silico models. Another challenge

is related to autofluorescence imaging at large, where besides the low SNR conditions, sig-

nals tend to contain spectral bleed-throughs that impede proper quantification of the target

autofluorophore. As multiple autofluophores can be excited in the visible regime. Hence,

there are still large efforts focusing on providing robust, fast, user-friendly, and accurate

methodologies.
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1.3.2 Diffuse optical tomography

Diffuse optical tomography has become an important modality in preclinical research

with potential for translational studies. However, due to its computational nature, it is still

an expert based technique that is lab centric and has not been widely available via commer-

cial systems. In Diffuse Optical Tomography (DOT) the 3D distribution of optical contrasts

has to be retrieved through mathematical modelling. This illposed problem has more un-

knowns than known variables and it can be tackled through non-linear or linear modelling

approaches. When addressed in a linear approach, the spatial distribution of optical targets

is typically inverse solved from the acquired surface measurements of the sample (acquired

with DOT platform) through an accurate photon propagation model. This photon prop-

agation model has to be representative of the samples’s boundary conditions and optical

properties, otherwise the retrieved optical contrasts and their quantification of absorption

might be innacurate. Platforms like NIRFAST (150) and MCX (151) have been proposed to

tackle the photon propagation modelling, however accounting that models are best described

when they are finely discretized, the computational burden of modelling complex boundary

conditions is high. In this regard mesh based discretrization of the model of interest has been

proposed to better represent smooth boundary conditions.(152) However, specially for DOT

applications were the measurements are typically acquired through multiple combinations of

source detector positions, it is implied that multiple simulations have to be ran to represent

each source-detector pair. Hence the computational burden is immense. This computational

burden is even higher when information from multiple wavelengths and time gates wants

to be incorporated in the model, in order to increase reconstruction quality and/or target

the retrieval of chromophore concentrations. This means that real-time reconstruction and

quantification of the optical targets is still a challenge and that even if aided by the progress

made on photon propagation modelling tools, there still need to develop accurate workflows

that are computationally efficient and that do not need advanced regularization techniques

to correctly reconstruct sparse signals.

1.4 Overview of deep learning for MFLI and DOT

Biomedical optics system design, image formation, and image analysis have primarily

been guided by classical physical modeling and signal processing methodologies. Recently,

however, deep learning (DL) has become a major paradigm in computational modeling and
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has demonstrated utility in numerous scientific domains and various forms of data analysis.

Despite the numerous benefits of MFLI and DOT, its diverse implementation can still be chal-

lenging due to the necessity of computational methods that model light propagation and/or

the unique contrast mechanism. Over the last decade, the implementation of Deep Learn-

ing (DL) data processing methodologies, promise the development of dedicated data-driven

processing and reconstruction techniques. DL methods are increasingly utilized across the

biomedical imaging field, including biomedical optics (153). For instance, molecular optical

imaging applications from resolution enhancement in histopathology (154), super-resolution

microscopy (155), fluorescence signal prediction from label-free images (156), single-molecule

localization (157) and fluorescence microscopy image restoration (158) have been enhanced

by recent developments in DL. Following this trend, DL methodologies have been also re-

cently used for MFLI and DOT applications. This section provides a summary of these

current efforts. First, the basic concepts of Deep Learning and commonly employed frame-

works are described. Then a summary of architectures developed or adapted for Macroscopic

Fluorescence Lifetime Imaging (MFLI) and Diffuse Optical Tomography (DOT) is provided.

1.4.1 Overview of deep learning frameworks

Deep learning (DL) is a special class of machine learning (ML) algorithms that incorpo-

rate multiple “hidden layers” (i.e., layers other than input and output) aimed at extracting

latent information (commonly referred to as “features”) of higher and higher levels of abstrac-

tion/nonlinearity (159). The engineering of faster GPUs enabled the development of fast DL

models that were computationally competitive with other machine learning (ML) techniques

such as support vector machines (SVM) (160) and linear/logistic regression. Since then,

DL has known continued growth with the notable development of ImageNet (161), which

heralded the pairing of DL and big data. With the increased computing speed, it became

clear that DL had significant advantages in terms of efficiency and speed. In particular, the

computer vision community has embraced the use of CNNs after the breakthrough results of

AlexNet (162) in the large-scale visual recognition challenge (ILSVRC) of 2012. Since then,

a large variety of models exhibiting state-of-the-art performance have been developed and

increasingly improved upon for countless applications in computer vision—including classi-

fication, object detection, and segmentation. Today, when designing a DL-based solution to

a given problem, consideration should be given to the type of network that is chosen, that
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network’s architecture, and the way in which the network is trained. The remainder of this

section provides a layman introduction for these three key elements.

1.4.1.1 Neural network types

The simplest form of artificial neural networks (ANN) still commonly employed is mul-

tilayer perceptron (MLP). The network architecture of an MLP is composed of at least three

perceptron layers: an input layer, a hidden layer, and an output layer. After the input layer,

each node of the MLP is passed through a nonlinear activation function selected a priori.

The combination of multiple layers and nonlinear activations enables MLPs to compute non-

trivial problems using only a small number of nodes.(163) In MLPs, all neurons in a layer

are connected to all activations in the previous layer, each of which is referred to as a fully

connected layer (FC layer). This FC nature can become a disadvantage as the total number

of parameters can grow extremely large with increased model depth (number of hidden lay-

ers) and/or width (number of neurons at each layer). For instance, an MLP designed for a

modestly sized 2D image input will possess many parameters, which is problematic for both

increased overfitting potential and memory limitations (164).

(a) (b)

(c) (d)

Input

Reshape(1D→2D)

Conv2D

Conv2D→Maxpool

Conv2D→UpConv

Skip Connection

Output

Real image

Dense layer

Prediction

Generator (U-Net) Discriminator (classifier)

Figure 1.4: (a) AUTOMAP, an example network architecture capable of mapping
1D sensor-domain input to 2D image space through a combined use of FC and con-
volutional layers. (b) Classical encoder-decoder. (c) U-Net: variation of encoder-
decoder architecture by adding long skip connections; (d) Generative adversarial net-
work (GAN) framework with U-Net as generator.

Moreover, many applications of interest in biomedical imaging have two or more dimen-
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sions. The need to flatten these images into 1D input for MLPs often leaves achieving even

modest levels of spatial equivariance computationally problematic. Indeed, MLPs inherently

lack the capability to model even the most simplistic of translational invariance without

many hidden layers. Hence, to use MLPs for these applications, DL practitioners would

need to walk a fine line between a model with too little parameters (spatial invariance)

and a model with too many parameters (prone to overfitting, computational inefficiency,

etc.)(165).In contrast, CNNs provide a much higher degree of translational invariance and

are capable of highly sensitive, localized, and computationally efficient feature extraction

by way of their very design. Hence, the use of MLPs for image formation has been largely

succeeded by CNNs in most applications. CNNs are neural networks that use convolution

in place of general matrix multiplication in at least one of their layers. Similar to MLPs,

CNNs are comprised on an input layer, hidden layers, and an output layer. These hidden

layers typically consist of convolutional layers that pass sequentially the convolution of their

input to the next layer (with other type of layers such as pooling layers, FC layers, and nor-

malization layers). The nature of the convolution operation allows for reducing the number

of learnable parameters necessary for image-based feature extraction and, hence, increasing

the depth of the network architecture.

The size of the set of output feature maps following each convolutional layer depends

upon the number of kernels used, the size of the kernel used, and the stride associated with the

sliding convolution. Along with providing the network with translation equivariance, zero

padding can be used to provide further control over the dimensionality of output feature

maps and allows for the size of the feature maps to be preserved after the convolutional

operation. This is useful for element-wise combinations of feature maps in which the sizes

of the sets of feature maps must be identical. Although downsampling can be performed

using convolutions without zero padding, this may not be ideal for some applications. A

common strategy for reducing the size of a set of feature maps is pooling. In particular, max

pooling is the most popular pooling strategy because it is both computationally inexpensive

and mostly translationally invariant. Additional pooling strategy alternatives exist, such

as global average pooling, which has demonstrated increased performance in applications of

implicit object localization (166). Moreover, the previously discussed convolutional and FC

layers perform linear operations. Therefore, because a composite function of linear functions

is still a linear function, neural networks that are solely composed of these layers would be
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unable to approximate a nonlinear function. Thus nonlinear activation functions are used

to insert nonlinearity into the convolutional and FC layers such as ReLU, Leakly ReLU,

ELU, PreLU, Tanh, Softmax, and Sigmoid functions (167). In addition, recent work has

demonstrated promising results using more generalized and intuitive activation functions,

such as GenLU (167).

One limitation of traditional CNNs is their use of FC-layers in their architecture, mak-

ing them not well suited when processing high-resolution images, for instance. Conversely,

fully convolutional networks (FCNs) (168) used for image formation, such as convolutional

autoencoders, do not contain “dense” layers (i.e., FC-layers). Instead, an FCN utilizes 2D

convolutions that perform the feature extraction and mapping task of FC-layers in conven-

tional CNNs. Hence, FCNs can make inferences in high-dimensional spaces but are also

uniquely amenable to input of variable sizes. FCNs have exhibited state-of-the-art perfor-

mance for many computer-vision tasks, especially when dense labeling is required.(168–170)

FCNs also have the advantage of providing end-to-end solutions (execute a series of tasks

as a whole). Specifically, autoencoder structures that are mentioned in this text are FCNs

that have an output layer of equal size to the input layer and consist of an encoder and a

decoder section. The encoder transforms the input into a specific set of features, and these

features can then be interpreted by the decoder section to recover the original data.(171)

However, in CNNs, the output is produced with the underlying assumption that two

successive data inputs are independent of each other. In other words, they do not have

“memory,” and their output is independent of previous element in a sequence. Recurrent

neural networks (RNNs) have been specifically developed to model/process time series data

(e.g., video sequences). Each element (image) in the time series data is mapped to a feature

representation, and the “current” representation is determined by a combination of the

previous representations and the “current” input datum. In other words, RNNs have loops

between layers that allow information to persist. One issue often encountered when using

RNN is the vanishing/explosion gradient problems (difficulty in training network). Long

short-term memory networks have been designed to overcome this issue and are widely used

in classification and forecasting based on time series input across many applications.(172)
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1.4.1.2 Considerations in network architecture

Current DL implementations have been characterized by an increase in depth and

computational complexity. The depth of a network is a critical component to achieve better

classification accuracy in CNNs, though, as network depth increases, ”degradation” does

too. (173). “Degradation” refers to the sudden rapid deterioration of network performance

during training. One of the issues associated with increasing network depth is the explosion

or vanishing of gradients during backpropagation. To address this “batch normalization”

is proposed (174). Batch normalization layers are used to fix the mean and variance of

layer output during forward pass, squashing any large activations and increasing network

stability.(175) Since the effect of batch-normalization is deemed dependent on the batch size

and sometimes misleading to use for recurrent networks, it has been proposed to employ

layer normalization instead (176). In this case, the normalizing mean and variance are cal-

culated from all the inputs to neurons in a layer per each sample. It has shown to be easier to

implement in recurrent networks and can further reduce training time. In this regard, weight

normalization (177) can also be applied successfully to recurrent models and has shown im-

proved speed compared to batch normalization. The use of normalization techniques coupled

to a good weight initialization strategy (178) can be key to avoid degradation and accomplish

network convergence. Also it has been shown that network depth and width can increase

without increasing degradation or computational burden, through feature concatenation of

activation layers. (179) Residual connections (element-wise sums of a set of feature maps)

through Residual Blocks can also be used to mitigate the effect of vanishing gradients and

improve training stability by converging to identity mapping of the earlier layer’s output.

(180). U-Net (181) which is a widely used architecture type, uses concatenations instead

of residual connections to combine features learned in early layers with abstract features

extracted at deeper layers for semantic segmentation.

Generative Adversarial Networks (GANs) are a unique class of CNN, which defining

feature is its “discriminator” – an extension of the traditional CNN (deemed the GAN’s

“generator”, Figure 1.4(d) which conventionally acts as a classifier (182). Indeed, the role of

a GAN’s discriminator is to discern “real” data (i.e., ground-truth) from “fake” data (i.e.,

the generator CNN’s output). In practice, this is actualized through the incorporation of

an additional loss term associated with the discriminator that aims to update the discrimi-

nator’s weights in such a way that the discriminator becomes progressively more proficient
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at telling the difference between the CNN’s output and that used for ground-truth. Hence,

conventional loss metrics (e.g., MSE, MAE, SSIM, etc.) are augmented by an additional

discriminator loss that guides the model further towards generating data with statistics

equivalent to that of the target output (183). Hence, the aim is to gradually “fool” the

discriminator, where it would eventually be unable to discriminate between the model’s out-

put and ground-truth data. Overall, the goal of designing a neural network is to maximize

performance while minimizing the resources needed to train this network. Indeed, there is a

current recognition that many of these DL systems train models that are richer than needed

and use elaborate regularization techniques to keep the neural network from overfitting on

the training data. This comes at a high expense in the form of computing power, time, and

the lack of global accessibility. This is where the concept of network interpretability (184)

becomes so important. Interpretability refers to how easy it is for a human to understand

why the output and decisions made by an ML model are the way they are. The higher the

interpretability of the model is, the easier it might be for a human to understand its design

and improve on it.

1.4.1.3 Training methodologies

Deep learning (DL) methodologies are often classified based on the type of data and

associated training approaches. These include supervised, semisupervised, unsupervised, re-

inforcement, and adversarial learning. We provide below a brief summary of these different

learning approaches. Supervised learning is the most utilized learning strategy in machine

learning (ML). It relies on having both training and validation datasets along with their

“ground-truth” complement. The ground truth is unique to each application (e.g., one-hot

encoded vectors for image classification) and implies that the relationship between input

and output for is known explicitly before training. Model training (i.e., gradual updates to

a network’s weights) is performed through minimization of a cost function (often referred to

as “loss”) via the process of backpropagation. Backpropagation, the fundamental method

with which neural networks use to “learn,” makes use of the chain rule to propagate updates

throughout the network topology in a way that further minimizes the chosen cost function.

For instance, in the case of supervised learning, the cost function inversely represents the

accuracy between the model prediction and known ground truth for all training inputs. For

example, under a supervised framework, a network that classifies images is trained using
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classifications that are made by practitioners. In this application, humans are perfectly ca-

pable of generating trustworthy labels. For example, practitioners can of course be trusted to

correctly classify a picture of a dog as “dog.” However, supervised learning has its limitations

in applications that are more difficult because human labels are often costly with respect to

both time and resources. Further, depending on the target application, given labels may not

be trustworthy or cannot be generated. In this case, one can consider unsupervised learning.

Unsupervised learning aims to discover unknown relationships or structure in the input

data without human supervision (or minimal). The appeal of unsupervised learning is that

many applications do not yet benefit from large datasets that have been exhaustively labeled.

Unsupervised DL methods include clustering, sample specificity analysis, or generative mod-

eling. Semisupervised learning and weakly supervised learning, which will be described when

discussing the specific works that use them, are considered hybridizations of supervised and

unsupervised learning strategies. A particularly unique unsupervised learning strategy that

has been employed in applications ranging from unmanned robotic navigation to defeating

chess grandmasters is Reinforcement Learning (RL) (185). Problems that use RL can essen-

tially be cast as Markov decision processes associated with a combination of state, action,

transition probability, reward, and discount factor. When an agent (i.e., the decision maker)

is in a particular state (e.g., location in a maze), it uses a policy to determine which action to

take among a set of possible actions. The agent then undergoes the policy-informed action

and transitions into the next state, where a reward value corresponding to desirability of the

new state is obtained. This process repeats until an end point is reached (e.g., reaching the

exit of a maze). Afterward, a total cumulative reward value is calculated and used as feed-

back for parametric adjustments and subsequent iterations, gradually guiding the agent to

“learn” which actions are “good” and “bad” at each state.(185) In this way, the agent is made

to maximize the total reward that it receives while performing a given task. The primary

objective is to learn the optimal policy with respect to the expected future rewards. Instead

of doing this directly, most RL paradigms learn the action-value function using the Bellman

equation. The process through which action-value functions are approximated is referred

to as “Q-learning.”(186) These approaches utilize action-value functions that determine the

advantageous nature of a given state and state-action pair, respectively. Further, an advan-

tage function determines the advantageous nature of a given state-action pair relative to the

other pairs. In recent years, these approaches have demonstrated remarkable feats, famously
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achieving superhuman performance when applied to various board/video games such as Go

(187) and StarCraft (188). At present, the applications of RL, though undeniably laudable

and continuously expansive, have been somewhat limited in scope given the narrow subset

of pressing problems for which the use of RL would be uniquely advantageous relative to the

approaches previously discussed. (189) Another important methodology is adversarial learn-

ing, (190) which is an ML method that involves the use of adversarial samples that closely

mimic “correct” inputs with a main purpose of tricking the model and yielding incorrect

predictions. Understanding adversarial attacks is highly important for the design of secure

ML models.

1.4.2 Deep learning for MFLI applications

As highlighted on the challenges section, MFLI necessitates computationally expensive

inverse solvers to obtain parameters of interest, which has limited its broad dissemination,

especially in clinical settings. Hence, great interest in the last few years has been put

into leveraging machine learning (ML) and deep learning (DL) models to facilitate image

formation or classification tasks using this unique contrast mechanism. However, almost all

of these works have been focused on applications in microscopy or raster-scanning based

on time-resolved spectroscopy. Given that these works still provide relevant innovation and

potential utility in future macroscopic FLI experiments, they are included in the upcoming

summary along with the existing work in ML applied to MFLI.

1.4.2.1 Deep learning for fluorescence lifetime image classification

Given the high-sensitivity inherent to FLI, numerous studies exploring the technique’s

capability with regards to classification in vitro have been undertaken within the last decade.

Most recently, FLIM classifiers have been applied in vitro for label-free assessment of mi-

croglia (191) and T-cell activation (192), as well as for exogenous labeling of intracellular

components (193) and monitoring of intracellular pharmacokinetics (194). In addition, ML

classifiers have been used for FLIM-based tissue discrimination and characterization in ap-

plications including diagnosis of cervical precancer (195), breast cancer resection (196), and

oropharyngeal margin assessment (197). However, this has been almost entirely relegated to

microscopic or raster-scanning-based applications—technologies that are intrinsically limited

in their (pre)clinical utility. In contrast, the potential applicability of wide field FLI extends
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to applications such as fluorescence guided surgery and whole animal preclinical imaging,

among others. It is precisely for applications of this type in which real-time analysis is

paramount and the use of DL is positioned for great impact.

1.4.2.2 Deep learning for fluorescence lifetime image reconstruction

Lifetime parameter estimation is typically performed by fitting a time series dataset

(fast temporal decays) to (multi)exponential models. Wu, G. et al.(198) presented the first

deep learning methodology for fluorescence lifetime image reconstruction, wherein the au-

thors employed an MLP based approach. The network deemed “ANN-FLIM” was trained

with entirely simulated FLIM decays for biexponential FLIM reconstruction and bench-

marked against an implementation of least squares fitting (LSF). The group reported an

increased reconstructive performance via ANN compared with LSF. However, the authors

reported a high rate of suboptimal convergence using LSF (4.07% of pixels), resulting in

many dark spots that are completely unseen in the reconstruction obtained via MLP. This

is a known problem of all iterative-fitting procedures, which rely heavily on the chosen input

parameters and often converge at the upper or lower bounds. Further, the authors reported

a 566-fold speed-increase over LSF (1.8s versus 1019.5s over a 400×400×57 FLIM voxel).

Following on this work, Zickus et al.(199) used an MLP trained with simulated data, in com-

bination with image stitching, to retrieve a 3.6 megapixel (1875×1942 px) wide field FLIM

image reconstruction using a time-resolved single-photon avalanche diode (SPAD) array.

Similar to ANN-FLIM, Zickus et al. reported significant reconstruction speed improvements

using an MLP (3.6s) compared with conventional least-squares fitting (56 minutes). How-

ever, MLPs are known to become unwieldy for high dimensional data such as images and

they have been replaced by CNNs in many computer vision applications.

Recently, Smith et al.(200) presented a workflow for biexponential FLI (microscopy and

macroscopy) reconstruction based around a 3D-CNN trained with simulation data. Contrary

to MLPs, where the objective is to map each Temporal Point Spread Function (TPSF) to

a feature vector through a learned regression, the author’s 3D-CNN (deemed fluorescence

lifetime imaging network, FLI-Net) was crafted to take large spatially resolved fluorescence

decay voxels as input (x×y×t) and output concurrently three lifetime maps parameters,

namely, τ1 (ns), τ2 (ns) and their relative abundance AR (%), at the same spatial resolution as

the input. Moreover, the network was made fully-convolutional (FCN), or, capable of taking
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input of any spatial dimensionality (i.e., any image size). The authors validated FLI-Net’s

capability to retrieve highly accurate FLI reconstruction across multiple FLI technologies

(TCSPC and gated-ICCD) and applications (endogenous metabolic (201) and FRET (22)

imaging). FLI-Net demonstrated high accuracy when tested with experimental data not

used during the network training. Of importance, the network was validated for the NIR-

range in which lifetimes are far shorter than the visible range and close to the temporal

instrument response function, which is a very challenging case. Moreover, of significance,

FLI-Net significantly outperformed the classical fitting approach in the case of very low

photon counts. This is highly noteworthy for biological applications as fluorescence signals

are dim, leading to relatively high-power illumination or long integration times for many

applications. In turn, this can generate issues such as photobleaching or acquisition times

incompatible with clinical applications.

Following on this seminal work, Xiao et al.(202) introduced an alternative 1D-CNN

architecture for FLIM reconstruction. In contrast to FLI-Net’s 3D architecture, which takes

all FLI data voxels as input and outputs 2D images of the lifetime parameters, the 1D model

was crafted to process each TPSF individually. The authors’ 1D-CNN, following a similar

training strategy as laid out in Ref. (200), does not necessitate 3D convolution operations

and thus offers the advantage of decreased computational burden. In particular, this sim-

pler model is amenable to parallelization and to onboard integration. Such implementation

should offer the opportunity for real time and robust FLI in low-cost settings. However,

they are less suitable for use in applications that involve higher dimensionality. For instance,

in the case of DOI applications, the OPs of the tissue may affect the fluorescence temporal

data by attenuating (absorption/scattering) them and/or delay them (scattering) and hence

should be considered. In his regard, Smith et al.(203) expanded upon FLI-Net by augment-

ing time-resolved MFLI with SFDI-derived bulk OP information to enable OPs-corrected

lifetime parameter estimation, as well as an estimation of the depth of fluorescence inclu-

sions (referred to as topography of LiDAR). For this task, a Siamese DNN architecture was

designed to take as input MFLI time decays and SFDI-estimated OP maps (i.e., absorption

and scattering) and output both fluorescence inclusion depth and lifetime maps at the same

resolution as the inputs. The data simulation workflow used for training was updated to

mimic data acquired experimentally via Monte Carlo modeling of light propagation through

turbid media.101 Overall, the proposed computational technique is the first of its kind to
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exhibit sensitive lifetime retrieval over wide bounds of scattering, absorption, and depth,

with real-time applicability over large fields of view.

1.4.3 Deep learning for DOT

Due to the ill-posed inverse problem needed to resolve 3D optical targets through DOT,

image processing relies on the selection of: dedicated forward models, refined inverse solvers

and regularization techniques. Due to the ill-posed and ill-conditioned nature of the inverse

problem, the selection and optimization of these three components greatly impacts the image

reconstruction process in terms of computational burden, stability and accuracy. This is

still after three decades an expert domain. Hence, following the trend of investigating the

potential of DL for image formation, there has been an increased interest in the application

of DNNs for diffuse tomographic imaging with the goal to improve computational speed and

user friendliness while enhancing the reconstruction quality. Especially on the use of DL as

a method to replace or ease the inverse solving process. (204, 205)

Yoo et al. (204) were the first to investigate the potential of a DL end-to-end model

to reconstruct heterogenous optical maps in small animals. Their proposed DNN followed a

classical Encoder-Decoder structure that aims at solving the Lippmann-Schwinger integral

equation with the deep convolutional framelets model (206) by doing a non-linear representa-

tion of scattered fields and avoiding linearization, or iterative Green’s functions calculations.

The input data, i.e. light intensity surface measurements, are translated to voxel domain

and unknown features are learned from the training data through a fully connected layer,

which is followed by 3D convolutional layers and a filtering convolution. Their training

data was simulated with NIRFAST (150) with up to three spherical inclusions of different

sizes (radii ϵ[2 mm,13 mm]) in which each voxel in their space had a defined set of op-

tical properties. DNN training used Adam optimizer with dropout and early stopping to

avoid overfitting and Gaussian noise filtering was applied to improve generality. The DNN

was evaluated using biomimetic phantoms, in a healthy nude mouse and in a mouse with

a tumor. Despite the multiple accomplishments the Lippman-Schwinger approach requires

a separate measurement from the homogenous background, which is unfeasible for clinical

scenarios, therefore further research aims at solving this disadvantage. Despite this, the use

of Swinger-Lippman model to structure the neural network, helped to remove the so named

“black box” design uncertainty. Furthermore, thanks to this design the non-linear physics
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of the photon propagation and inverse solving of absorption contrasts can be reconstructed

through Deep Learning providing improved reconstruction for both in vitro and in vivo

murine experiments. Nevertheless, the reconstruction speed in the millisecond range allows

for fast in vivo imaging applications.

Following the auto-encoder approach, the work by Zou et al. (207) aims to inverse

solve the spatial distribution and absorption value of targets in both phantoms and clinical

acquired data for breast cancer applications. Simulated and phantom acquired data were

used for network training. The in silico data was simulated through finite element method.

Data from measured homogeneous targets with no absorption contrast between themselves

was used in the training set, while data from inhomogeneous targets with varying absorption

within themselves was used in the validation set. COMSOL software was used as a forward

modelling tool. Measurements were simulated from inclusions with varying radii, center

depths, µa absorption and reduced scattering coefficients µ
′
s to mimic layers like those of

breast cancer tissue. In vitro and clinical data were acquired with an ultrasound guided

DOT frequency-domain platform with 9-point sources and 14-point detectors.(31) The auto-

encoder architecture uses two sections of neural networks. First section reconstructs optical

properties from DOTmeasurements, but for this stage the weights information for the trained

second section (which involves a forward model that inputs the µa map ground-truth and

outputs the predicted perturbation) is used during training to improve accuracy. The second

stage used a loss function that reflected the Mean Squared Error (MSE) between input DOT

measurement (which is the input of first section) and the prediction. The first section

inputs the DOT measurement and outputs the µa absorption map of the area, while using

the MSE between µa ground-truth and µa reconstruction plus weights from second section.

Finally, these sections were integrated into a single full architecture, using the individual

section weights as initial estimates for a loss function that included a Born object function

constraint and anatomical information (target radius, voxel distance) as obtained from the

Ultrasound image. The results from in silico, in vitro and clinical information indicate that

the proposed model accuracy is higher than traditional reconstruction methods like Born-

Conjugate Gradient Descent, decreasing mean percentage error from 16.41% to 13.4% in high

contrast targets and from 23.42% to 9.06% in low contrast ones, also showing improved depth

localization. This was also true for the used clinical datasets, where absorption contrasts

were better estimated.
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The work of Deng et al.(208) has extended on the AUTOMAP architecture (209), where

a fully connected layer inputs the data into an encoder-decoder structure that is followed by

a U-net arrangement for image denoising and quality improvement. Additionally, the model

employs skip connections to retrieve and enhance high resolution features for reconstruction.

For training photon propagation models are simulated through Monte Carlo Extreme photon

propagation modelling with single spherical inclusions that have randomly assigned optical

properties, positions and size. Simulation included 48 sources and 32-point detectors as in a

optical breast imager previously presented by the group. The first part of the network (fully

connected layer and encoder) was trained first and the weights fixed to then reset the learning

rate to train the second section (U-net layers). Furthermore, the proposed loss function for

this work penalizes the inaccuracy from the inclusions rather than the whole volume, which

greatly accelerated the training process. The approach was tested in comparison to an

autoencoder only network and conventional finite element method. The proposed approach

resulted in more accurate localization-depth and tumor contrast compared to conventional

approach for larger inclusions. This was also true for inclusions with smaller diameter,

multiple inclusion and irregular shape cases, with exception of ≤5 mm inclusions with low

contrast. Despite training on single inclusions, the CNN was able to generalize to multiple

inclusion cases in millisecond reconstruction time, though further validation for experimental

data sets must be yet tested.

1.5 Thesis overview

This thesis project is focused on improving the application of hyperspectral based

single-pixel imaging for improved acquisition speed and reconstruction quality in planar

macroscopic fluorescence lifetime imaging (MFLI) applications, as well as improved recon-

struction speed and quality in diffuse optical tomography (DOT) settings. For 2D lifetime

imaging deep learning aims to be used both for image formation and further image analysis

of endogenous and exogenous fluorescence acquired with a hyperspectral single-pixel scheme.

The endogenous macroscopic imaging variation will be a new feature that will enhance the

system’s imaging capabilities. For DOT the distribution of absorption contrasts and con-

centrations will be resolved from single-pixel based hyperspectral measurements through

an end-to-end architecture trained with thousands of simulated voxel and mesh discretized

DOT datasets. When properly trained the network can provide faster and more accurate
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reconstructions for single pixel DOT experimental sets, without the need for a computa-

tionally expensive Jacobian-based inverse solving procedure. Ultimately, this will result in a

less computationally expensive and more direct reconstruction process without an illposed

inverse solving procedure, while also supporting smoother boundary conditions through the

use of mesh discretization.

In Chapter 1, base knowledge of optical contrasts, macroscopic optical imaging instru-

mentation/applications, as well as the overall challenges of MFLI and DOT are summarized.

In addition, a brief overview of deep learning frameworks and their application to MFLI and

DOT is included. Chapter 2 covers the hyperspectral single-pixel instrumentation used for

imaging in the NIR regime and the new implementation of it for autofluorescence imaging.

Chapter 3 covers the optimization of the single-pixel hyperspectral imaging platform for

exogenous and endogenous fluorescence lifetime reconstruction and quantification for better

targetting pre-clinical in vivo applications. This optimization is accomplished on the image

reconstruction and data acquisition pipeline through the use of deep learning frameworks.

To begin, the performance of different structured light pattern basis is assessed in hyperspec-

tral single-pixel planar lifetime imaging and FRET quantification with compressed sensing

tasks. Then, deep-learning is used for replacing the inverse-solved based 2D intensity recon-

structions and lifetime fitting routines commonly used for single-pixel hyperspectral lifetime

imaging. This is validated in silico, in vitro and for in vivo mouse models. Furthermore, an

increase in resolution and decrease in acquisition time is accomplished for both intensity and

lifetime information, through deep-learning. Additionally, a deep-learning based unmixing

routine for lifetime and intensity based unmixing of exogenous and endogenous fluorescence

is implemented. Chapter 4 describes how DOT continuous wave voxel discretized retrieval

of absorption contrasts can be enhanced via Deep Learning. Chapter 5 details the devel-

opment of a deep learning end-to-end architecture that is trained and validated with mesh

discretized hyperspectral and temporal datasets for the retrieval of Hb and HbO2 concen-

trations. This workflow is validated in silico for Hb and HbO2 absorption contrasts and for

in vitro absorption targets. Finally, Chapter 6 describes the conclusions and future outlook

of this thesis work.



CHAPTER 2

HYPERSPECTRAL SINGLE-PIXEL TIME-DOMAIN

INSTRUMENTATION

This chapter will review the hyperspectral single-pixel imaging instrumentation that will be

used throughout this work for data acquisition. The first subsection describes the system

previously reported in (23) and which will be used for the acquisition of Near Infrared (NIR)

datasets. The second subsection describes the modifications undertaken for macroscopic

imaging of autofluorescence and multiplexed imaging. Finally a comparison of different

compressive sensing basis that have been proposed for acquisition of single-pixel intensity

based information is performed to experimentally test their performance for lifetime based

quantification.

2.1 Former single-pixel NIR instrumentation

Pian et al.(28) reported on a single-pixel system that enabled detection of hyperspec-

tral and time-domain information simultaneously over macroscopic fields of view (FOV).

A multichannel detector is coupled to a TCSPC unit to perform macroscopic fluorescence

lifetime imaging at different detection wavelengths. The structured illumination is produced

by DMDs arranged in a transmission or reflection configuration. The system uses the com-

pressive sensing multiplexing scanning methodology and utilizes Hadamard basis as the illu-

mination pattern set. The system has been employed for quantitative fluorescence lifetime

imaging both in vitro for tissue-simulating phantoms and in vivo for mice. Additionally, the

system was validated for measurement of macroscopic FRET, and the acquired data used

to quantify the FRET donor fraction. Pian et al.(70) has also reported on a single-pixel

Portions of this chapter previously appeared as:

M. Ochoa, Q. Pian, R. Yao, N. Ducros, X. Intes, Assessing patterns for compressive fluorescence lifetime
imaging. Opt. Lett. 43, 4370-4373, (2018).

M. Ochoa, A. Rudkouskaya, R. Yao, P. Yan, M. Barroso, X. Intes, High compression deep learning based
single-pixel hyperspectral macroscopic fluorescence lifetime imaging in vivo. Biomed. Opt. Express 11,
5401-5424 (2020).

J.P. Angelo, S.J. Chen, M. Ochoa, U. Sunar, S. Gioux, X. Intes, Review of structured light in diffuse optical
imaging. J. Biomed. Opt. 24, 071602 (2018).

M. Ochoa , A. Rudkouskaya, J.T. Smith, X. Intes, M. Barroso, “Macroscopic fluorescence lifetime imaging
for monitoring of drug–target engagement.” in Methods in Molecular Biology, A. Rasooly, H. Baker, M.R.
Ossandon, Eds. (Humana Press, 2022), pp. 837-856.
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imaging arrangement that can be used for time-resolved hyperspectral tomographic imaging

when combining the DMD detection and illumination structures in transmission geometry.

It has been used to map the concentration of targeted experimental absorbers through the

acquisition of multiple wavelength bands in the NIR regime. The system arrangement is

depicted in Figure 2.1, where Figure 2.1(a) represents the arrangement used for planar (2D)

image acquisition and Figure 2.1(b) displays the arrangement in transmission configuration

used for acquisition of NIR tomographic datasets.
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Figure 2.1: (a) Single pixel hyperspectral system used for NIR reflectance imaging
in planar (2D) imaging application. (Redrawn and modified from Reference (23))
(b) Single pixel hyperspectral system used for transmission NIR imaging in DOT
application. (Redrawn and modified from Reference (23)). Figures only represent the
arrangement and are not a scale version of the system.

This system configured via a single-pixel arrangement enables the acquisition of 2D

intensity and time-resolved data over 16 spectral channels simultaneously. As mentioned,

this computational imaging strategy requires to inverse solve the image plane based on

one-dimensional measurements acquired through the single detector. Illumination is accom-

plished through either a DMD-based pico-projector (PK101, Optoma, CA) for reflectance

configuration or a DMD (Digital Light Innovations, TX) for transmission configuration.

The emissions from the sample plane are detected in either a widefield configuration or in

a structured arrangement by a DMD and directed towards a fiber bundle connected to a

Czerny-Turner type spectrophotometer that focuses the first-order diffracted light into a



41

multi-anode PMT detector with active area of 16×16mm, consisting of 16 detection chan-

nels. The signals from the PMT are relayed to a TCSPC unit to record the Time Point

Spread Functions (TPSFs) generated from each of the detection channels.

Specifically, the Mai Tai HP (Spectra-Physics, CA) can be modified for 690 to 1040 nm

illumination, has a ∼ 100 fs width, 80 MHz repetition rate and power range of 600mW to 3W.

The output power is controlled through optics module CCVA-TL-KT (Newport Optics, CA).

The light from the Mai Tai and power control units is delivered through a multimode fiber

with 400 m core-diameter (P-400-10-VIS-NIR, Ocean Optics Inc., FL). A fiber coupler (F-

91-C1-T with M-10X objective, Newport Optics, CA) allows fiber input to the illumination

DMD, where a collimator F220-SMA-B and a lens with focal length f = 25.4 mm are used

to couple the fiber delivery to the DMD space when using a transmission configuration.

However, when using a reflectance configuration, the fiber is coupled to an spatial light

modulator (PK101, Optoma, CA). The sample is positioned on a black acrylic imaging

plate with an open space for the transmission arrangement at a distance ∼120 mm from

illumination and detection DMDs. The detection DMD (D4110 with NIR S2+ optics, Digital

Light Innovations, TX) collects emission from the sample plane and NIR relay lenses are used

to focus the emissions from the DMD to the next optical element. For planar imaging, an

integrator rod (63-086, Hexagonal light pipe, Edmund Optics, NJ) which homogenizes the

transmitted light is the next optical element, followed by relay lenses that focus the light

into a bundle of fibers. This bundle is connected to the spectrophotometer unit which is

composed of two re-directing mirrors and a diffraction grating (77412, 750 nm blaze, 1200

lines/mm, Newport Optics, CA), where emissions are diffracted into multiple wavelength

components. These emissions then travel to a multi-alkali time resolved photomultiplier

tube (PMT) (PML-16-C, Becker & Hickl GmbH, Germany). The PMT is connected to a

SPC-150 TCSPC (Becker & Hickl GmbH, Germany) and DCC-100 Module (Becker & Hickl

GmbH, Germany). In order to control the time signals at which the SPC-150 and DCC-100

operate, an optical constant fraction discriminator (trigger generator, OCF-401-1, Becker &

Hickl GmbH, Germany) is used to sample the Mai Tai generated pulses. For calibration of the

image plane and before detecting single pixel data, an NIR CCD camera (CMOS: UI-5240CP-

NIR-GL, IDS Gmbh, Germany) is used to align the image plane and region of interest to

the detection DMD. Of note, and as observed in Figure 2.1(b) for tomographic transmission

imaging configuration, the integrator rod is removed and emissions are relayed directly to
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the bundle of fibers. For tomographic reconstruction, the detection DMD’s experimental

patterns are used during photon propagation modelling. Hence, including the features of

the fiber bundle creates a more accurate photon propagation model and consequently more

accurate reconstructions. More in depth information can be found in Reference (23).

2.2 Single-pixel instrumentation for visible regime

Fluorescence lifetime imaging offers unique contrast mechanisms in biomedical imag-

ing that enables to report on the functional and molecular state of tissues in a non-invasive

and non-ionizing manner.(210) Of note, the fluorescence lifetime of naturally occurring sub-

stances in tissues, or autofluorescence, has been shown to be a promising tool for label-free

diagnostic and classification of tissues for over three decades. (211) Currently, the main

implementations of autofluorescence lifetime imaging are performed using well-established

microscopic techniques (192, 212) but the use of macroscopic lifetime imaging and quan-

tification is key in numerous clinical applications, including Fluorescence Lifetime Imaging

Ophthalmoscopy (FLIO) (20, 213, 214) fundus autofluorescence imaging, characterization of

skin lesions (215), assessment of carotid arteries and their composition (216) and fluorescence

guided surgery of brain tumors (217–219). These implementations must appropriately tackle

both the inherent challenges of autofluorescence lifetime imaging while imaging large field of

views with high sensitivity. Particularly, autofluorescence imaging is a photon starved ap-

plication due to low concentration of autofluorophores in biotissues. Since the illumination

power has to be carefully controlled to avoid photo-bleaching, the acquired time domain flu-

orescence decays exhibit high amounts of noise which increases the complexity of obtaining

an accurate lifetime estimation. Additionally, tissues contain multiple autofluorophores that

can be excited and emit at a similar wavelength range. Hence for the correct quantification

of an individual autofluorophore, spectral contributions of multiple autofluorohore species,

or species in different states, have to be accounted for. Hence, to date macroscopic aut-

ofluorescence lifetime setups often employ a raster scanning point illumination scheme for

improved collection efficiency and multiple single detectors to account for different spectral

ranges of interest. (213, 214, 216) Afterwards the specific contribution of an autofluorophore

specie is disentangled from bleed-throughs through the collected spectral information and

the use of linear or non-linear (220–224) unmixing algorithms. Despite the functionality of

the proposed setups, using a point source illumination configuration might be inconvenient
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when imaging a large field of view (FOV), especially if high power density is needed. Hence,

there is great interest in investigating new instrumental strategies that would improve the

sensitivity and specificity for macroscopic lifetime autofluorescence without increasing the

overall cost, inducing photobleaching effects because of high power density, sacrificing acqui-

sition time and/or being limited to small FOVs. In order to integrate in a single platform:

the acquisition of a larger FOV, modifiable hyperspectral excitation and modifiable hyper-

spectral detection that can create unmixing capabilities, we propose a Single Pixel based

Hyperspectral Macroscopic Autofluorescence Lifetime imaging (SP-MAFLI) setup.
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Figure 2.2: Single pixel hyperspectral system used for visible planar (2D) imaging in
a reflectance configuration. Figure only represents the arrangement and is not a scale
version of the system.

The proposed SP-MAFLI setup, shown in Figure 2.2, is an adaptation of the single-

pixel arrangement displayed in (28) for the hyperspectral visible regime in both excitation

and detection. A DMD (VIS S2+ optics module, Digital Light Innovations,TX) is modu-

lated to project a selected pattern basis(120, 122). Given that Hadamard patterns contain

+1s and -1s, and DMDs are limited to values from 0 to 255, two complimentary patterns,

one reflecting +1s and it’s inverse, are measured and subtracted from each other to reflect

the measurement as acquired by the original pattern. For a classical single-pixel configu-
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ration (intensity based only), the emissions of the sample go through the structured DMD,

and then are received by a single detector, like a Photomultiplier Tube (PMT) or a Single-

Photon Avalanche Diodes detector (SPAD), which records the intensity for that specific

DMD pattern. Therefore, each collected pattern encodes information of the sample’s in-

tensity emission. However, if the detector operates in the time domain, parallel to the use

of a pulsed illumination source: each collected pattern/measurement will encode both the

time-domain and intensity information of the sample plane. For the SP-MAFLI setup used

throughout this manuscript and displayed in Figure 2.2, a PML-SPEC detector assembly

(Becker and Hickl GmbH, Germany) is employed in the same arrangement as in (28). It

is composed of a 16-channel PMT detector preceded by a spectrometer unit that divides

the detected emissions into it’s multiple wavelength components. Hence, each detector slot

corresponds to a single-pixel camera that collects a different wavelength component of the

sample’s emission. Furthermore, besides recording intensity, each detection channel resolves

time-domain information through the use of an SPC-150 and DCC-100 (Becker and Hickl

GmbH, Germany) single-photon counting unit. The detection range in the PML-SPEC can

be modified for 16 parallel wavelengths from 475 to 1000nm with ∼ 4.5nm space in between

wavelengths, however the grating on the spectrometer unit can be changed in case a different

wavelength range wants to be targeted; as the PML-16-C multialkali unit can detect starting

from 300nm up to ∼750nm with high quantum efficiency. The emissions are directed to the

PML-SPEC unit through a fiber bundle. In order to focus the collected emissions into the

bundle, lenses L4 to L6 are employed (L4/L5: AC254-030-AB, Thorlabs and L6: 45-507,

Edmund Optics). Before focusing the emissions of the sample to the bundle, they are filtered

from excitation wavelength (FF01-515/LP-25, Semrock) and homogenized through a hexag-

onal light pipe (63-086,Edmund Optics). The collected emissions are relayed from the DMD

to the light pipe through lenses L1 to L3 (L1: LB1757-A, L2: LB1761-A, L3: LB1761-A,

Thorlabs).These components form the detection branch of the system. The sample plane is

illuminated with an approximately homogeneous expanded beam (3.8 mW ) that covers the

field of view (FOV) of 34×34mm with optical power density of ∼0.24mW/cm2 across the

sample plane. The distance between the sample plane and detection DMD is ∼140 mm and

it’s modifiable depending on the plane of focus. A borosilicate surface is employed so that

the Instrument Response Function (IRF) of the system can be characterized without unde-

sired autofluorescence effects. This component can be removed for applications where the
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signals from stage materials are negligible, such as for obtaining superficial measurements

of thick sample specimens. The illumination is provided by a super-continuum source (78

MHz Super-continuum, SuperK Extreme, NKT Photonics, Denmark). The source is pro-

ceeded by an Acousto-Optic Tunable Filter (AOTF) set (NKT Photonics, Denmark) that

provides parallel wavelengths from the super-continuum input. Up to 8 parallel wavelengths

can be displayed at the same time. For system validation, wavelengths within 488 to 515nm

(488, 494, 500, 506, 512 and 515nm) were chosen to excite example target autofluorophores:

Protoporphyrin IX (PPIX), Riboflavin (R) and Flavin Adenine Dinucleotide (FAD), since

these excitation bands are the most favorable for macroscopic excitation with higher power

output from the AOTF unit. Emission filter FF01-488/50-25 (Semrock,NY) is placed after

the illumination output to remove any spectral residual that might overlap with the excited

emissions. With the current AOTF optics, the illumination power decreases at wavelengths

lower than 488nm. However, this should be resolved in the future with the market availabil-

ity of an AOTF component with higher transmission efficiency for bands lower than 488nm,

which will likely be needed to target NADH imaging (225, 226). Nevertheless ,the ability to

macroscopically excite molecules like Flavins, which are major contributors to tissue autoflu-

orescence (227), as well as Protoporphyrin IX (PPIX), which is of great interest in guided

surgical reception with 5-aminolevulinic acid (ALA)-induced Protoporphyrin fluorescence

(53), makes these autofluorophores noteworthy test targets.
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Figure 2.3: Example Instrument Response Functions (IRFs) for excitation wave-
lengths ranging from 488 to 515 nm as detected through 16 detection channels without
any spectral filter.
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Example of the system’s hyperspectral Instrument Responses (IRFs) for the target

illumination range at 1s integration time are shown in Figure 2.3 with the average Full-Width

at Half Maximum (FWHM) value for 16 detection slots (wavelength channels). The detection

range was set to cover the illumination wavelength bands without any detection filtering, just

for characterization purposes. The full time-range window is 12.8ns total as the illumination

repetition rate is 78MHz. The Average FWHM is 0.22±0.015ns for all channels. This should

be sensitive enough to accurately resolve higher than 0.22ns autofluorescence lifetime decays,

which is the case for typically reported values of the target autofluorophores.(39) Additional

experimental validation of this arrangement will be described in the upcoming chapter for

autofluorescent in vitro scenarios.

2.3 Assessing compressive basis for 2D single-pixel lifetime imag-

ing

The described NIR planar single pixel arrangement was used to compare different

compressive basis patterns for intensity imaging, lifetime imaging, and FRET quantifica-

tion. Six popular basis patterns were compared experimentally in a phantom containing

two fluorescent dyes. The basis patterns that performed best for lifetime quantification were

used to measure FRET occurrence in well-plate samples with varying acceptor-donor ratios.

The ABS-WP approach using Haar patterns and the compressive sensing approach with

Hadamard Ranked patterns displayed the best overall performances at a 50% compression

ratio for a 32 × 32 pixel resolution.

2.3.1 Motivation

Fluorescence lifetime is an intrinsic property of fluorophores that depends on its molec-

ular environment and not on its concentration. (127) Its imaging is particularly useful to

quantify Förster Resonance Energy Transfer (FRET), which is widely employed as a nano-

proximity assay for biomedical applications. (22) Single-pixel imaging exploits spatially

compressed optical signals to recover 2D images from few 1D measurements. (117) Mathe-

matically, it consists of inverting the linear equation m = ∆tPs to solve for sample plane s,

where m represents the measured data, P the illumination patterns, and ∆t the integration

time for each pattern. The imaging performance depends on the choice of compression pat-

terns as well as the strategy for selecting a subset for measurements (228). Multiple basis
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patterns such as Hadamard (229), Fourier (120), speckle (130), and wavelet (122) have been

proposed. Intensity imaging using Hadamard and Fourier patterns have been compared in

(143). In this section, the aim are (1) to compare patterns (e.g., wavelets) that have not

been considered so far and (2) to assess them for intensity mapping, fluorescence lifetime

and FRET quantification. Herein, six different pattern approaches are experimentally in-

vestigated and their ability for 2D imaging as well as to quantify lifetime and NIR FRET

interactions is assessed. Correct quantification of NIR-FRET is the aim goal as it represents

a challenging application with bi-exponential nature.

2.3.2 Pattern generation

All patterns are generated using MATLAB, considering 32×32 images that are con-

verted to 8-bit integers and resized to 672×672 to match the DMD physical resolution.

The patterns are divided into positive and negative parts for further processing after data

collection.

ABS-WP Haar

Fourier Normal Hadamard

Ranked HadamardSign Hadamard

Speckle

(a) (b) (c)

(d) (e) (f)

Figure 2.4: Examples of patterns to be compared. (a) Speckle patterns. (b) Fourier
patterns (c) Normal Hadamard patterns. (d) Sign Hadamard patterns. (e) Ranked
Hadamard patterns. (f) Haar patterns.

Herein, we used only 512 patterns out of the 32×32 = 1024 patterns, resulting in a 50%

compression ratio. The list of basis patterns to be compared and for which some example
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patterns are shown in Figure 2.4 is: (a) Speckle, (b) Fourier, (c) Normal Hadamard, (d)

Sign Hadamard, (e) Ranked Hadamard, and (f) ABS-WP Haar. The Hadamard patterns

are generated using a natural sequence through the Hadamard Matlab function for N=1024.

(23) We consider three different Hadamard pattern orders: “Normal” uses the default se-

quence provided by the function, so they are sequentially obtained from the first to the last

row of Hadamard matrix. “Sign” are the “Normal” patterns arranged by positive and neg-

ative parts. The patterns are further arranged from low to high spatial frequency to yield

“Ranked” Hadamard patterns. Speckle patterns are obtained from uniformly distributed

random multiplicative noise using the imnoise() Matlab function (130) with a mean of 0

and variance of 10. Fourier patterns are accomplished by cosine function generation, where

the cosine function has a frequency of 2π. The x/y frequencies change from 1 to 8 with 8

phase shifts.(120) Haar patterns are taken from a Haar wavelet basis that contains 16 scaling

functions and they are predicted from a wavelet transform map of the low resolution image.

(122).

2.3.3 In vitro intensity and lifetime reconstructions

To investigate the performances of these various basis patterns in the case of single

lifetimes, we prepared fluorescence phantoms with RPI letters: ’R’ and ’I’ contained AF750

(ThermoFisher Scientific, A33085) fluorescent dye at 4.16 µM concentration prepared with

PBS 1X; letter ’P’ contained HITCI (Sigma Aldrich, 252034) dye at 40 µM concentration

prepared with 100% Ethanol. The volumes of the RPI letters are 149 µL, 124 µL and 81

µL, respectively. Using a piecewise homogeneous phantom allows to estimate the noise of

the reconstructed image. Seven identical phantoms were prepared: one per basis patterns

and one for measuring lifetime ground-truth values with a gated-ICCD system (67, 96). To

minimize evaporation effects, we filled each phantom with the same stock solutions of the dyes

before measuring each basis patterns. Moreover, since lifetime is considered independent of

concentration, minimal evaporation changes should not compromise its quantification. The

system illumination and detection schemes were calibrated with the six different pattern

sets. The calibration process involved matching the field-of-view of the illumination and

detection DMDs. In addition, the patterns were projected on the image plane and recorded

using an external NIR CCD to be later used during the image reconstruction step. Each

pattern accounted for 0.5 seconds exposure time and the excitation wavelength was 740 nm.
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A 780 nm (Semrock FF01-780/12-25) filter with spectral range 774-786 nm was added to the

detection optics and the PMT detection range defined from 715 nm to 778 nm with central

wavelength at 742 nm. The field of view (FOV) was 35×35 mm2 and the optical power

density ≈5.49 mW/cm2. Using constant parameters for each basis patterns we acquired a

data cube composed of one time point spread function (TPSF) per pattern and per detection

channel. The TCSPC unit produced each TPSF over 256 time channels. We first evaluated

the 32×32 intensity images recovered by the different approaches for different compression

ratios. For all basis patterns, we considered increasing compression ratios ( 50%, 60%,

70%, 80% and 90%) by decreasing the number of patterns. While most approaches select

patterns prior to acquisition (120), adaptive strategies select patterns during acquisition

(122, 230). For Hadamard, Fourier and Speckle basis, patterns were chosen a priori and a

linear solver reconstructed the images from the raw data. We used the so-called TVAL3

algorithm (231), which promotes piecewise constant solutions. For Haar wavelet patterns,

we implemented an adaptive basis scan by wavelet prediction (ABS-WP) using the SPIRIT

toolbox. (232) The Haar patterns were selected among the Haar basis during acquisition

and the image was simply recovered through fast inverse wavelet transforms of the raw data.

The images reconstructed for a 50% compression ratio are shown in Fig 2.5(a) and the image

reconstruction quality for increasing compression ratios is plotted in Fig 2.5(b).

Intensity images are computed by integrating the hyperspectral time-resolved data

cube over the detection channel located between ≈760 and 765 nm and over the 256 time

channels. Before every experiment, a ground-truth image was measured using the external

NIR CCD camera from the setup. The 616×619 CCD image is resized to 32×32 to match

the size of the single-pixel reconstructed intensity images. Both the ground-truth and the

recovered intensity image are normalized to their maximum value. We used the structural

similarity index (SSIM) metric to measure the similarity between the ground-truth and the

recovered images.

SSIM − (2µxµy + c1)(2σxy + c2)

(u2
x + u2

y + c1)(σ2
x + σ2

y + c2)
(2.1)

where µx and µx are the local means, x and y the standard deviations, xy the cross-covariance,

and the c1 and c2 terms are regularization constants for luminance and contrast (233).

Variable x constitutes the output 32×32 reconstructed image and y the ground-truth 32×32
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Figure 2.5: (a) 32×32 pixels ground-truth (GT) and reconstructed intensity images
at 512 patterns and (b) SSIM in relation to ground-truth.

CCD image. In this case SSIM was calculated globally. Overall, the best intensity images are

recovered by the ABS-WP approach, no matter the compression ratio. Ranked Hadamard

patterns provided similar results to the ABS-WP approach, up to compression rate of 70%.

Normal Hadamard reconstruction shows large artifacts, which are related to the measurement

of high-frequency patterns leading to low signals that are highly affected by noise. The SSIM

values for Sign Hadamard and Fourier patterns are similar for compression ratios below 70%.

Finally, speckle patterns yielded lower SSIM values than the other basis patterns, except for

the normal order Hadamard that led to the worst image quality. Second, we exploited the

time domain data to quantify lifetimes. Each TPSF from the 12th spectral channel of the

recovered data cube was fitted to a mono-exponential decay convolved with the instrument

response function (IRF), i.e.,

m(x, y, t) = IRF (t) ∗ exp( −t

τ(x, y)
) (2.2)
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Figure 2.6: (a) Lifetime maps. (b) Mean lifetime and standard deviation within letters
’R’ (red), ’P’ (blue), and ’I’ (black); the horizontal lines indicate ICCD ground-truth
values.

where m(x, y, t) is the TPSF recovered at pixel (x,y) and τ is the fluorescence lifetime. The

IRF was measured after each basis measurement with a wide-field illumination pattern. Each

pixel of the TPSF is denoised with a one-dimensional low-pass filter and normalized. The

fluorescence decay was then tail-fitted using a MATLAB built-in optimization interior-point

algorithm. Initial values of 1 (ns) with ± 0.05 (ns) boundaries was provided for letter ’P’

and 0.5 (ns) with ± 0.05 (ns) for letters ’R’ and ’I’, where the letters are segmented from

the ground-truth images shown in Fig 2.5(a). In order to deliver accurate fits with low

residuals, initialization values were provided to the optimization algorithm per each letter.

The obtained lifetime maps are displayed in Fig 2.6(a). To quantitatively compare the

performance of each compressive basis patterns, we also computed, in each letter, the mean

lifetime and standard deviation values as summarized in Fig 2.6(b).

To compute the descriptive statistics, the lifetime values on each letter were ordered

and 60% of them used, that is 60 pixels for ’R’, 52 pixels for ’P’ and 25 pixels for ’I’.
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By imaging the additional RPI phantom on a gated ICCD system, mean values of 0.50 ±
0.017 (ns) were obtained for letters ’R’ and ’I’ containing AF750 dye and 0.92 ± 0.018 (ns)

for letter ’P’ containing HITCI dye. The lifetime range for each letter is evaluated and a

closer relation of the mean value and standard deviation to ground-truth is therefore desired.

In terms of mean values for letter ’P’ containing HITCI dye, the closest mean relation is

accomplished by ABS-Haar, which also displays the smallest standard deviation range after

Hadamard Sign. The standard deviations of the other basis patterns partially contain the

ground-truth range for this letter. On the other hand ABS-Haar and Ranked Hadamard

better approximate the ground-truth mean for letters ’R’ and ’I’, which contain the same

dye AF750 and therefore should ideally yield the same lifetime mean. For these letters,

ABS-Haar Fourier and Hadamard Ranked display the smallest standard deviation ranges.

Even though normal Hadamard encloses the ground-truth values, its range for letter ’P’ also

encloses values present in the lifetime range of letter ’R’ and vice-versa. Overall, the ABS-

Haar and Hadamard Ranked basis patterns showed the most accurate lifetime estimations

for all letters (i.e.: closer means to ground truth and smaller standard deviation for both

fluorophores).

2.3.4 In vitro FRET reconstructions

To further compare these basis patterns, we conducted an experimental study focusing

on one of the most challenging lifetime-based applications, NIR FRET. As the ranked and

sign Hadamard, ABS Haar, and Fourier were the best at quantifying lifetime on the RPI

phantom, the quantification of FRET was restricted to these basis patterns. The FRET

sample contained AF700 Mouse IgG1 (ThermoFisher Scientific, MG129) donor dye and

AF750 goat anti-mouse IgG (ThermoFisher Scientific, A-21037) acceptor dye with respective

concentrations of 50 µg/ml and 100 µg/ml. PBS 1X solution was used to prepare the desired

concentrations. Six wells were filled with 250 µL of different acceptor-donor combinations.

The wells described in Figure 2.6(b) for well 1 contain AF700 only, well 2 and well 3 PBS

only and wells 4 to 6 contain ratios of AF750 to AF700 of 1:1, 2:1 and 3:1. The PBS and

AF700 only wells were used as experimental control; therefore, FRET interaction is only

expected in wells 4 to 6.

Four well-plate samples were prepared from stock solutions. Samples were excited

at 695 nm and exposed for 1.5 seconds per pattern. A 715 nm long pass filter (Semrock,
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Figure 2.7: (a) FD% maps per basis patterns. (b) Highest raw data TPSFs. (c) FD%
mean and standard deviation to ground-truth.

FF01-715/LP-25) was added to the detection optics. The third channel, which was used

for reconstructions (≈720nm to 730), would detect minor acceptor bleed-through. All the

experimental parameters were kept constant for all patterns. Hadamard Ranked, Hadamard

Sign and Fourier were reconstructed through TVAL3 and Haar patterns through the ABS-

WP approach. A bi-exponential fit yielded the amplitudes and lifetimes of the FRETing

and non-FRETing populations. At each pixel, we assume:

m(t) = IRF (t) ∗ [aF e
−t
τF + aNF e

−t
τNF ] (2.3)

where aF , aNF are the amplitudes of the FRETing and non-FRETing donor and τF ,

τNF their respective lifetimes. Amplitudes are normalized such that aF+aNF=1. Initial

values of 1 ± 0.05 (ns) and 0.35 ± 0.05 (ns) for long and short lifetime were provided. Fig

2.7(a) shows the FRET donor fraction (aF ) percentage maps for wells 1 to 4 for the different

basis patterns. For increasing acceptor to donor ratio, the FRET interaction should increase

linearly. (67) Although well 1 contains a 0:1 ratio and no FRET interaction is expected,

relative amplitudes of 15% and 85% are estimated. The correction of this inherent type

of bias, which has already been reported in (28, 67, 234), falls outside the scope of this

study. Fig 2.7(c) displays the mean values of each well and their standard deviation range.
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ICCD ground-truth values for the FRET samples are also included. A linear trend within

ground-truth values is observed for the four sets of patterns, with ABS-Haar displaying the

least accurate 0:1 ratio estimation and linearity. Fourier patterns on the other hand result

in a smoother FRET Donor Fraction (FD%) map (though without recovering the lower

FRET donor fraction spatial distribution in its entirety). It is important to mention that

FRET quantification experiments are limited by the variability of FRET interactions from

sample to sample; however, similar ground-truth linear trends have been previously reported.

(28, 67, 234)

m(x, y, t) = IRF (t) ∗ exp( −t

τ(x, y)
) (2.4)

2.3.5 Discussion

In summary, all basis patterns investigated herein were successfully implemented in

a single pixel paradigm for lifetime imaging. In all cases, spatially resolved TPSFs could

be reconstructed. Though, when intensity spatial accuracy and lifetime quantification were

assessed, the ABS-WP approach and ranked Hadamard strategy outperformed the other

compressive basis patterns. The ABS-WP approach and ranked Hadamard strategy pro-

vided very similar performances for a compression ratio at 50%, both for intensity and

lifetime-based quantification. Ranked Hadamard performed better for FRET quantification.

Considering that the excitation wavelength, exposure time, power density, detection range

and FOV were kept constant, comparing raw TPSFs for the highest photon counts between

the ABS-WP approach and Ranked Hadamard reveals that ABS-WP based on Haar pat-

terns lead to more noisy TPSFs with lower number of photon counts, as displayed in Fig

2.7(b). This is most likely the reason why ranked Hadamard performs better in the case

of bi-exponential fitting with short components (NIR FRET). However, it is important to

note that the ABS-WP approach performed better at higher compression ratios for intensity

reconstructions. As employing higher compression ratios is critical to enable the implemen-

tation in single-pixel methodologies for bed side applications, this finding elicits the need

for further refinements and investigation on the performances of the ABS-WP approach at

very high compression ratios. The ABS- WP approach implemented herein used the Haar

wavelets, but further evaluation of ABS-WP wavelets like biorthogonal CDF (235) should

be carried out and compared to the ranked Hadamard methodology. Additionally, in this
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study, the ABS-WP approach was implemented a priori (the whole Haar basis patterns was

acquired and then pattern prediction was performed post acquisition). Further study should

focus on seamless experimental implementation of on-the-fly prediction and compare its com-

putational burden to the fixed pattern basis as obtained with Ranked Hadamard. Overall,

after selection of the appropriate illumination basis patterns and reconstruction approach,

compression ratios higher than 50% and higher resolutions should be explored to improve

both resolution, quantification and acquisition times.

2.4 Summary

In this chapter the instrumentation to be used throughout the thesis has been pre-

sented. First the single-pixel hyperspectral arrangement for planar imaging and tomographic

imaging in the Near Infrared (NIR) regime is described and their components summarized.

Moreover, the adaptation of the single-pixel hyperspectral imaging scheme for acquisition of

datasets in the visible regime has been described, together with the motivation of its use for

macroscopic autofluorescence imaging. Experimental validation of the system for in vitro

experimental settings will be mentioned later in this thesis. Finally, 6 different pattern bases

were investigated and were successfully implemented in a single pixel paradigm for lifetime

imaging. Of note, many of these basis had been experimentally tested for intensity imaging

only. In all cases, spatially resolved TPSFs could be reconstructed. Overall, when assessing

spatial reconstruction accuracy of intensity, lifetime, and FRET as a whole, the ABS-WP

approach and Ranked Hadamard strategy performed best at a 50% compression ratio for a

32×32 resolution. Finally, the need for an increase in resolution as well as an increase in

compression ratio so that acquisition times are not unbearable for in vivo applications, is

highlighted.



CHAPTER 3

OPTIMIZING RECONSTRUCTION AND ACQUISITION

TIME OF 2D HYPERSPECTRAL SINGLE-PIXEL LIFETIME

IMAGING FOR IN VIVO APPLICATIONS

This chapter is focused towards the application of Deep Learning (DL) based approaches

for the improvement of single-pixel hyperspectral 2D imaging with respect to reconstruction

quality and acquisition time. Initially, the use of NetFLICS, a DL architecture that directly

reconstructs intensity and lifetime based information from single-pixel measurements, is de-

scribed, assessed, and used to reconstruct the planar distribution of in vitro phantoms and an

in vivo mouse model targeted with Transferrin-conjugated AF700 & AF750 contrasts. Then,

in the following section this work is extended through the implementation of NetFLICS-CR,

a DL architecture that enables higher resolution reconstructions and the use of high com-

pression ratios for significant reduction of the acquisition and reconstruction times that are

typically needed. The NetFLICS-CR architecture is explained and validated in silico as well

as experimentally through in vitro and in vivo mouse models with HER2 positive tumor

xenografts that are targeted with Trastuzumab-conjugated AF700 & AF750 contrasts and

monitored over longitudinally. Of note, Trastuzumab is an FDA approved drug for the treat-

ment of breast and stomach/esophageal cancer. The second section explains on the use of

the hyperspectral information acquired by the single-pixel platform to increase specificity of

the detected signals.

3.1 Net-FLICS: fast quantitative wide-field fluorescence lifetime

imaging with compressed sensing – a deep learning approach

Macroscopic Fluorescence Lifetime Imaging (MFLI) via Compressed Sensed (CS) mea-

surements enables efficient and accurate quantification of molecular interactions in vivo over

a large field of view (FOV). However, current data processing workflow is slow, complex and

Portions of this chapter previously appeared as:

M. Ochoa, A. Rudkouskaya, R. Yao, P. Yan, M. Barroso, X. Intes, High compression deep learning based
single-pixel hyperspectral macroscopic fluorescence lifetime imaging in vivo. Biomed. Opt. Express 11,
5401-5424 (2020).

R. Yao, M. Ochoa, P. Yan, X. Intes, Net-FLICS: fast quantitative wide-field fluorescence lifetime imaging
with compressed sensing–a deep learning approach, Light Sci. Appl. 8, 26 (2019).
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performs poorly under photon-starved conditions. This section applies Net-FLICS, a novel

image reconstruction method based on Convolutional Neural Network (CNN), to reconstruct

intensity and lifetime images directly from raw time-resolved CS data both in vitro and in

vivo.

3.1.1 Introduction

Convolutional Neural Networks (CNN) with convolutional layers for multi-level feature

extraction have been successfully employed for image processing (236) and reconstruction

from compressive sensing data (237–239), which encompasses single-pixel based imaging

with compressed sensing. Our group has previously reported in (238) on the design and

validation of a deep neural network named Net-FLICS which enables DL-based fluorescence

intensity as well as lifetime imaging directly from time-resolved single-pixel data sets. In

addition to significantly shorter data processing time compared to a classical inverse-solved

workflow based on TVAL3 (231) and LSM fitting, Net-FLICS also demonstrates better

quantitative accuracy, for common MFLI applications. The network was trained entirely

on a model-generated simulation data set, but successfully validated on in vitro and in vivo

experimental data sets in the challenging case of NIR FLI which is characterized by sub-

nanoseconds lifetimes. The architecture of Net-FLICS designed by Yao et al. (238) is inspired

by ReconNet (237) and Residual Network (ResNet) (180). Net-FLICS takes an array of size

256×512 as input, representing 512 CS measurements with 256 time gates, and outputs an

intensity image and a lifetime image, both of size 32×32, as the reconstruction prediction.

The architecture of NetFLICS is displayed in Figure 3.1 and further information on the

architecture and training can be found in (238). NetFLICS is trained (≈4.5 hours) through a

data generator which mimics the process of Compressed Sensing based Fluorescence Lifetime

Imaging for EMNIST (240) based images.

3.1.2 Methods & results

First, to show the outputs of Net-FLICS at distinct points within the architecture, 400

simulated samples with random intensity, lifetime and noise variations were used as input.

To display the results, maps were created from t-distributed Stochastic Neighbor Embedding

values (tSNE) (241) calculated from the outputs after the transpose section of the common

segment in Figure 3.1(c) and ResBlock’s of the intensity and lifetime segments in Figure
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(a)

(b)

(c)

(d)

Figure 3.1: The architecture of Net-FLICS (a) and extracted features at different
endpoints of the network as displayed in t-SNE maps. (b) Intensity segment in photon
counts. (c) Common segment, and (d) Lifetime segment in nanoseconds.

3.1(b) and Figure 3.1(d). Since tSNE performs dimensionality reduction, it is selected to

visualize Net-FLICS data clusters through the display of low-dimensional points. Each point

of the map therefore represents a sample’s position in relation to the data cluster. The com-

mon segment displays data points that are a combination of intensity and lifetime features.

On the other hand, a difference is observed in the tSNE distribution of the intensity and

lifetime segments, respectively displaying only intensity or lifetime features. The intensity

and lifetime ranges of the common branch output are also displayed and are dependent on

the ranges of the 400 random generated samples.

For in vitro validation the hyperspectral single-pixel setup reported in (28) was used. A

phantom with RPI letters was prepared from stock solutions, containing AF750 dye (Ther-

moFisher Scientific, A33085) at ≈5 µM concentration for letter “R”, “I” and HITCI dye

(Sigma Aldrich, 252034) at ≈40 µM for letter “P”. The use of a homogeneous phantom is
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Figure 3.2: Net-FLICS MAE training curves and final MAE distributions for 800
simulated samples. (a) Intensity and lifetime MAE during training. (b) Distribution
of the MAE of intensity and lifetime reconstructions for 800 simulated samples.

preferred since MFLI focuses on retrieving fluorescence intensities and lifetimes over macro-

scopic regions that typically exhibit limited variation in both quantitative parameters. Since

letters “R” and “I” both contain AF750, they should yield similar lifetime values. This

feature of the phantom serves as experimental validation. The same 512 Hadamard patterns

used in the data generator were used for acquisition with 1 second exposure time for each

pattern, yielding a total acquisition of ≈9 minutes. Excitation wavelength at 740 nm and

detection wavelength with maximum fluorescence intensity at ≈761 nm were used. To elimi-

nate the effect of laser jitters, the raw experimental TPSFs were shifted so that its 5% rising

point of the 1st illumination pattern (full-field) matched that from the simulated TPSFs,

which was typically implemented before LSM-based lifetime fitting.

The reconstruction results for both Net-FLICS and TVRecon are displayed in Figure

3.2(a). Net-FLICS reconstructions are directly quantified without any post-processing while

for TVRecon background lifetime pixels are set to 0. Figure 3.2(b) displays the distribution

of values per reconstructed intensity and lifetime image. Two main distributions can be
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Figure 3.3: Comparison of intensity and lifetime reconstruction results between Net-
FLICS and TVRecon on in vitro datasets. (a) Intensity and lifetime for RPI phantom;
(b) Lifetime distribution for RPI phantom; (c) Intensity and lifetime for the decreasing
AF750 concentration; (d) Lifetime distribution for the decreasing AF750 concentra-
tion.

observed at ≈0.5ns and ≈0.9ns, corresponding to AF750 (“R” and “I”) and HITCI (“P”).

Compared to TVRecon, smaller variation is observed for both lifetime components in Net-

FLICS results, which is desired since phantom letters are homogenous and continuous. This

can be further validated by the summarized mean lifetimes and standard deviation tables

displayed in the figure.

We further analyzed the performance of Net-FLICS and TVRecon under different pho-

ton count levels through an in vitro well-plate based data set. Six wells of AF750 with varying

concentrations (1000 nM, 500 nM, 250 nM, 125 nM, 62.5 nM and 31.5 nM), were prepared as

displayed in Figure 3.3(c). The data processing steps are the same as in the “RPI” phantom

experiment. As shown in Figure 3.3(d), the outlier number in the TVRecon reconstructions

increases significantly with lower photon counts. Since all wells contain the same dye, the

distribution of the lower concentrations should ideally be like the distribution of the 1000 nM
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Figure 3.4: In vivo intensity and mean lifetime reconstructions at 4 hours and 6 hours
post-injection.

concentration. In contrast, Net-FLICS yields more localized distributions at ≈0.5 ns even

for the lowest concentration. The wells’ mean lifetimes and their standard deviations are

displayed in the figure in table format. For both approaches the standard deviations increase

as the concentration of AF750 decreases, due to higher Poisson noise. However, Net-FLICS

consistently outperforms TVRecon at all photon counts levels and delivers reliable results

for the noisiest cases.

Finally, we tested the performance of Net-FLICS using an in vivo mouse dataset (28).

The mouse was injected with transferrin-conjugated AF700 & AF750, and the measurements

were taken 4 hours and 6 hours post injection with the single pixel system (28) to analyze

the FRET interaction inside the liver and urinary bladder over time. Measurements at

the emission wavelength with the highest intensity (730 nm) were selected. Unlike the

above in vitro experiments, only the first 400 Hadamard pattern pairs ranked by spatial

frequency were used to achieve shorter data acquisition time for a 32×32 pixel resolution.

(242) Shorter acquisition times are desired for in vivo conditions. The reconstructions are

displayed in Figure 3.4. For Figure 3.4 the smaller standard deviations for Net-FLICS

result in smoother FRET mean lifetime maps, which are expected for in vivo conditions.

Indeed, as these measurements are obtained from intact live animals, the fluorescence maps

acquired on the animal surface are diffuse by nature and hence, should demonstrate some

smooth features, both in intensity and for FLI. However since in vivo experiments can not

be ground-truth validated. Further analysis might be needed to fully understand the level
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of variation expected from each organ.

3.1.3 Discussion

In summary, we reported on a new CNN, named Net-FLICS, that enable to generate

quantitative fluorescence intensity maps as well as FLI images at computational speeds 4 or-

ders of magnitude faster than current inverse-based and fitting methodologies (≈7,000 times

our computational platform). This novel network design was trained and extensively vali-

dated using a model-generated simulation data set demonstrating it superior performances.

Moreover, it was validated with independent experimental data sets that were not employed

in its training. In all cases, both in vitro and in vivo, Net-FLICS produced quantitative

intensity and FLI maps with improved accuracy than the classical TVRecon inverse-solved

approach.

Of importance to numerous bio-photonics applications, the FLI quantification provided

by Net-FLICS was superior under photon-starved conditions. Hence, we expect that Net-

FLICS and other deep learning methodologies will further cement the utility of lifetime-

based parameters for biomedical applications. Furthermore, Net-FLICS was trained via a

model-based approach but still provided outstanding results with experimental data without

requiring a tweaking of network parameters. Hence, Net-FLICS is a fit-free, inverse solver-

free, and user-friendly methodology that could improve the acceptance of FLI by non-expert

user communities such as biologists, drug development scientists, and surgeons.

3.2 High compression deep learning based single-pixel hyperspec-

tral macroscopic fluorescence lifetime imaging in vivo

Single pixel imaging frameworks facilitate the acquisition of high-dimensional optical

data in biological applications with photon starved conditions. However, they are still limited

to slow acquisition times and low pixel resolution. Herein, we propose a convolutional neural

Network for Fluorescence Lifetime Imaging with Compressed Sensing at High Compression

(NetFLICS-CR), which enables in vivo applications at enhanced resolution, acquisition and

processing speeds, without the need for experimental training datasets. NetFLICS-CR pro-

duces intensity and lifetime reconstructions at 128×128 pixel resolution over 16 spectral

channels while using only up to 1% of the required measurements, therefore reducing acqui-

sition times from ≈2.5 hours at 50% compression to ≈3 minutes at 99% compression. Its
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potential is demonstrated in silico, in vitro and for mice in vivo through the monitoring of

receptor-ligand interactions in the liver and bladder, as well as imaging of intracellular de-

livery of the clinical drug Trastuzumab to HER2-positive breast tumor xenografts. The data

acquisition time and resolution improvement through NetFLICS-CR, facilitate the trans-

lation of Single Pixel Macroscopic Flurorescence Lifetime Imaging (SP-MFLI) for in vivo

monitoring of lifetime properties and drug uptake.

3.2.1 Introduction

Over the last two decades, computational imaging has experienced an explosive growth

thanks to its aptitude to overcome limitations of conventional imaging methods (243). Espe-

cially, optical computational imaging has led to the development of new imaging techniques

that have greatly impacted numerous fields including material sciences, computer vision

and biomedical sciences (244). These technical breakthroughs have been stimulated by the

wide availability of new optical components such as light modulators and/or sensitive digital

sensors. Moreover, the emergence of the theoretical framework of compressive sensing has

empowered the implementation of efficient computational imaging systems (137). Among all

technical approaches, structured light techniques have played a significant role in advancing

this field (245, 246). For instance, the incorporation of spatial light modulators in the op-

tical chain has led to improved resolution in microscopy (247), enabled the reconstruction

of 4D phase amplitude data (248, 249), facilitated hyperspectral microscopy (250, 251), or

enabled fast optical tomography of thick specimens (92, 96). Nevertheless, there is still a

strong incentive to develop novel imaging techniques for biomedical applications, that can

acquire high-dimensional data (space, time, phase and spectrum), with increased information

content, such as required in highly multiplexed molecular imaging. (252) However, biologi-

cal applications, especially in vivo fluorescence-based imaging applications are characterized

by faint signals due to the scattering and absorptive nature of intact (non-cleared) tissues

(253). One computational imaging approach that is well positioned to tackle such low signal

conditions to generate these desired high-dimensional datasets is single-pixel imaging (117).

To date, the single pixel imaging approach has been implemented for various applications

ranging from astronomy to medical imaging. (254) A single-pixel camera is typically based

on an inverse problem that aims at reconstructing 2D images from measurements that sam-

ple the object of interest with a series of spatially encoded patterns (structured light) and
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associating these known masks with the corresponding 1D intensity measured with a single

detector. Such arrangement allows the production of low-cost imaging systems comprised of

detectors with fine temporal resolution for lifetime calculations (for example PMTs, SPADs),

hyperspectral adaptability and high sensitivity, thus permitting the concurrent generation

of the desired high-dimensional datasets. Recently, single-pixel imaging’s potential to simul-

taneously acquire spatial, temporal and spectral datasets at the macroscopic level has been

demonstrated via the implementation of single-pixel based Macroscopic Fluorescence Life-

time Imaging (SP-MFLI). It integrates an ultra-fast laser, spatial light modulators, and a

Time Correlated Single Photon Counting (TCSPC) spectrophotometer as described in (28).

This imaging platform enables the acquisition of dense time-domain data for functional imag-

ing or lifetime-based molecular imaging for in vivo applications, both in 2D or 3D. (70, 255)

For a 2D formulation, which is used throughout this work, single pixel imaging retrieves the

hyperspectral fluorescence time domain (TD) information by inverse solving Equation 3.1

for the sample plane x at wavelength λ and time point t with m (m ≤ n) number of patterns

where n represents the total number of pixels for a given resolution, Hm×n represents the

pattern matrix and bλ,tm×x represents the measurement vector. (28, 70)

Hm×nx
λ,t
n×1 = bλtm×1 (3.1)

The m (m ≤ n) implies that the reconstruction of the sample plane x can take place with less

patterns m and measurements b than the original required n amount of 1D measurements

which equals the number of pixels at the desired resolution. (23) In order to comply to the

m (m ≤ n) condition and alleviate the total acquisition time by reducing the number of

acquisition patterns, compressive sensing (CS) strategies, based on sparse illumination basis

and inverse solvers like the ubiquitously employed TVAL3 (231, 242) are needed. Therefore,

if only m patterned measurements out of n are used for reconstruction of the sample plane

xλ,t
n×1 ,then the data has been compressed by a compression ratio (CR) of

CR =
(m− n)

n
× 100 (3.2)

This means only CR percentage of patterned measurements are used for retrieving the

image of the sample plane xλ,t
n×1. Despite the multiple advantages of single-pixel arrange-

ments like SP-MFLI and the option to reduce the amount of needed measurements bλ,tm×1
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(and therefore acquisition time) through CS, one major drawback is the low reconstruction

quality and accuracy of intensity and lifetime images at very high compression ratios (CRs),

which to our knowledge have not been higher than 50% for resolution n = 32×32 or 64×64

pixels in SP-MFLI reconstructions. (28, 238) Such a requirement potentially leads to long

acquisition times or ultra-weak signal conditions as well as long computational times and low

resolutions. Therefore, a high compression ratio is desired since it would allow a decrease

in acquisition time, making the SP-MFLI platform more suitable for fast in vivo imaging,

while maintaining or enhancing pixel resolution. Moreover, due to the ill-posed nature of

the inverse solvers, it is typical to employ advanced regularization techniques, which can

be dependent on post hoc selection of tuning parameters. In this regard, we have recently

proposed the use of deep learning to simultaneously reconstruct intensity and lifetime single

pixel images at high processing speed and without the use of parameter constrained inverse

solvers. (238) However, this approach is still dependent on inputting at least 50% of the

spatially coded measurements and therefore limited to low resolutions or high acquisition

times. To overcome this obstacle and accelerate bed-side translation of SP-MFLI, we pro-

pose NetFLICS-CR (Network for Fluorescence Lifetime Imaging with Compressive Sensing

at high Compression Ratio), a deep learning framework that aims to reduce the number of

required 1D measurements and acquisition times for SP-MFLI by more than one order of

magnitude while increasing resolution to 128×128 pixels. Herein, NetFLICS-CR is tested and

validated within the framework of preclinical small animal studies. Since SP-MFLI can ac-

quire dense spatial, spectral and temporal data cubes for multiplexed fluorescence molecular

imaging,(28) enhancing the technique is intended to advance the drug development pipelines

by enabling fast and simultaneous monitoring of multiple biomarkers at 128×128 resolution,

as well as the quantification of targeted drug cellular delivery via the measurement of near

infrared (NIR) labeled receptor-ligand engagement via Föster Resonance Energy Transfer

(FRET). (22) First, we report on the design and in silico training as well as validation of

NetFLICS-CR. Then, we establish NetFLICS-CR robustness by reconstructing controlled

in vitro experimental data never used during the in silico training phase. Subsequently,

NetFLICS-CR is used to quantify iron-bound transferrin (Tf) based target engagement in

the liver and bladder of live, intact mice. Lastly, we report its applicability to monitor

in vivo drug delivery via SP-MFLI FRET in mice bearing breast cancer tumor xenografts.

Specifically, intracellular delivery of trastuzumab (TZM) was quantified in human epidermal
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growth factor receptor 2 (HER2)-positive tumors in live intact mice. TZM is an antibody

that binds to HER2 on the surface of cancer cells. Notably, TZM is a FDA-approved drug

for the treatment of metastatic breast and gastric cancer that overexpress HER2 (256).

3.2.2 Methods & results

3.2.2.1 SP-MFLI setup

The used SP-MFLI setup has been previously described in (23, 28). The system is used

in its reflectance configuration with widefield illumination and structured light detection in

the NIR range. The illumination is accomplished through a DMD-based pico-projector

(PK101, Optoma, CA) by using a Mai Tai HP laser (Spectra Physics, CA) with 690 nm to

1040 nm pulsed excitation at 80 MHz repetition rate. The emissions from the sample plane

are detected in a structured arrangement by a D4110 DMD (Digital Light Innovations, TX)

and directed towards a fiber bundle connected to a Czerny-Turner type spectrophotometer

(MS125, f-number: 3.7, Newport Optics, CA) that focuses the first-order diffracted light

into a multi-anode PMT detector with active area of 16x16mm (PML-16-C, Becker & Hickl

GmbH, Germany), consisting of 16 detection channels. The signals from the PMT are relayed

to a TCSPC unit (SPC-150 and DCC-100, Becker & Hickl GmbH, Germany) to record the

Time Point Spread Functions (TPSFs) generated from each of the detection channels.

3.2.2.2 TVRecon: TVAL-CS based reconstruction workflow

In order to evaluate NetFLICS-CR results versus a conventional CS based inverse

solving method, the TVRecon (TVAL based reconstruction) approach is employed in paral-

lel. TVRecon is a method for intensity and lifetime image reconstruction composed of two

main algorithms, TVAL3 inverse solver and Least-Squares Minimization (LSQR) algorithm.

TVAL3 stands for “Total Variation Minimization by Augmented Langranian and Alternat-

ing Direction Algorithms”, which is a Matlab inverse solver that helps retrieve the image

sample plane xλ,t
n×1 (Equation 3.1) from its degraded acquisitions. More information about

TVAL3 mathematical model can be found in (231). It is applicable to single-pixel imag-

ing, where the sample plane is described by pattern matrix Hm×n with sparsity constraints.

SP-MFLI output data bλ,tm×1 is composed of a set of Time-Point-Spread-Functions (TPSFs)

and their recorded photon counts for each detection wavelength λ over 256 time points (t).

One of these sets is generated per recorded pattern number m. The CS pattern basis used
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throughout this work will be the Hadamard Ranked basis, as it has previously demonstrated

high performance for parallel acquisition of SP-MFLI data. (242) One important aspect

of this workflow is that TVRecon is highly dependent on user defined parameters for TD

reconstruction of xλ,t
n×1 through TVAL3. Furthermore, in order to obtain lifetime, each pixel

TPSF in xλ,t
n×1 must be subsequently fitted by a separate Least-Squares-minimization (LSM)

algorithm for lifetime reconstruction. The data displayed in Figure 3.5(a) is the structure

of the input for both TVRecon and NetFLICS-CR. Further explanation of the optical sys-

tem and its arrangement to yield this type of output is provided in (28). For TVRecon,

the input is translated into one TPSF per pixel of the desired resolution by inverse solving

Hm×nx
λ,t
n×1 = bλ,tm×1 for xλ,t

n×1 as displayed in Figure 3.5(b). The TVAL3 regularization terms

used throughout this manuscript follow the isotropic model. Since the algorithm is highly

dependent on these terms, the primary and secondary penalty parameters, being the most

important according to the developers (231), are tuned. According to the developers sug-

gestion the primary penalty µ and secondary penalty β parameters should be ideally set

between 24 and 213. Therefore, for the 400 samples used during simulation experiments,

Time-Domain reconstructions were made for all possible combinations of µ and β parame-

ters within the suggested range. The Continuous-Wave intensity reconstructions were later

evaluated versus ground-truth through SSIM and the resulting values averaged for the full

sample set. The combination yielding the highest SSIM value (closer to 1) was used for

Time-Domain reconstructions. The average sample set SSIMs for the possible combinations

are displayed in Figure 3.5(c). Therefore, values of µ = 27 and β = 28 were employed.

Depending on the type of fluorescent probe used for experiments, for the second part of the

TVRecon method, LSQR (Least-Squares Minimization) will be used to produce a mono-

exponential or bi-exponential fit to each pixel TPSF of xλ,t
n×1 to retrieve the lifetime values

per pixel. For a bi-exponential model:

TPSF = IRF ∗ [A1exp(−t/τ1) + A2exp(−t/τ2)] (3.3)

The TPSF on each pixel in xλ,t
n×1 represents the convolution (*) of the IRF with a bi-

exponential (or mono-exponential) model composed of τ1 short lifetime and τ1 long lifetime

components, in respective fractions of A1 and A2, such that A1 + A2 = 1. Therefore, the

mean lifetime (τM) can be obtained through:
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Figure 3.5: (a) Input data for TVRecon and NetFLICS-CR methods composed of

1D measurements bλ,tm×1 per m number of patterns. Examples of Hadamard Ranked
patterns displayed as Hm×n (b) Graphic description of TVRecon workflow with the

first step inverse solving for xλ,tn×1 and the second the LSQR based fitting for each

TPSF in xλ,tn×1 per n pixel (c) Optimization of primary (µ) and secondary (β) penalty
parameters for TVAL3 based on intensity SSIM for 400 simulated samples.

τM = [(
A1

100
)τ1 + (

A2

100
)τ2] (3.4)

The optimization is done using Matlab’s “fmincon()” where upper and lower bounds

have to be initialized. The initialization values correspond to the long and short lifetimes in

nanoseconds, which are estimated factory values. Each value has a parameter bound with

± units. These values are specified in the main text for each experimental set.

3.2.2.3 NetFLICS-CR: architecture design

We recently demonstrated that SP-MFLI sequential image reconstruction tasks could

be performed efficiently and simultaneously using deep learning (DL). Indeed, with Net-

FLICS (238), a Convolutional Neural Network (CNN), single pixel raw fluorescence data

can be reconstructed into intensity and lifetime images in a single workflow and without the

need of parameter optimization. Compared to the TVRecon workflow and when using 50%

of the patterns for a 32×32 resolution, NetFLICS produced higher quality reconstructions

even at low photon counts and at computational speeds 4 orders of magnitude faster. De-

spite these promising initial results, NetFLICS only reconstructs 32×32 images at a fixed

compression ratio of 50% (512 measurements out of 1024). Even-though the increase in
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processing speed is essential to extend HMFLI for clinical in vivo settings, it is necessary

to simultaneously increase resolution beyond 32×32 pixels while decreasing the acquisition

time. Herein, a new CNN architecture, NetFLICS-CR, as displayed in Figure 3.6(a), is pro-

posed to retain the fast processing speed for simultaneous intensity and lifetime retrieval

but reconstruct 128×128 pixels while using compression ratios (CRs) of up to 99% to reduce

acquisition time.

For instance, for a 128×128 resolution, a 90% CR uses 1640 patterned measurements

out of 16,384 while a 99% CR uses only 163 out of 16,384 or 1% m out of n measurements.

(Equation 3.2) NetFLICS-CR is structured in a similar arrangement to NetFLICS (238),

therefore retaining the three branched structure, with a common segment that derives into

separate intensity and lifetime branches. Despite the structure similarity, the kernel sizes

have been modified to account for the increase to 128×128 pixels, while for network training

the common branch allows to input SP-MFLI simulated training data with different CR per-

centages. Moreover, to increase the training robustness on the lifetime branch, 2D Separable

Convolutions (257) have been used to replace 2D Convolutions in order to better extract the

lifetime features along the time dimension of the data. The intensity branch is composed

of a single ResBlock (180) and ReconBlock (237) that yields the reconstructed 128×128

intensity image. The lifetime branch contains a ResBlock, a double ReconBlock structure

and an additional 1D convolutional layer continued by a 2D separable convolution. The 1D

convolutional layers are followed by batch normalization (174) and ReLU (258) activations.

For training, the EMNIST dataset (240) is used as the spatial model to generate 128×128

pixels images. Then, at each pixel, fluorescence time-domain data is simulated using an ex-

ponential fluorescent decay model convolved with an HMFLI instrumental response function

(IRF).For network training and validation per CR, 40,000 in silico TD samples were gener-

ated with 32,000 used in training (in batch sizes of 10 limited by GPU capability) and 8,000

in validation (a sample refers to an EMNIST image with an intensity and fluorescence decay

range per pixel; therefore, a 128×128×256 array). The compressed single pixel measure-

ments are generated by using Equation 3.2. To establish the compression of NetFLICS-CR,

only a subset m of the pattern basis Hm×n is employed for generating the single pixel mea-

surements bλ,tm×1. In all cases, the Hadamard Ranked basis (patterns ranked from low to high

spatial frequency) is used. (242) Therefore, a 99% CR corresponds to only using the first 1%

(m = 163) of the ranked Hadamard basis, while 90% CR to using the first 10% (m = 1640).
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Figure 3.6: (a) Overall NetFLICS-CR block architecture: (b) Mean Absolute Error
(MAE) for intensity and lifetime training & validation curves at different CRs for
5 different training routines. Solid colors represent training curves while transparent
ones represent validation curves. Epoch number was controlled through early-stopping
during network training.

(Equation 3.2) The number of raw single pixel measurements considered per CR is varying

as displayed in Figure 3.7(a). Note that the CR operates on the spatial dimension only. The

training and validation for both intensity and lifetime branches as evaluated through Mean

Absolute Error (MAE) are displayed in Figure 3.6(b) per CR. Additionally, the process was

repeated 5 times per CR to evaluate training stability. The results indicate, for both intensity

and lifetime, that as the CR increases the MAE also increases, which is expected as there is

less data to reconstruct from. The training and validation curves converge in similar MAE

values for the 5 different trainings for each CR, as shown through the solid color shading for

training curves and transparent color for validation curves (Figure 3.6(b)).

Specifically for the data generation workflow, EMNIST figures consisting of digits and

letters are re-scaled from 28×28 pixels to the desired resolution, in the case of NetFLICS-

CR, of 128×128 pixels. Furthermore, data is augmented by randomly clustering many of

the rescaled EMNIST figures and then resizing the space to 128×128 by down-sampling.

The images are rotated, flipped, rescaled and organized randomly across the 128×128 space

so that no repeating figures exist. To mimic the single-pixel data generation, 128×128
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intensity images randomly varying from 200 to 800 photon counts and their corresponding

lifetime images with random values from 0.3 to 1.2 nanoseconds were used. These values

aim to cover typical ranges obtained in the experimental sets. Since the time gates used in

the experimental procedure are kept at 256 with intervals of 32.6 ps, a fluorescence decay

curve with Poisson noise can be simulated for each pixel matching the given intensity and

corresponding lifetime values of the “sample space”. TPSFs were “acquired” by convolving

the decay with an experimentally acquired IRF. To simulate single-pixel acquisition, weights

with value -1 or +1 given by the set of used “illumination Ranked Hadamard” patterns (242),

are applied to the sum of all TPSFs from the “sample space”. As using the full pattern basis

for a 128×128 resolution is not experimentally viable, a total of 1800 Ranked Hadamard

patterns were used for data generation in order to cover a minimum CR of 90% for training.

An example of these sets is shown in Figure 3.7(b).

Figure 3.7: (a) Continuous Wave visualization of simulated raw data and parts of
the measurement that will be used to retrieve reconstructions for each compression
ratio. (b) Example of simulated intensity and lifetime image corresponding to (a) for
128×128 resolution.

A total of 40,000 sets were used, 32,000 for training and 8,000 for validation. Each

sample took approximately 2 hours to generate through MATLAB. After the samples are

generated, the training per compression ratio is achieved by modifying the “pattern dimen-

sion” of the CW part of the data set as exemplified in Figure 3.7(a) for different CRs. The

common branch of NetFLICS-CR translates the input of size CN×256×PN , where PN rep-
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resents the pattern number and CN number of detection channels, into 2D temporal data of

dimensions 256×16384, which corresponds to the number of pixels in a TD 128×128 space.

Additionally, in this branch, sparsity features are extracted from the input, through a 1D

convolutional layer with 16384 size one 1D convolutional kernels that operate along the time

dimension. Then batch normalization and ReLU activations are used. The output of seg-

ment 1 is permuted to 16384×256, so that it can be reshaped into the intensity branch to

128×128×256, which is one TPSF per pixel. One ResBlock of 256 kernels with size 3×3 is

followed by a ReconBlock formed by respective kernel numbers and sizes of 64 and 1×1, 32

and 1×1 and 1 and 3×3, which results in the 128×128 intensity image per detection chan-

nel. Parallel to intensity reconstruction, the transposed output from the common segment

is received by a 1D convolution with 512 kernels of size 1 and batch normalization/ReLU

activation. The output is further reshaped into 128×128×512, which is the input for a sepa-

rable 2D convolution with 256 kernels of size 1×1 and followed by a ReLU activation (200).

Then a ResBlock and two ReconBlocks are used to yield the 128×128 lifetime image per

detection channel. Using an NVIDIA Titan XP GPU, NetFLICS-CR took an approximate

of 17 hours for total training for 6 CRs (99%, 98%, 96%, 94%, 92%, and 90%).

3.2.2.4 In silico reconstructions and quantification

To evaluate NetFLICS-CR accuracy in terms of image reconstruction at each compres-

sion ratio, 400 new TD in silico samples (different from the training and validation set),

were reconstructed. The same samples were also reconstructed with the two-step TVRe-

con procedure, yielding an intensity and lifetime image per CR. The results of both methods

were thresholded for background to 5% of the maximum intensity value and compared versus

ground-truth through the Structural Similarity Index Matrix (SSIM) metric, which for an

ideal reconstruction should equal 1.(233) The 128×128 intensity and lifetime reconstructions

for the three highest compression ratios are displayed for each method in Figure 3.8(a) for an

example simulated data set. The average SSIM for the sample sets is shown in Figure 3.8(b)

for intensity and lifetime, NetFLICS-CR and TVRecon methods. Since NetFLICS-CR was

trained 5 times per compression, one SSIM value per each training and CR is plotted. SSIM

values for both intensity and lifetime are higher than 0.8 at 99% CR and the SSIM values

increase close to 0.9 as the CR decreases to 90%, which is expected due to an increase in

acquired signal. Of note, SSIM values for lifetime are higher than those for intensity. This
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Figure 3.8: (a) Intensity and lifetime reconstructions versus ground-truth (GT). One
of 400 reconstructed samples displayed for visualization. b) Average intensity and
lifetime SSIM values calculated versus ground-truth at different CRs: 90%-1,640,
92%-1,311, 94%-983, 96%-655, 98%-327 and 99%-163 out of 100%-16,384 patterns).
For NetFLICS-CR the legends 1-5 indicate results for the same in silico sample-set
for five different training cycles. Intensity and lifetime colorbars in (a) apply all
reconstructions.

might be attributed to the higher range in simulated intensity values compared to lifetimes

(also representative to experimental conditions). On the other hand, for all cases, TVRecon

SSIM values are below 0.8 at all CRs. Note that the TVRecon method requires selection of

the best regularization parameters, which were optimized to values yielding the highest SSIM

intensity reconstructions versus ground-truth. After optimization and TD reconstructions,

LSM was applied to yield lifetime images. Overall, the in silico results with known ground-

truth reconstructions indicate a better performance for NetFLICS-CR for both intensity and

lifetime reconstructions with SSIM values always above 0.8.

3.2.2.5 In vitro fluorescence reconstructions and quantification

To test the experimental performance of NetFLICS-CR in vitro and the effect of com-

pression on overall acquisition time, a phantom composed of continuous letters “R”, “P”
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and “I” was used. The RPI phantom displayed in Figure 3.9 is composed of continuous

letters “R”, “P” and “I” with respective volume capacities of 149, 124 and 81 µL. Alexa

Fluor 750 (AF750; ThermoFisher Scientific, A33085) dye was prepared with PBS at 2.08

µM concentration to fill Letters “R” and “I”, while HITCI (Sigma Aldrich, 252034) at 40

µM was used for letter “P”. The initial concentration of HITCI was monitored versus AF750

intensity under an external NIR CCD camera and was diluted with ethanol until matching

the intensity of both dyes. After filling the phantom with the fluorescent dyes, it was covered

with a thin layer of clear wrap paper to minimize evaporation effects, which considering the

intended acquisition times should be minimal.

Figure 3.9: RPI phantom dimensions and volume capacities per letter. For imaging
it is centered within the 35×35 mm FOV of the SP-MFLI system. Phantom as used
in (28).

The expected lifetime values have been previously reported according to studies with

these dyes and buffers. Expected average values of 0.50 ± 0.017 ns for AF750 and 0.92 ±
0.018 ns for HITCI are described in (242) for lifetime quantified with an external gated-

ICCD camera. Additionally, values of 0.48 ± 0.02 ns for letter R, 0.47 ± 0.03ns for I with

AF750 and 0.84 ± 0.07ns for P with HITCI are reported in (238). Therefore, on average,

expected values are 0.49 ± 0.022 for RI-AF750 and 0.88 ± 0.044 for P-HITCI. The phantom

was excited at 740 nm with 24 mW/cm2 power on a field of view of 35×35 mm.The samples

were acquired with the SP-MFLI system using an acquisition time of 0.5 s per pattern,

for a total of ≈3 minutes for a 99% CR, ≈6 minutes for a 98% CR and ≈11 minutes for

a 96% CR. Lower CRs were not considered as the main goal was to reduce experimental

acquisition time through high data compression. Acquisition patterns were displayed on the

digital micromirror device (DMD) as a positive and a ‘negative’ part. The negative part is

the same pattern but with 0’s inverted to 1’s and vice-versa. Since Hadamard patterns are

composed of 1’s and -1’s and the DMD is unable to display values below 0, the negative part
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will be used to calculate the correct signal as measured with the original patterns. Therefore,

respective pattern numbers of 163×2 for 99% CR, 327×2 for a 98% CR and 655×2 for a 96%

CR were acquired. The raw data was reconstructed using both TVRecon and NetFLICS-CR

workflows. For TVRecon, Figure 3.5(c) shows the primary and secondary penalty parameters

that were used. For the lifetime quantification, TD pixels obtained from TVRecon with more

than 5% counts of the maximum intensity value were fitted in order to obtain the lifetime

values. Since this is a challenging minimization problem, the initial lifetime value was set to

0.8 ns and the fitting range bounded to [0.2-1.4] ns. This range covers the expected lifetime

ranges of both letters at the same time. For NetFLICS-CR the in silico trained network was

used at each CR to reconstruct both intensity and lifetime images (i.e. the network was not

trained using experimental data). The reconstruction time of NetFLICS-CR was ≈10 s for

16 spectral channels, while the full TVRecon approach took ≈80 s per spectral channel (for

a total of ≈21 minutes).

After intensity reconstruction, for both methods, pixels with less than 20% of the max-

imum intensity value were set to 0 as background threshold. Images were then normalized

to the maximum value for SSIM comparison to an experimental intensity ground-truth (NIR

CCD image of the sample plane). The results for intensity and lifetime reconstructions for

both methods are displayed in Figure 3.10(a). As shown in Figure 3.10(b), SSIM values at

99%, 98% and 96% CRs are higher for NetFLICS-CR than for TVRecon reconstructions.

In contrast to intensity, no lifetime ground-truth can be obtained in experimental settings.

However, it is expected based on the experimental design that the lifetime will be homo-

geneous within each letter. Additionally, letters ’R’ and ’I’ should yield a similar lifetime

as they both contain AF750 dye from the same stock solution. Results for lifetime recon-

structions are displayed as histograms with a distribution per CR and method in Figure

3.10(c). Two marked histogram peaks are located close to average “expected” lifetimes of

0.49 ± 0.022 for AF750 (letters R and I) and 0.88 ± 0.044 for HITCI (letter P). In contrast

to TVRecon, at these CRs, NetFLICS-CR resulted in sharper distributions around the av-

erage “expected” values indicating a more accurate lifetime quantification per fluorophore.

Note that the pixels used for reporting the reconstructed lifetimes are the ones used for

the intensity comparison. Hence, these in vitro results indicate that NetFLICS-CR, even if

only model trained, retrieves more accurate lifetime and intensity values when applied to

experimental data sets at high CRs and 128×128 resolution. Additionally, NetFLICS-CR
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Figure 3.10: In vitro SP-MFLI experiments for RPI phantom: (a) Intensity and
lifetime reconstructions for RPI phantom per CR and acquisition time. Reconstruc-
tions for NetFLICS-CR and TVRecon methods displayed (b) SSIM values calculated
comparing reconstructed intensity images per method and CR versus external CCD
‘ground-truth’. (c) Distribution of lifetime reconstructions per CR and method for
RPI phantom. Two main lifetime distributions observed (P and R/I). Expected values
based on (238, 242) for same dyes and buffer. Intensity and lifetime colorbars in (a)
apply for both TVRecon and NetFLICS-CR reconstructions.

leads to a significant reduction in the acquisition time.

3.2.2.6 In vivo Transferrin uptake at organ level

For the first in vivo validation, the performance of NetFLICS-CR was tested in re-

constructing receptor-ligand engagement of a Transferrin (Tf) conjugated probe injected in

a live intact mouse together with QC-1. The probe is designed to bind to Tf receptors

located in the liver. For ligand labeling Human Holo Transferrin-Tf (Sigma Aldrich) and

Trastuzumab-TZM (Genentech) were conjugated to AF700 donor only for the Holo Tf probe

and both AF700 donor and AF750 acceptor (Life Technologies) for the TZM probe, through

monoreactive N-hydroxysuccinimide ester to lysine residues in the presence of 100 mM Na

bicarbonate, pH 8.3, according to manufacturer’s instructions. The probes were purified

by desalting columns and Amicon Ultra-4 microconcentrators (Millipore). The degree of
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Figure 3.11: (a) Liver and bladder areas for the external CCD image of the sample
plane. b) Intensity and lifetime reconstructions for Tf-AF700 mouse experiments for
99% and 98% CR (3 minutes and 6 minutes acquisition). Detection at ≈760 nm is
displayed as a control for reconstruction (little expected fluorescence) (d) Average
lifetime for liver and bladder per CR and reconstruction method is summarized at
≈719 nm or ≈760 nm channels. Intensity and lifetime colorbars apply for both 719
nm and 760 nm.

labeling of the probes was assessed by spectrophotometer DU 640 (Beckman Coulter, Fuller-

ton, CA, USA). The average degree of labeling was no more than 2 fluorophores per Tf or

Trastuzumab molecule. All probes were normalized to concentration 1 mg/mL in phosphate-

buffered saline pH 7.6 and filter sterilized. To culture the cells, breast cancer cell line AU565

was purchased from ATCC (CRL-2351) and cultured in RPMI 1640 medium supplemented

with 10% FBS in 5% CO2 at 37◦C in a humidified incubator for less than 12 passages.

All animal procedures were conducted with the approval of the Institutional Animal Care

and Use Committee at both Albany Medical College and Rensselaer Polytechnic Institute.

Animal facilities of both institutions have been accredited by the American Association for

Accreditation for Laboratory Animals Care International. Tumor xenografts were generated

by injecting 10×106 AU565 cells in phosphate-buffered saline (PBS) mixed 1:1 with Cultrex

BME (R&D Systems Inc, Minneapolis, MN, USA) into the right inguinal mammary fat pad
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of female 4-week old athymic nude mice (NU(NCr)-Foxn1nu, Taconic Biosciences, Rensse-

laer, NY, USA). The subcutaneous tumors were allowed to grow for 4-5 weeks and were

monitored daily. Tf-AF700 (40 µg in the volume 100 µL) or TZM-AF700 and AF750 (20 µg

and 40 µg respectively) were injected retro-orbitally in anesthetized animals. For imaging,

mice were anesthetized using E-Z anesthesia breathing machine and placed on a heating pad

to maintain body temperature. The depth of anesthesia was monitored by breathing rate

and the absence of response to a foot pinch. The mouse was imaged using the SP-MFLI

platform after 6 hours post-injection at a minimum CR of 98% with ≈6 minutes acquisition

time at 700 nm and 31 mW/cm2 excitation for a 38×38 mm FOV. Therefore, 99% CR re-

constructions could be later retrieved to represent acquisitions of ∼3 minutes, respectively.

Results for the Tf-AF700 mouse experiments for a 99% and 98% CR are displayed in Figure

3.11. The liver is a major site for iron homeostasis, so its Transferrin (Tf) receptor levels

are high, leading to significant Tf uptake (259). In addition, due to the liver’s detoxifying

function, changes in its microenvironment, such as in pH and ion composition, consistently

result in a significant quenching. In contrast, urinary bladder, an excretion organ, should

not cause donor fluorescent lifetime decrease, as shown by previous studies. (69, 259, 260)

Both TVRecon and NetFLICS-CR methods were employed for comparison. NetFLICS-CR

intensity and mean lifetime images were directly outputted from the network at CRs of 99%

and 98%. The same trainings used for in silico and in vitro SP-MFLI experiments have been

used for in vivo Tf-AF700 NetFLICS-CR reconstructions. On the other hand, TVRecon in-

tensity images were reconstructed by TVAL3 inverse solver and mono-exponentially fitted

for lifetime (as only Tf-AF700 probe is being used) through LSQR with initial values of 0.9

± 0.5 ns. Reconstructions have been overlaid over a grayscale intensity image of the FOV

acquired with an external CCD camera. In order to correctly quantify and compare between

CRs and methods, the regions of interest (liver and bladder) have been set as constant using

the external CCD “ground-truth” image in Figure 3.11(a). For this image, the values below

50% of the maximum intensity are set to zero as a background threshold. Then it is turned

into a binary image that will multiply each of the reconstructions per CR/reconstruction

method. This way the number of pixels in the desired region of interest are constant. There-

fore, a total of 483 pixels are selected for bladder lifetime quantification and 2251 pixels

for the liver. Final intensity and lifetime images are displayed in Figure 3.11(b-c). Each

intensity image is normalized to its own maximum value. The average lifetime and standard
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deviation of liver/bladder is shown in Figure 3.11(d) per CR and reconstruction method.

TVRecon results display little to no lifetime change between liver and bladder for both CRs

at 719 nm and 760 nm wavelength channels. Though, previous studies have reported on

the quenching of Tf-AF700 in the liver due to the high levels of TfR-Tf binding in hepatic

cells. Conversely, the bladder is an intra- and inter-subject control as Tf-AF700 quench-

ing is reduced due to excretion of degraded Tf and free dye. For TVRecon the quantified

lifetime values fall below the expected lifetimes for Tf-AF700 (23, 137, 247). In contrast,

NetFLICS-CR which describes an average lifetime of 1.2 ns for the bladder (unquenched)

and a decrease in Tf-AF700 lifetime for the liver (quenched), provide outputs that are in

accordance with prior work.

Figure 3.12: (a) Pattern 1 widefield raw measurement across wavelength channels.
Channel 3 represents 719 nm and channel 13 760 nm. (b) Continuous wave (over time)
integration of measurement vectors per wavelength channel. (c) Retrieved TVAL3
TPSF for maximum intensity pixel (99% CR) located at [X=98, Y=106] for the time
domain reconstruction at 760 nm. TPSF (blue), IRF (green) and LSQR fit (red) are
displayed.

Moreover, at the 760 nm control channel, NetFLICS-CR shows little to no intensity

and lifetime reconstructions, while TVRecon shows intensity reconstructions for the liver and
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bladder regions, as well as similar lifetime values to the 719 nm channel for both organs. The

first widefield raw measurement across wavelength channels is displayed in Figure 3.12, with

channel 3 representing 719 nm and 13 representing 760 nm.Here the photon counts recorded

for 760 nm are 12 times less than the 716 nm peak channel for Tf-AF700. However, when

these counts are integrated over time channels, which is what TVRecon does for obtaining

the 2D intensity reconstruction, it might be possible that intensity is retrieved as the counts

difference is reduced to 6.5 times below the max peak counts. Thus, even though NetFLICS-

CR reconstructs some intensity pixels at the 760nm channel, it would benefit from including

a lower count training set with characterized system noise, which are the further investigative

steps for this architecture. Since the TPSFs per pixel in TVRecon are inverse solved through

TVAL3 and then fitted through Least-Squares minimization, we have displayed in Figure

3.12(c) how the TVAL retrieved TPSF looks like for the maximum intensity pixel located

at [X = 98, Y = 106] for the time domain reconstruction at 760 nm. Even though a fit is

obtained the TPSF is highly noisy compared to the IRF. Therefore, it means that either a

wider range of parameters besides µ and β need to be optimized to inverse solve the best

signal to noise ratio TPSF or the LSQR minimization algorithm needs further optimization

to discard fits with “unacceptable” residuals. In this regard, we believe NetFLICS-CR might

be more accurate at describing the 760 nm channel.

3.2.2.7 In vivo TZM drug uptake in tumors

We finally investigated the performance of SP-MFLI + NetFLICS-CR in a very chal-

lenging scenario, the quantification of TZM binding to a HER2-positive (261) AU565 tumor

xenograft in a live intact mouse, upon intravenous injection of TZM-AF700 (Donor) and

TZM-AF750 (Acceptor). The mouse was imaged at 24 and 102 hours post-injection to

obtain insights on whether the technique could localize tumors and quantify in vivo drug

uptake in dim conditions. AF700-TZM and AF750-TZM FRET pair was intravenously in-

jected at a 2:1 acceptor to donor ratio in an athymic nude mouse bearing an AU565 tumor

xenograft. The mouse was imaged in vivo with a minimum CR of 98%. The excitation was

set to 31 mW/cm2 at 700 nm for a 38×38 mm FOV, yielding a total acquisition time of

≈6 minutes (256 TD temporal bins and 16 spectral channels). Intensity and lifetime images

are reconstructed per time point for both donor and acceptor peak channels at respective

detection wavelengths of ≈719 nm and ≈760 nm. NetFLICS-CR intensity and mean lifetime
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Figure 3.13: In vivo TZM drug engagement: (a) Intensity and lifetime reconstruc-
tions for the tumor region at 24- and 102-Hours post-injection at 99% CR. (b) Mean
lifetime and standard deviation for Donor and Acceptor channels per time point, re-
construction method and CR. Lifetime and intensity colorbars in (a) apply for both
24 and 102 hours reconstructions.
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reconstructions were directly resolved, while TVRecon TD intensity data was inverse-solved

by TVAL3. For TVRecon lifetime, each pixel was bi-exponentially fitted to return A1, A2,

τ1 and τ2 values, which respectively represent the percentage of FRETing Donor (FD%),

Acceptor and their short and long lifetime components. To directly compare to the mean

lifetime output of NetFLICS-CR, mean lifetime τM was calculated through Equation 3.4.

After reconstruction with both methods, intensity images were normalized and the region of

interest defined by an external CCD intensity image of the sample plane. The resulting region

of interest was also applied for lifetime reconstructions. FRET occurring between donor and

acceptor fluorophores would lead to quenching of the donor intensity and reduction of donor

lifetime by the acceptor at the targeted tumor area. (262) Therefore, accessing both donor

and acceptor channels could provide insights on the level and distribution of FRET events

within the tumor. NetFLICS-CR and TVRecon reconstructions at the tumor xenograft area

per each time-point are shown in Figure 3.13(a) for 99% CR. Quantification for the mean

lifetime values at the tumor region per post-injection time, reconstruction method, detection

channel and CR is summarized in Figure 3.13(b) and full set of reconstructed images at 99

and 98% CR displayed in Figure 3.14.

To control the descriptive statistics, means account for the highest 80-pixel values in

the tumor area per method and reconstruction type. According to the in vitro hyperspectral

behavior of Tf-AF700 and Tf-AF750 and previously reported levels of FRET interaction

between them, it is expected that the donor mean lifetime (expected value of ≈1 ns) will

decrease as it is quenched by the acceptor (expected value of ≈0.5 ns), but the acceptor life-

time would minimally change. (28, 238) In order to validate the expected values for the peak

wavelengths, individual AF700 donor and AF750 acceptor probes were quantified in vitro

along the 16 detection channels as displayed in Figure 3.15 where lower detection channels

are dominated by donor emission, while upper ones by acceptor emissions. Concentrations

of AF700 and AF750 followed the previously described 20 µg and 40 µg concentrations used

to yield a 2:1 ratio. Both average intensities and lifetimes are displayed per each detection

channel ranging from channel 1 at 715nm to channel 16th at 783 nm, with 4.5 nm wavelength

space between channels.

As shown in Figure 3.13(b), at 24 hours p.i. in the tumor region there is a decrease

in lifetime from donor to acceptor channel. Considering ligand/target engagement in the

xenograft region to be heterogenous, NetFLICS-CR better approximates the expected val-
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Figure 3.14: Intensity and lifetime reconstructions for TZM injected athymic nude
mouse with tumor xenograft at 24 (a) and 102 (b) hours post-injection. Reconstruc-
tions provided for both Donor (≈719nm - green) and Acceptor (≈760 nm - Teal)
detection channels for a 99% and 98% CR.
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Figure 3.15: (a) Average intensity values for both donor and acceptor. (b) Mean
lifetimes and their standard deviations are shown per detection channel. Lifetime
values in peak channels quantified for Donor (≈719 nm at Channel 3) and Acceptor
(≈ 760 nm at Channel 13) are highlighted. Note even though AF700 quantification is
within the same standard deviation from Channel 1 to Channel 8 at ≈742 nm. After
this wavelength, minimal emission from AF700 is expected and therefore the lifetime
quantification may be inaccurate. This also applies for Channels 1 to 6 for AF750
emissions.

ues at 99% and 98% CRs, where TVRecon shows regions with no variation, which could

indicate an over-regularization despite optimal parameter selection. At 102 hours p.i. donor

quenching is expected due to the binding of donor and acceptor labeled TZM to HER2

dimerized receptors, resulting in a decrease in donor lifetime, as the drug undergoes inter-

nalization and endocytic trafficking. Conversely, since lifetime is independent of intensity

and concentration, even if the signal of the acceptor decreases, lifetime should minimally

change. Of note, from 24 hrs to 102 hrs both the donor and acceptor channel raw fluo-

rescence signals decrease as displayed in Figure 3.16. Since the Hadamard Ranked basis is

organized by spatial frequency, Pattern 1 is expected to yield the signal with the most intense

fluorescence decay. At 24 hours the TPSF at the donor channel is less intense than the TPSF

at the acceptor channel. On the contrary, at 102 hours post injection, despite using the same

acquisition settings used at 24 hours (excitation at 700 nm and 31 mW/cm2 for a 38×38

mm FOV), both donor and acceptor TPSFs are below 200 photon counts. This is expected,

as the fluorescently tagged drug is excreted from the live animals leading to reduced local

concentrations overtime. Additionally, the decrease in donor lifetime from 24 hrs to 102

hrs and acceptor lifetime (Figure 3.13(b)) is suggestive of an increased fraction of AF700-
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TMZ undergoing FRET (i.e. intracellular delivery). This is expected since as the overall

concentration of AF700-TZM is decreasing due to excretion out of the animal, the intra-

cellular fraction remaining is increasing over the extracellular fraction. Though, additional

analysis and experiments of TZM engagement at the macroscopic level with immunohisto-

chemistry validation are needed to have certainty of the amount of FRET expected at each

time-point. Last, even though Gaussian noise is included when simulating the fluorescent

decays, we expect for future training sets to more accurately approximate the noise model

and bi-exponential nature of the experimental TZM TPSFs; leading to overall improvements

for lower photon count settings (tumor xenografts).

Figure 3.16: Raw TPSF for Pattern 1 for both Donor and Acceptor channels at
respective wavelengths of ∼719 nm and ∼760 nm. Since the Hadamard Ranked basis
is organized by spatial frequency, Pattern 1 is expected to yield the signal with the
highest fluorescence intensity. Pattern 1 TPSF is displayed per channel for 24 and
102 hours raw TZM in vivo acquisitions. Note that this is raw data, therefore before
NetFLICS-CR or the TVRecon inverse solver have recovered the spatial distribution
of intensity or lifetime.
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3.2.3 Discussion

In conclusion, we report a novel CNN architecture, NetFLICS-CR, which efficiently

reduces the acquisition time of high-dimensional SP-MFLI optical molecular data, while

simultaneously producing 128×128 hyperspectral intensity and lifetime maps. Besides offer-

ing a fit free solution to the image formation paradigm, NetFLICS-CR led to a reduction in

SP-MFLI acquisition times from ≈2.5 hours at 50% CR to ≈3 minutes at 99% CR. Despite

the challenging photon-starved nature of in vivo acquisitions, NetFLICS-CR was able to

reconstruct intensity and lifetime maps that were in accordance with the expected biological

outcome. Additional benefits of NetFLICS-CR include it not requiring any user input op-

timization in contrast to fitting techniques and reconstructing intensity and lifetime images

across 16 spectral channels in an approximate ≈10 s span compared to ≈21 minutes needed

for the TVRecon approach.

This paves the way to a more standardized SP-MFLI platform for in vivo tissue char-

acterization. It is worth noting that even-though a lifetime value can be directly calculated

by fitting the raw TPSFs, to recover the intensity and lifetime spatial distribution it is neces-

sary to retrieve it through the pattern weighted measurements either by a fit free paradigm

as NetFLICS-CR or an inverse solver/fit based one like TVRecon. Despite being able to

describe the expected biological outcome, future studies with more mice are needed to un-

derstand the amount of uniformity expected from each lifetime region and how this varies

across mice in both Transferrin and TZM based probes. Furthermore, future studies are

necessary to unveil the ideal intensity and lifetime-range for training NetFLICS-CR based

on intensity and SNR variations of the targeted application, especially for very faint sig-

nals. Future work will pursue an additional increase in resolution (beyond 128×128) as well

as a decrease on the current ≈3-minute minimum acquisition time (at 0.5 s exposure per

pattern) through optimizing the system’s detection gating and binning parameters (263).

Beyond preclinical imaging, such a deep learning paradigm is expected to greatly facilitate

the translation of these new analytical tools to the clinical settings where acquisition and pro-

cessing times are critical for patient intervention. Overall, this work illustrates how CNNs

can play a central role in reducing the acquisition times for single-pixel multidimensional

imaging at large, especially SP-MFLI. Additionally, we foresee that the NetFLICS-CR ar-

chitecture herein described can be useful to guide other deep-learning developments in the

field of compressed sensing and multiplexed imaging.
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3.3 Summary

Macroscopic Fluorescence Lifetime Imaging (MFLI) via Compressed Sensed (CS) mea-

surements enables the hyperspectral quantification of molecular interactions in vivo over a

large field of view (FOV). However, the data processing workflow is slow, complex and per-

forms poorly under photon-starved conditions. This is due in part to the need of two separate

minimization based reconstruction workflows: one for image reconstruction and one for life-

time map retrieval. This section applies Net-FLICS and NetFLICS-CR, which are image

reconstruction methods based on Convolutional Neural Networks (CNNs), to efficiently re-

construct intensity and lifetime images directly from raw time-resolved CS data both in vitro

and in vivo. Furthermore NetFLICS-CR through the use of data compression allows for an

increase in resolution but decrease in acquisition time, which is an important step towards

translating the technique for in vivo applications.



CHAPTER 4

INCREASE IN SPECIFICITY THROUGH HYPERSPECTRAL

SINGLE-PIXEL IMAGING AND DEEP LEARNING LIFETIME

UNMIXING

Though previous work has highlighted the benefit of hyperspectral information for retrieval

of target concentrations in single-pixel Diffuse Optical Tomography (113), its utility for pla-

nar imaging has yet to be fully demonstrated. In this regard, the acquisition of multiple

wavelengths is desirable for cases where hyperspectral unmixing is necessary due to fluo-

rophores of interest possessing similar spectral emission profiles. For this, the second section

explains the use of DL algorithms that use both intensity and lifetime information for spec-

tral unmixing of in silico, in vitro and in vivo NIR models. In addition, the utility of the

previously mentioned adaptation of the single-pixel hyperspectral platform for the visible

regime is experimentally validated for imaging of in vitro autofluorescence herein. Moreover,

since spectral mixing is a common problem in endogenous imaging, a DL unmixing algorithm

using both intensity and lifetime information is also implemented and used to directly unmix

the concentrations of the target autofluorophores.

4.1 UNMIX-ME: deep learning based intensity and lifetime un-

mixing

Fluorescence imaging is the most employed molecular imaging technique from the wet

lab to the bedside. A key strength of fluorescence imaging is its ability to simultaneously

image multiple fluorophores (multiplexing) to interrogate the sample’s molecular features.

Typically, multiplexing is achieved via selection of exogenous fluorophores with distinct spec-

tral features. Though, spectral overlap of the fluorophore’s emission is unavoidable, leading

to bleed-through between acquisition channels. This is also an outstanding challenge in en-

dogenous imaging, in which multiple species can be simultaneously excited at a given wave-

Portions of this chapter previously appeared as:

M. Ochoa, J.T. Smith, S. Gao, X. Intes, Computational macroscopic lifetime imaging and concentration
unmixing of autofluorescence. J. Biophotonics, in press.

J.T. Smith, M. Ochoa, X. Intes, UNMIX-ME: spectral and lifetime fluorescence unmixing via deep learning.
Biomed. Opt. Express, 11, 3857-3874 (2020).
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length. Hence, spectral imaging is always associated with spectral unmixing algorithms that

leverage the spectral signature of each individual fluorophore to determine their individual

contributions at each pixel from the raw fluorescence images. Such unmixing methodologies

are often based on a priori fitting techniques that use publicly available or experimentally ac-

quired “pure” spectra (264). However, spectral imaging and linear unmixing are sensitive to

noise, large spectral overlap and/or wrong or incomplete spectral information (265). Besides

fluorescence intensity, it is also possible with dedicated instruments to quantify fluorescence

lifetime, which is an intrinsic characteristic of fluorophores. However, for biomedical applica-

tions, it is challenging to perform unmixing beyond two lifetime contributions due to the low

level of lights typically encountered. Recently, there has been great interest in performing

multi- or hyper-spectral Fluorescence Lifetime Imaging (FLI) to augment the potential of

lifetime imaging for highly multiplexed studies (28, 266, 267). Especially, coupling spectral

unmixing with FLI has the potential to achieve significantly higher unmixing sensitivity and

specificity than that of intensity-based or lifetime-based methods alone (268). Despite great

progress in instrumentation that helps collect such multidimensional data sets, the approach

to perform unmixing is still typically applied along spectra or time, not both dimensions

together. Herein, “UNMIX-ME” (unmix multiple emissions) is presented, which is a deep

convolutional neural network (CNN) -based framework that performs fluorophore unmixing

by leveraging both spectral and lifetime contrast concomitantly.

The proposed methodology is developed within the context of the single-pixel Hyper-

spectral Macroscopic Fluorescence Lifetime Imaging (HMFLI) platform in planar imaging

configuration, described in Chapter 2. In the previous sections the use of Deep Learning

(DL) for HMFLI has proven capable of probing nanoscale biomolecular interactions across

large fields of view (FOV) at resolutions as high as 128×128 within minutes (269). DL has

also greatly improved the processing time for its inverse solving procedure, yielding inten-

sity and lifetime reconstructions in a single framework, through usage of simulated training

data mimicking the single-pixel data generation (238). UNMIX-ME aims to further enhance

the HMFLI hyperspectral toolbox by facilitating accurate unmixing capabilities. First, the

design of the UNMIX-ME architecture is explained. Then the data simulation routine, devel-

oped to efficiently generate 16-channel fluorescence temporal point-spread functions (TPSFs)

and used to train the CNN is explained. This allows to bypass the need of collecting large

quantities of experimental data and enables the enforcement of correct parametric mapping
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to ground truth instead of relying on fitting procedures. The performances of UNMIX-ME

are reported for both the case of tri and quadri-component unmixing in silico. To further

validate UNMIX-ME, its capability to process in vitro HMFLI data sets of Föster Reso-

nance Energy Transfer (FRET) with excitation and emission spectra in the near-infrared

(NIR) is assessed. Lastly, two in vivo datasets acquired with the HMFLI platform are ana-

lyzed: 1) Trastuzumab (TZM) AF700/AF750-conjugated FRET pair, for an athymic nude

mouse bearing a tumor xenograft and imaged 76 hours post-injection and 2) Transferrin (Tf)

AF700/AF750-conjugated FRET pair to compare Tf uptake in mouse liver and bladder.

4.1.1 UNMIX-ME architecture
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Figure 4.1: UNMIX-ME model architecture. HMFLI input mapped to spatially inde-
pendent unmixed fluorescence coefficient values (a) “XceptionBlock” (257) comprised
of 1×1 separable convolutions (270). (b) “CoefficientBlock” structure.

UNMIX-ME’s CNN architecture (Figure 4.1) was crafted such that extraction of tem-
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poral information was prioritized while mitigating the computational burden associated with

processing simultaneously 16 spectral channels-worth of TPSF data. Given that the use of

3D convolutional operations (Conv3D) is notoriously expensive computationally, just two

Conv3D layers employing large stride were included – allowing for significant reduction in

parametric size within the early layers. The output from these layers was transformed

into 2D and followed by 2D separable convolutions (270) with kernel size 1×1 as a more

computationally friendly alternative for spatially-independent temporal and spectral feature

extraction. Moreover, “XceptionBlock” (257) operations (i.e., residual blocks with 1×1 sepa-

rable convolutions) were included to ensure that our model would reap the benefits obtained

through residual learning (180) while maintaining focus on the primary objective – spatially-

independent temporal and spectral feature extraction. UNMIX-ME introduces the concept

of “CoefficientBlocks”, individual branches composed of a set of 2D convolutions intercepted

by batch normalization and activation layers, with each branch meant to focus on features

relevant for fluorophore-specific abundance coefficient retrieval. These blocks facilitate seam-

less architecture modification for retrieval of N number of targeted fluorophores. As Figure

4.2 illustrates, the data generation workflow for efficient but comprehensive training em-

ployed in this work partially follows the scheme of (200, 238). In brief, a binary handwritten

number dataset EMNIST was used for assignment of spatially-independent random variables

of TPSF (Γ(t)) as provided in Equation 4.1. These variables include the lifetime values of

fluorescent species involved (τn), associated relative abundance coefficients (cn) and intensity

scalar (I, expressed in photon counts). Note that these abundance coefficients are the output

retrieval of UNMIX-ME (i.e. c1, c2 and c3 in the case of a tri-exponential application, Equa-

tion 4.2) (264)). Additionally, the instrument response function, IRF λ(t), is considered in

the simulations to replicate as closely as possible experimental settings (example for three

molecular species):

Γλ(t) = I × IRF λ(t) ∗ [aλ1e−t/τ1 + aλ2e
−t/τ2 + aλ3e

−t/τ3 ] (4.1)
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where IRF λ(t) corresponds to the instrument response function, aλn the relative spectral

brightness of the nth fluorophore at the wavelength λ, and I to the overall photon counts

to be detected. All variables used during spatially-independent generation of TPSFs were

assigned at random value over wide bounds (ex., Figure 4.2: (τ1, τ2, τ3, I ) ∈ [0.9-1.1 ns, 0.3-

0.4 ns, 0.55-0.65 ns, 50-500 p.c.]). These bounds represent typical values in NIR fluorescence

imaging. It is trivial to extend these expressions to include ncoeff > 3 for both the CNN and

the simulation workflow.

Figure 2: Simulation Workflow
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Figure 4.2: Data simulation workflow. A binary MNIST image is assigned lifetime
values within three bounds (c)-(e). Using these values, along with spatially unique
spectra (average given in (b)) for gathering intensity multipliers, 16 TPSFs are created
at each non-zero spatial pixel (a). The coefficients are calculated shortly after (f)-(h).

Figure 4.2(a) illustrates an example case of tri-specie unmixing in the challenging case

of two fluorophores possessing the same emission spectral profile – a phenomenon inherent

to both endogenous and FRET imaging. Indeed, FRET phenomena, which is the main ex-

perimental focus of this work, occurs when a fluorophore pair, referred to as the donor and

acceptor fluorophores (corresponding to lower and higher wavelength, respectively), satisfy

two conditions: 1) the emission spectra of the donor specie overlaps with that of the ex-
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citation spectra of the acceptor, 2) both fluorophores are oriented in a particular fashion

relative to each other and are in close proximity (within < 10 nm) (271). Accurate retrieval

of abundance coefficients from fluorescent species possessing similar emission profiles neces-

sitates either complex and heavily restrictive imaging protocols or time-consuming analytic

pipelines based around iterative fitting. To ensure UNMIX-ME was sensitive to spectral

bleedthrough, each spatial location which did not possess all three species was made to

map all non-present coefficient values to zero. Thus, each simulated 4D dataset was of size

16×16×256×16 (x,y, time-points, wavelength channels). The presented network model was

built using Tensorflow with Keras backend in python. Training was performed over approx-

imately 100 epochs using a total number of 2,500 datasets (80%-20% training-validation)

and mean-squared error (MSE) loss. The total time for data simulation and training was 40

minutes and 15 minutes, respectively (NVIDIA Titan GPU).

4.1.2 Simulating application-specific hyperspectral FLI data

Figure S3: Two Spectra, Four Tau

a1

a2

channel#
time (ns)

In
te

n
s
it
y
 (

p
.c

.)

channel#

time (ns) channel#

In
te

n
s
it
y
 (

p
.c

.)

(a)

(b)

(c)

τ1

c1

τ2

c2

(d) (e)

f (h) (i)

τ3

c3

τ4

c4

c 
(a

.u
.)

τ
(n

s)

(f) (g)

(j) (k)

Ex. τ1, a1

Ex. τ2, a1

Ex. τ3, a2

Ex. τ4, a2

Figure 4.3: Information relevant for a two-spectra (a), four-specie (d)-(g) in silico
spectral lifetime unmixing performance assessment. Example mono-specie HFLI data
(b) along with an example containing a mix of all four (c) is given for illustrative
purpose. Blue and red boxes indicate the spectra (a) to which each of the lifetime and
coefficient (h)-(k) values belong.

To generate experimentally realistic hyperspectral FLI data through this approach,

one must have the following: 1) Pure emission spectral profiles of each fluorescent specie



94

comprising the sample. 2) Each fluorophore’s lifetime (known within +/- 100 ps). 3)

Instrument Response Function IRF λ(t) of the HFLI setup.

At the start of every simulation iteration, an MNIST (Modified National Institute

of Standards and Technology database) binary figure is chosen at random. This figure is

subsequently downsampled by a factor of two (32×32 → 16×16) and used for subsequent

value assignment. At every non-zero pixel, values of lifetime (τ) are assigned at random –

with the nτ = n + coeff (example for four-lifetime case illustrated in Figure 4.3). Each

pixel is also assigned individual spectral profiles (all initially max-normalized) which are

immediately multiplied by a random scalar value between 50-500 and assigned to specie-

specific pre-allocated arrays of size (x×y×nchannels). Next, performing a loop over all non-

zero pixels, a random value between zero and one is obtained in order to select a combination

of fluorescent species to include (the total number of which is always equal to ncoeff !).

Afterwards, a nested loop generates TPSFs (Γλ(t)) across all 16 channels via Equation 4.3.

Γλ(t) = I × IRF λ(t) ∗ e−t/τn (4.3)

where I indicated the scalar intensity value of the nth fluorophore at each channel. This is

performed n times to account for all fluorophores, simulating a total of n TPSFs – each of

which undergo a collective sum (including all n TPSFs) followed by Poisson noise assignment.

To account for potential system-dependent laser jitter, randomly selected TPSFs are shifted

around their final position (± three integer values). This 16-TPSF generation repeats for

all non-zero values across the image. Concurrently, values of one are assigned to an array

initialized with all zeros of size (x × y× ncoeff ) to indicate the fluorophores present at each

pixel. Next, ground-truth (G.T.) coefficient values are obtained (example illustration shown

Figure 4.3(h-k)), possessing size (x× y × ncoeff ). By summing over the fourth dimension of

the 16-channel mono/multi-specie TPSF data, continuous wave (CW) data possessing size

(x×y×nchannels) were calculated. Afterwards, iterative intensity-based spectral unmixing was

performed at each non-zero-pixel location via Equation 4.1 using with each pure emission

spectral profile (max-normalized ex. illustrated in Figure 4.3(a)) to obtain values for c.

For the case of multiple species possessing the same emission profile, the coefficient value

obtained through the simplistic intensity-based technique is further multiplied by a ratio of

the maximum value of each specie’s initially assigned pre-allocated spectral profile over the

sum of all maximum intensity values possessing the same emission profile (a maximum of
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two values per spectra in this report). Finally, to obtain true G.T. values and ensure that the

network is trained to map spectral bleed-through to zero, the array of obtained coefficient

values is multiplied by the binary array used to keep track of fluorophore presence at each

(x,y) location. This single matrix dot product zeros out all non-contributing coefficient

values and is the reason behind the sparsity illustrated in Figure 4.2, Figure 4.4, and Figure

4.3.

4.1.3 In silico validation

Figure 3: Results in silico

SSIM c1 SSIM c2 SSIM c3

LSQ+F 0.999 ± 4e-4 0.926 ± 1.9e-2 0.967 ± 8.3e-3

DNN 0.999 ± 1e-4 0.994 ± 2.2e-3 0.997 ± 1.0e-3

G.T. UM-ME LSQ+F

c 1
c 2

c 3
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Figure 4.4: Three-coefficient spectral unmixing in silico. Averaged spectra used for
simulation (a) are given. (b)-(d) Ground-truth values are illustrated as well as the
coefficients retrieved via DNN lifetime unmixing (e)-(g) and conventional LSQ+F fit-
ting (h)-(j). Table 4.1 provides average and standard deviation MSE values calculated
across 100 test samples as for additional performance quantification.

Table 4.1: Mean-squared error calculated for all three coefficient values through both
techniques (complement to Figure 4.4).

Technique MSE c1 MSE c2 MSE c3

LSQ+F 4.2× 10−5 ± 9.0× 10−6 3.7× 10−5 ± 1.1× 10−3 3.9× 10−3 ± 1.1× 10−3

UNMIX-ME 2.3× 10−5 ± 7.6× 10−6 3.1× 10−4 ± 1.1× 10−4 3.2× 10−3 ± 1.0× 10−4

First, 250 tri-specie (two spectra, three lifetime) spectral TPSF data were simulated to

illustrate how both our DNN and non-linear spectral unmixing coupled with least-squared

bi-exponential lifetime fitting (LSQ+F) perform versus ground-truth during tri-spectral un-

mixing in silico (Figure 4.4). Two overlapping gaussian profiles (Figure 4.4(a)) were used to
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mimic independent 16- channel emission spectra. Further, lifetime parameters were assigned

at random between three set bounds: (τ1, τ2, τ3) ∈ [0.95-1.1, 0.3-0.45, 0.55-0.7] ns. 2,500

separate data were generated for model training. Figure 4.4(e)-(g) illustrates high spatial

concordance with regards to all three coefficients, which is confirmed by the high SSIM val-

ues listed in Figure 4.4(k). Though high SSIM values are observed through LSQ+F retrieval

of c1, a dip in accuracy is noted for both remaining coefficients. This dip in accuracy is

not surprising given that c2 and c3 possess the same emission profile and depended upon

often error-prone, iterative lifetime fitting to correct the coefficient value obtained through

spectral decomposition.

4.1.4 Correction in the case of resonance energy transfer

The nonradiative RET phenomena occurs when two conditions are satisfied: 1) the

emission and excitation spectra of two fluorescent species overlap, 2) both fluorophores are

oriented in a particular fashion relative to each other and are in close proximity (within

< 10nm). Spectral unmixing of fluorescent species undergoing Resonance Energy Transfer

(RET) is a particularly special case which necessitates correction via fluorophore-specific

photophysical values to obtain accurate quantification. Correcting for RET during unmixing

has been conventionally performed using the following expression Equation 4.4 (272).

aT = cD × (1− E)× aD + aA × cA + cD × E × (ϕA/ϕD)× k(λ)× aA (4.4)

Where a, c, ϕ, E and k(λ) correspond to the spectral profile, abundance coefficient,

quantum yield (with T, D and A notating total, donor and acceptor), FRET efficiency

and the ratio of pure donor over pure acceptor emission spectra, respectively. The spectra

obtained for calculating k(λ) were those collected from the wells containing only AF700 and

AF750 during the well-plate HMFLI-FRET acquisition (Figure 4.5).

By Equation 4.4, conventional linear unmixing methods will underestimate the value

of cD (by a factor of (1-E ) and overestimate cA by a factor of cD × E × (ϕA/ϕD) × k(λ) –

the results of which were observed in both Figure 4.5 and Figure 4.7 using LSQ+F. Thus,

during the step of obtaining the fractional abundance coefficient, these values (either quickly

found in literature [E,ϕA,ϕD])(22) or calculated directly (k(λ)) for the AF700/AF750 NIR-

FRET pair were used for abundance coefficient correction. By training UNMIX-ME to map

directly to RET-corrected AF700FRET (τ = 0.3-0.45)ns, AF700non−FRET (τ = 0.95-1.1)ns
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and AF750 (τ = 0.5-0.65)ns, the spectral lifetime unmixing results presented herein were

obtained. Given that the model presented herein utilized NIR fluorescent species possessing

analytically demanding sub-nanosecond lifetimes, adaptation of UNMIX-ME for commonly

used visible FRET pairs should be trivial.

4.1.5 In vitro FRET validation

For experimental validation, values were obtained from the HMFLI time domain re-

construction of a NIR-FRET well-plate with varying volumetric fractions of Transferrin (Tf)

conjugated AF700 and AF750 dye (IgG), as illustrated in Figure 4.5. The 4D input dataset

was of size 64 × 64 × 256 × 16.

Figure 4.5: HMFLI-FRET in vitro. Results from non-linear iterative spectral decom-
position combined with lifetime fitting (LSQ+F) (a)-(j) and UNMIX-ME (k)-(t) are
given. Boxplots of coefficient values retrieved at each ROI (labeled by acceptor/donor
ratio) are given per reconstruction. Acceptor/donor ratios are labeled per well in (a).
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The reconstruction process from single pixel data acquisitions to time domain (TD)

reconstructions is accomplished through the inverse solving of: M(t) = Px(t) for the image

x(t) of the sample plane across 256 time points, where M(t) represents the raw fluorescence

decay profiles acquired per pattern P. The pattern’s matrix serves to calculate the corre-

sponding weights each measured pattern has for the sample plane image. Since the pattern’s

matrix P and time domain measurement matrix M(t) are known, then through the use of

TVAL3 (231)] inverse solver, the fluorescence decay profiles per each pixel of the image sam-

ple plane, can be retrieved. To obtain continuous wave intensity images, the representations

across the 256 time points can be added. In order to obtain lifetime reconstructions, each of

the fluorescence decay’s per pixel are bi-exponential fitted through a least-squares based min-

imization algorithm. The bi-exponential mean lifetime model is represented by: ((A1/100)

× τ1 + (A2/100) × τ2 where A’s represent the FRETing Donor and Acceptor fraction and

tau’s their respective lifetime values. Förster Resonance Energy Transfer (FRET) unmixing

is a uniquely complex two-spectra three-specie problem given the under and overestimation

of the donor and acceptor fluorescent contribution due to quenching, respectively (67, 272).

Though, this effect is accounted during data simulation as detailed previously. (272) The

UNMIX-ME framework allowed for retrieval of total Tf-AF700 (IgG) and Tf-AF750 (anti-

IgG) coefficient values adhering much more closely to the expected values Figure 4.5(p)-(t)

compared to conventional LSQ+F, Figure 4.5(f)-(j). All wells containing Tf-AF700IgG (re-

ferred to herein as total c1, or c1T were prepared with constant volume and thus the decreasing

trend observed through LSQ+F (Figure 4.5(h)) is much higher than that illustrated through

UNMIX-ME (Figure 4.5(r)). Further, the second and third row were both prepared with

same increasing volumes of AF750 (c2), and thus the c2 trend observed should be identical.

Figure 4.5(i) illustrates an overestimation of Tf-AF750anti-IgG in the second row via LSQ+F

– an expected result given the overestimation of acceptor concentration in the case of FRET.

In contrast to this, UNMIX-ME provides c2 quantification with significantly higher overlap

(Figure 4.5(s)). Moreover, though FRET quantification (FD (%), i.e., FRET donor fraction)

through both UNMIX-ME (Figure 4.5(t)) and LSQ+F (Figure 4.5(j)) were relatively similar

for the 1:1 to 3:1 cases, the single-specie well (0:1) was overestimated through iterative fitting

while UNMIX-ME correctly estimated values of zero across the entire well. The quenched

donor (c∗1) abundance estimated through UNMIX-ME (Figure 4.5(q)) provides both a much

more easily distinguishable increasing trend from well-to-well (as expected) and correctly



99

assigned values of zero at the 0:1 ROI than when using LSQ+F (Figure 4.5(g)).

4.1.6 In vivo validation of Transferrin/Transferrin Receptor (Tf/TfR) engage-

ment

HMFLI data was acquired from a nude athymic mouse after 6-hours post-injection with

conjugated Transferrin (Tf) AF700 and AF750 FRET pair (in a 2:1, acceptor-to-donor ratio).

Ideally the 2:1 acceptor to donor ratio must be represented by the abundance coefficients

retrieved by UNMIX-ME or LSQ(+F). Previous in vivo work in mice has demonstrated

the ability to characterize FRET engagement through conjugated Tf-probes in the liver

and compare against the lifetime on the bladder (259). The liver is known to display a

high density of Transferrin receptors and thus possesses correspondingly high degrees of

FRET when imaged (273). However, the urinary bladder acts solely as an excretion organ,

eventually accumulating free dye – possessing negligible potential for FRET occurrence.

HMFLI data was acquired for over 12 minutes for a 64×64 resolution for 16 detec-

tion wavelengths (channels), using only 50% of the total required single pixel measure-

ments. Therefore, resulting in a 4D input dataset of size 64×64×256×16. Figure 4.6 reports

the abundance coefficients and FRET percentage retrieved through both UNMIX-ME and

LSQ+F (Figure 4.6(a)-(d) and Figure 4.6(e)-(h), respectively.) As previously encountered in

vitro (Figure 4.5) the LSQ+F methodology underestimates the AF700 abundance coefficient

(c1) in the liver (Figure 4.6(f), FRET site), overestimates the AF750 abundance (c2) in the

bladder (Figure 4.6(g), non-FRET site) and provides a non-zero FRET percentage across

the urinary bladder in contrast to conventional knowledge. The FRET percentage retrieved

at the liver ROI is in high agreement across both methods, as was also demonstrated previ-

ously at high-FRET wells (Figure 4.5(j),(t)). However, UNMIX-ME provides a total AF700

abundance in higher concordance with levels expected (Figure 4.6(a),(b)), FRET levels of

zero in the urinary bladder (Figure 4.6(d)) and an AF750 abundance trend that matches the

expected 2:1 ratio closely across the liver ROI (Figure 4.6(g)).

4.1.7 In vivo validation of TZM/HER2 receptor (TZM/HER2) engagement

Finally, UNMIX-ME was used for two complex cases of HMFLI-FRET imaging in vivo.

MFLI allows to quantitatively report on target-receptor interaction via in vivo lifetime-based

FRET and further FD (%) quantification (22, 273). First, HMFLI data acquired from a
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UNMIX-ME

Figure S5: Results in vivo Tf
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Figure 4.6: HMFLI-FRET imaging of Transferrin receptor (TfR) engagement in vivo.
Results from UNMIX-ME (a)-(d) and LSQ+F (e)-(h) are provided. Resolved liver
and bladder areas are displayed per reconstruction.

nude athymic mouse 6-hours post-injection with Tf-conjugated AF700 and AF750 FRET

pair (in a 2:1, acceptor-to-donor ratio) was unmixed via both methods for comparison. The

engagement of Transferrin (Tf) receptors in the liver results in a change in lifetime and

FD (%) compared to excretion organs like the bladder, therefore allowing for further organ

classification. (273) For this task and as previously shown for in vitro samples the FD

(%) will be resolved for both methods from the resulting unmixed abundance coefficients

of the unquenched and quenched donor (c1 and c∗1 respectively). Ideally, (c2/c1T ) ratios

closely correspond with the 2:1 injected acceptor to donor concentration. Furthermore,

the resolved coefficients should reflect the difference in lifetime and FRET between liver

and bladder organs. For brevity, the results of this experiment are illustrated in Figure

4.6. UNMIX-ME exhibited the capability to better resolve the change in lifetime and FD
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(%) upon the retrieved donor (c1T ) and acceptor (c2) coefficients compared to LSQ(+F).

UNMIX-ME better depicted the expected quenching of the donor in the liver which contains

a high volume of Tf receptors but not in the bladder. At the same time, the injected 2 (c2)

to 1 (c1T ) acceptor to donor concentration was better described by UNMIX-ME’s unmixed

relative abundance coefficients.

Figure 4.7: HMFLI-FRET imaging of tumor xenograft in vivo. Mouse xenograft
imaged at 76-hours post-injection of Trastuzumab (mix of AF700 & AF750 conjugates
with A:D 2:1). Results from UNMIX-ME (a)-(c) and LSQ+F (d)-(f). Boxplots are
given for further quantitative clarity (g)-(i).

The second and final in vivo case, results of which are displayed in Figure 4.7/4.8,

involves 76-hours post-injection data acquired from a nude athymic mouse bearing a tumor

xenograft and injected with HER2 targeted-Trastuzumab AF700 and AF750 FRET pair (in

a 2:1, acceptor-to-donor ratio). TZM is used to treat metastatic breast cancer in the clinic

and has been recently proposed for fluorescence lifetime imaging (261). Engagement to
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Figure 4.8: Additional information provided to complement the in vivo spectral
lifetime quantification performed in Figure 4.7. Histogram provides all acceptor/donor
ratios obtained for each spatial location across the tumor ROI. The table provides
averaged and standard deviation values for both coefficients and the FRET % values
obtained through both methods.

Figure 5: Results in vivo TZM
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Figure 4.9: Averaged HMFLI TPSF data at two different regions of the tumor
xenograft (b). The regions were chosen due to their high (a) and low (c) FRET
quantification.

HER2 receptors present in the tumor region will result in a decrease in lifetime and increase

in FRET interaction (FD (%)). These expected changes should be also reflected in the

unmixed acceptor, quenched/non-quenched donor coefficients retrieved. As for the previous

FRET in vivo experiment, the FD (%) will be retrieved via both LSQ(+F) and UNMIX-ME.

HMFLI data was reconstructed for a 128×128 resolution and acquired over 6 minutes for

16 detection wavelengths (channels) through high data compression as highlighted elsewhere

(269). The tri-component (unquenched donor + quenched donor (c1T ) and acceptor (c2)

spectral lifetime unmixing was retrieved using both LSQ+F Figure 4.7(d)-(f) and UNMIX-

ME in Figure 4.7(a)-(c). Quantification for these regions are displayed in Figure 4.7(g)-(i).

In vivo spectral unmixing results illustrated in Figure 4.7 were obtained through photon-

count thresholding to focus solely on the xenograft region. The FRET- FD (%) quantification

obtained through both methods is in high concordance; a result previously observed at higher

FRET levels in vitro (Figure 4.5(j),(t)). However, the comparison of results of acceptor c2 in
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Figure 4.7(h) to donor c1T in Figure 4.7(g) illustrate that c2/c1T ratios (results calculated by

the division of reconstructed c2 by that of c1T followed by retrieving the average and standard-

deviation of all pixels within the xenograft ROI; Figure 4.8) obtained through UNMIX-ME

correspond much more closely with the 2:1 injected acceptor to donor concentration than

those obtained through LSQ+F.

4.1.8 UNMIX-ME DNN model: Relevant metrics and interpretation

Figure S6: Network Metrics
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Figure 4.10: Metrics relevant to the UNMIX-ME deep convolutional neural network.
The MSE validation loss curves were obtained for each coefficient separately over five
separate training iterations for two separate cases - two-spectra, three-lifetime (Figure
4.4) and two-spectra, four-lifetime (Figure 4.3). The average and standard deviation of
each is provided (a),(b). For the two-spectra/four-species case, 1,000 separate samples
were generated and fed into the network in order to perform a t-SNE assessment of
each branch individually (c)-(f).

Figure 4.10(a) illustrates the validation MSE loss over 100 epochs averaged across five

separate training cycles. Notably, the MSE loss of c1 (green) converged to a much lower

value than other two (red and blue). This observation comes without surprise given that the

retrieval of c1 was obtained primarily through intensity-based unmixing in immense contrast

to both c2 and c3 which share the same emission profile and both possess sub-nanosecond

lifetimes differing by an average of just 0.3 ns. Further, Figure 4.10(b) illustrates the valida-

tion MSE loss over 90 epochs averaged across five separate training cycles for a two-spectra,

four-specie case (results shown in Figure 4.10). Comparatively, not a single loss value gets
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c (a.u.)

0 1

SSIM c1 SSIM c2 SSIM c3 SSIM c4

LSQ+F 0.826 ± 8.1e-2 0.837 ± 7.4e-2 0.955 ± 6.4e-2 0.977 ± 6.4e-2

DNN 0.924 ± 3.0e-2 0.897 ± 3.5e-2 0.997 ± 1.5e-3 0.999 ± 6.0e-4

MSE c1 MSE c2 MSE c3 MSE c4

LSQ+F 3.58e-2 ± 1.6e-2 1.52e-2 ± 6.2e-3 4.01e-3 ± 4.7e-3 4.84e-3 ± 1.6e-2

DNN 1.17e-2 ± 4.6e-3 8.81e-3 ± 2.9e-3 2.42e-4 ± 1.0e-3 1.99e-4 ± 1.0e-5

c 1
c 2

c 3
c 4
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Figure S4: Two Spectra, Four Tau

(l)

Figure 4.11: Spectral lifetime unmixing performance obtained via both LSQ+F and
UNMIX-ME versus ground-truth. A single illustration is given for qualitative assess-
ment. Both SSIM (m) and MSE (n) were calculated for 250 test samples to provide
quantification with regards to image-to-image similarity and direct one-to-one value
comparison.

anywhere near the previously mentioned lowest MSE obtained through Figure 4.10(a) Since,

in this case there would be no way to perform spectral unmixing via intensity alone, this

observation supports one’s intuition that UNMIX-ME would experience greater difficulty in

learning the inverse mapping in a much more complicated scenario. Additionally, the MSE

validation loss for both c3 and c4 is significantly lower than the MSE of c1 and c2. Though

both spectral profiles are similar (evidenced by Fig 4.3(a)), the lifetime values for the (c1 ,

c2) pair, ([0.5-0.6] ns, ([1.0-1.1] ns) is significantly closer than that of the (c3 , c4) pair ([0.25-

0.35] ns, ([1.5-1.6] ns) and thus the inverse mapping is understandably more challenging to

undertake for the first pair than the second. This is further supported by Figure 4.11(m)-(n)

which present stark differences in both SSIM and MSE performances between the fluorescent

pairs. Though, in all cases presented herein, UNMIX-ME performs exceedingly well. Figure

4.10(c)-(f) provides the t-distributed Stochastic Neighbor Embedding (tSNE)-reduced 3D

projection of flattened DNN activations extracted at the mid-way point within each of the

four separate branches during the forward-pass of 1,000 test datasets. These data, generated

with the same two-spectra/four-specie parameters as those employed in Figures 4.3-4.11,
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were each assigned just a single spectral pair and lifetime quartet at random instead of

spatially-independent assignment. As can be observed from each coefficient’s t-SNE scat-

ter plot (where each sphere represents a simulation data voxel) the color gradients, which

indicate ground-truth mean-abundance values for both pairs, show clear continuity in all

four cases. This provides further insight into the network’s capability for extracting these

complex spectral and temporal features during inference.

4.1.9 Conclusions

In summary, this subsection presented UNMIX-ME, a DNN-based workflow trained

with simulation data for fluorescence lifetime unmixing. Furthermore, unlike intensity-based

approaches paired with iterative lifetime fitting, UNMIX-ME simultaneously leverages in-

tensity and lifetime features for sensitive retrieval of relative abundance coefficients of the

mixed fluorophores. UNMIX-ME provided improvement over a conventional sequential it-

erative fitting methodology by demonstrating higher concordance with ground truth during

tri- and quadri-abundance coefficient retrieval (Figures 4.3-4.11). Furthermore, UNMIX-ME

provided accurate unmixed profiles for complex HMFLI data from FRET interactions in

vitro and for two independent non-invasive HMFLI in vivo experiments, where the retrieved

abundance donor and acceptor coefficients were used to calculate FD (%) and further validate

the injected 2:1 acceptor to donor concentration ratio of the dyes. Through the calculated

FD (%) UNMIX-ME effectively accomplished organ classification for Transferrin based tar-

geting of liver and bladder (Figure 4.6) and tumor xenograft targeting of HER2 receptors

in tumor xenograft through Trastuzumab. Thus, UNMIX-ME unlocks the possibility for

efficient and accurate fluorescence lifetime unmixing of multiplexed data at the macroscopic

level. Though our results presented were retrieved via use of the HMFLI apparatus, this

approach lays the groundwork for the future application of DNNs for microscopic HFLI

unmixing. By incorporating apparatus-dependent settings, such as number of time-points,

total time-window, number of spectral channels, varying noise-models, etc.

4.2 Single-pixel macroscopic autofluorescence lifetime imaging

with deep learning concentration unmixing

Single-pixel Computational Imaging can leverage highly sensitive detectors that con-

currently acquire data across spectral and temporal domains. For molecular imaging, such
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methodology enables to collect rich intensity and lifetime multiplexed fluorescence datasets.

This section reports on the application of a single-pixel structured light-based platform for

macroscopic imaging of tissue autofluorescence. This platform has been described in Chap-

ter 2. The supercontinuum visible excitation and hyperspectral single-pixel detection allow

for parallel characterization of autofluorescence intensity and lifetime. Furthermore, a deep

learning based data processing pipeline is used to perform autofluorescence unmixing while

yielding the autofluorophores’ concentrations. This is an upgrade to the previously mention

DL unmixing algorithm where abundance was retrieved. The full scheme (setup and pro-

cessing) is validated in silico and in vitro with clinically relevant autofluorophores Flavin

Adenine Dinucleotide (FAD), Riboflavin (R) and Protoporphyrin (PPIX). This section de-

scribes: 1) the known computational image formation process, 2) how this known image

formation serves to mimic data hypercubes with approximate system noise, 3) The usage

of the simulated hypercubes to train an unmixing deep learning (DL) framework that uses

both intensity and lifetime information and 4) how the DL network can be adapted to di-

rectly retrieve the concentrations of the target mixed autofluorophores. The full SP-MAFLI

scheme (macroscopic single-pixel platform, image formation process and concentration un-

mixing DL routine) is tested for in vitro autofluorescent samples in both single and mixed

emissions configurations.

4.2.1 Image reconstruction and lifetime quantification process

As single-pixel imaging is a form of computational imaging, the image formation process

relies on inverse solving the sample plane’s image Xλ,t
N×1 at wavelength λ and time points t

from raw single-pixel measurements bλ,tU×1 acquired with U number of patterns. This inverse

problem is summarized as Equation 4.5.

bλ,tU×1 = HU×N ·Xλ,t
N×1 (4.5)

Even-though the number of needed total measurementsN is linear to the resolution (ex.

64×64 resolution = 4096 pattern measurements), compressive sensing approaches allow to

reduce or ”compress” the number of N total required patterns to U used acquisition patterns.

Then only U out of N single-pixel measurements are used to reconstruct the sample´s spatial

distribution of intensity and lifetime. Since the number of acquired patterns or measurements

U < N , then the acquisition time is also reduced. Example of the raw data cube acquired by
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Figure 4.12: Example of SP-MAFLI dataset. (a) Raw data cube obtained from
SP-MAFLI platform (b) Lifetime decays or Time Point Spread Functions (TPSFs)
recorded for the first pattern across wavelengths and time channels. Total time length
is 12.8 ns. (c) TVAL3 inverse solved sample plane, integrated over time (t) to yield
intensity image. (d) Example of lifetime fit in alligator for one pixel of the image
space. (e) Quantified lifetime values for the full 34×34 mm field of view.

the SP-MFLI platform is shown in Figure 4.12(a) and Figure 4.12(b). For this work a total

of 256 patterns, or only ∼4% of the total N are used for 64×64 pixel resolution intensity

and lifetime reconstructions. That is a compression ratio of ∼96%. This compression ratio

and resolution can be further increased without affecting image reconstruction quality with

the use of deep learning as demonstrated in (269), however for this section a traditional

compressive sensing inverse solving approach is used through the TVAL3 (TV minimization

by Augmented Lagrangian) (231) algorithm. Hence the time domain and hyperspectral

sample plane can be inverse solved as:

Xλ,t
N×1 = TV AL3(Norm(HU×N), b

λ,t
U×1) (4.6)

The data cube bλ,tU×1 acquired by the SP-MAFLI system is used together with the ex-

perimentally measured Hadamard pattern matrix HU×N to yield the image of the sample

plane Xλ,t
N×1 (example in Figure 4.12(c)) with one lifetime decay or Time Point Spread Func-

tion (TPSF) per each of the 64×64 pixels (example in Figure 4.12(d)). To account for
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heterogeneity in the DMD, the patterns used for Equation 3.1 are experimentally recorded

with an external CMOS camera as projected on the sample plane. TVAL3 inverse solver

parameters are set to default values as suggested by developers (231). The reconstructed

64×64×256×32 matrix contains one TPSF per pixel over 256 time channels for an overall

time range of 12.8 ns for 32 wavelength detection channels. A 3×3 spatial binning was ap-

plied to the resulting reconstructed dataset. All decays included herein were fitted using the

Levenberg-Marquardt non-linear least square fit (NLSF) algorithm implemented in Alligator

(12, 259). For NLSF lifetime fitting an experimentally acquired IRF was obtained prior to

imaging experiments. In the case of SP-MAFLI, the three highest intensity channels were

averaged following TVAL3 reconstruction. The experimentally acquired IRF at same expo-

sure time as the sample, was obtained prior to imaging experiments, used for convolution

with a single-exponential decay model and weighted fits were retrieved using the reduced chi-

squared (χ2) minimization function. A representative example of single-pixel fitting results

retrieved in Alligator for the SP-MAFLI system is provided in Figure 4.12(d) for Riboflavin.

Binary masks were used to isolate ROIs and pixel-wise fitting was performed using the same

IRF across the entire FOV until obtaining the full lifetime (τ) map, ex. Figure 4.12(e).

4.2.2 Characterizing single emissions

To test the proposed SP-MAFLI platform, individual extrinsic and intrinsic fluores-

cent samples were measured. Alexa Fluor AF488, Alexa Fluor AF594 (A20000 and A20004,

Thermofisher Scientific) and intrisic autofluorophores FAD (Flavin Adenine Dinucleotide),

Riboflavin which is a precursor of FAD and PPIX (Protoporphyrin IX) were used. AF488 and

AF594 stock solutions were prepared with phosphate-buffered saline (PBS) solution to reach

concentrations of 25 µM. A well plate was prepared per each dye via filling multiple wells

with 320 µL in a “T-shaped” well-plate formation, and then covered with a microscope slide

to minimize evaporation effects. As autofluorophores are expected to have lower quantum

yields (41), Riboflavin (47861 Sigma Aldrich), PPIX (P8293, Frontier Scientific) and FAD

(F6625-1G, Sigma Aldrich) were diluted into stock solutions with concentrations of 125 µM

and distributed in the same T formation as the extrinsic fluorophores. Riboflavin and FAD

were both diluted with distilled water while PPIX was diluted with a 1:1 ratio of dimethyl-

formamide (DMF) to Methanol. The rationale behind using 125 µM for autofluorophores

and 25 µM for extrinsic fluorophores is the known low photon count levels typically encoun-
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tered in autofluorescence. Therefore, for initial characterization a higher concentration was

used for autofluorophores. Each sample was measured for 1.5 seconds with 256 patterns

(512 positive and negative parts) for a total acquisition time of ∼13 minutes. The collected

fluorescence decays or Time Point Spread Functions (TPSFs) per pattern, wavelength and

time channels are then used with the known acquisition patterns to inverse solve the sample’s

2D space. Each pixel of this 2D space will then contain a TPSF over 256 time channels for

32 wavelength channels ranging from ∼491 nm to ∼674 nm. The 64×64×256×32 output

matrix is inverse solved through TVAL3 and fitted through NLSF algorithm implemented

in Alligator (259), to obtain the lifetime τ of the sample across each pixel of the 3.4×3.4cm

FOV. The reconstructed intensity reconstructions and lifetime maps/quantification are dis-

played in Figure 4.14 for the autofluorescence samples. AF488 and AF594 extrinsic dyes

were used for initial characterization of the SP-MAFLI system as they are expected to have

higher quantum yield than autofluorophores. AF488 and AF594 (A20000 and A20004, Ther-

mofisher Scientific) stock solutions were prepared with PBS buffer to concentrations of 25

µM. A well-plate was filled with 320 µL per well in a “T”-shaped well formation and covered

with a microscope slide in a similar fashion to autofluorophores presented in the main paper.

AF488

3.93±0.19 ns

AF594

3.70±0.08 ns
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Figure 4.13: Reconstructions of intensity and lifetime for AF488 (a) and AF594 (b)
samples across example spectral channels and corresponding average lifetime maps
and quantification for three highest intensity channels.
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Results for these samples are shown in Figure 4.13, where photon counts are at least

2 times higher than targeted autofluorophores, especially for AF594, as expected due to the

reported higher quantum efficiency of both AF488 and AF594.(274) Average lifetimes of

AF488 and AF594 are 3.93 ± 0.19 ns and 3.70 ± 0.08 ns respectively. This is approximate

to the lifetimes reported from the manufacturer in (274), with values of 4.1ns for AF488

and 3.9ns for AF594 in a similar buffer solution. As expected extrinsic fluorescence from

AF488 and AF594 at 25µM produced more photon counts than the in vitro autofluorophores

at 125 µM. Despite the lower photon count levels in comparison to extrinsic dyes, intensity

images from the well-plate regions were successfully retrieved in the prepared configuration

and are displayed per each autofluorophore in Figure 4.14 for some example wavelengths out

of the 32 total spectral channels. After time-domain reconstruction each lifetime decay was

mono-exponentially fitted to obtain lifetime maps for each autofluorophore. The lifetimes

of all wells were averaged, obtaining mean τ values of 2.72 ± 0.07ns, 7.19 ± 0.28ns and

2.34± 0.13ns for Ribloflavin, PPIX and FAD, respectively.

(a) (b) (c)

NEW 
CORRECT

Figure 4.14: Individual in vitro autofluorophores as measured with proposed MFLI
platform. Example of the collected Time Point Spread Functions (TPSFs) or fluores-
cence decays for the first acquisition pattern, are displayed per each autofluorophore.
Intensity images were normalized to the maximum intensity wavelength channel per
autofluorophore. Lifetime values per map are in ns units. Lifetime maps are the aver-
age of the three peak channels per autofluorophore. Intensity images for wavelength
channels 1 and 32 are displayed for reference only.

As the literature reports a broad range of lifetimes for autofluorescence as seen in
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(39),individual lifetime characterization of the autofluorophores was also performed through

a Time-Domain Mesoscopic Fluorescence Imager (TD-MFMT) (275) and Alligator-based

lifetime quantification (259). Of note, the MFMT works at the mesoscopic regime, therefore

the signals from the sample are less prompt to noise and low power effects as commonly ex-

pected for the macroscopic regime, however the covered field of view-1.5×1.5 mm is at least

1/5 of the one covered by the proposed platform-34×34 mm, hence only an example well is

measured for lifetime quantification purposes, rather than the full field of view of the sample

as measured with the SP-MAFLI platform. Samples of FAD, Riboflavin and PPIX were pre-

pared from stock solutions into a well and imaged. Acquisition time was ∼ 30 minutes with

∼ 150 mW/cm2 optical power density per raster scanning point. Results for the autofluo-

rescence measurements are shown in Figure 4.15. Results from TD-MFMT benchmarking

indicate a close proximity between the lifetime values estimated with the SP-MAFLI plat-

form and reported in Figure 4.14, despite expecting more noise at the macroscopic regime.

The TD-MFTM lifetime maps are provided in Figure 4.15 (a)-(c) for one well of the three

different autofluorophores. Furthermore the lifetime for each region is displayed in Figure

4.15 (d) in boxplot form. The lifetime values obtained per each autofluorophore through

both the TD-MFMT and SP-MAFLI platform are correlated through linear regression with

resulting p-value of 2.3e-3, where R2 ∼= 1, intercept = -0.23 and slope = 1.13. Hence results

indicate a high correlation between the lifetimes calculated for individual autofluorophores

with both systems.

This shows an accurate characterization from the proposed SP-MAFLI scheme in com-

parison to a raster scan based mesoscopic imager (0.15×0.15 cm FOV, 30 minutes acquisition,

∼ 150 mW/cm2 optical power density), despite operating at the macroscopic regime with

a 3.4×3.4cm field of view and ∼0.24mW/cm2 optical power density. To further understand

the lower concentration threshold at this power density for these autofluorophores, since

a concentration decrease typically correlates to a decrease in signal to noise ratio (SNR),

depending on the sensitivity of the instrument in question, in vitro samples of PPIX, Ri-

boflavin and FAD autofluorophores (same preparation procedure as Figure 4.14 results) are

used with different decreasing concentrations under the same FOV. Results for this exper-

iment are shown in Figure 4.16 for PPIX. Stock solutions on PPIX, Riboflavin and FAD

were prepared in the same fashion as the previous experiment and serial dilutions performed

with buffer (DMF:Methanol and water respectively) until achieving concentrations of 100
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Figure 4.15: Autofluorescence lifetime retrieval via TD-MFMT. Single wells containing
one of the three autofluorophores at 100 µM, as independently imaged with a time-
resolved mesoscopic system (TD-MFMT) for the purpose of benchmarking. (a)-(c)
Resulting NLSF lifetime maps. (d) Boxplot of all three autofluorophore wells. (e)
Linear regression of lifetime values obtained with both systems (p-value shown, R2

∼=1, intercept = -0.23, slope = 1.13).

µM, 75 µM, 50 µM and 25 µM. Imaging was performed under the same settings as the first

experiment in Figure 4.14.

The distribution of the sample and resulting intensity reconstruction is shown in Figure

4.16 (a) and lifetime quantification results in Figure 4.16 (b). In this case the map containing

χ2 fit residuals is also displayed in Figure 4.16 (c) to exemplify the effect of concentration

decrease in the accuracy of lifetime fitting. The residuals of fits from wells with 100 µM

to 25 µM concentrations for PPIX, highlight that the noise increase in the TPSFs due to

concentration decrease, affects the fitting accuracy at this lower concentration (25 µM). For

FAD and Riboflavin the intensity image for the peak intensity channel is shown in Figure

4.17 (a) and lifetime calculation results after NLSF (performed in Alligator, (259)) fitting

are shown in Figure 4.17 (b). Lifetime reconstructions for both fluorophores at 100 µM are

in accordance to the lifetime values obtained in Figure 4.14 of the main text, as well as

correlation to the values obtained with the TD-MFMT system in Figure 4.15. According
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Figure 4.16: PPIX with decreasing concentrations of 100 µM, 75 µM, 50 µM and 25
µM labaled respectively. (a) Intensity reconstruction for peak channel. (b) Lifetime
reconstruction map (c) Chi square residual fits. (d) Boxplots quantifying lifetime per
concentration as shown in (b).

to multiple studies performed with fluorescence lifetime (67, 276, 277), the lifetime of a

sample is expected to be independent of concentration. Based on the results obtained from

PPIX in Figure 4.16 and the results displayed in Figure 4.17 it can be noted the reduced

Chi-square residuals values are less for the PPIX sample across all concentrations, while for

Riboflavin and FAD the chi-square increases. Across concentration, especially for the 25 µM

well in FAD, the increase in Reduced Chi-square and misrepresentation of lifetime, indicates

lifetime fits with higher residuals which correlates to the amount of noise encountered due to

the low intensity signal at this concentration. This results in incorrect estimation of lifetime

specially at the lowest concentration of 25 µM for both Riboflavin and FAD. Considering the

current SP-MAFLI arrangement is working with an ∼ 3.4mW total power across wide-field

illumination, which can be considered low for a wide-field illumination-detection application,

further enhancement of the SP-MAFLI platform should involve replacing the current super-

continuum source with one with higher output power. This should help improve the signal-to-

noise ratio, especially at concentrations equal or lower than 25 µM.Based on results for Figure

4.14 and quantification displayed in Figure 4.17 PPIX can be better quantified at the lowest

concentration of 25 µM than Riboflavin and FAD due to its distinct long lifetime of ∼ 7.2

ns and higher autofluorescence counts than Riboflavin and FAD. Note that the illumination

power density used in these experiments is at least 500 times lower than that typically used

in raster scanning methods(214, 275). Hence, it is expected that the lower concentration
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threshold of the SP-MAFLI platform can be greatly improved with the availability of higher

illumination power, as the illumination is distributed in wide-field configuration. Overall,

the current results show promise for SP-MAFLI based imaging.
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Figure 4.17: (a) Intensity and lifetime reconstructions for decreasing concentration
samples of FAD and Riboflavin. Intensity CW image first, proceeded by lifetime
maps and respective reduced Chi-squared residuals of fit. (b) Lifetime quantification
per each concentration well for Riboflavin (top) and FAD (bottom). (c) Examples of
fits performed for the Riboflavin and FAD samples, grabbing one example pixel per
concentration well. Intensity images are for higher intensity channel.

4.2.3 Characterizing mixed emissions

The potential of the obtained SP-MAFLI data cube (x-pixels, y-pixels, time, wave-

length) has been exploited only for peak wavelengths in the previous experiments, to obtain

intensity and lifetime maps of the samples. Hence, this type of data hypercube can be consid-
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ered more than necessary, as to obtain lifetime maps only peak channels are enough, however

the full hyperspectral and time domain data hypercube can be exploited for cases of autoflu-

orescence multiplexing and correction of spectral bleed-throughs. This is specially important

for label-free imaging where autofluorophores can be excited and/or emit at the same wave-

lengths. This bleed-through or mixing of wavelengths can reduce the specificity of detection

and therefore the correct quantification of specific autofluorescence markers. Systems like

FLIO (20) or imaging applications for drug multiplexing that target specific autofluorescen-

cent markers in tissues (278), might highly benefit from this type of data. In this regard

the produced SP-MAFLI dataset is highly useful to increase the imaging specificity. Hyper-

spectral datasets have been previously used for unmixing of spectral bleed-troughs through

linear or non-linear algorithms.(224) These algorithms are typically based on inverse solvers

or minimization approaches and use spectral intensity information to yield the abundance

coefficients of each unmixed component, and then use this coefficients to obtain the aut-

ofluorophore’s concentration. Furthermore, the algorithms perform best when using a priori

information of the individual autofluorescent components. Hence calibration measurements

of the individual autofluorophores are often necessary. However, for time-domain data it has

been proposed in (255) to use both intensity and lifetime properties in a deep-learning based

scheme for unmixing the relative abundances of spectral bleed-throughs in extrinsic fluores-

cence cases. The use of lifetime proved specially important to unmix spectral bleed-troughs

with the same or highly similar spectral emission profiles but slight different lifetimes, which

would have been complex to recover with intensity based unmixing alone. Nevertheless, the

use of a convolutional neural network (CNN) enhanced the reconstruction speed and accu-

racy. In this regard, as an unmixing approach to compliment the data hypercube from the

SP-MAFLI platform, this work uses a deep-learning architecture as in (255) – however the

architecture and training are modified to output the unmixed concentration in Molar (M)

units for the autofluorescence components. In contrast to traditional unmixing, where the

obtained abundance coefficients have to be converted to concentration, it is aimed to output

concentration directly through a CNN. The used architecture and specifics are mentioned

in detail in the upcoming subsection. The input is the inverse solved TPSFs per each pixel

of the image space of size 64×64×256×32 and output is the unmixed concentration maps

of the autofluorescence components. Since single-pixel is a form of computational imag-

ing, the image formation process from the known time-domain pattern measurements and
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known patterns can be replicated in simulations and hence generate thousands of training

sets with different variations in noise, etc. For generation of the training set, the raw data

from individual autofluorophores acquired with the SP-MAFLI system was used as an initial

template to generate simulated mixed (bleed-through) samples with varying concentrations.

The trend across wavelength channels was kept as in the experimental measurements. The

spatial distribution of the samples was yielded by EMNIST dataset (240) characters.

(a)

(c)

(d)

(b)

Figure 4.18: (a) Training and validation curves for unmixing CNN for loss and at
activation 15 of the architecture. Early stopping used for 100 total epochs. (b) Ex-
ample in silico autofluorophore sample integrated over time and spectral channels.
(c) Ground-truths (GT) for concentrations per autofluorescent component and CNN
retrieved unmixed concentrations. (d) Summary of average MSE’s per unmixed com-
ponent for 100 in silico samples.

The measured samples with known concentration (100 µM) was used to produce es-

timated simulated lifetime decays that linked that concentration to intensity and lifetime.

Afterwards, intensity was varied and linearly related to concentration, while keeping life-

time constant, as lifetime is independent of concentration. This variation in concentra-

tion/intensity was implemented within the same EMINIST character, therefore the amount

of variation from one pixel to other is randomly generated. This helps the simulated samples

have higher sensitivity to concentration changes within the same connected component. Of

note, maximum concentration for this generated training set is 100 µM. However, maximum

concentration can be increased based on the template lifetime decay or TPSF. The use of a

template decay measurement allows to include the system noise into the simulation scheme.

In this regard, since noise is characterized for measurements used in network training, the
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accuracy of the resulting unmixed concentrations is expected to improve as they reflect the

system noise. The data generation process specifics are further described in Section 4.2.5.

The CNN was trained using Tensorflow, Keras with RMSprop optimizer and batch size of

30 for 100 epochs with early stopping. A total of 6300 samples were used for training, where

20% of them were randomly selected for validation. Training was performed with support

of an NVIDIA eForce RTX 3090 GPU graphics card. Data generation took 32 minutes

(Processor: 11th Gen Intel(R) Core(TM) i9-11900KF @ 3.50GHz), and CNN training took

18 minutes. The resulting training and validation curves are displayed in Figure 4.18 (a),

where convergence is analyzed for both loss and at one of the CNN’s activation layers. To

test the accuracy of the proposed trained CNN in silico 100 samples with mixed spectral

profiles similar to FAD, Riboflavin and PPIX, never seen by the network, were simulated

and unmixed for concentrations of each autoflurophore per pixel. An example result of

the concentration unmixing is displayed in Figure 4.18 (c) for a mixed sample of simulated

profiles PPIX, Riboflavin and FAD. The respective ground-truth (GT) concentrations for

PPIX, Riboflavin and FAD are derived from the template TPSFs and the continuous wave

spectral profile of the autofluorophores; following the same process shown in Section 4.2.5.

The integration of the image over time and spectral channels is shown in Figure 4.18 (b). Of

note Figure 4.18 (c) shows an example of the variation in concentration that is incorporated

in each pixel of the image space, per each simulated autofluorophore. The correspondence of

unmixed concentrations to ground-truths is evaluated through Mean Squared Error (MSE)

for the 100 simulated samples. MSE’s per unmixed components are calculated versus GT

per each sample and finally averaged. Results displayed in Figure 4.18 (d) show MSE’s lower

than 0.012 for all unmixed components. Of note, the variation of the MSE increases for FAD

which was modelled with the shortest lifetime range to also cover values reported in (39). To

experimentally test the proposed workflow (SP-MAFLI platform + CNN concentration un-

mixing), a similar PPIX sample to the one in Figure 4.16 with decreasing concentration was

prepared and unmixed for experimental control of the workflow, as only one autofluorophore

is present. Even though there is no spectral bleed-through to unmix for a single autofluo-

rophore, the type of autofluorophore and the estimated concentrations correctly match those

controlled in the sample preparation. The decreasing trend across concentration per well is

correctly approximated through the CNN and outputs for the 2nd and 3rd autofluorescence

components equal zero. These results are shown in Figure 4.19. Concentration unmixing
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time of a sample through the trained CNN is 2 seconds. For further in vitro characterization

of the workflow a set of ”mixed” samples were prepared.

Unmixed PPIX µM

Unmixed 
R

Unmixed 
FAD

50 µM

25 µM

75 µM

NEW

Figure 4.19: PPIX with approximate decreasing concentrations of 100 µM, 75 µM, 50
µM and 25 µM.

Both the first and second samples contained FAD, Riboflavin and PPIX within the same

FOV but separate wells and under two different combination arrangements. This implies the

emissions from the three autofluorophores will be collected as single measurement vectors due

to the single-pixel arrangement. Furthermore, both FAD and Riboflavin possess very similar

emission profiles as shown in Figure 4.26 and both of them have spectral overlap with PPIX at

higher wavelength channels. The first sample was prepared with FAD, PPIX and Ribloflavin

at 100 µM concentrations from stock solutions. The wells followed a letter J arrangement as

shown in Figure 4.20 (a). Data was collected with the SP-MFLI platform, inversed solved

for a 64×64×256×32 data hypercube and inputted to the CNN for unmixing of the spectral

bleed-throughs to their respective concentration. Results displayed in Figure 4.20 (b) show

the unmixed PPIX, Riboflavin and FAD components. In this case all autofluorophores

are estimated to have the same concentration. Both concentration and positioning of the

spatial distribution of the autofluorophores was correctly retrieved by the network. This

is further highlighted in the quantification of the unmixed pixels in Figure 4.20 (c). To

test an unmixing example across varying concentrations, a sample with the three proposed

autofluorohores was prepared containing both 100 µM and 75 µM concentrations per each

autofluorophore. The distribution for the sample is displayed in Figure 4.21 (b). The sample

was reconstructed and the output SP-HMFLI hypercube inputted to the unmixing CNN, to
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Figure 4.20: Combined sample 1 with approximate concentrations of 100 µM for FAD,
Riboflavin and PPIX. (a) Intensity in arbitrary units (a.u) for 5 example wavelength
channels (b) Individual maps of unmixed concentration as retrieved with the CNN
from the SP-MAFLI data cube. Combined map of concentration is also displayed. (c)
Quantification of the individual wells is displayed in box plot format.

yield the recovered concentrations. Intensity reconstructions across the different wavelengths

are shown in Figure 4.21 (a) and the unmixed concentrations retrieved are shown Figure 4.21

(b). These concentrations estimated through the CNN are in close accordance to the aimed

concentrations used for sample preparation. Hence, the results highlighted in Figure 4.21

show the potential of the network to accurately unmix the proposed sample and retrieve

autofluorescence concentration.

Thus far, in vitro samples measured herein were collected as mixed signals within

the same field of view, but their liquid forms were not mixed, as controlling experimental

conditions in this setting is highly complex. However, a last sample containing FAD and

Riboflavin was prepared in a phantom with letters ’R’, ’P’ and ’I’ at 75 µM concentration for

Riboflavin and 100 µM concentration for FAD, where ’R’ contains FAD only, ’I’ Riboflavin
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Figure 4.21: Combined sample 2 with approximate concentrations of 100 µM and 50
µM for FAD, Riboflavin and PPIX. (a) Intensity reconstructions per example wave-
lengths are shown in arbitraty units (a.u). (b) CNN Unmixed concentrations per each
autofluorophore displayed individually and in a combined map. (c) Quantification of
the estimated concentrations per individual wells is displayed in box plot format.

only and letter P contains an induced liquid mix of both FAD and Riboflavin. For letter ’P’

a barrier was created in the middle of the letter to initially divide the two autofluorophores,

however a small hole was pinched in the barrier so that the liquids could eventually mix at low

speed. Of note, the spectral profiles of Riboflavin and FAD highly overlap as shown in Figure

4.26 (e) of appendices, therefore high level of bleed-through between both autofluorophores

is expected. The phantom and autofluorophore’s distribution is exemplified in Figure 4.22

(a). Results for this experiment are shown in Figure 4.22. Where Figure 4.22 (b) shows the

intensity reconstruction for the highest intensity channel for both autofluorophores, of note

the concentration difference reflects in an intensity difference between the autofluorophores.

Besides intensity, lifetime is also quantified and results shown in Figure 4.22 (c). For letter
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Figure 4.22: (a) The distribution and concentrations of the autofluorophores FAD and
Riboflavin in the RPI phantom. (b) Intensity reconstruction in arbitrary units (a.u).
(c) Lifetime reconstruction and quantification in box plot form per each letter of the
phantom. (d) Concentration per autofluorophore as retrieved with the CNN from the
SP-MAFLI data cube. Combined concentration map is also displayed.

’P’, especially in the mixture area, the lifetime value is in between the lifetimes of the

individual components as seen in the boxplots of Figure 4.22 (c). Of note, for this experiment

the lifetime of the Riboflavin probe appeared higher than what was reported and validated

through both SP-MAFLI and MFMT systems for individually measured autofluorophores.

To understand whether this change came from the probe itself or indicated a misestimation

of the SP-MAFLI workflow, a well sample of the Riboflavin probe used for this experiment

was measured by the MFTM system reported in (275). The MFMT lifetime estimation of

Riboflavin was in accordance to the one reported with SP-MAFLI system as shown in Figure

4.24 (d). Understanding the mechanisms behind this change in the lifetime of Riboflavin is

out of the scope of this work, however it highlights the ability of detecting lifetime changes

with the SP-MAFLI workflow even within the same probe. The reconstructed hypercube
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was the input to the proposed unmixing CNN, so that the mixture in the middle area of

letter ’P’ could be disentangled and concentrations estimated. Results for this workflow are

displayed per separate regions in Figure 4.22 (d) to highlight the network output for each

component. For this, there are three components, as the network was trained with PPIX

profiles as well. However, in this case no estimation was retrieved for the PPIX channel, which

highlights the CNN’s robustness and accuracy of the full approach at disentangling where

each autofluorophore is located or if it’s present at all. Finally, the unmixed concentrations

per each autofluorophore were displayed in a combined map. In this case, concentration of

PPIX is 0 as expected, while concentrations of individual letters approximate 100 µM for

FAD and 75 µM for Riboflavin as seen in Figure 4.22 (d), which were the initial controlled

concentrations. This is also true for regions of letter P that were unmixed, highlighting good

performance from the full scheme.

4.2.4 Bleed-through fluorescence characterization - additional

As explored through the individually measured autofluorophores and extrinsic dyes,

the quantum yield of extrinsic dyes is higher, hence initial testing of the proposed unmixing

CNN is performed with a sample that contains both AF488 and AF594 in the same field

of view. AF488 and AF594 (A20000 and A20004, Thermofisher Scientific) stock solutions

were prepared with PBS buffer to concentrations of 25 µM. The same solutions as used in

the experiment of Figure 4.13. The AF488 and AF594 were placed in a ”T” arrangement as

displayed in Figure 4.23 (b). The reconstructed sample hypercube of size 64×64×256×32

is the input to the unmixing CNN. Figure 4.23 (a) displays intensity reconstructions along

some example channels. Of notice Channel 8 at 519 nm shows AF488 only, while Channel

17 at 614 nm and further channels display AF594 emission only. Figure 4.23 (b) shows the

unmixed concentrations output from the unmixing CNN. Spatial locations of the signals were

correctly located and the retrieved concentrations are in accordance to ∼ 25 µM preparation

of the sample as shown in Figure 4.23.

To supplement Figure 4.22 of the main text for phantom with letters RPI and show

examples of how lifetime was calculated, Figure 4.24 is provided. In this case one example

pixel and its respective fit and residual of the fit are shown per each of the letters in Figure

4.24 (c). The complete lifetime map after fitting all pixels in the region of interest is shown

in Figure 4.24 (a) and the full reduced chi-squared map of residuals displayed in Figure
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Figure 4.23: Reconstruction for mixed signals of AF488 and AF594 in the same FOV.
(a) Intensity reconstructions across different detection wavelengths are displayed. (b)
Unmixed concentration output from Unmixing CNN. (c) Quantification of retrieved
concentrations per well.
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Figure 4.24: Lifetime maps calculation for RPI phantom. (a) Lifetime reconstruction
for the full region of interest. (b) Reduced Chi-squared residuals per each fitted pixel
of the region of interest. (c) Example fits for Riboflavin in Letter ’I’, FAD in Letter
’R’ and middle mixed region of Letter ’P’. (d) Validation of Riboflavin lifetime with
MFMT system.

4.24 (b). Of note the lifetime range of the mixed Riboflavin and FAD letter ’P’ is between

the calculated lifetimes of individual Riboflavin and FAD letters as shown in Figure 4.22.
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Since lifetime for Riboflavin in this sample appeared higher than the one reported in the

previous samples and considering this sample was prepared from a newer lot of Riboflavin

stock solution; MFMT validation was performed on a sample of Riboflavin only to further

understand whether the change in lifetime came from the autofluorescence probe itself or was

a misestimation from the proposed approach. Figure 4.24 (d) shows the lifetime as estimated

with the MFMT workflow yielding a similar lifetime value to the one obtained through the

SP-MAFLI platform. Understanding why this change happens for Riboflavin is outside the

scope of this work but highlights the potential of the SP-MAFLI approach to detect lifetime

changes even within the same autofluorophore.

4.2.5 Specifics of CNN for concentration unmixing

The architecture of the proposed CNN is shown in Figure 4.25. It follows the same

architecture as UNMIXME presented in (255), however it adapts the input type to 32 spec-

tral channels and the output of the network for estimation of concentration. On the first

section, the data hypercube input (x, y, t, λ) was mapped to spatially independent, unmixed

fluorescence concentration values. “XceptionBlock” (257) was made up on spatially inde-

pendent, 2D separable convolutional operations (kernel size of 1×1). After a branch-point,

concentration mapping was performed via a sequence of 2D convolutional operations (kernel

size of 1×1).

Each branch was made to focus its feature mapping to an individual fluorophore con-

centration map. Hence, output dimension is dependent on the number of fluorophores used

(x, y, nspecies). The network is fully-convolutional, i.e., capable of taking data of any spatial

dimensionality. This feature is crucial, as it allowed for computationally efficient training,

using simulated data of much smaller spatial dimension (16×16), even though experimental

evaluation was performed using data with much larger number of pixels (64×64 and 128×128

herein). Training of the DNN was performed with 6500 simulated SP-MAFLI data hyper-

cube samples (80% : 20% - training : validation split). Data generation took 32 minutes

(Processor: 11th Gen Intel(R) Core(TM) i9-11900KF @ 3.50GHz), and CNN training took

18 minutes using an NVIDIA GeForce RTX 3090 GPU. The data simulation is described in

the following section.
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Figure 4.25: CNN architecture used for concentration umixing of measured SP-
MAFLI hypercubes. Both intensity and lifetime information are levaraged as used
in (279) to increase unmixing accuracy.

4.2.5.1 Data simulation workflow

Due to the high cost (financial and time) related to collecting data for properly training

machine learning models in lifetime and SP-MAFLI applications, a data simulation workflow

was developed. Prior work from our group has utilized DNNs trained with simulated data for

a variety of FLI applications – such as lifetime retrieval in FLI microscopy (200), topography

(203), and macroscopic single pixel imaging (238), especially in a single-pixel configuration

for NIR regime at higher compression settings (269). Furthermore deep-learning has also

been used for estimation of the relative abundance coefficients for NIR extrinsic dyes.(255)

Herein, in a similar way to these works, the proposed simulation routine was crafted to

mimic the apparatus-dependent noise and to encapsulate the fluorescence characteristics of

the expected experimental data. Simulated SP-MAFLI hypercubes Γλ(t) were generated

using the following expression:

Γλ(t) = [

nspecies∑
n=1

I × IRF λ(t) ∗
[
aλne

−t/τn
]

(4.7)
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where IRF λ(t) corresponds to the instrument response function (IRF) over all 32 wavelength

channels, aλn the relative spectral brightness of the nth fluorophore at the wavelength λ,

and I to the signal intensity. All variables used during spatially-independent generation

of TPSFs were assigned at random value over wide bounds (ex., Figure 4.17: (τ1, τ2, τ3,

I) ϵ [5.0-11.0 ns, 1.0-4.0 ns, 1.2-3.5 ns, 100-750 p.c.]). These bounds represent typical

values in autofluorescence imaging for the proposed autofluorophores based on (39) and

the individually acquired samples shown in Figure 4.14 of the main text. Importantly, the

ranges of lifetime values reported in literature for autofluorescence are quite broad (39) –

especially compared to that of exogenous dyes. Hence, the ranges of lifetime used during

data simulation of autofluorescence for SP-MAFLI data, were made significantly wider than

those used in the case of exogenous dyes to ensure robustness of concentration retrieval across

microenvironmental conditions. The data simulation workflow utilized EMNIST characters

in similar fashion to prior work in (255). For each simulated dataset, a binary EMNIST

figure was chosen at random and subsampled to size 16×16 (x, y). Afterwards, each non-zero

value was assigned a vector of ones and zeros – each corresponding to whether a particular

fluorophore would be included in that pixel’s hyperspectral lifetime data, completely at

random. Hence, the fluorescent composition of each pixel’s data would range from mono-

specie (only a single non-zero value) to being comprised of all expected fluorophores (all

values equal to one). SP-MAFLI hypercube data was then simulated for each fluorophore

assigned to each pixel and summed to mimic the expected superposition of mixed time-

domain and hyperspectral signal. The data simulation workflow is exemplified in Figure

4.26. From the initial EMNIST spatial distribution template (shown in Figure 4.26 (a)) for

every data instance, each non-zero pixel of the space is assigned a vector of three values

– either ones or zeros – depending on whether a particular fluorophore will be included

in that pixel’s simulated SP-MAFLI data (total possible combinations = nfluorophores!).

Then as shown in Figure 4.26 (b)-(d) lifetime values are randomly assigned based on both

the literature known (39) and individual autofluorescence measurements reported in Figure

4.14 of the main text, per pixel and autofluorophore. The SP-MAFLI data acquired for

the individual autofluorophores was used to know the continuous wave spectral distribution

of the autofluorophores across the 32 detection channels spamming from channels 1 to 16

from ∼515 nm to 583 nm and 17 to 32 from 630 nm to 697 nm. The spectra for 100 µM

FAD, Riboflavin and PPIX have been normalized to the maximum value and are displayed in
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Figure 4.26 (e) to highlight the high spectral bleed-through between Riboflavin and FAD and

notice the subtle differences between themselves and with PPIX. With these experimentally

retrieved spectral measurements and specified lifetime ranges, the SP-MAFLI hypercube data

is generated. Figure 4.26 (f) shows one of the voxels/pixel when integrated over time, in the

simulated hypercube. It exemplifies one pixel that contains a mixture of the three spectra and

hence example TPSFs across wavelength channels are shown for the three autofluorophores

present in that pixel. Of note, the simulated data for each autofluorophore is generated

independently and mixed data pixels (i.e., pixels assigned multiple fluorophores) are created

by summing each fluorophore’s independently generated profiles. Concentration maps like

the ones in Figure 4.26 (g) and (i) are calculated as described below.
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Figure 4.26: Data simulation workflow (a) Assignment of Non-zero pixel of an EM-
NIST vector of three values – either ones or zeros. (b)-(d) Random assignment of
lifetime values for each simulated autofluorophore per pixel over the lifetime ranges.
(e) Normalized profiles of experimentally acquired measurements of individual FAD,
Riboflavin and PPIX autofluorophores across 32 spectral channels. (f) Composition
of a single voxel/a single pixel when integrated over time, with bleed-through from
the three simulated components. (g)-(i) Calculated concentration maps from the sim-
ulated hypercube per each simulated autofluorophore, where the TPSF with higher
photon counts correlates to the maximum calibration concentration (100 µM).
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By enforcing mappings of concentration to zero whenever a fluorophore is not present

in that pixel’s SP-MAFLI data simulation, the CNN is made to “learn” accounting for spec-

tral bleedthrough. Relative coefficients cn were retrieved for all autofluorophores used during

simulation in a fashion similar to prior work (255). In brief, CW data y(λ) (i.e., summed in-

tensity for all 32 wavelength channels) were used, alongside experimentally acquired spectral

data of known fluorescence concentration (examples shown above, Figure 4.26 (e)), to solve

for cn coefficients via the following expression. For this, nonlinear inverse solver lsqnonneg()

was used.


y1

...

y32

 =


a11 a12 · · · a1n
...

... · · · ...

a321 a322 · · · a32n



c1

...

cn

 (4.8)

Due to factors like variations in the autofluorophores’ quantum yield, relative inten-

sities for each autofluorophore vary even at a constant concentration. To directly allow for

concentration retrieval, an experimentally obtained adjustment factor was used. For this,

controlled hyperspectral measurements aλn were obtained for all fluorophores used herein at

known concentration. The maximum value of an averaged well containing each fluorophore

was obtained and the correction factor was determined relative to the highest intensity

measurement. This would allow for the estimation of same concentrations for different aut-

ofluorophores even when their quantum yields differ. As only one measurement is used for

template, high amount of simulated data sets with varying combinations of concentrations

can be generated below the maximum concentration (100 µM). To obtain concentration in

this fashion, both acquisition parameters and illumination must be equivalent to that used

during the controlled hyperspectral measurements (and correspondingly, for data simulation

and CNN training), which is the case for the rest of experiments in this manuscript. Through

this approach, coupled with a simulation workflow encompassing low SNR and wide lifetime

ranges, experimental noise is taken into account and concentration is retrieved robustly.

However, if one is interested in retrieving relative abundance coefficients cn instead, this last

step can be skipped and the CNN can be trained to relative abundance as in (255).
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4.2.6 Discussion and conclusions

The presented set of experiments highlight the potential of the SP-MAFLI platform

with computational imaging and deep learning unmixing scheme to characterize a sample’s

intensity across wavelengths, its lifetime for the targeted areas and unmix spectral bleed-

throughs for autofluorescent components that are mixed within an specific region, while

at the same time retrieving their concentration. A computational imaging technique like

single-pixel imaging can leverage the use of hyperspectral detection and illumination, which

is valuable for mutiplexed imaging. Furthermore, the use of wide-field detection and illumi-

nation allows for the macroscopic imaging of tissues with higher input total power as the

power density decreases with respect to raster scanning systems. The use of a hyperspectral

single-detector and spectrophotometer complex opens the possibility to target different de-

tection wavelengths at once across visible and even NIR regimes, as the grating component

can be modified based on the application. These is highly applicable not only in autofluores-

cence imaging but also in multiplexing of probes that target and investigate different tissue

regions. For this case since only visible autofluorescence was targeted, a grating covering

the visible range, as specified in the system section, is used. Since single-pixel imaging is

a computational technique, knowing the image formation process helps in the simulation of

samples that contain correlating features to those acquired in experimental settings. Espe-

cially when using a template from experimental settings to generate the datasets, specifics

like system noise and throughput at specific acquisition settings can be included by de-

fault without having to do extensive modelling of noise. This ability to massively simulate

data sets based on the known image formation process is highly valuable for the training of

CNNs, like the one used throughout this work for concentration unmixing. The proposed

approach (SP-MAFLI platform + DL concentration unmixing) was able to unmix samples

even when mixed in liquid forms as highlighted in Figure 4.22, while also recovering intensity,

lifetime and individual component reconstructions. Despite these promising results, there

are multiple areas where improvements to this presented approach could be made. First,

the current experiments have shown that in terms of lifetime, concentrations greater than

25 µM can be correctly quantified, however this might not be true for concentrations lower

than this. In this regard, as the used illumination power density for a widefield illumina-

tion scheme covering a 3.4×3.4cm area is ∼0.24mW/cm2, that is at least 500 times lower

than that typically used in raster scanning methods(214, 275), illumination power improve-
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ment is necessary. We hypothesize this will produce an increase in the amount of excited

autofluorescence specially for low concentrations and hence the amount of detected signal.

Furthermore, development of new AOTF components and DMDs with better transmission

efficiency at these wavelengths will aid in improving the system’s sensitivity. Another impor-

tant aspect is to understand why after concentration unmixing the retrieved concentrations

show high standard deviations. For this, further studies across autofluorophores with differ-

ent quantum yields and photostability are needed to explore whether or not this variation

is due to the sample itself. Regarding the image formation process, the current scheme uses

TVAL3 to inverse solve the data hypercube (64 pixels×64 pixels×256 time channels ×32

wavelength channels) from raw SP-MAFLI data of size (32 wavelength channels×256 time

channels×256 patterns), however it has been shown in (238) that this procedure can be re-

placed by a deep learning framework for a single-pixel imaging arrangement. Nevertheless,

work has also demonstrated that through deep learning the amount of acquired data and

hence acquisition time can be reduced while pixel resolution can be improved up to 128×128

pixels without compromising image reconstruction accuracy (269). In this regard, future

work should look at a full deep learning workflow that performs both intensity and lifetime

image formation and concentration unmixing in a single algorithm. We believe this would

speed up the reconstruction process to ”ms” time range and make it fast enough for real-time

in vivo imaging. Hence, there is great potential for improvement on this scheme, especially

for further testing on in vivo samples.

4.3 Summary

Hyperspectral Fluorescence Lifetime Imaging allows for the simultaneous acquisition

of spectrally-resolved temporal fluorescence emission decays. In turn, the acquired rich mul-

tidimensional data set enables simultaneous imaging of multiple fluorescent species for a

comprehensive molecular assessment of biotissues. However, to enable quantitative imaging,

inherent spectral overlap between the considered fluorescent probes and potential bleed-

through must be considered. Such task is performed via either spectral or lifetime unmixing,

typically independently. Through this chapter UNMIX-ME which is aimed at quantitatively

unmixing fluorophores by simultaneously using both spectral and temporal signatures was

explained. UNMIX-ME was trained and validated using an in silico framework replicat-

ing the data acquisition process of a compressive hyperspectral fluorescent lifetime imaging
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platform (HMFLI). This platform has been described on Chapter 2. The initial implemen-

tation of UNMIX-ME was designed to retrieve the spatially resolved abundance coefficients

associated with the sample’s fluorophores from the spectrally resolved fluorescence decay

measurements. It was benchmarked against a conventional Least-Squares (LSQ) method for

tri and quadri-exponential simulated samples. Last, UNMIX-ME’s potential was assessed

for NIR FRET in vitro and in vivo preclinical applications. Furthermore, the second sec-

tion of this chapter aimed to demonstrate the potential of the hyperspectral macroscopic

single-pixel methodology for quantifying the intensity and lifetime of autofluorophores, with

higher specificity for cases of mixed emissions, which are ubiquitous in autofluorescence and

multiplexed in vivo imaging. Of note, the known physics of a single pixel acquisition allows

for the use of deep learning to improve image reconstruction (238) and specificity through

unmixing with hyperspectral intensity and lifetime information. (255) These concepts are all

encompassed in the proposed SP-MAFLI setup where UNMIX-ME was modified to directly

reconstruct the concentrations of the targeted fluorophores.



CHAPTER 5

ESTABLISHING DEEP-LEARNING FOR SINGLE-PIXEL

DIFFUSE OPTICAL TOMOGRAPHY (DOT)

Diffuse Optical Tomography (DOT), Fluorescence Diffuse Optical Tomography (fDOT) also

known as Fluorescence Molecular Tomography (FMT) when contrast is given by fluores-

cence, and Bioluminescence Tomography (BLT) when contrast is given by Bioluminescence,

are non-invasive and non-ionizing 3D diffuse optical imaging techniques (280). They are all

based on acquiring optical data from spatially resolved surface measurements and performing

similar mathematical computational tasks that involve the modeling of light propagation ac-

cording to the tissue attenuation properties. In DOT, the main biomarkers are related to the

functional status of tissues reflected by the total blood content (HbT) and oxygen saturation

(SO2) that can be derived from reconstructed absorption (µa) maps (281). DOT has found

applications in numerous clinical scenarios including optical mammography (282, 283), mus-

cle physiology (284), brain functional imaging (285) and peripheral vascular diseases mon-

itoring. One of the main differences between DOT and FMT, is that in FMT the inverse

problem aims to retrieve the effective quantum yield distribution (related to concentration)

of an exogenous contrast agent (57, 286) or reporter gene in animal models (287) while illu-

minated by excitation light. On the other hand, in BLT, the goal is to retrieve the location

and strength of an embedded bioluminescent source. The highly scattering biological tissues

lead to ill-posed nonlinear inverse problems that are highly sensitive to model mismatch

and noise amplification. Therefore, tomographic reconstruction in DOT/FMT/BLT is often

performed via iterative approaches (288) coupled with regularization. Moreover, the model

is commonly linearized using the Rytov (DOT) or Born (DOT/FMT) methods (289). Ad-

Portions of this chapter previously appeared as:

D. Faulkner, M. Ochoa, N. Nizam, S. Gao, X. Intes, “Diffuse fluorescence tomography” in Biomedical Optical
Imaging: From Nanoscopy to Tomography, J. Xia, R. Choe, Eds. (AIP Publishing, 2021), pp. 11-28.

J.T. Smith, M. Ochoa, D. Faulkner, G. Haskins, Deep learning in macroscopic diffuse optical imaging. J.
Biomed. Opt. 27, 020901 (2022).

N. Nizam, M. Ochoa, J.T. Smith, S. Gao, X. Intes, Monte Carlo-based data generation for efficient deep
learning reconstruction of macroscopic diffuse optical tomography and topography applications. J. Biomed.
Opt. 27, 083016 (2022).

L. Tian, B. Hunt, M.A. Bell, J. Yi, J.T. Smith, M. Ochoa, X. Intes, N.J. Durr, Deep learning in biomedical
optics. Lasers. Surg. Med. 53, 748-775 (2021).
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ditional constraints, such as preconditioning (79) and a priori information are implemented

(87, 90, 290, 291). Further experimental constraints in DOT/FMT are also incorporated us-

ing spectral and temporal information (292). Despite this progress, the implementation and

optimization of a regularized inverse problem is complex and requires vast computational

resources. Recently, DL methods have been developed for DOT/FMT/BLT to either aid or

fully replace the classical inverse solver. These developments have focused on two main ap-

proaches, including 1) learned denoisers (205) and 2) end-to-end solvers. (204, 293–295). For

this thesis work the focus will be functional imaging through the use of a single-pixel DOT

platform and a transmission configuration as described in Chapter 2. The data acquisition

will be performed with widefield detection and widefield illumination following the arrange-

ment of (113). The first section aims at replacing the ill-posed inverse problem through an

end-to-end AUTOMAP (209) based DL architecture. To establish a data simulation and DL

workflow in a more simple scheme, the first section uses continuous wave (CW) information

and a single wavelength (λk) for reconstruction through voxel based discretrization and re-

trieval of (µa) distributions. Eventhough the use of voxels is common for the characterization

of volumes, modelling through meshes offers smoother boundary conditions for the photon

propagation model, which better resembles in in vivo specimens.(152) However the use of

mesh based information often represents a computational burden specially if models want to

be finely discretized and contain high amount of nodes and elements. Hence in this regard

even if modelling through voxels is less descriptive of the boundary conditions, it is more

computationally efficient, especially for intial testing with a deep learning model, which is

done in the first section of this chapter. Of note, to date most end-to-end DL architectures

use a voxel based discretization approach. Finally the second section tackles the use of the

hyperspectral information acquired by the single-pixel DOT platform for retrieval of relative

concentrations. The complexity level and computational burden are increased as reconstruc-

tions make use of Time Gates (TGs) and spectral (λk) information. A DL architecture is

also implemented for end-to-end reconstruction but following a mesh discretization scheme.

Since different wavelengths (λk) with k = 12 are used, relative concentrations can be directly

retrieved. Validation is performed in silico and experimentally through the use of in vitro

data acquired with the single-pixel DOT platform.



134

5.1 Continuous wave single-pixel DOT via voxel discretization and

deep learning

Transmission configurations in tomography allow for higher penetration and hence,

enable better reconstruction of contrasts embedded at higher depths(82). The use of widefield

illumination and detection provides wider fields of view (FOVs) as shown in (70). For this

section the photon propagation modelling tool MCX (296) will be used to generate perturbed

and unperturbed measurements from varius in silico samples. This in silico dataset will be

used to train an end-to-end DL architacture for the direct retrieval of ∆µa contrasts.

5.1.1 Target forward model and inverse problem

The first section of this chapter is aimed at reconstructing the voxel based spatial

distribution and change in absorption of targets within turbid media. This will be done

using both traditional inverse-solved reconstruction as well as Deep Learning based recon-

struction. According to the Rytov formulation (297) for the DOT inverse problem herein

implemented and which approximates the model of (23) for Continuous Wave formulation

and 1 wavelength:

Uλ1(rs, rd) = Uλ1
0 (rs, rd) · exp[ϕλ1

per(rs, rd)] (5.1)

ϕλ1
per(rs, rd) =

∫
Ω

WΩ,λ1(rs, rd, r)∆µλ1
a (r)d3r (5.2)

ϕλ1
per(rs, rd) = ln

Uλ1(rs, rd)

Uλ1
0 (rs, rd)

(5.3)

ln
Uλ1(rs, rd)

Uλ1
0 (rs, rd)

=

∫
Ω

WΩ,λ1(rs, rd, r)∆µλ1
a (r)d3r (5.4)

where Uλ1(rs, rd) represents the perturbed fluence for source detector pair rs and rd at a

wavelength k = 1. This fluence equals the product of the unperturbed condition space

Uλ1
0 (rs, rd) and the phase perturbation ϕλ1

per(rs, rd). The phase perturbation and absorption

property ∆µλ1
a (r) are related by Equation 5.2. Since the phase perturbation of the space

can also be redefined as Equation 5.3, 5.2 can be redefined as Equation 5.4. The left side

of equation 5.4 summarized as the term γλ1
i for a wavelength k = 1 and where i = 1 · · ·P ,
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accounts for the measurement vector acquired through the single pixel DOT instrumentation

using 36 sources and 36 detectors, hence P = 1296 source-detector pairs. Therefore, the

measurement vector bfull described in Equation 5.5 has a dimensionality of P × 1

bfull =


γλ1
1

...

γλ1
P

 (5.5)

The weight function in Equation 5.4, and summarized by WΩ,λ1(rs, rd, r) for the rs and

rd pattern pair at location r, can be defined as Equation 5.6 where the constant α1 represents

the instrument response at wavelength 1. Gλ1
0 (rs, r) is the Green’s function of the source

at location r and Gλ1
0 (r, rd) is the detector’s green’s function at r. The green’s functions

are calculated through the use of voxel-based Monte Carlo photon propagation modelling

(MCX) (296) for a homogeneous voxel space representative of the targeted experimental

setting.

WΩ,λ1(rs, rd, r) = −α1 ·
(
Gλ1

0 (rs, r)G
λ1
0 (r, rd)

Gλ1
0 (rs, rd)

)
(5.6)

The simulated homogeneous voxel space can be modified with inclusions that approx-

imate the target optical properties change and then be used to simulate the perturbed

measurement Gλk
0 (rs, rd, t) at the volume’s boundary for P detector pairs.

5.1.2 Generation of MCX voxel based training data

2D EMNIST images are resized to the scale of the desired volume space. Since volume

spaces with multiple embeddings were created (up to 3 embeddings), for volumes containing

one embedding the image was resized and the character centered as shown in Figure 5.1(a)

bottom left. However, when multiple embeddings are included, the volume space is equally

divided into four quadrants – three of which can be used at a time (shown in Figure 5.1(a)

bottom right). Which quadrants to use, as well as the depth and thickness of each EMNIST

character is randomly chosen from a wide range of values. For the initial training, thickness is

set as a constant value of 3mm, depth randomly assigned a value between 2-16 mm per each

character. Furthermore, controls with no embeddings are also included in the dataset. ∆µa

values are varied from 0.008 to 0.2 mm−1 for the embeddings and µs has a constant value of
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10 mm−1 and g = 0.90. The background has an absorption of 0.004 mm−1. Of note, the x, y

and z dimensions of the volume space can be modified based on the targeted experimental

setting. At this instance, box like volumes are used since datasets will be acquired from this

type of phantom. However, the surrounding volume can be redefined if needed.

(a)
(b)

(c)

(d)

Figure 5.1: (a) Example of EMNIST characters and produced embedding for a
40×40mm space. This can be resized to the volume of interest. (b) Retrieved Ja-
cobian for first source-detector pair for a homogeneous space of size 40×30×20 mm
displayed in Log10 scale. The Jacobian has been summed over the y dimension for
display purposes. (c) Example of generated measurement vectors for the unperturbed
(ϕ0) and perturbed (ϕ) spaces. (d) Source and detector patterns used for Jacobian
simulation and for data acquisition on the single-pixel DOT platform. Every 6 patterns
are displayed for visualization.

A Jacobian is calculated from the homogenous voxel space using the experimental de-

tection and illumination patterns acquired through the single-pixel external CCD camera.

The patterns are displayed in Figure 5.1(d). Of note, the detection patterns reflect the spa-

tial distribution of the fiber bundle, which has previously shown to better approximate the
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Jacobian formulation to experimental conditions. (28) An example Jacobian is displayed in

Figure 5.1(b) for the first source-detector pair. To generate the simulated measurement vec-

tors, the embeddings (Figure 5.1(a) are multiplied with the Jacobian matrix as supported by

the linearization of the problem. This process is faster when GPU constraints are present, as

in the case of mesh based discretization. Another approach is to generate the measurement

vectors from the detector registered photons as calculated by MCX, which is a more time

consuming process but provides higher accuracy. In this case, the latter one is applied for

initial testing. Each instance of training data is composed of the ground-truth embedding

and their respective simulated measurement vector. Figure 5.1(c) shows an embedding mea-

surement vector (ϕ) versus the measurement from homogeneous space or unperturbed space

(ϕ0). A single Rytov-normalized measurement vector is produced from these measurements

(log ϕ0

ϕ
). In this way, a large dataset of measurement vectors is generated for training and

validation of the modified AUTOMAP network.

5.1.2.1 DNN architecture and training

A

B

Number of Epochs
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ss

(M
SE

)

(a)

(b)

Figure 5.2: (a) Modified AUTOMAP architecture for retrieval of ∆µa distribution
of optical targets in turbid media. (b) Resulting training and validation loss (MSE)
curves for the modified AUTOMAP architecture.
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Table 5.1: Details of the training dataset and the modified AUTOMAP network for
widefield diffuse optical tomography (GPU: NVIDIA GeForce RTX 2080Ti).

Size of dataset
25000

(1, 2, or 3
embeddings)

OPs

∆µa = 0.008− 0.2mm−1

depth= 2-16 mm
µs = 10mm−1

g=0.90
No of photons (in simulation)=107

Time to generate dataset ∼30 hours
Training / validation split 80/20

Batch size 32
Epoch number 750
Loss function MSE
Optimizer Adam

Learning rate 10−5

Training time ∼16 hours

The structure of the DL network is provided in Figure 5.2. The choice of using an

architecture similar to AUTOMAP (209) stems from its demonstration of being suitable for

K-space sparse acquisition. In this regard, the used bar patterns (shown in Figure 5.1(d)

can be considered low frequency k-space patterns. Additionally, the network demonstrated

a superior degree of noise immunity – reducing reconstruction artifacts. The architecture

was suitably modified for our tasks by adding additional convolutional and dropout layers

as shown in Figure 5.2. The model input is the Rytov normalized measurement vector and

output is the ∆µa spatial distribution of the targets. In this regard, the need for an inverse

solver routine is alleviated and undertaking extensive preconditioning and/or optimization

of the inverse solver’s parameters is no longer needed. The details of the network training

parameters are displayed in Table 5.1. The time required to generate a dataset of 25000

samples through direct MCX simulation is 375 minutes or 6 hours 25 minutes. The significant

increase in dataset-generation time highlights the trade-off between accuracy and speed, as

this process could be done by direct multiplication of the homogeneous Jacobian space the

generated EMNIST embeddings. Additionally, to decrease the time required to generate the

dataset to something more manageable, the number of photons for the forward simulation is

reduced to 107. The training curves for the proposed architecture with the settings mentioned
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in Table 5.1 are displayed in Figure 5.2(b).

5.1.2.2 In silico validation

Phantom Method VE 
(%)

Maximum 
δμa (mm-1)

In Silico 
Phantom

LSQ 5.50 0.19

ModAM 2.30 0.18

Example In Silico
δμa Reconstruction 

A

B

C

δμa

0

0.05

0.10

0.15

0.20

(a)

(c)

(b)

Figure 5.3: (a)Reconstructed isovolumes for the traditional inverse solved (LSQ)
method and the modified AUTOMAP (ModAM) DL network versus ground-truth iso-
volume (GT). (b) Recovered ∆µa distribution of optical targets in turbid media versus
ground-truth (GT). Only the plane at y = 1.5 is shown for visualization purposes. (c)
Volume error (VE) versus ground-truth (GT) for both methods and maximum ∆µa

retrieved for the target space.

For in silico validation, a target distinct from the ones used for model training is

generated at a depth of 5mm and with thickness of 3mm with a ∆µa value in the embedding

of 0.2mm−1. The measurement vector is simulated in a similar fashion as the training

data and inputted to the network for reconstruction. Furthermore for comparison purposes,

the simulated measurement vector was also used with the generated Jacobian model for a

traditional inverse solving process. In this case the Matlab built in inverse solver ”LSQ” is

to inverse solve the problem of form bfull = WΩ,λ1∆µλ1
a (r) for ∆µλ1

a (r) with a tolerance of

1e-4 and a cap of 5000 maximum iterations. Also for the reconstructed volume a threshold

of 50% of the maximum isovolume value is set for background artifact removal. Results for

this in silico phantom are shown in Figure 5.3(a) for both methods. Furthermore the middle

slide at y =3 is displayed in Figure 5.3(b) to visualize the retrieved ∆µa values. These values

are summarized in Figure 5.3(c) for both methods. In this regard, volume error retrieved by

the traditional inverse solved method is higher, even when the isovolume was thresholded by
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50% of the maximum value for artifact removal.

5.1.2.3 In vitro validation

Phantom Method VE (%) Maximum 
δμa (mm-1)

Tube 
Phantom

LSQ 35.46 0.13

ModAM 23.11 0.15

30 mm

40 mm

μa = 0.004 

mm-1

μa = 0.18 mm-1 μs’ = 10 mm-1

7 

mm
D = 3 

mm
5mm

Targeted Design

Widefield Transmission Arrangement

δμa Reconstruction (WF-WF) 
for Experimental Data

3D Micro-CT GT of the 
Experimental Phantom

0

0.05

0.10

0.15

0.20

A
B C

D

δμa

E

(a)

(b)

(c)

(d)

(e)

Figure 5.4: (a) Targeted exprimemtal phantom design for a widefield transmission
acquisition arrangement through the single-pixel platform. (b) Ground-truth vol-
ume as acquired from a MicroCT instrument which will serve as ground-truth (GT).
(c)Reconstructed isovolumes for the traditional inverse solved (LSQ) method and the
modified AUTOMAP (ModAM) DL network versus ground-truth isovolume (GT). (d)
Recovered ∆µa distribution of optical targets in turbid media through both methods.
Only the plane at y = ∼8mm is shown for visualization purposes. (e) Volume error
(VE) versus ground-truth (GT) for both methods and maximum ∆µa retrieved for the
target space.

For experimental in vitro validation data was acquired through the single-pixel DOT

platform from a phantom with the characteristics shown in Figure (a) using a 780nm exci-

tation at 150 mW nominal power. A homogeneous phantom is created for the experiment

with two capillaries (each with an outer/inner diameter of 3/4mm respectively) embedded

at a depth of ∼7 mm from the illumination and detection plane. The µa, and reduced scat-

tering coefficient, µ′
s, values of the homogeneous background are aimed at 0.004 mm−1 and

1 mm−1, respectively and are generated using a suitable mixture of agar, ink, and intralipid.

The contrast in the embeddings (tubes) was set to achieve a ∆µa value of ∼ 0.17mm−1. This

phantom was also measured through the use of a MicroCT system to retrieve approximated

ground-truth of the volume space. The reconstructions results are shown in Figure 5.4, where
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the experimental design is depicted in Figure 5.4(a) and MicroCT isovolume which will serve

as ground-truth (GT) is displayed in Figure 5.4(b) and experimental reconstruction results

for the single-pixel measurements are shown in Figure 5.4(c) and (d), where the ∆µa plane

at the middle depth of the tubes is displayed. Finally, Figure 5.4(e) summarizes the volume

error versus ground-truth and the maximum retrieved ∆µa for the reconstructions of both

methods. From this, results with lower volume error and a maximum ∆µa that better ap-

proximates the pre-designed ∼ 0.17mm−1 are retrieved with the proposed network compared

to the traditional inverse-based approach. Notably, for traditional LSQ inverse method, 50%

of the maximum was used for isovolume threshold to remove background artifacts, while for

the deep learning framework no threshold was used and the network outputs were directly

taken.

5.1.3 Conclusions

The reconstruction results provided in this section highlight the utility of deep learning

frameworks for retrieval of ∆µa values in absorption contrasts. Noticeably, when transition-

ing to experimental settings, the volume errors increase for both deep learning and traditional

inverse solving methods. This is expected, as ground-truth conditions are harder to control

for experimental scenarios and there is no experimental approximation of system noise added

to the models used for network training. However these are still promising results, as the

network has been able to skip the inverse solving process and directly outputs an accurate

approximation of the absorption targets without any post-processing. Of note, most of the

mentioned architectures in literature use geometric shapes, for example assuming spherical

conditions for tumors – which is not accurate in many cases. Herein, the network is trained

with random characters and complex shapes. Still, even though the model was not exposed

to perfect geometrical shapes during training, it is still able to resolve them. This ability

to reconstruct extended objects, like capillaries, is a significant advantage offered by our

Enhanced EMNIST-based data-generation scheme compared to similar works in the litera-

ture employing DL (204, 298). Therefore, the proposed MCX-based DL workflow is a step

forward towards high-resolution 3D reconstructions in pre-clinical scenarios utilizing DOT.
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5.2 Hyperspectral time-resolved functional single-pixel DOT via

mesh discretization and deep learning

As highlighted in the previous section, the use of Deep Learning (DL) has become an

alternative to skip the burden of retrieving the distribution of contrasts in scattering me-

dia through linear or non-linear inverse solving approaches. (149) Nevertheless, even when

approaching the problem via traditional inverse solving algorithms, the increase in data

dimensionality by both temporal and spectral domains has also proven to provide higher

reconstruction and quantification accuracy in comparison to using Continuous Wave (CW)

data only. (23) Furthermore, the addition of spectral information allows for direct inverse

solving of the relative concentration of the absorption contrasts/tissue chromophores. In

this chapter, the single-pixel DOT instrumentation described in Chapter 2 and reported in

(113) is used for the acquisition of high dimensional spectral and temporal datasets. The ac-

quired data is reconstructed and absorption targets retrieved through the use of a traditional

Conjugate Gradient inverse solver approach similar to the one presented in the previous sec-

tion. The photon propagation and sample modelling are performed under a mesh-based

approach in contrast to the voxel based one used in the previous section. In addition, for

the first time to our knowledge, a mesh-based end-to-end DL approach is implemented for

direct reconstruction of the chromophores’ concentrations. This chapter describes the more

complex forward model targeted with both time-domain and hyperspectral information, the

traditional inverse solving approach, the designed end-to-end deep learning architecture for

direct chromophore reconstruction, as well as the approach to train it through simulated

hyperspectral time-domain samples reflective of the optical DOT arrangement.

5.2.1 Target forward model and inverse problem

The first section of this chapter aimed at reconstructing the voxel based spatial dis-

tribution of absorption targets within turbid media, as well as quantifying their change in

absorption through spectral information from isolated wavelengths. This was done for both

traditional inverse solved reconstruction as well as Deep Learning based reconstruction.

Importantly, since the single-pixel DOT system can acquire parallel spectral information,

these features can be used to directly retrieve the absorber’s concentration as shown in Qi

Pian’s (23) work. Additionally, this work demonstrated that the inclusion of hyperspectral

information aided in increasing quantification accuracy for a traditional conjugate gradient
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inverse solved approach (113).According to the Rytov formulation (297) for the DOT inverse

problem herein implemented and which replicates the model of (23):

Uλk(rs, rd, t) = Uλk
0 (rs, rd, t) · exp[ϕλk

per(rs, rd, t)] (5.7)

ϕλk
per(rs, rd, t) =

∫
Ω

WΩ,λk(rs, rd, r, t)∆µλk
a (r)d3r (5.8)

ϕλk
per(rs, rd, t) = ln

Uλk(rs, rd, t)

Uλk
0 (rs, rd, t)

(5.9)

ln
Uλk(rs, rd, t)

Uλk
0 (rs, rd, t)

=

∫
Ω

WΩ,λk(rs, rd, r, t)∆µλk
a (r)d3r (5.10)

where Uλk(rs, rd, t) represents the fluence measurement of the perturbed condition over time

t for a determined source rs and rd detector pattern pair for wavelength k. This fluence of

the perturbed condition is equal to the multiplication of the unperturbed condition space

Uλk
0 (rs, rd, t) and the phase perturbation term ϕλk

per(rs, rd, t) caused by the change in optical

properties. The perturbation phase and absorption property ∆µλk
a (r) are related through

Equation 5.8. The phase perturbation of the space can also be redefined as Equation 5.9,

hence Equation 5.8 can be rewritten as Equation 5.10. The left side of Equation 5.10 will

be defined as γλk
i for a wavelength λk and where i = 1 · · ·P × TG. For the single pixel DOT

instrumentation 36 patterned sources and 36 detectors are used for a total of 1296 P source-

detector pairs. Also a total number of 256 TG time-gates is defined. The used acquisition

patterns are displayed in Figure 5.1(d). The measurement vectors that will be used for

reconstruction and representing N wavelength channels, are vertically concatenated to form

the full measurement matrix bfull, which is described by 5.11. Hence the dimensionality of

bfull is (P × TG ×N)× 1
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bfull =



γλ1
1

...

γλ1
P×TG

...

γλN
1

...

γλN
P×TG


(5.11)

The weight function for wavelength λk and represented in Equation 5.10 by

WΩ,λk(rs, rd, r, t) for the rs and rd source detector pair at location r and time t can be

calculated through Equation 5.12 where the αk constant accounts for the instrument re-

sponse per wavelength. In the case of the used single-pixel DOT arrangement up to 16

wavelengths can be acquired. Gλk
0 (rs, r, t− t′) represents the Green’s function of the source

at an r location and Gλk
0 (r, rd, t

′) represents the detector’s green’s function at that location.

Both green’s functions are calculated through the use of Mesh-based Monte Carlo photon

propagation modelling (MMC)(152) for a homogeneous mesh space representative of the

targeted experimental setting.

WΩ,λk(rs, rd, r, t) = −αk ·

(∫ t

0
Gλk

0 (rs, r, t− t′)Gλk
0 (r, rd, t

′)dt′

Gλk
0 (rs, rd, t)

)
(5.12)

This homogeneous mesh space can be modified with inclusions that approximate the

target optical properties change and then be used to simulate the perturbed measurement

Gλk
0 (rs, rd, t) at the volume’s boundary over time t for rs and rd source and detector pairs

P . The absorption of perturbation ∆µλk
a (r) in Equation 5.10 is related to the absorbers’

concentration CΩ
n (r) through Equation 5.13, where n represents the number of absorbers in

the turbid media for a maximum number of L absorbers. The concentration is multiplied

by the extinction coefficient εn,k of absorber n for a determined wavelength k.

∆µλk
a (r) =

∑
n

CΩ
n (r) · εn,k (5.13)

Based on Equation 5.13 the relationship shown in Equation 5.10 can be described as

Equation 5.14, so the weight matrix WΩ,λk(rs, rd, r, t) can be updated to account for the
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extinction coefficient εn,k of absorber n for a determined wavelength k as in Equation 5.15.

This with the purpose of inverse solving the absorber’s concentration CΩ
n (r) represented in

Equation 5.14.

ln
Uλk(rs, rd, t)

Uλk
0 (rs, rd, t)

=

∫
Ω

WΩ,λk(rs, rd, r, t)
∑
n

CΩ
n (r) · εn,kd3r (5.14)

WΩ,λk(rs, rd, r, t) = εn,k · αk ·

(∫ t

0
Gλk

0 (rs, r, t− t′)Gλk
0 (r, rd, t

′)dt′

Gλk
0 (rs, rd, t)

)
(5.15)

The weight matrix WΩ,λk(rs, rd, r, t) for a wavelength λk, a total P of rs/rd source-

detector pairs and TG time gates accounted for in reconstruction will be described by WΩ,λk
i,n

where i = 1 · · ·P × TG and n = 1 · · ·L with n representing the number of absorbers in

the turbid media for a maximum number of L absorbers. The source-detector pairs P used

in the simulation of the Green’s functions are the same by which experimental single-pixel

DOT data is acquired. For photon propagation modelling of the Green’s functions through

MMC the experimentally acquired patterns shown in Figure 5.1(d) are used. Since the

Green’s functions are done for a discretized mesh space the final dimensionality of each

WΩ,λk
i,n matrix for a λk where k = 1 · · ·N will be P × TG ×Nnode, with Nnode being the node

number in which the volume was discretized for MMC mesh modelling. The WΩ,λk
i,n matrices

that will be used for reconstruction and representing N wavelength channels and TG time

gates, are vertically concatenated to form the full weight matrix Wfull, which is described

by Equation 5.16.

Wfull =



WΩ,λ1

1,1 . . . WΩ,λ1

1,L

...
. . .

...

WΩ,λ1

P×TG,1 . . . WΩ,λ1

P×TG,L

...
. . .

...

WΩ,λN
1,1 . . . WΩ,λN

1,L

...
. . .

...

WΩ,λN

P×TG,1 . . . WΩ,λN

P×TG,L


(5.16)

Hence the linear problem to inverse solve for the spatial distribution of relative concentrations

of absorbers 1 to L represented as Cfull can be summarized by Equations 5.17 and 5.18 where

the inverse solved concentration vector will have a dimensionality of Nnode × 1.
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bfull = WfullCfull (5.17)



γλ1
1

...

γλ1
P×TG

...

γλN
1

...

γλN
P×TG


=



WΩ,λ1

1,1 . . . WΩ,λ1

1,L

...
. . .

...

WΩ,λ1

P×TG,1 . . . WΩ,λ1

P×TG,L

...
. . .

...

WΩ,λN
1,1 . . . WΩ,λN

1,L

...
. . .

...

WΩ,λN

P×TG,1 . . . WΩ,λN

P×TG,L




CΩ

1

...

CΩ
L

 (5.18)

As demonstrated by the work of Boas et al. (281) calibration of source and detectors

used for data acquisition can be included during the inverse problem reconstruction. Calibra-

tion of source and detector amplitude factors is important to combat image reconstruction

noise that might appear as spikes near the sources and detectors. This noise can be present

despite having a good estimation of the weight matrices for the unperturbed background.

The calibration is done following the method described in (281). For the WΩ,λk
i,n matrices

that make up the Wfull variable used for the inverse problem resolution, the absorption co-

efficient of the unperturbed medium per wavelength µλk
aunp

is multiplied and components S of

size (P × Tg ×N)×Ns and D with size (P × Tg ×N)×Nd are incorporated as in Equation

5.19 yielding the calibrated version Wcali of Wfull. The variables Ns and Nd indicate the

total number of structured patterns used for illumination and detection respectively, for a

maximum of 36 patterns for illumination and 36 patterns for detection.

Wcali =
[
WΩ,λk

i,n · µλk
aunp

S D
]

(5.19)

IfWfull is updated toWcali and according to the relationship in Equations 5.10 and 5.17

then the inverse solved distribution will be Cfull =
[
C ′

full ln s1 . . . ln sNs ln d1 . . . ln dNd

]′
.

To solve for the inverse problem summarized in Equation 5.18 Conjugate Gradients Squared

(CGS) method is used with 300 maximum iterations and a tolerance of 5e-2. This traditional

inverse solving scheme will be compared to reconstructions performed through an end-to-end

deep learning architecture, in a similar fashion to the previous section. The details of the

network aiming for concentration retrieval through hyperspectral information and operating
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on mesh discretization are shown in the following section.

5.2.2 Deep learning replacing the inverse solver

The deep learning network proposed and validated in the previous section demonstrated

that the use of end-to-end architectures can ease the computational burden and increase

accuracy when retrieving the change in absorption ∆µλk
a for information obtained from a

single detection wavelength for CW data. However, as highlighted in the previous section, the

use of multiple wavelengths can be leveraged to retrieve the absorber’s concentration, which

is of great importance when estimating concentrations of Hb and HbO2 in tissues. Despite

the importance of a voxel-based data generation pipeline, a sample’s boundary conditions

are better represented by mesh-based models as described in Ruoyang et al.(98). The voxel

(MCX)-based data generation pipeline described in the first section of this chapter is herein

restructured to simulate mesh discretized samples from MMC (Mesh based Monte Carlo)

EMNIST perturbed models across the hyperspectral and time domains. These simulated

measurement vectors will be used to train an end-to-end deep learning architecture to replace

the traditional CGS inverse solver methodology previously mentioned.

5.2.2.1 Generation of MMC mesh based hyperspectral time-domain training

data

Previous work by Pian et al. (23) demonstrated that for data acquired with the single-

pixel hyperspectral DOT system, expected maximum crosstalk and estimation of relative

concentration ratio for two different in vitro absorber’s were better retrieved when using 7 or

more wavelength channels starting from 740nm and up to∼ 800nm. This work used four time

gates at 50% rising, peak gate, 80% and 60% decaying gate of the collected TPSFs (time point

spread functions) across these 12 wavelength channels. As explained by the forward model

section, both information from time gates and wavelength channels are incorporated in the

weight matrix. Hence, since the work by Pian et al (23) was restricted to these 3 time gates

due to computational power, this work will also explore the incorporation of one more time-

gate through both the traditional CGS inverse solved approach and proposed Deep Learning

framework. First, the unperturbed model of the desired volume is generated through MMC

software (299) for time-resolved data with 256 time gates and across wavelengths from 740 to

∼ 800nm. An structured illumination and detection scheme, identical to the one described
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before for a DOT arrangement, is employed and also shown in Figure 2.1. Generated volumes

are of size 80× 40× 22.5mm following the dimensions of the phantom to be used for in vitro

validation. The Green’s function for the source and detector are calculated through MMC

for the unperturbed mesh model with background optical properties of µa =∼ 0.016mm−1,

µ′
s =∼ 1, g = 0.7. This optical properties are chosen accounting on excitation bands

being from 740 to 800nm and aiming to experimentally measure a phantom replica of the

one proposed in (23) (Figure 5.1) and based on the values of (300). The same calibrated

extinction coefficient values as used in this previous work will also be used herein. To

simulate mesh based measurement vectors acquired by the hyperspectral single-pixel DOT

system described in Chapter 2, the weight matrix Wcali in Equation 5.19 and discretized in

mesh space for select time gates (TG) and wavelengths lambda1 to lambdaN is calculated in

the unperturbed space. MMC (301), which is a Mesh-based Monte Carlo toolbox is used.

Under the MMC environment, one Jacobian matrix is computed using the adjoint method

and simulated at each wavelength λ1 to λN for absorber numbers 1 to L. Together with

the modeling of these Jacobians and time gates, the spatial distribution of the absorption

contrast C can be retrieved for absorbers 1 to L. Figure 5.5 displays example Jacobians at

the peak time gate (TG) for source-detector pair 288 and for two example wavelengths (760

and 780nm).

Unperturbed Model
Jacobian peak TG / 760nm 
for SD pair 288

Jacobian peak TG / 780nm 
for SD pair 288

Figure 5.5: Unperturbed volume and Jacobians for the peak time gate (TG) and
source detector pair 288. Examples of Jacobians are displayed for two different wave-
lengths at 760 and 780 nm. Jacobians only display values of y>20 for visualization
purposes.

The generated unperturbed mesh shown in Figure 5.5 is used for the MMC photon

propagation modeling with 107 photons, which includes 36 sources and 36 detectors simu-
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lated in a transmission geometry following the bar patterns reported by (23, 113) and already

shown in the previous section. Rytov approximations are accounted in the Time Domain

(TD) Jacobian matrix formation with the Green’s functions outputted by MMC (301). Ja-

cobians were retrieved for fixed selected time-gates estimated from the convolution of the

source-detector pair configurations with IRFs. Fixed time-gates were selected at 50% rise

of the TPSFs, at the max (Peak) value, 80% and 60% of the decay curve. Examples of the

Jacobian matrices for two different spectral channels are displayed in Figure 5.5 for the 288th

source-detector (SD) pair. These Jacobians are then concatenated to form the matrix Wcali

as displayed in Equation 5.19 for 12 λN spectral channels. Once the concatenated Jacobian

matrix is accomplished, a mesh with the same nodes and elements is perturbed with values

representing Enhanced EMNIST characters and a random absorption contrast. This process

is depicted in Figure 5.6.
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Figure 5.6: Workflow summary for generation of a mesh discretized hyperspectral
single-pixel measurement vector.

To perturb the node centroids as shown in Figure 5.6(a), an Enhanced EMNIST based

figure is resized and centered on matching the x and y dimensions of the unperturbed mesh

(Figure 5.6(b)). Later the coordinates of the non-zero elements in the 2D image are defined

and repeated along the depth dimension resulting in (x, y, z ) coordinates for the embedded
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element. An example of these coordinates is visualized in Figure 5.6(c) as a 3D scatter

plot. Subsequently, a K-nearest neighbor algorithm with Minkowski distance metric with an

exponent of 5 and finding 5 nearest neighbors, was used to correlate the adapted EMNIST

cloud plane to the unperturbed mesh space of node size 34202×1,indices representing the

embedding space were assigned a random absorption value from a pool of values. This

yielded a perturbed mesh with defined depth and Enhanced EMNIST figure-based shape as

shown in Figure 5.6(d). The node positions of the EMNIST character represent the randomly

assigned µa value, this is shown when the mesh space is plotted, as seen in Figure 5.6(e)

which depicts this vector of the embedded mesh. Finally, since the problem is tackled as

a linear approximation this Embedded mesh vector with added random noise is multiplied

to the generated Wcali Jacobian matrix to simulate a measurement vector (Figure 5.6(f)) of

multiple embeddings and absorption contrasts at defined time gates and spectral bands. For

initial testing purposes only up to two embeddings are used for data generation. Of note,

the embedded mesh vector represents the absorption (µa) ground-truth as shown in Figure

5.6(e). The display of this vector in isovolume form is shown as the ground-truth isovolume

in Figure 5.7.

Figure 5.7: Ground-truth isovolume and reconstructed isovolume from the simulated
measurement vector through the use of CGS inverse solver.

To validate the correct simulation of the measurement vector, this one was used with

the concatenated Jacobian matrix to inverse solve the 3D distribution of the embeddings.

The inverse solving was done using Conjugate Gradient Square (CGS) inverse solver with

a tolerance of 5 × 10−10 and 500 maximum iterations. Results for this reconstruction are

shown in Figure 5.7. This routine has been extended to simulate 20,000 Enhanced EMNIST

mesh samples of which example measurement vectors provide similar quality reconstructions

to the example herein provided. After generation of the mesh-based data set, the simulated
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measurement vector and GT embedded mesh vector were the input to an MLP based archi-

tecture. Similar MLP architectures have been employed for DOT tasks in (293, 295). Similar

to the architecture presented in the previous section, the network aims to directly retrieve

the spatial distributions of the targets within the scattering media from the raw measure-

ments. However, the main differences rely on using a mesh-based approach and measurement

vectors containing both time and spectral dimensions. Hence, a single measurement vector

size is 1×62208.

5.2.3 DNN architecture and training

MLP Architecture Training Curves

Input
1x62208

Dense 1 Layer
+ BN
+ ReLU

Dropout (0.2)

Concatenate 
dense 2 
dense 5

Dense 2 Layer
+ BN
+ ReLU

Dense 3 Layer
+ BN
+ ReLU

Dense 4 Layer
+ BN
+ ReLU

Dense 5 Layer
+ BN
+ ReLU

Dropout (0.2) Dropout (0.2)

Dropout (0.2)

Dense 6 Layer
+ BN
+ ReLU

Concatenate 
dense 1 
dense 6

Dropout (0.2)

Dense 7 Layer
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+ ReLU

Dropout (0.2)

Output
1x 34202

flatten 62208

1024

1024
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2048
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Figure 5.8: (a) MLP trained with MMC-simulated data. (b) Resulting training and
validation curves for Cosine Similarity (COS) metric. MSE, MAE and CS-based loss
curves are also displayed.

The measurement vector is the input to the proposed architecture depicted in Figure 5.8.

For this case since the input measurement vector is linearized the use of an MLP based

architecture was more suitable. The input is flattened and goes through a combination of

Dense Layers, each one followed by batch normalization and ReLU activations. Dropout is

used after multiple dense combinations as a way to reduce the input size to the output size

of 1×34202, which is the size of the a single embedded mesh vector as shown in 5.6. Dense

layers 2 and 5, as well as Dense 1 and 6 are concatenated. Finally, a Dense Layer of size
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1×34202 is used to map to the output of this same size. The 1×34202 vector represents

the spatial distribution of the contrasts across the total number of nodes. This node vector

is in linearized form, however, it can be directly reshaped and plotted into the 3D spatial

distribution through the ”plotmesh” function provided by MMC software. The specifics of

training are shown in Table 5.2. For training, 4000 samples were generated, containing up

to two Enhanced EMNIST embeddings, having similar optical properties to the targetted

experimental phantom. For the loss function, an averaged combination of MSE (Mean

Squared Error), MAE (Mean Absolute Error), and CS (Cosine Similarity) metrics was used.

The loss/validation training curves for the network, as well as the curves for CS metric are

shown in Figure 5.8(b).

Table 5.2: Details of the training dataset and the MLP architecture used for mesh-
based hyperspectral DOT (GPU: NVIDIA GeForce RTX 3090).

Size of dataset
4000

(1 and 2 embeddings)

OPs

∆µa = 0.010− 0.07mm−1

depth= 2-16 mm
µs′ = 1.0mm−1

No of photons (in simulation)=108

Time to generate dataset ∼8 hours
Wavelength channels 740-800nm over 16 detection slots
Time gates simulated 50%rise, peak, 80%decay, 60%decay

Training/ validation split 75/25
Batch size 40

Epoch number 500 and early stopping
Loss function MSE and MAE and CS
Optimizer Adam

Learning rate 10−5

Training time ∼2 hours

5.2.3.1 In silico validation

For initial testing of the trained network, 20 in silico samples with varying depths

within 2-16 mm and different from those included in the training data set were generated.

In this case samples containing the same absorption contrast in both embeddings are used.

An example of an MLP node vector output is shown in Figure 5.9 (a) where the Xdl variable

represents the output of the network of size 1×34202, and the Xsim variable represents the
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ground-truth node vector. For this example a phantom with two embeddings, both with 0.5

cm−1 (or 0.05 mm−1) of absorption value was used. The MAE between the ground-truth

and reconstructed vector equals ∼ 0.014. Both node vectors, ground-truth, and estimated

reconstruction were surface plotted in isovolume form in Figure 5.9 (b), where the first column

represents the GT and the second column the estimated reconstruction. For this phantom,

the starting depth is 8 mm with embeddings of 4 mm thickness. The targets’ estimated

spatial distribution and absorption value were correctly retrieved as per the calculated MAE.

The MAEs for these samples versus GT are shown in Figure 5.9(c) where MAEs remain below

0.03.

In silico example

20 sample test setExample set
8 mm starting depth, 
4mm thickness

* x, y and z in mm units

a)

b) c)

(a)

(b) (c)

Figure 5.9: (a) Example in silico MLP node output. (b) Reconstruction results with
GT shown using the isovolumes. (c) MAE results for a 20 sample test set.

5.2.3.2 In vitro validation

To validate this workflow for in vitro experimental conditions the same experimental

setting used in (113) Figure 8 is used for experimental validation as for this experiment

absorption and extinction coefficients were calibrated through the use of time-resolved spec-

troscopy, which is important for controlled experimental conditions. In brief and as explained
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in (113), the polycarbonate phantom of dimensionality 80x50x22.5 contains a liquid medium

made up of india ink (Speedball Art Products, NC) at 0.0024%, Epolight 2735 (Epolin Inc,

NJ) at 0.0008% and 0.8% intralipid. Hence approximate optical properties of the medium are

µa = 0.016mm−1 and µ
′
s = 0.84mm−1 at 740nm. Two embedded tubes of respective diame-

ters of 10.25mm (left) and 10.38mm (right) are positioned at a depth of 10 mm and centered

with distance of 16 mm. The left tube has 3.249 of absorption contrast from Epolight 2735,

while the right tube has 2.825 the absorption perturbation on india ink. For acquisition of

this dataset the single-pixel system used the supercontinuum illumination source with 700

nm to 800 nm wavelengths and a field of view of 40 mm × 30 mm is defined. The detec-

tion range is set with initial wavelength at 740nm. First for validation the measurement

was reconstructed through the use of the proposed architecture, however in this case the

isovolume also has a 50% threshold for removal of background artifacts. The results are

displayed in Figure 5.10. In order to quantify whether relative concentrations were correctly

approximated by the generated Jacobian matrix Wcali the maximum crosstalk values will be

calulated from the reconstructions using the equations provided in (113) for benchmarking

purposes.

Figure 5.10: Example in vitro MLP reconstruction results using an isovolume thresh-
old of 50%.

Crosstalk is defined as Crossmax = max(cross1, cross2) where Cross1 =
max(CR(rl))
max(Cl(rl))

×
100 and Cross2 = max(Cl(rR))

max(CR(rR))
× 100 at locations r of the left (l) and right (R) tubes.

Minimum Crossmax reported by Pian et al. (113) is 35.76% using 12 wavelength channels

and four time gates (50r, peak gate, 80d and 60d) while the relative concentration ratio

ground-truth is 0.38. The resulting reconstructions are displayed in Figure 5.10 for multiple

angles, where the quantified reconstructions of the left(l) and right tubes(R) yield a relative

concentration ratio of 0.321 and a maximum crosstalk value of 37.12%, compared to the

expected values of 0.38 for concentration ratio and 35.76% crossstalk accomplished with
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these settings by (113), this represents similar reconstructions to those obtained through the

traditional inverse solving approach. It is important to note, that the use of an MLP was

chosen due to the linear nature of the measurement vectors, however more robust network

components like separable convolutions should be considered for network and performance

improvement.

5.3 Summary

Herein, voxel (MCX) and mesh (MMC)-based data generation pipelines are proposed

to simulate large datasets with non-geometrical randomized variations that can be used to

train DL end-to-end reconstruction architectures. The proposed workflow when necessary

can be based on a single homogenous photon propagation model and Enhanced EMNIST

characters. The rationale behind the proposed data generation scheme was that even though

Enhanced EMNIST characters are more complex shapes, using them for DL training of DOT

architectures would result in more robustly trained networks. In this sense, the networks

would be better prepared to tackle complex scenarios of non-geometrically distributed targets

while being able to generalize for proper reconstruction of less complex shapes like spheres,

cylinders, etc. Throughout this section, initial proof is provided that the trained networks

could correctly approximate ground-truth target values both in silico and for experimental

phantom validations. Furthermore, despite the simplicity of the reconstructed phantoms,

their correct reconstructions had two crucial implications. First, it was proven that, through

the proposed data generation scheme, appropriate Jacobian matrices in CW or across TD

and spectral domains, could be used to resemble experimental conditions and serve for data

simulation. Second, it was shown that even though geometrical shapes like cylinders were

not used during network training, the DNNs could still generalize well to reconstruct them

for experimental conditions. Of note, this chapter provides only preliminary results for the

proposed schemes, but more rigorous experiments that convey on the effect of which time

gates must be used, the maximum depth of targets that can be resolved by DL, the existence

of an optical properties threshold for the networks and incorporation of instrumental noise,

should all be addressed in the future for a more complete validation.



CHAPTER 6

CONCLUSIONS AND FUTURE OUTLOOK

6.1 Conclusions

In conclusion, this thesis work presents a few major advances in the area of single-pixel

FLI formation and data acquisition at large. As detailed in Section 2.3, all basis patterns

investigated herein were successfully implemented in a single pixel paradigm for lifetime

imaging with Hadamard patterns organized by spatial frequency resulting in better overall

performance when reconstructing intensity and lifetime. Furthermore the generation of quan-

titative fluorescence intensity and lifetime maps in a single workflow and at computational

speeds 4 orders of magnitude faster than current inverse-based and fitting methodologies

(≈7,000 times our computational platform) was acomplished through the use of NetFLICS.

In all tested cases, both in vitro and in vivo, Net-FLICS produced quantitative intensity

and FLI maps with improved accuracy than the classical inverse-solved based approach.

Of importance to numerous bio-photonics applications, the FLI quantification provided by

Net-FLICS was superior under photon-starved conditions. These architecture was extended

and improved in NetFLICS-CR to reduce the acquisition time of high-dimensional optical

molecular data through the use of high data compression, while simultaneously producing

128×128 hyperspectral intensity and lifetime maps. Besides offering a fit free solution to the
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image formation paradigm, NetFLICS-CR led to a reduction in SP-MFLI acquisition times

from ≈2.5 hours at 50% CR to ≈3 minutes at 99% CR. Despite the challenging photon-

starved nature of in vivo acquisitions, NetFLICS-CR was able to reconstruct intensity and

lifetime maps that were in accordance with the expected biological outcome. Additional

benefits of NetFLICS-CR include it not requiring any user input optimization in contrast to

fitting techniques and reconstructing intensity and lifetime images across 16 spectral chan-

nels in an approximate ≈10 s span compared to ≈21 minutes needed for the traditional

inverse solving approach. UNMIX-ME, a DNN-based workflow trained with simulation data

for fluorescence lifetime unmixing was also presented. Furthermore, unlike intensity-based

approaches paired with iterative lifetime fitting, UNMIX-ME simultaneously leveraged in-

tensity and lifetime features for sensitive retrieval of relative abundance coefficients of the

mixed fluorophores. UNMIX-ME provided improvement over a conventional sequential it-

erative fitting methodology by demonstrating higher concordance with ground truth during

tri- and quadri-abundance coefficient retrieval. Furthermore, UNMIX-ME provided accu-

rate unmixed profiles for complex HMFLI data from FRET interactions in vitro and for

two independent non-invasive HMFLI in vivo experiments, where the retrieved abundance

donor and acceptor coefficients were used to calculate FD (%) and further validate the in-

jected 2:1 acceptor to donor concentration ratio of the dyes. Through the calculated FD

(%) UNMIX-ME effectively accomplished organ classification for Transferrin based target-

ing of liver and bladder and tumor xenograft targeting of HER2 receptors in tumor xenograft

through Trastuzumab. The presented SP-MAFLI platform adaptation for the visible regime

and tested for in vitro autofluorescence imaging, highlights how the coupling of computa-

tional imaging with deep learning unmixing can help characterize a sample’s intensity across

wavelengths, its lifetime for the targeted areas and unmix spectral bleed-throughs for aut-

ofluorescent components that are mixed within an specific region, while at the same time

retrieving their concentration. Hence, a computational imaging technique like single-pixel

imaging can leverage the use of hyperspectral detection and illumination, which is valu-

able for mutiplexed imaging. Furthermore, the use of wide-field detection and illumination

allows for the macroscopic imaging of tissues with higher input total power as the power

density decreases with respect to raster scanning systems. The use of a hyperspectral single-

detector and spectrophotometer complex opens the possibility to target different detection

wavelengths at once across visible and even NIR regimes, as the grating component can
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be modified based on the application. The proposed approach (SP-MAFLI platform + DL

concentration unmixing) was able to unmix samples even when mixed in liquid forms, while

also recovering intensity, lifetime and individual component reconstructions. Finally, voxel

(MCX) and mesh (MMC)-based data generation pipelines are proposed to simulate large

datasets with non-geometrical randomized variations that can be used to train robust DL

end-to-end tomographic reconstruction architectures. When necessary, the proposed work-

flow can be based on a single homogenous photon propagation model and Enhanced EMNIST

characters. For this work, in silico measurement vectors were simulated under two different

discretization conditions: 1) voxel discretrization for CW data and 2) mesh discretization

for TD and hysperpectral data. DNNs were trained with in silico models and validated

experimentally for phantoms in vitro. The rationale behind the proposed data generation

pipeline is that even though Enhanced EMNIST characters are more complex shapes, using

them for DL training of DOT architectures would result in more robustly trained networks.

In this sense, the networks would be better prepared to tackle complex scenarios of non-

geometrically distributed targets while being able to generalize for proper reconstruction

of less complex shapes like spheres, cylinders, etc. Of note, to date most data simulation

approaches utilize geometric distributions for network training. Throughout this paper, we

have proven that the trained networks could correctly approximate ground-truth absorption

values both in silico and for experimental phantom validations. Furthermore, despite the

simplicity of the reconstructed phantoms, it was validated that, through the proposed data

generation pipeline, appropriate W matrices could be accurately simulated to resemble ex-

perimental conditions over two different discretization scenarios and that despite not being

trained with geometrical shapes like cylinders, the DNNs could still generalize well to re-

construct them for experimental conditions. In essence, a robustly trained end-to-end DOT

architecture can alleviate the burdens resulting from traditionally inverse solving the DOT

ill-posed inverse problem.

6.2 Future outlook

This work has accomplished progress into the application of single-pixel hyperspectral

imaging for both planar and tomographic imaging. Despite the accomplishments there is

still important disadvantages that must be tackled to guarantee its potentital translation to

in vivo, real-time scenarios. This section discusses on potential avenues to further achieve
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this goal.

6.2.1 Deep learning adaptive approach to optical masks

As explored in the second chapter of this work the selection of optical basis is a key

component to single-pixel imaging, specially in terms of parallel intensity and lifetime quan-

tification. For this project the used optical masks are a fixed Hadamard basis that goes from

low to high frequency components. In this regard the reconstruction pipeline will highly

benefit from a DL framework that can complete high frequency components based on low

frequency ones in both intensity and lifetime domains. This prediction scheme for datasets

that are acquired with only a few measurements will allow for faster acquisition times as

only a few patterns might be needed from experimental acquisition. Nevertheless this is

challenging task specially for experimental settings, as predicting what the resulting noise in

the TPSFs will look like for specific pattern acquisitions requires an accurate mathematical

model to describe the system’s noise. However as seen throughout this project even when

noise is approximated through noise generators, the DL frameworks can generalize towards

a solution.

6.2.2 Optimization of macroscopic lifetime single-pixel imaging DL workflow

for planar imaging

The presented NetFLICS and NetFLICS-CR architectures highlight the gain in both

processing time and acquisition time that can be leveraged through DL frameworks. However

further optimization can be done by coupling the high compression architecture to a predic-

tive approach of optical masks. Furthermore and as highlighted, the input for UNMIX-ME’s

architecture was defined with dimensions of X × Y × TG. So eventhough we have tested

that with DL a better resolution (128x 128 pixels) can be achieved when using 1 or 2% of

patterned measurements, NetFLICS-CR reconstruction architecture was designed to directly

output intensity and lifetime images of X×Y . size, as the main focus of the network was to

calculate the spatial distribution of intensity and lifetime directly from raw measurements

and without the need for fitting. Hence the reconstruction neural network must be modified

to also output time-gates information per each X × Y pixel. Then it must be connected

to the spectral unmixing architecture presented herein to make a single workflow. This is

future work and will enable to have both high resolution imaging and unmixing capabilities
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in a single architecture. Future work can also pursue an additional increase in resolution

(beyond 128×128) as well as a decrease on the current ≈3-minute minimum acquisition time

(at 0.5 s exposure per pattern) through optimizing the system’s detection gating and binning

parameters.

6.2.3 Potential enhancement through data fusion approach

Another potential avenue to increase spatial resolution from the reconstruction side

is the use of a DL based data fusion approach. In this case the acquired data sets for

an specific number of patterned measurements can be linked to high resolution intensity

images acquired by an external pixelated detector. Eventhough increasing this resolution on

the intensity side might seem trivial, the challenge is to increase the resolution while also

correctly distributing the time domain spectral signatures. In this regard the use of a data

completion section will also be highly beneficial.

6.2.4 Incorporation of CT priors to deep-learning diffuse optical tomography

workflow

In respect to DOT eventhough the proposed networks in Chapter 5 serve as an initial

validation towards the implementation of DL for voxel and mesh based approaches, more

rigorous studies are necessary to fully characterize and potentially enhance the DOT ar-

chitectures mentioned herein. One important feature to understand is how the depth of

inclusions affects the reconstruction of the targets through both DL and traditional inverse

solved approaches. Especially for high depth localized objects, the addition of a second

imaging modality like MicroCT, where structural features can be clearly recovered will be

beneficial. These structural priors can be incorporated into a deep learning framework like

the one mentioned herein to ease reconstruction time and increase structural accuracy at

higher depths. Of note, this is something that can be directly applied to the voxel domain as

most structural imaging modalities voxelize the volume space. However if the approach wants

to be approached through mesh based discretization, a proper data registration algorithm

must be developed. Another way to include this structural priors into the deep learning

frameworks will be to use publicly availible datasets and translate them into voxel/mesh

domain samples where photon propagation modelling can be done at different optical prop-

erty variations, to simulate datasets that have representative features of the complimentary
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imaging modality.

6.2.5 Optimization of platform’s optical modules and hardware

As highlighted when working on the visible regime for autofluorescence imaging, aut-

ofluorescent signals possess notably low photon counts compared to extrinsic probes that are

engineered to have high quantum yields. Especially for these low signals the use of either

higher supercontinuum illumination power or reduction of the field of view should aid in

increasing the signal to noise ratios of the detected temporal decays. One avenue is to use

free space modulated wavelengths to relieve the loss of the acousto optics module, however

this might come with the drawback of not precisely controlling wavelength bands. The other

approach is to reduce the field of view to at least half of what has been presented in this

work. This reduction should aid to increase power delivery and the collected signals SNR.

Another important aspect is to optimize the DMD units based on their target wavelength

bands. In this regard new DMD units with higher transmission efficiency are now available

in more compact electronics. The fiber bundle used to deliver light to the spectrograph and

TCSPC units can also be improved to have a larger fill factor, which will also reduce the

loss on the detection branch of the system. Furthermore the development of newer detector

like SPAD arrays can be explored as replacement to the PMT module currently being used.

In this case the active area has to be carefully chosen and relay optics controlled so that the

wavelength components after the spectrograph unit can be efficiently delivered to it.

6.2.6 Current and future challenges for the use of DL for Fluorescence Lifetime

Imaging (FLI)

As the field of Deep Learning for FLI continues to mature, it is facing the same chal-

lenges currently encountered in the development and validation of DL models for biomedical

imaging at large. These can be summarized as: the acquisition/availability of large rep-

resentative data sets, the generalization of DL models, and instilling explainability and/or

trustworthiness of the DL model output. In numerous fields, DL successes at large can be

attributed to the confluence of increased computational power with accessibility to large data

sets. However, for biomedical applications, large data sets that have been thoroughly curated

are rarely available to the community. This is particularly true for FLI. To date, most of

the work reported has implemented experimentally representative data simulation routines
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to generate large data sets for efficient DL model training and validation. This approach is

cost effective and has been demonstrated to perform well for processing experimental data

not used during training with high accuracy. This mitigates the requirements of large ex-

perimental data sets for training, but still requires expertise in developing the simulation

environment that closely replicates the specificity of the application – such as instrumental

characteristics (especially the Instrument Response Function, IRF, which characterizes the

temporal behavior of the system), lifetime-based parameters range and noise distributions.

Though, there is a large set of factors that can affect FLI quantification from experi-

mental data that can be challenging to represent during the training phase. These include

laser jitter and instrumental drift, changes in sample to detector distance, pixel-dependent

variation of the IRF, photobleaching of the fluorophore, saturation of the detector. Other

factors include simulation model bias such as imaging a sample with fluorescence lifetime

outside of the range of that used during model training, more complex signal signatures such

as multi-exponential features beyond bi-exponential behaviors. All and each of these factors

can negatively affect the model output independently. This also highlight the difficulty to

generalize the developed DL models beyond the imaging system and application at hand.

In many cases, the DL model needs to be trained specifically for each case. This comes

with an added computational burden comparatively to classical iterative fitting approaches.

Additionally, this leads to assessing the trustworthiness of the DL model output. In this

regard, classical iterative fitting-based approaches can assess the fidelity of the quantifica-

tion, as well as the quality of the FLI data itself, through residual error between the data

and the approximated fits. This is an important means for quality assessment that is com-

monly employed during FLI analysis, as FLI data can be comprised of pixels with decays

that are not suitable for quantification due to a range of factors (e.g., low SNR, motion

artifacts, improper parameter settings, etc.). When using DL for either image formation or

for classification, these poor-quality decays can be either removed or artificially enhanced

via rudimentary pre-processing steps prior to network inference. However, this preprocess-

ing step precludes the application of DL models towards real-time and/or can lead to large

bias as it enforces expected features in the data that could not always be valid (for instance

bi-exponential behavior while more complex biological distribution is present in the sample).

To date, no DL work applied to FLI has tackle this issue of providing a measure of the

output trustworthiness. Hence future work should aim to include trustworthiness statistics
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equivalent to those available when using traditional inverse solving methods.
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