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ABSTRACT

Blood lipids are one of the main biomarkers for cardiovascular diseases (CVD). Current

method for blood lipid assessment requires invasive blood draws, usually after an overnight

fast, followed by lab-based testing, makes the technique not suitable for regular monitor-

ing. The limitations of invasive blood testing techniques, alongside the growing evidence

supporting the benefits of regular lipid monitoring, particularly after a meal, for better CVD

prediction, indicate that there is an unmet need for non-invasive blood lipid assessment.

Our lab recently demonstrated the possibility of non-invasive blood lipids monitor-

ing using a diffuse optical technique called shortwave infrared spatial frequency domain

imaging (SWIR SFDI). Using SWIR SFDI, we have shown that an increase of blood lipids

after a high fat meal that was measured with gold standard blood draw, correlates strongly

with an SFDI derived parameter called SWIR-MPI index. While the results were promis-

ing, advancements in SFDI instrumentation, modeling, and experiments are needed prior

to clinical testing and translation.

The work presented in this dissertation was focused on identifying the source of op-

tical contrast induced by blood lipids, and advancing SFDI instrumentation and processing

methodology for the goal of developing a clinic-ready optical system for non-invasive blood
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lipid assessment. To improve SFDI instrumentation, the SFDI parameters were fine-tuned,

and a new compact and portable system was developed and assessed for its performance

using optical phantoms. A new two-layer model that accounts for the effect of skin was de-

veloped to improve SFDI processing methodology when measuring human subjects. The

integration of the new instrument and model make SFDI technique more suitable to use

for human studies. Next, the effect of lipids on optical properties of blood were investi-

gated through literature reviews, theoretical simulations and ex-vivo experiments on bovine

blood. Finally, we conducted a healthy volunteer study to monitor blood lipid alteration af-

ter low fat and high fat meal with SFDI.

Together, the works in this project advances our comprehension of the optical effects

of blood lipids and their association with meal consumption in both healthy individuals and

those with dyslipidemia. The innovative technology and the preliminary feasibility study

push the boundaries of non-invasive blood lipid assessment, offering promising prospects

for translating this technology to clinical settings, thereby enhancing CVD risk assessment.
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CHAPTER 1

Introduction

1.1 MOTIVATION

Cardiovascular diseases (CVD), including coronary heart disease, heart failure and

stroke are the leading cause of death in the world, accounting for more than 30% of global

death [7]. Hyperlipidemia, or abnormal elevation of blood lipids including cholesterol and

triglycerides, is an important biomarker for CVD and is strongly tied to future risk of my-

ocardial infarction and stroke [8]. Currently, blood lipids measurement requires invasive

blood draws, trained technicians, and lab infrastructure, limiting access to regular screening

for those at risk of CVD and leading to undertesting and undertreatment [9]. More regular

blood lipid monitoring is an unmet need that may improve CVD diagnosis and treatment.

Fast noninvasive blood lipid measurements would allow at-risk patients and patients with

dyslipidemias (e.g. type II diabetes) to be screened and monitored more regularly to ensure

blood lipids levels are under control.

Spatial Frequency Domain Imaging (SFDI) is a non-invasive diffuse optical imaging

technique that can quantify the optical properties (i.e. absorption and reduced scattering) of

biological tissues in a non-contact and wide-field manner [10]. SFDI uses structured illumi-

nation at several wavelengths and spatial frequencies to determine the optical modulation

transfer function (MTF) of tissue, which can be converted to optical properties through an

inverse model of light transport in a diffusive media. SFDI has been widely used in visible

(VIS: 400-700 nm) and near-infrared (NIR: 700-900 nm) wavelength region where oxy-

and deoxyhemoglobin are the dominant absorbers [11].

Previously our group has extended the SFDI technique to the shortwave infrared

(SWIR) wavelength band (900-1300 nm) [12]. SWIR exhibits strong and distinct absorp-
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tion characteristics of water and lipid while hemoglobin absorption is minimal [13]. Ad-

ditionally, the increased penetration depth of specific SWIR wavelengths in tissue makes

the SWIR advantageous over NIR for deep tissue imaging [12]. The utilization of SWIR

SFDI have enabled our lab to non-invasively monitor changes in water content in mouse

edema model and generate an ex-vivo map of tumor lipid content [12]. Moreover, a previ-

ous Ph.D. student in our lab conducted a study on healthy volunteers with SWIR SFDI to

monitor blood lipid changes after a meal [12].

While promising, there are several key challenges and limitations related to the blood

lipid study that need to be addressed. For example, the previous SWIR SFDI system utilizes

a tunable femtosecond laser with table-top optics that is not suitable for clinical use due to

large system size and slow wavelength tuning speed ( 27 sec per wavelength). Identification

of measurement parameters such as wavelength and spatial frequency and development of

models that account for skin tone to improve blood lipid quantification are other aspects of

the work that needs to be addressed. Additionally, the source of optical changes induced

by blood lipids has not been previously explored.

The primary objectives of this thesis project are to investigate and characterize the

effect of blood lipid on the optical properties of peripheral tissue and blood, as well as

to examine the hemodynamic responses related to lipid following meal consumption. To

achieve these objectives, several key challenges associated with non-invasive blood lipid

measurements using SFDI were addressed. This involved the development of a portable

SFDI system tailored for clinical use, incorporating optimal wavelengths and spatial fre-

quencies along with a more advanced inverse modeling. Furthermore, for the first time

the optical characteristics of blood lipid were thoroughly investigated and characterized,

specifically their impact on in-vivo optical property measurements after a meal. Lastly, a

comprehensive postprandial blood lipid study was conducted on a group of healthy volun-



3

teers, providing novel insights into the effect of lipid on NIR measurements. The findings

of this study contribute to our understanding of the dynamic changes in optical properties

induced by lipid.

By addressing these objectives, this thesis project contributes to the advancement of

non-invasive measurement techniques for blood lipid assessment and provides valuable in-

sights into the relationship between lipid metabolism, optical properties, and hemodynamic

responses. These findings have potential implications for managing dietary interventions

and improving the early detection and management of cardiovascular diseases.

1.2 AIMS

In this project, our objective is to address the challenges associated with blood lipid

monitoring using SFDI by developing SFDI instrumentation and processing methodology,

as well as conducting an initial feasibility study for in-vivo blood lipid assessment. To

achieve this, we have set the following aims:

Aim 1: Develop a clinic-ready portable SFDI system and a 2-layer inverse model for accu-

rate quantification of blood lipid

Aim 2: Characterize the optical signature of lipoproteins and their effect on optical prop-

erties of blood

Aim 3: Conduct a healthy volunteer study for longitudinal blood lipid monitoring

1.3 CHAPTER SUMMARIES

All the work presented in this dissertation focuses on non-invasive blood lipid mea-

surement using near-infrared (NIR) and shortwave infrared (SWIR) light with spatial fre-
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quency domain (SFDI) imaging instrumentation. Chapter 1 provides the motivation be-

hind this work by identifying blood lipids as an important risk factor for cardiovascular

diseases. Chapter 2 provides background on current state of blood lipid monitoring, and

spatial frequency domain imaging (SFDI) as a potential alternative for blood lipid mea-

surements. Chapter 3 investigates the SFDI parameters and light propagation model for

optimizing SFDI for blood lipid application. Additionally this chapter introduces the newly

fabricated LED-based NIR-SWIR SFDI system as an alternative to laser based SWIR SFDI

system for blood lipid study. Chapter 4 explores the effect of blood lipid on optical scat-

tering of blood using theoretical simulations and ex-vivo experiments on bovine blood.

Chapter 5 presents the results from a postprandial healthy volunteer study and compares

the effect of low fat and high fat meal on optical properties measured with SFDI for 5 hours

after the meal. Finally Chapter 6 discusses the final conclusions and future directions.
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CHAPTER 2

Background and Significance

2.1 CARDIOVASCULAR DISEASES

Cardiovascular diseases (CVD), including coronary heart disease, heart failure, stroke

and other forms of CVD are the number one cause of death in the world. CVD is estimated

to cause more than 30% of global death. The World Health Organization (WHO) estimates

17.9 million deaths from CVD every year [7]. The economic costs of CVD is estimated

to be more that $400 billion each year in the US [14]. More than 75% of the CVD death

occur in low- and middle income countries due to late diagnosis and non-effective health

care services, yet CVD is the major contributor to US mortality as well [7, 15].

The risk of CVD increases with age, with majority of deaths related to CVD hap-

pen in people aged 65 and above. However, CVD such as atherosclerosis are known to be

slow and progressive disease starting as early as childhood. There are various behavioral

risk factors linked to CVD including tobacco use, an unhealthy diet and physical inactivity.

These factors can lead to raised blood pressure, raised blood glucose and lipid levels, as

well as diabetes and obesity.

2.2 BLOOD LIPID: A RISK FACTOR FOR CARDIOVASCULAR DISEASE

Hyperlipidemia, defined as abnormal elevation of blood lipids, is one of the major

predictor of CVD and can be an indication of increased risk of heart attack, myocardial

infraction and stroke [8, 16, 17]. Measurements of different lipid species, including choles-

terol, triglycerides, low-density lipoproteins (LDL), and high-density lipoproteins (HDL),

each have strong predictive power as biomarkers for CVD. For example, previous studies
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have shown that elevated triglyceride rich lipoproteins (>580 mg/dL) can be an indepen-

dent predictor of CVD and would result in 5.1-fold increase in myocardial infraction, and

2.2-fold increase in all CVD mortalities compared to the low triglyceride level [18].

Regular blood lipid screening is essential for CVD early diagnosis, surveillance, and

treatment feedback. Some studies recommend blood lipid screening every 5 years for adults

to improve CVD risk assessment [19, 20]. Considering that 31% of American adults suf-

fer from hypertriglyceridemia with triglyceride level above 150 mg/dL, regular blood lipid

monitoring is crucial for those at risk of CVD [19].

2.2.1 Non-fasting triglyceride concentration as CVD risk factor

The current standard procedure for assessing blood lipid levels involves fasting for

8-12 hours prior to the measurements [21]. However, blood triglyceride level changes sub-

stantially in the postprandial state. Since most individuals spend the majority of waking

hours in a postprandial state, fasting triglyceride level do not accurately represent the dy-

namic nature of lipid metabolism. Furthermore, while fasting triglyceride levels are a risk

factor for CVD when adjusted for HDL-Cholesterol [21], postprandial plasma triglyceride

levels independently predict CVD risk [17]. Recent evidence suggest that postprandial

measurement of blood lipids may further improve CVD risk prediction and help to identify

pre-diabetic conditions [22, 23]. Hypertriglyceridemia is more severe in patients suffering

from obesity, insulin resistance and diabetes, conditions which are also directly associated

with CVD risk factors [19, 24]. For these reasons postprandial blood lipid measurements

has recently gained more interest as it may provide more information about the cardiovas-

cular health.
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2.2.2 Limitations of current blood lipid techniques

Currently, measuring blood lipids requires invasive blood draws, typically after an

overnight fast. In addition to being invasive,the method and the subsequent lab-based anal-

ysis require trained technicians and lab equipment, which limits access to blood lipid test-

ing and prevents those at risk of CVD from regular blood lipid monitoring. Poor access

to regular blood lipid testing results in CVD undertreatment and ongoing health problem

for decades. Longitudinal monitoring of blood lipid under non-fasting condition after a

high fat meal has shown further improvement in CVD prediction and diagnosis accuracy.

However, such longitudinal blood testing requires multiple blood draws over several hours,

making it impractical and time and resource-intensive for clinical settings. Additionally,

the latency between the blood test and availability of the results adds to the limitation of

blood lipid screening for many at-risk patients. Developing a fast and noninvasive method

for measuring blood lipids that provides immediate feedback would enable CVD patients

to frequently monitor their lipid levels and improve CVD diagnosis and treatment.

2.3 SPATIAL FREQUENCY DOMAIN IMAGING (SFDI)

Details regarding SFDI measurements and data processing has been described else-

where [10, 25]. Briefly, SFDI is a label free non-contact diffuse optical imaging modality

that provides information on optical properties (absorption and scattering) of a biological

sample from a large field of view on a pixel by pixel basis. In SFDI, spatially modulated

light projected at multiple spatial frequencies ( fx) and wavelengths (λ) is used to illuminate

the sample. Typically, sinusoidal spatial patterns are projected on the sample with three

phase offsets (0◦,120◦,240◦). The reflected light from the tissue, which contains the tissue

response to the projected pattern, is captured by a camera. The captured images at each

phase offset (I1,I2, I3) is used to calculate the amplitude envelope of the measurement for
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each pixel (I) using the following demodulation algorithm (equation 2.1):

I =

√
2

3

√
(I1 − I2)2 +(I2 − I3)2 +(I1 − I3)2 . (2.1)

The amplitude envelope is calibrated using a calibration phantom with known and stable

optical properties to account for any instrument response using equation 2.2:

Rd =
MAC( fx)

MAC,re f ( fx)
Rd,re f ( fx) (2.2)

In this equation, MAC( fX) refers to the amplitude envelop of the sample measurement,

MAC,re f ( fX) refers to the reference measurement taken from the calibration phantom at the

same wavelength and spatial frequency, and Rd,re f ( fx) is the predicted diffuse reflectance

(Rd) of the calibration phantom using Monte Carlo (MC) or analytical forward model of

light propagation in diffusive media based on the known optical properties of the calibra-

tion phantom.

This process generates images of the diffuse reflectance of the sample at each wave-

length and spatial frequency. The diffuse reflectance values typically at two spatial frequen-

cies are used as the inputs to an inverse model of light transport in diffusive media, which

decouples the relative contribution of absorption and reduced scattering at each wavelength.

In other words, the calibrated diffuse reflectance measurements at two illuminating spatial

frequencies are converted to the corresponding absorption coefficient (µa) and reduced scat-

tering coefficient (µs′) values at each wavelength for every pixel in the field of view. Figure

2.1 shows a simple diagram (Figure 2.1.A) and flowchart of SFDI data acquisition and pro-

cessing workflow (Figure 2.1.B).
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Figure 2.1: A)Schematic diagram of a SFDI system. The illumination
source is a set of VIS-NIR LEDs. The illumination source combined with a
DMD is labeled as projector in this diagram. Two crossed polarized linear
polarizers are placed in the illumination and detection path to avoid spec-
ular reflection. B) SFDI data acquisition and processing flowchart. Top
row represents the captured raw images at DC and AC at 851 nm. The raw
AC images are the three phases captured at a spatial frequency of 0.1 mm−1.
Raw images are demodulated, corrected for height and angle variability, and
calibrated. The middle row represents the calibrated diffuse reflectance (Rd)
maps at DC and AC. The Rd maps are converted into optical property maps
(µa and µs′) using a LUT inverse model [1].

The tissue optical absorption at different wavelengths provides an absorption spectra

that enables the extraction of molar concentration of the dominant light absorbing chro-

mophores using their extinction coefficient (ε) by performing a least square fit with Beer’s

law:

µa = ∑
i

εiCi (2.3)
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The µs′ can be fit to a power law using a least square fitting approach:

µs′= a
λ
λ0

−b

(2.4)

In this equation, a is the scattering amplitude, b is the scattering slope, and λ0 is the refer-

ence wavelength.

2.3.1 SFDI in shortwave infrared (SWIR)

To date, almost all published works on SFDI utilize visible (VIS: 400-700nm) and

near-infrared (NIR: 700-900nm) wavelength bands [11, 26]. Oxy and deoxyhemoglobin

are the dominant absorbers at VIS and NIR and most SFDI systems use VIS-NIR wave-

length regions to extract the concentration of these two chromophores. Water and lipids

have strong and distinct absorption characteristics in the SWIR wavelength band (SWIR:

900-1300nm) where absorption of hemoglobin is minimal. The spectral features of endoge-

nous chromophores in SWIR along with the increased penetration depth at some SWIR

wavelengths in tissue ( 4 mm) make this wavelength region advantageous over VIS and

NIR for water and lipid measurements. Previous studies with diffuse optical spectroscopy

(DOS) have shown the benefit of including SWIR wavelengths for more accurate estima-

tion of water and lipid related parameters (both absorption and scattering properties) with

four times higher confidence as opposed to measurements at only below 1000 nm [13].

Wilson et al. used NIR SFDI combined with unstructured illumination in the SWIR region,

where they benefited from increased penetration depth and sensitivity to water and lipid

absorption, to quantify the changes in the optical properties of rat skin pre- and post-burn

[27].

The previous PhD student in our group for the first time has extended SFDI to the
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SWIR and fabricated a table-top custom SWIR SFDI system [12].The instrumentation of

the SWIR SFDI system is shown in Figure 2.2. The system uses an ultrafast pulsed laser

(InSight DS+, Spectra-Physics. Santa Clara, CA, USA) with tunable wavelengths range

from 680 nm to 1300 nm as the illumination source. With this light source we can cover

both NIR and SWIR. The laser provides high power at the entire wavelength region which

helps to guarantee high SNR for the captured SFDI data. To prevent generating speckle

patterns, the laser light passes through a diffuser to make the coherent light of the laser

diffusive. A digital micro-mirror device (DMD) generates the spatial patterns of light with

different spatial frequencies. These patterns are sequentially projected on the sample us-

ing an imaging lens and two mirrors. The remitted light is then captured with Germanium

doped CMOS camera (TriWave, Infrared Laboratories, Inc., Peabody, MA, USA) with a

wide spectral sensitivity (300-1600nm). A pair of crossed linear polarizers are placed in

the illumination and the detection path to minimize the effect of specular reflection. With

this system, a large field of view of 7 * 11 cm was achieved. Using this system, a prior

Ph.D. student investigated water concentrations in a mouse edema model as well as blood

lipid changes in normal volunteers [12].
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Figure 2.2: SWIR SFDI system diagram

2.4 LIMITATIONS OF PREVIOUS SWIR SFDI MEASUREMENTS FOR BLOOD

LIPID MONITORING

The ability of SFDI system to estimate optical properties in a fast, label-free and

non-contact manner provide a powerful tool for non-invasive blood lipid assessment. If

the technique can be made simpler and lower cost, SFDI would have additional advantages

for clinical lipid measurement over competing techniques such as Diffuse Optical Spectro-

scopic Imaging (DOSI) and photoacoustic techniques. Despite the early promising results
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in measuring lipid induced changes using SWIR SFDI system, there were multiple limita-

tions and drawbacks to the previous technology, methodology and experiments that need

to be addressed.

Regarding the technology, the slow acquisition speed and immobility of the laser

source were the main obstacles in using the table-top SWIR SFDI system in human mea-

surements. The lack of exploration in identification of measurement parameters such as

wavelength and spatial frequency choice is another drawback that needed to be addressed.

Additionally, the development of models that account for the effect of human skin in NIR

and SWIR wavelengths bands remained unexplored. Furthermore, the optical characteris-

tics of blood lipids and their direct and indirect impact on the optical properties of tissue and

blood were overlooked in previous studies. Moreover, the previous healthy volunteer study

conducted with SWIR SFDI exhibited logistical issues in terms of study design and study

cohort, making it challenging to draw meaningful conclusions. In this project, I specifically

addressed these challenges associated with the previous SWIR SFDI technology. Further-

more, I thoroughly characterized the optical signature of blood lipids and investigated the

lipid-induced changes in tissue and blood optical properties. Lastly, a comprehensive post-

prandial healthy volunteer study was conducted, providing valuable insights into the effects

of lipid consumption on optical measurements.
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CHAPTER 3

LED-based NIR-SWIR SFDI for non-invasive measurement of tissue and blood

optical properties

We previously demonstrated shortwave infrared spatial frequency domain imaging

(SWIR SFDI) for wide-field tissue optical property measurements. Key design and perfor-

mance characteristics such as portability, wavelength selection, measurement resolution,

and the effect of skin have not yet been addressed for SWIR SFDI. In this chapter we aim

to fabricate and characterize a SWIR SFDI system for clinical use. To achieve this aim,

the optimal choice of wavelengths was identified based on optical property uncertainty

estimates and imaging depth. A compact LED-based dual wavelength SWIR SFDI sys-

tem was fabricated. A two-layer inverse model was developed to account for the layered

structure of skin. Performance was validated using tissue-simulating phantoms and in-vivo

measurements from three healthy subjects.The SWIR SFDI system developed has a µs′ res-

olution of at least 0.03 mm−1 at 880 nm and 0.02 mm−1 at 1100 nm. The two-layer inverse

model reduced the error in deeper layer µs′’ extractions by at least 24% in the phantom

study. The two-layer model also increased the contrast between superficial vessels and the

surrounding tissue for in-vivo measurements. The clinic-ready SWIR SFDI device is sen-

sitive to small optical property alterations in diffuse media, provides enhanced accuracy

in quantifying optical properties in the deeper layers in phantoms, and provided enhanced

contrast of subcutaneous blood vessels.

The work in Chapter Three (except for 3.2.1) was published in the Journal of Biomedical

Optics (JBO) in 2022 [28] with the following contributing authors:

Anahita Pilvar1, Jorge Plutzky2, Mark C. Pierce3, Darren Roblyer1,4

1Department of Electrical and Computer Engineering, Boston University, 8 St Mary’s St,

Boston, MA 02215, USA.
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2Brigham and Womens Hospital, Harvard Medical School, Department of Medicine, Boston,

Massachusetts, United States

3Department of Biomedical Engineering, Rutgers, The State University of New Jersey, 599

Taylor Road, Piscataway, NJ 08854, USA.

4Department of Biomedical Engineering, Boston University, 44 Cummington Mall, Boston,

MA 02215, USA.

3.1 INTRODUCTION

The shortwave infrared (SWIR) optical window (approximately 900 2000 nm) has

recently attracted interest for deep tissue imaging due to the lower scattering of light com-

pared to the visible (VIS: 400 700) and near-infrared (NIR: 700 900 nm) wavelength

bands [29]. SWIR imaging has accelerated in recent years due to the increased availability

of SWIR-sensitive detectors [30]. The SWIR optical window has previously been explored

for deep fluorescence imaging using NIR/SWIR fluorescence dyes for applications such as

targeted cancer imaging and tumor surgery guidance [31, 32, 33]. Reflectance imaging in

the SWIR optical window has been explored for determination of peripheral edema, skin

burn and bruise imaging, but the planar reflectance data cannot reliably predict the opti-

cal properties of the tissue[27, 34, 35]. Techniques such as diffuse optical spectroscopy

(DOS) and spatial frequency domain imaging (SFDI) are widely used to measure tissue

optical properties in the NIR region, namely the absorption coefficient (µa) and the reduced

scattering coefficient (µs′). SFDI measurements in the SWIR may be advantageous over

other SWIR imaging techniques owing to its ability for quantitative assessment of tissue

and blood optical properties. Compared to SFDI measurements in the NIR, SWIR SFDI

is potentially capable of imaging deeper in tissue [36, 3, 37]. Additionally, SWIR SFDI is
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sensitive to water and lipids, which makes the technique valuable for applications such as

monitoring of volume status, tracking edema, and lipid measurements.

In our prior work, we developed a laser-based hyperspectral SWIR SFDI system

with the ability to extract water and lipid concentrations in the tissue and blood of mice and

humans [12]. We demonstrated that SWIR SFDI could be used to monitor tissue edema

during inflammation, lipid content in tumors, and brown fat content in mice. A key ex-

periment in that work was the measurement of non-invasive blood lipids before and after

a high-fat meal using measured optical properties through intact skin. While preliminary,

this demonstration suggests that one important application of SWIR SFDI may be the non-

invasive assessment of tissue and blood nutrients and metabolites. Potential examples in-

clude blood lipids (e.g., triglycerides, cholesterol) and glucose, metabolic parameters that

are often measured as critical parameters in clinical management. Current approaches to

such measurements through phlebotomy or other invasive techniques pose significant is-

sues: higher costs including technicians and chemical laboratories, risk for both patients

and technicians, generation of waste and its safe disposal. Moreover, the ability to track

changes in these parameters regularly, conveniently and over time with high accuracy is an

important unmet clinical need for patients with life-threatening diseases such as diabetes

and cardiovascular disease (CVD) [8, 19]. The potential for improved imaging depth with

SWIR SFDI makes the measurement of subcutaneous tissue and blood a good fit for this

technology but remains largely unexplored.

Our previously reported hyperspectral SWIR SFDI system [12] suffered from low ac-

quisition speed and immobility given the use the of a tunable Ti-Sapphire laser for sample

illumination at wavelengths from 680 nm to 1300 nm. Additionally, the layered structure

of skin during measurements of subcutaneous tissue and blood remained unaccounted for,

likely leading to errors due to partial volume effects. These limitations, which represent
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important obstacles toward extending SWIR SFDI to clinical applications, are addressed in

data presented here.

In this study, we first describe the design of a new, portable, dual-wavelength SWIR SFDI

instrument for measuring the optical properties of subcutaneous tissue and blood. We iden-

tify the optimal imaging wavelengths based on an analysis of optical property uncertainties

and imaging depth. Next, we show results obtained by using a new two-layer inverse model

of the skin. We then report in-vivo measurements from three healthy subjects and show en-

hanced contrast of superficial blood vessels with the two-layer model.

3.2 SWIR SFDI IMAGING BACKGROUND

SWIR SFDI has multiple potential advantages compared to VIS or NIR SFDI. First,

the scattering of light generally decreases exponentially with wavelength in tissue at NIR

and SWIR wavelengths, allowing for deeper light penetration at some SWIR wavelengths.

This is especially true at wavelengths such as 1100 nm where the absorption from wa-

ter, lipids, and collagen are at a local minimum [36, 3]. Second, the lower hemoglobin

absorption and stronger absorption of water and lipids make measurements in the SWIR

region more sensitive to water and lipid content. Figure 3.1 shows the absorption and

reduced scattering coefficient of human skin tissue in VIS-NIR-SWIR optical windows,

highlighting both the reduced scattering and prominence of water and lipid absorption at

wavelengths past 900 nm [2].
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Figure 3.1: The absorption and reduced scattering of a representative hu-
man tissue from 500 nm to 1300 nm. Left y-axis: The absorption coef-
ficients of oxyhemoglobin (7.74 µM), deoxyhemoglobin (0.12 µM), water
(21.42%) and lipid (27.74%) represent previously published measurements
taken from human subjects on the dorsal forearm with skin type I-II [2].
Left y-axis shown in log-scale. µa was calculated by multiplying the extinc-
tion coefficient by the concentration for each chromophore. Right y-axis:
reduced scattering coefficient of human skin in linear scale.

3.2.1 Comparing SWIR SFDI to NIR SFDI and DOSI

There are several major advantages to using SFDI at SWIR wavelengths compared

to SFDI at NIR and VIS wavelengths, as well as other diffuse optical imaging modalities

such as DOSI. We can compare these techniques using various methods, such as directly

comparing DOSI and SWIR SFDI in terms of spatial resolution and acquisition time on

a tissue sample, as well as performing computational modeling to evaluate chromophore

extraction error in SWIR SFDI versus SFDI in NIR and DOSI.

Table 4.3 demonstrates a comparison between NIR SFDI, DOSI and SWIR SFDI that we
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previous published on, also known as SWIR-MPI [12], over several quantitative parameters

(wavelength, spatial resolution, measurement type, chromophores available). SFDI works

use 640 nm - 851 nm wavelengths in the NIR range (known as the first in-vivo imaging

window) [10, 38]. DOSI uses 650 nm - 1000 nm wavelength region which is mostly in

the NIR, and it also uses the first in vivo imaging window [39, 38]. In contrast, SWIR MPI

utilizes 680 nm - 1300 nm wavelengths that cover large range of both NIR and SWIR,

and can access the well-known second in vivo imaging window [12, 38]. In terms of chro-

mophores, both DOSI and SWIR MPI can extract oxy-hemoglobin, deoxy-hemoglobin,

water and lipids, whereas SFDI is only able to extract oxy- and deoxy-hemoglobins.

A major advantage of SWIR-MPI and SFDI over related diffuse optical technologies

Table 3.1: Comparisons between SFDI, DOSI, and SWIR-MPI.

Modality Wavelength Spectral range Imaging window Spatial Measurement Chromophores
resolution

SFDI 640-851 nm NIR First in-vivo imaging
window

<1 mm Wide-field, non-
contact

oxy- and deoxy-
hemoglobin

DOSI 650-1000 nm NIR First in-vivo imaging
window

5 mm-1 cm point-by-point
contact

oxy- and deoxy-
hemoglobin, wa-
ter and lipid

SWIR-MPI 680-1300 nm NIR + SWIR Second in-vivo imag-
ing window

<1 mm Wide-field, non-
contact

oxy- and deoxy-
hemoglobin, wa-
ter and lipid

such as DOS and NIRS is its higher spatial resolution. While some versions of DOS can

probe the same chromophore species as those of SWIR-MPI and SFDI (oxy-hemoglobin,

deoxy-hemoglobin, water, and lipids), common implementations involve point-by-point

measurements using a handheld probe [40], which is time consuming and typically has

spatial resolution on the order of 1 cm [39]. In contrast, SWIR-MPI and SFDI operate in a

non-contact manner with spatial resolution often finer than 1 mm [10].

As an experimental demonstration of the different spatial resolutions that can be attained by
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SWIR-MPI and DOS (FDPM + CW), ex vivo porcine tissue with relatively rich fat deposits

was measured by these two modalities and compared side-by-side. Figure 3.2.A shows a

white light image of the tissue, where the white regions are fat deposits. The rectangular

dashed boxes indicate measurement regions. Figure 3.2.B-C correspond to DOS measure-

ments conducted with 10 cm×10mm and 5 cm×10mm grid spacing, respectively. Both

water and lipid concentration maps, as well as optical property maps (µa and µs′, at 930

nm) are shown for comparison with SWIR-MPI in Figure 3.2.D. The dark blue areas in

the DOS maps are due to removal of non-physiological values arising in data processing

(such as an increase in scattering coefficient with wavelength). DOS is able to provide

information on the samples lipid and water content, but the spatial resolution is relatively

low. In contrast, SWIR-MPI (Figure 3.2.D) shows substantially finer resolution, and the

spatial distribution of lipid-rich regions and muscle-fat margins are clearly visible. Note

that typical DOS measurements are conducted with 1 cm spatial increments[39, 41, 42].

Here a 5 mm increment was also included to demonstrate that even with higher than typical

sampling density, DOS still has a lower spatial resolution compared to SWIR-MPI. The

extracted water and lipid values from DOS and SWIR-MPI are moderately different from

each other due to the partial volume effect in a spatially heterogeneous sample and differ-

ent probing depths. This side-by-side comparison shows that SWIR-MPI is able to provide

much finer spatial information compared to DOSI, although in more superficial tissue.
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Figure 3.2: A) White light image of ex vivo porcine tissue measured by
DOSI and SWIR-MPI. B) Water, lipid, and optical property maps (930 nm)
measured by DOSI with a 10 mm sampling grid and 28 mm source-detector
separation. C) Water, lipid, and optical property maps (930 nm) measured
by DOSI with a 5 cm× 10mm sampling grid and 10 mm source-detector
separation. D)Water, lipid, and optical property maps (1210 nm) measured
by SWIR-MPI.

Next, we conduct numerical simulations on water and lipid extraction with the wave-

lengths utilized by the different modalities to help demonstrate the advantage SWIR SFDI

has over NIR SFDI and DOSI in extracting accurate water and lipid concentrations in tis-

sue. We utilized two different methodologies: condition number analysis and statistical

simulations.

Condition number analysis for water and lipid extraction: Condition number analysis
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is a method previously used for determining the measurement wavelengths that minimize

crosstalk between absorbing chromophores [43]. The µa value at each wavelength is cou-

pled with the chromophore concentrations through Beers law, shown in matrix form in

(Equation 3.1), where µa, λ, ε, and c refer to optical absorption, wavelength, chromophore

extinction coefficient, and chromophore concentration, respectively.



µa(λ1)

.

.

µa(λ j)


=



ε1(λ1) .. εi(λ1)

. . .

. . .

ε1(λ j) .. εi(λ j)


∗



c1

.

.

c j


(3.1)

The condition number of the extinction coefficient matrix (i.e. first term on the right-

hand side of the equation) is defined as the ratio of the maximum and minimum singular

values (SVD) of the matrix and can be used to quantify the sensitivity of the solution val-

ues to changes or errors in the input . A high condition number indicates an ill-conditioned

problem where small changes in input values would result in large changes in the outputs.

Thus, the optimal choice of wavelengths is the combination for which the condition num-

ber is minimized.

A map of condition numbers was generated by iterating wavelength pairs in the range of

700 nm to 1300 nm (Figure 3.3). The extinction coefficient matrix was adapted from pre-

vious literature for water and lipids [44, 45]. The minimum condition number (2.52) occurs

at the wavelength pair of 1212 nm and 1300 nm.
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Figure 3.3: Condition number plot for extinction coefficient matrices con-
taining values for water and lipid at wavelengths between 700 to 1300 nm.

Simulation for water and lipid extraction errors with different wavelengths:

While condition number analysis demonstrates the optimized wavelength pair in a noise-

less scenario, the optimum choice of wavelength is also a function of measurement noise

which is not accounted for in the analysis. To address this limitation, numerical simulations

were used to estimate the percent error in chromophore extraction in the presence of noise,

for each pair of integer wavelengths in the range of 700 nm to 1300 nm. 100 combinations

of physiologically relevant water and lipid concentrations were randomly generated and

their corresponding absorption spectra were calculated with noise added to the simulated

absorption data. Finally, the chromophore concentrations were reconstructed from this sim-

ulated noisy absorption data at each wavelength pair and compared to the ground truth in

terms of percent errors. Figure 3.4.A and Figure 3.4.B show the results of the numerical

simulations for two different noise scenarios, one based on an experimental noise model
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from a lab-based SWIR-MPI system [12], and one based on 5% zero-mean Gaussian noise.

The absolute errors in water and lipid concentrations were calculated and the lower right of

each figure panel shows the water extraction error and upper left shows the lipid extraction

error. Table 3.2 shows a comparison of water and lipid extraction errors for different noise

models at their optimum wavelength pairs. The errors are also compared to the simulation

results using 41 wavelengths in the SWIR region as well as the errors at the wavelength pair

with the lowest condition number. The smallest errors in chromophore extraction generally

occur at regions with low condition numbers; however, in this case the wavelength pairs

that produced the lowest errors were 1150 and 1210 for the experimental noise model, and

920 and 1096 nm for the 5% Gaussian noise model.

Figure 3.4: Average absolute errors in water and lipid extraction based
on simulations with a) a model based on experimental SWIR-MPI system
noise, b) a model assuming 5% zero-mean Gaussian noise.
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Table 3.2: Comparison of water and lipid extraction errors for different
wavelength pairs and noise models.

Wavelength
(nm)

Condition num-
ber

Water error (5%
Gaussian noise)

Lipid error (5%
Gaussian noise)

Water error
(SWIR-MPI
noise)

Lipid error
(SWIR-MPI
noise)

900−10−1300 - -0.00 ± 1.28% 0.00 ± 2.96% 3.17 ± 0.5% -2.46 ± 1.12%

1212 & 1300 2.52 -0.02 ± 3.52% -0.05 ± 5.22% 4.79± 0.54% -2.86 ± 1.67%

920 & 1096 3.13 0.00 ± 3.88% -0.01 ± 7.18% 4.87 ± 0.45% -11.13± 2.71%

1150 & 1210 3.58 0.04 ± 4.44% -0.09 ± 6.15% 0.69 ± 1.67% 0.19 ± 2.22%

3.3 SWIR SFDI DESIGN CRITERIA

3.3.1 Wavelength and spatial frequency selection

The choice of illumination wavelength and spatial frequency directly affects the un-

certainties in calculated µa and µs′ values. In our previous work, we developed a method

based on the Cramer Rao Bound (CRB) to estimate optical property uncertainties in SFDI

based on the experimental measurement of diffuse reflectance uncertainties as a function of

wavelength, spatial frequency choice, and sample optical properties [46]. Here we used the

CRB method to identify illumination wavelengths and spatial frequencies that minimizes

the uncertainties in optical property measurements in the SWIR spectral band.

We first established a diffuse reflectance error model for our previous hyperspectral SWIR

SFDI system. Since this system can take measurements over a wide wavelength range, it

provides a means to directly compare uncertainties across wavelengths. A drift test was

conducted over 5 hours from 4 intralipid samples with 2.5%, 5%, 7.5% and 10% lipid

concentrations [12]. SFDI measurements were taken every 30 minutes from each sample

(10 measurements at each concentration). The measurements were taken at 7 wavelengths

from 700 nm to 1300 nm with 100 nm increments, and 8 spatial frequencies from DC to 0.5

mm−1. The raw data at each wavelength and spatial frequency were converted to calibrated
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diffuse reflectance using the calibration measurement taken from 10% intralipid prior to

the experiment. The error model was constructed by averaging the ratio of standard devi-

ation to the mean value (at each wavelength and spatial frequency) over the measurements

(Figure 3.5). The calculated noise model was then used as input for the CRB algorithm,

which converted the diffuse reflectance uncertainties to uncertainties in estimated optical

properties. A Monte-Carlo based look-up table (LUT) inversion algorithm was used for all

analyses.

Figure 3.5: SWIR-MPI (meso-patterned imaging) noise model at seven
wavelengths and eight spatial frequencies

We first identified the spatial frequency pairs that provided the lowest uncertainties

across the range of tested wavelengths and physiologically relevant optical properties. The

uncertainty estimates for µa and µs′ were calculated for a wide set of spatial frequency pairs.

Since uncertainties are also a function of sample optical properties, they were computed at

five sets of previously measured optical properties that are representative of the dorsum of
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the hand. The minimum uncertainties occurred when DC (0 mm−1) illumination was paired

with an AC illumination of either 0.1, 0.15, or 0.2 mm−1, with only minor differences be-

tween these choices.

We then optimized the choice of illumination wavelengths to maximize the sensi-

tivity of SFDI measurements to small changes in absorption and scattering properties of

tissue and blood. Figure 3.6 shows µa and µs′ uncertainties across seven wavelengths from

700 to 1300 nm when using the spatial frequency pair DC and 0.15 mm−1. The results

show the smallest uncertainties in µa and µs′ at 800 and 1100 nm, respectively. Smaller

theoretical uncertainties suggest higher sensitivity to small changes in optical properties

compared to the other tested wavelengths. While this analysis identified wavelengths with

the lowest uncertainties, for many applications it is also important to evaluate the sensitivity

of a measured parameter at a specific wavelength to the underlying changes in tissue (e.g.

chromophore concentration changes or scattering changes).
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Figure 3.6: Cramer-Rao results for A) µa and B) µs′ at spatial frequency of
DC and 0.15 mm−1.

Additionally, depth penetration was considered as an important metric for wavelength

selection. Sensitivity to optical properties of the subcutaneous tissue and superficial blood

vessels underneath the skin requires measurements that probe deeper than the dermal layer

of skin. The thickness of human skin has previously been reported to be in the range of 0.5

to 2 mm [4, 5, 6]. We also sought to minimize the effect of highly absorbing chromophores

present in skin epidermis layer, such as melanin, in order to have meaningful measurements

in people with different skin tones [47].

To estimate the imaging penetration depth we used a Monte-Carlo based SFDI depth

calculator reported in our prior work [48]. (Figure3.7) demonstrates the 90th percentile of

photon penetration depth for skin from 600 nm to 1800 nm at spatial frequencies of DC,

0.1 and 0.15 mm−1 [3]. The plot shows a maximum penetration depth at approximately
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1100 nm, and also reveals that spatial frequencies up to 0.15 mm−1 pass through at least 1

mm of skin. The penetration depth results suggest that SFDI measurements taken at SWIR

wavelengths and spatial frequencies of DC, 0.1 and 0.15 mm−1 are sensitive to the optical

properties of the tissue and blood into the dermal layer, in some cases, below the dermal

layer.

The CRB analysis suggests the use of 800 nm and 1100 nm for minimizing the uncer-

tainties in µa and µs′ extraction, respectively. These two wavelength are also in the spectral

range where penetration depth is above 1 mm at spatial frequencies of DC to 0.15 mm−1

(Figure3.7). The final choice of wavelength was made after searching through the avail-

able LEDs that provide high output power. While reviewing available parts from multiple

suppliers, we ultimately chose Thorlabs LEDs, which are available over a wide wavelength

range. 880 nm and 1100 nm center wavelength LEDs from Thorlabs provide high output

power while also satisfy the other two wavelength selection criteria.

Figure 3.7: Photon 90th percentile depth penetration for skin optical prop-
erties at three spatial frequencies (DC, 0.1 mm−1 and 0.15 mm−1) [3]. The
shaded area shows the reported range for human skin thickness [4, 5, 6].
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3.4 THE SWIR SFDI SYSTEM

A new LED-based SWIR SFDI system was designed and fabricated with the opti-

mized wavelengths found in section 2.2. The system utilizes two LEDs, one at 880 nm in

the NIR (M880L3, Thorlabs), and one at 1100 nm in the SWIR (M1100L1, Thorlabs) with

50 nm FWHM for both LEDs. The LEDs provided approximately 200 mW and 112 mW

optical power at 880 nm and 1100 nm respectively. The optical power at sample plane is

approximately 2.65 µW/cm2 at 880 nm and 3.1 µW/cm2 at 1100 nm. We followed the SFDI

design steps that have been previously published by our lab and online in openSFDI.com

and modified the design to build a compact and portable SFDI system [49].

Figure 3.8.a shows the SWIR SFDI system diagram. A long-pass dichroic mirror

(DMLP1000, Thorlabs, cutoff wavelength = 1000 nm) directs the collimated light (colli-

mating lens: ACL25416U-B, Thorlabs) from both LEDs to the DMD (LC4500, Keynote

Photonics). The pattern from the DMD is being focused to the sample plane using an imag-

ing lens (Ac254-050-B, Thorlabs). The projected light, which illuminates a large field of

view (7x11 cm), is reflected from the sample and captured by a germanium CMOS camera

(TriWave, Infrared Laboratories, Inc., Peabody, MA, USA) with a wide spectral sensitivity

(300-1600 nm). A SWIR imaging lens was used with the camera (SR0510-A01, StingRay,

Keene, NH, USA). A pair of crossed linear polarizers (LPNIRE100-B, Thorlabs) are placed

in the illumination and detection paths to minimize the effect of specular reflection. The

system is relatively fast (<1 min/whole sequence of DC + AC measurement, camera expo-

sure time is 100 ms for each image at both wavelengths), compact and portable, making the

system suitable for in-vivo and clinical measurements. Figure 3.8.b shows the fabricated

system and Figure 3.8.c shows the representative images from the system captured at 800

nm as well as the processed images.
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Figure 3.8: A) Schematic diagram of the SWIR SFDI system. Light from
the two LEDs is collimated and combined at a dichroic mirror. The DMD
generates the spatially modulated light that projects onto the sample with
an achromatic lens. Two linear polarizers are placed in the illumination and
detection path to reject specular reflection. B) The fabricated SWIR SFDI
system. C) Representative images from the system captured at 880 nm.
Top row represents the raw images with DC and AC illumination patterns
superimposed on the white light image of the hand taken with a camera
phone. The middle row represents the calibrated diffuse reflectance at two
spatial frequencies. Bottom row shows the optical property maps (µa and
µs′).
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3.5 CALIBRATION AND IN-FRAME PHANTOM CORRECTION

Demodulated DC and AC images were converted to diffuse reflectance images by

measuring a phantom with known optical properties. A Monte Carlo (MC) based forward

model of diffusive light propagation was used to extract the diffuse reflectance (Rd) of the

calibration phantom based on its known optical properties. Here we used a 10% intralipid

suspension as the calibration phantom. The reduced scattering coefficient (µs′=µs (1-g))

of 10% intralipid suspension was adapted from Flock et al. Specifically, we assumed µs′

decreased exponentially with wavelength and the anisotropy factor (g) decreased linearly

with wavelength per the equations provided in Flock et al [50]. The absorption coefficient

was calculated using pure water and lipid extinction spectra [44, 51] with Beers law. We

ended up using [µa µs′] pair of [0.0054 3.64] mm−1 at 880 nm and [0.0181 2.64] mm−1

at 1100 nm for the calibration phantom. For the forward model used in the calibration

process, intralipid was defined as a homogeneous semi-infinite medium with g and index

of refraction (n) set to 0.7 and 1.33, respectively. These values were also adapted from

Flock et al. [50].

A small 10% intralipid phantom (1 x 2 x 2 cm) was placed in the field of view as a

gold standard phantom with known and stable optical properties. Assuming that the optical

properties of the in-frame phantom do not change over time, we expect the Rd values of

the in-frame phantom to stay constant during measurements. For each measurement, the

extracted Rd values of the in-frame phantom were compared to the gold standard Rd values

(predicted by the Monte Carlo model) at each wavelength and spatial frequency. Any

discrepancy between the measured Rd values and the gold standard values of the in-frame

phantom translates into correction factor and were used to correct the Rd values of the entire

field of view. This method was described in our prior work [52].
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3.6 SYSTEM CHARACTERIZATION

To characterize the precision of the system, a repeat test measurement was performed

by taking 10 back-to-back measurements of a 10% intralipid suspension at fx = DC & 0.15

mm−1. The measured optical properties over the region of interest spanning the intralipid

surface (approximately 2 x 2 cm, 14400 pixels) were averaged and the standard deviation

of the mean values over these 10 measurements were calculated. The coefficients of vari-

ation of the repeat measurements for µa were 1.55% and 0.80% for 880 nm and 1100 nm

(standard deviation 5.4× 10−4 mm−1 and 1.31× 10−4 mm−1). These values for µs′ were

0.20% and 0.21% for 880 nm and 1100 nm (standard deviation 0.0074 mm−1 and 0.0057

mm−1).

We also calculated the theoretical precision of the system by conducting the CRB

analysis with the noise model of the dual-LED system. The dual-LED system outperforms

the laser-based system (smaller noise and higher precision), and the spatial frequency of

0.1 and 0.15 mm−1 paired with DC appear to be the optimized choice with the new system

as well.

To characterize the measurement resolution of µs′ extractions, intralipid samples with

19 different concentrations ranging from 1.55% to 2.45% with 0.05% increments were

measured. Figure 3.9 shows the mean and standard deviation of the extracted optical prop-

erties from these measurements. The absorption remained almost unchanged over the dif-

ferent intralipid concentrations (Figure 3.9.a), while the reduced scattering increased grad-

ually with increasing lipid concentrations (Figure 3.9.b). Figure 3.9.c shows the histogram

of µs′ values for three different intralipid concentrations at 0.05% increments. Changes as

small as 0.05% in lipid concentration resulted in statistically significant alterations in mea-

sured µs′ values (p < 0.0001 using pairwise Students t-test). The 0.05% lipid increment

translates to an µs′ increase of approximately 0.03 mm−1 at 880 nm and approximately
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0.02 mm−1 at 1100 nm, indicating the µs′ resolution of the system is at least this small for

the imaging parameters utilized. Figure 3.9.d shows the imaging contrast in µs′ of four

intralipid suspensions from 2.0% to 2.3% at 880 nm and 1100 nm.

We used the results from the intralipid titration experiment to evaluate the accuracy

of the optical property extraction. We compared the measure µa values to the ground truth

values calculated using the Beers law. The SWIR SFDI results show on average 9.65%

error (0.00055 mm−1) absolute error) in extracted µa at 880 nm and 1.30% error (-0.00008

mm−1 absolute error) in extracted µa at 1100 nm. For µs′ we expect to see a linear increase

in µs′ with increasing lipid concentration. Going from 1.55% to 2.45% lipid concentration

we expect to see a 1.58 fold increase in µs′. The measured µs′ values show 1.56 fold and

1.50 fold increase at 880 nm and 1100 nm, respectively, closely matching expectations.
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Figure 3.9: Results of an intralipid titration experiment to characterize the
measurement sensitivity of SWIR SFDI to lipid concentration increments
of 0.05% at 880 nm and 1100 nm. A) The measured absorption coefficient
stayed largely unchanged when lipid concentrations were increased from
1.55% to 2.45%. B) The measured reduced scattering coefficient increased
with increasing intralipid concentrations. C) Histograms of µs′ pixel values
from three consecutive measurements in the lipid titration experiment. The
differences between the distribution of measurements of 1.95%, 2.0% and
2.05% lipid concentration were statistically significant (**** indicates p <
0.0001, determined with Students t-test). D) µs′ maps of four intralipid sus-
pensions from 2.0% to 2.3% concentrations. All four concentrations were
placed in the same field of view and measured simultaneously.

3.7 TWO-LAYER MODEL

Here we developed a two-layer inverse model to better extract the optical properties

of subcutaneous tissue and blood. Our group has previously developed a Monte Carlo based
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two-layer lookup table (LUT) inversion model that accounts for the effect of mouse skin

during preclinical tumor SFDI imaging in the NIR [53]. In this prior work, the two-layer

LUT reduced the errors in optical property extraction from the second, deeper, layer in both

a two-layer phantom study and in an in-vivo mouse study. Here we used similar methods

to account for the effect of human skin properties on the optical properties extracted from

subcutaneous tissue and blood. The Gardner MC method, which obtains Rd estimates na-

tively in the spatial frequency domain, was used to generate the two-layer LUT [54]. The

top layer represents the human skin layer with fixed optical properties and thickness. The

bottom layer is a semi-infinite geometry with optical properties as free parameters of the

inversion algorithm. MC simulations were conducted using the Boston University shared

computer cluster. We launched 107 photons for each simulation and a total of 160 simula-

tions were conducted (one for each µs′ value). µa was set to 0.0005 mm−1) for the bottom

layer for MC simulations. The result from each simulation were then post processed using

Beers law to achieve the bottom layer µa range for the two-layer LUTs.

A phantom validation study was conducted to evaluate the effect of using the two-

layer model to perform optical property extractions. We first used 5% intralipid to fabricate

a skin mimicking phantom with optical properties similar to human skin in the 1000-2200

nm wavelength range [55]. The phantom was made by mixing intralipid with agar powder

and heating the mixture to form a solution, which formed a solid phantom after cooling.

The optical properties of the phantom were measured using the SWIR SFDI system. We

used the average optical properties of the phantom measured at 880 nm and 1100 nm to

set the top layer µa and µs′ values to 0.004 and 0.88 mm−1), respectively. The anisotropy

factor and refractive index were set to 0.7 and 1.33 for both top and bottom layers to match

the properties of intralipid [50]. The average thickness of human skin was reported as 1

mm and was set as a fixed parameter in MC simulations [4, 5].
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A set of two-layer phantoms were fabricated to validate the two-layer LUT inverse

model with the top-layer mimicking the skin tissue thickness (1 mm) and optical proper-

ties using 5% intralipid solid phantom. The skin-mimicking phantom was placed on top

of the bottom liquid phantoms which consist of four intralipid suspensions from 2% to 5%

lipid concentrations. SFDI measurements were taken from the two-layer phantoms and

processed using both one-layer and the new two-layer LUT. Figure 3.10.a shows the ge-

ometry of the two-layer MC simulations as well as a picture of 1 mm thick skin phantom

used in the phantom study. Figure 3.10.b shows the average error in extracted µs′ from

the bottom layer from the four intralipid suspensions. The two-layer model improves the

accuracy of bottom layer µs′ extraction by 33.9% and 24.5% for 880 nm and 1100 nm, re-

spectively. The two-layer LUT however does not improve the error in the extracted µa, and

errors for both the one-layer and two-layer LUTs were approximately 50% at both wave-

lengths, although this corresponds to a small absolute error of approximately 0.005 mm−1).

Figure 3.10: A) A schematic of the two-layer MC simulation geometry.
The inset shows a 1 mm thick skin-simulating phantom made with intralipid
and agar. B) Comparison of bottom layer µs′ measured using one-layer and
two-layer LUTs. The absolute extraction errors for µs′ are shown.

The parameters of the two-layer LUT were then modified for human measurements.

A second two-layer LUT was generated with a g value of 0.9 for both the skin layer and
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the semi-infinite bottom layer. The refractive index was set to 1.37 for the skin layer [3, 55]

and 1.4 for the bottom layer. The µa value for the skin layer was set to 0.024 mm−1 [3]. The

µs′ of the skin layer was set to 0.88 mm−1, which matches the µs′ of the LUT used in the

phantom study and lies in the range reported for skin at 1100 nm [3, 56]. A third two-layer

LUT was generated using µs′ of 1.25 mm−1, which matches the optical properties of skin

at 880 nm [56, 57]. The same µa value of 0.024 mm−1 was used for both of these two-layer

LUTs.

For the newly generated two-layer LUT, an additional round of CRB analysis was

conducted for spatial frequency selection. While the prior analysis for a single layer media

indicated that DC illumination paired with an AC spatial frequency of 0.1, 0.15, or 0.2

mm−1 had approximately equivalent performance, the two-layer analysis indicated that DC

and 0.1 mm−1 had superior performance compared to the other choices when attempting to

extract the deeper layer optical properties. This is likely due to the deeper imaging depth

of 0.1 mm−1 versus 0.15 or 0.2 mm−1 (Figure3.7). Subsequent human measurements were

collected using fx = DC and 0.1 mm−1.

We note that we also tried the model with g = 0.3 which is closer to the reported g

value in [58] for intralipid. The different models have a relative bias of 0.0009 and 0.0037

mm−1 in µa, and 0.34 and 0.26 mm−1 in µs′ at 880 and 1100 nm respectively, but the choice

of model with different g value did not affect the performance characteristic of the system

and the performance of the two-layer model.

3.8 IN-VIVO BLOOD AND TISSUE MEASUREMENTS

SWIR SFDI measurements were performed on the dorsal surface of the hand of three

subjects: one 28 year old female and two 28 year old male subjects. The measurements

were conducted under an institutionally-approved protocol (protocol number 4698). Sub-
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jects were informed about the study and provided informed consent prior to the experiment.

The optical properties extracted when using the one-layer and two-layer LUTs were com-

pared over large superficial vessel regions (dorsal metacarpal veins in the hand) and the

surrounding tissue. The results from using each LUT were compared in terms of the con-

trast between the optical properties of superficial vessels and the surrounding tissue using

line profiles. In Figure 3.11.a-b, optical property maps for the dorsum of the hand at 880

and 1100 nm are shown for subject #1 using the one-layer LUT and the two-layer LUTs.

The line profiles are plotted over the red dashed line in Figure 3.11.b for both µa and µs′

(Figure 3.11.c-d). The contrast between the metacarpal veins and the surrounding tissue

on the hand increases for both µa and µs′ when using the two-layer LUT compared to the

one-layer LUT for all volunteers. We calculated the contrast over the line profile using the

following equation (Weber contrast) at each wavelength and optical properties (mu refer-

rers to scattering or absorption coefficient):

C =
µMax −µMin

µMin
(3.2)
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Figure 3.11: Healthy volunteer results (subject #1) from the dorsum of
the hand. A) Optical property maps at 880 nm and 1100 nm using one-
layer LUT and B) two-layer LUTs. C) Line profiles over the dotted red
line for µa and d) µs′ . Blue shows the line profiles at 880 nm and red
shows the line profiles at 1100 nm. The solid lines correspond to the one-
layer LUT results and dashed lines correspond to the two-layer LUT results.
The use of the two-layer LUT enhances the contrast of the superficial blood
vessel especially in µs′. The red arrow in D) shows an example of a vessel-
like structure that is identified in µs′’ map but not in µa map at the same
wavelength.

On average, we saw a 352% and 223% increase in µs′ contrast and 104% and 61%

increase in µa contrast at 880 and 1100 nm, respectively, averaged across all subjects over

a designated superficial vessel on the hand. Table 1 summarize the contrast ratio (shown

as percentages) between a superficial vessel and its surrounding tissue at both wavelengths

and optical properties using one-layer and two-layer LUTs for all subjects. These results
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suggest that two-layer LUTs provide increased sensitivity to the large superficial blood

vessels. We noted that some image features, e.g. vessels could be identified in the µs′ map

while they cannot be identified in the corresponding µa map. One example is designated

by the red arrow in Figure 3.11.b. We note that the optical property maps and the contrast

values represent the bottom layer when using the two-layer LUTs.

3.9 DISCUSSION

In this work, we have designed and validated a new dual-LED SWIR SFDI system

for non-invasive measurement of tissue and blood optical properties. We identified optimal

wavelengths and spatial frequencies for accurate estimation of optical properties, and we

developed a two-layer model to improve the sensitivity of SFDI measurements to subcuta-

neous tissue and blood. The portable SWIR SFDI system was fabricated using two LEDs

at 880 nm and 1100 nm. The spatial frequency pairs of DC-0.15 mm−1 and DC-0.1 mm−1

were used for homogenous phantom and two-layer phantom/in-vivo measurements, respec-

tively. The new SWIR SFDI system is fast (<1 min measurement time for 2-wavelength

measurements), compact and portable, which are distinct advantages compared to our pre-

vious hyperspectral SWIR SFDI system, which took approximately 2 minutes and 15 sec-

onds for 2-wavelength measurements. The new system is sensitive to small optical property

alterations with the µs′ resolution at least 0.03 mm−1 at 880 nm and at least 0.02 mm−1 at

1100 nm.

The two-layer model developed here decreased errors by at least 24% in the extracted

bottom layer µs′ compared to the homogenous model in the two-layer phantom study. How-

ever, it did not result in an improvement in bottom layer µa estimation. Similarly, the esti-

mated µa in the in-vivo measurements were less affected by the use of the two-layer inverse

model compared to the estimated µs′. One possible explanation is the similarity between
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top and bottom layer µa in the phantom study. We used 5% intralipid suspension to fabri-

cate the skin phantoms and the bottom layer consisted of four intralipid suspensions with

2-5% lipid concentrations. The µa of intralipid at 880 and 1100 nm is minimally affected by

the alteration in lipid concentrations over the 2-5% range (µa(at 880 nm) = 0.0056-0.0057

mm−1 and µa(at 1100 nm) = 0.0189-0.0195 mm−1 for 2% lipid concentrations). Since both

layers had similar µa values, the error in the extracted µa was minimally affected when

using either the one-layer or two-layer LUT.

The use of the two-layer model revealed higher contrast between superficial vessels

and their surrounding tissue compared to the homogeneous, one-layer model for in-vivo

measurements of the hand. The optical absorption of blood is known to be substantially

higher relative to skin and optical scattering of blood is often reported to be lower relative to

skin [59, 60]. The higher contrast between superficial vessels and the surrounding tissue at

both µa and µs′ can be interpreted as an improved sensitivity to optical properties of blood

(i.e., µa increased more dramatically over vessels and µs′ decreased more dramatically over

vessels compared to the single-layer LUT results). The optical properties of the tissue sur-

rounding the superficial vessels stayed relatively unchanged when using either the single or

two-layer LUTs for 1100 nm, but changed more substantially for 880 nm. This is possibly

because the two-layer model helped to account for the effect of melanin absorption in the

epidermis on the extracted µa at this wavelength, and it is known that melanin absorption

is stronger at 880 nm compared to 1100 nm [61].

SWIR SFDI suffers from a few important limitations. First, SFDI measurements are

limited by a partial volume effect when measurements are taken on a heterogeneous media.

In this work, we attempted to mitigate the effect of skin on subcutaneous optical property

extraction by using a two-layer inverse model. Here, fixed optical properties and thickness

for the skin were assumed in our model, which may reduce applicability to different body
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locations with different skin thickness and different skin tones; such adjustments however

can be made for different measurement locations. Although SWIR wavelengths benefit

from lower melanin absorption compared to the VIS-NIR optical window, people with dif-

ferent skin tones may have distinct skin optical properties [2, 61]. Further study is required

to investigate the effect of the two-layer model on optical property extraction from subjects

with different skin tones. Additionally, while the dual-LED SWIR SFDI system developed

here has distinct advantages for clinical use, including being label-free, non-contact, with

a relatively high acquisition speed, the fabrication cost is high compared to other VIS/NIR

SFDI systems due to the high cost of the SWIR camera (currently scientific grade InGaAs

SWIR cameras can cost well over $10k USD).

3.10 CONCLUSION

In conclusion, we have developed a clinic ready dual-LED SWIR SFDI system. We

have generated a new two-layer inverse model that accounts for the layered effect of skin,

validated this system and the model through measurements in phantom models as well

as the hands of three healthy volunteers. Although additional development and study are

needed, this SWIR SFDI system can measure the optical properties of tissue and blood.

As such, this technology has the potential to provide a powerful novel tool for multiple

clinical applications in a safe, cost effective, and efficacious manner for conditions such as

cardiovascular diseases and diabetes.
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CHAPTER 4

Feasibility of postprandial optical scattering of lipoproteins in blood as an optical

marker of cardiovascular disease risk: modeling and experimental validation

Blood lipid levels (i.e., triglycerides (TG) and cholesterol) are highly predictive of

cardiovascular disease (CVD) risk. Current methods for measuring blood lipids require in-

vasive blood draws and traditional lab testing, limiting their practicality for frequent mon-

itoring. Optical measurements of lipoproteins, which carry TG and cholesterol in blood,

may provide simpler invasive or non-invasive methods for more frequent and rapid blood

lipid measurements. In this work, we investigated the effect of lipoproteins on optical prop-

erties of blood before and after a high-fat meal (i.e., the pre- and post-prandial state). To

do this, we conducted simulations using Mie theory which were supported by literature

review to identify key parameters including specific lipoprotein size distributions and num-

ber density. We also conducted experimental validation of ex-vivo blood samples. Our

results show that lipoproteins in blood, particularly very low density lipoproteins (VLDL)

and chylomicrons, are highly scattering in the visible and near-infrared wavelength region.

Estimates of the increase in the reduced scattering coefficient (µs′) of blood after a high-fat

meal ranged from 4% for a healthy individual, to 15% for those with type 2 diabetes, to

up to 64% for those suffering from hypertriglyceridemia at 730 nm. A reduction in blood

scattering anisotropy (g) also occurred as a function of lipoprotein concentration increase.

These findings lay the foundation for future research in the development of optical methods

for invasive and non-invasive optical measure of blood lipoproteins, which could improve

early detection and management of CVD risk.

The work in Chapter four was published in the Journal of Biomedical Optics in 2023 [62]

with the following contributing authors:

Anahita Pilvar1, Declan W.Smith2, Jorge Plutzky3, Darren Roblyer1,4
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2Department of Physics, Boston University, Boston, MA 02215

3Department of Medicine, Brigham and Womens Hospital and Harvard Medical School,

Boston, MA 02115

4Department of Biomedical Engineering, Boston University, Boston, MA 02215

4.1 INTRODUCTION

Plasma lipoproteins, which are complex biochemical particles that transport hydropho-

bic lipids through the blood, are largely unrecognized as a potential optical biomarker for

the evaluation of cardiovascular health. Lipoprotein particles are known to be partially

responsible for blood plasma turbidity, and they very likely affect total blood optical prop-

erties. Plasma levels of triglyceride and cholesterol, which are packaged and transported in

blood within lipoproteins, are strongly predictive of future cardiovascular events, includ-

ing heart attack and stroke [8, 18]. Currently, measurement of these plasma blood lipids

requires invasive blood draw and traditional laboratory-based testing. Label-free optical

measurements of blood lipoproteins, and their changes after dietary fat ingestion, may have

important implication for cardiovascular health assessment, especially for those suffering

from dyslipidemias such as type 2 diabetes [63].

The optical properties of blood have been a topic of interest for many years with im-

plication in variety of diagnostic and therapeutic applications and blood quality assessment.

Both the absorption and scattering properties of blood are dominated by red blood cells

(RBCs), which account for approximately 36% to 54% of human blood [64]. Hemoglobin,

which accounts for approximately 95% of the volume of red blood cells, is responsible for
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the optical absorption of blood, especially at visible and near infrared wavelengths [65]. At

longer wavelengths (>1000 nm), blood absorption is dominated by the optical absorption

of water which accounts for around 90% of blood plasma. The scattering properties of

blood are largely a consequence of the refractive index mismatch between RBCs and blood

plasma, but also affected by the size, shape, orientation, and concentration of the RBCs

as well as other cells, proteins, vesicles, and other scattering particles. There have also

been investigations of how glucose can alter blood and tissue optical scattering, with prior

work demonstrating a decrease in tissue optical scattering due to elevated levels of glucose

caused by a closer matching of refractive index between the extracellular fluid and cellular

membrane [66].

While less explored, lipoproteins are also likely to alter blood optical properties, es-

pecially optical scattering. Triglyceride rich lipoproteins (TRL) including chylomicrons

and very low density lipoproteins (VLDL), are large (20 - 1200 nm in diameter) [67, 68]

and have a substantial index of refraction mismatch from plasma. Due to their size and

refractive index, TRLs provide a strong source of Mie scattering to visible and NIR light.

There has been very little prior work investigating how naturally occurring lipoproteins

affect blood optical properties, which represents a potential missed opportunity for both

invasive and non-invasive optical health monitoring.

In this work we utilized both computational modelling and experimental measure-

ments to quantify the effect of lipoproteins on the optical properties of blood. In the sec-

tions, below we build towards a realistic estimate of the changes in human blood optical

properties after a high-fat meal. We first described the basic properties of plasma lipopro-

teins. We then conducted a series of simplified experiments to test the effect of added

lipoprotein-like particles on the optical properties of blood, which are measured using a

technique called spatial frequency domain imaging (SFDI) [28]. We used Mie theory to
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both validate the experimental results and quantify the effect of so-called dependent scat-

tering, which occurs because of the close spacing of red blood cells in plasma. Next, we

utilized extensive literature review to estimate expected fasting and postprandial (i.e., after

a meal) lipoprotein size distributions, concentrations, and temporal dynamics. Finally, we

used these parameters as part of a more comprehensive model to provide predictions of

expected scattering changes in blood following a high fat meal for both healthy individuals

and patients with dyslipidemias. Together, this work provides an important framework for

the development of optical methods to detect lipoproteins in blood.

4.2 THE BASIC PROPERTIES OF PLASMA LIPOPROTEINS AND THEIR SYN-

THESIS

Plasma lipoproteins are classified according to their density into several particle

types, including chylomicrons, very low density (VLDL), low density (LDL), intermediate

density (IDL) and high density (HDL) lipoproteins. Of these, chylomicrons have both the

lowest density and the largest size, typically ranging between 75 nm and 1200 nm [67, 68].

After fat intake, dietary lipids including triglycerides and cholesterol are packaged into

large triglyceride rich lipoproteins (TRL) (i.e., chylomicrons) in enterocyte cells in the

small intestine and enter the bloodstream via the lymphatic ducts [67]. Chylomicrons

deliver dietary fat to tissues throughout the body, after which they transform into smaller

particles called chylomicron remnants, which are taken up by the liver. VLDLs are also

TRLs, and have lower triglyceride and higher cholesterol levels compared to chylomicrons.

VLDLs are the endogenous source of triglyceride and are synthesized in the liver before

entering the blood circulation. They are smaller than chylomicrons with diameters

ranging from 30 - 80 nm [67]. Both VLDL and Chylomicron are spherical micelles that
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are composed of a monolayer phospholipid shell that protects the hydrophobic core of

triglyceride and cholesterol.

Figure 4.1 summarizes the blood triglyceride pathways including the exogenous

pathway, in which ingested fats are packages in chylomicrons, as well as the endogenous

pathway, in which the liver produces VLDLs. Chylomicron and VLDL particles account

for most of the blood triglyceride levels and their concentrations are highly influenced by

food intake. As we will show, these TRL particles are a strong source of Mie scattering

due to their size and other important properties. Smaller cholesterol-rich particles such as

LDL, IDL, and HDL are unlikely to provide substantial optical scattering in the visible

and near-infrared wavelength bands.

Figure 4.1: Blood triglyceride pathways: Chylomicron and VLDL are the
main source of blood triglycerides (TG). Chylomicrons enter the blood
through the small intestine after dietary fat intake and hence they are the
exogenous source of blood TG. VLDLs enter the blood through the liver
and they are the endogenous source of blood TG.
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4.3 EXPERIMENTAL MEASUREMENTS OF LIPOPROTEINS-LIKE PARTI-

CLES IN BLOOD

To assess the effect of lipoprotein-like particles on the blood optical properties, an

ex-vivo experiment was conducted using fresh bovine blood (Carolina Biological Supply)

and intralipid (INTRALIPIDő 20%) as surrogate for TRLs. Intralipid is an intravenous

fat emulsion composed of soybean oil, egg yolk phospholipids, glycerin, and water and is

used as a source of calories and essential fatty acids for several therapeutic and nutrition

indications, such as nutrition supply for patients with essential fatty acid deficiency.

Intralipid is available at different lipid concentrations, described by the mass percentage

of soybean oil in the volume of emulsion. For instance, intralipid 20% contains 20% of

soybean oil (1000 ml of intralipid 20% contains 200 g of soybean oil) which is more than

70% triglyceride [69]. The size distribution of intralipid particles has been previously

quantified through electron microscopy, with reported intralipid particle sizes ranging from

25 to 675 nm with an exponentially decreasing size distribution and an average particle

size of 97 nm [70]. The refractive index of intralipid micelles is 1.46 which is similar to

what the refractive index reported for chylomicron [70, 71]. Due to its particle size range

and composition, intralipid closely resembles blood chylomicrons.

SFDI was used to measure the optical properties of blood and the effect of lipids

on blood absorption and scattering experimentally. In SFDI sinusoidal patterns of light

at different wavelengths and spatial frequencies are projected on the sample and the

reemitted light is captured by a camera. The captured images are processed and the result

is the maps of optical properties (absorption (µa) and reduced scattering coefficient (µs′))

at every wavelength [71]. We fabricated a dual-LED based NIR-SWIR SFDI system

previously [25]. For this study we added a third wavelength in NIR to the system. Our

current version of the SFDI system utilizes three LEDs at 730 nm, 880 nm, and 1100 nm
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as the illumination source. A digital micromirror device was used to generate the spatial

patterns of light. An InGaAs camera (Triwave, Infrared Laboratories, Inc., Peabody,

Massachusetts) with a wide range of optical sensitivity was used as the detector. Figure

4.2 shows the system diagram of the three-LED SFDI system.

Figure 4.2: System diagram of the three-LED SFDI system.

The concentration of intralipid was titrated in bovine blood from 0.1% to 1% in incre-

ments of 0.1%. These intralipid concentrations corresponds to triglyceride levels in blood

ranging from a healthy fasting state to a very high state representative of a patient suffer-

ing from hypertriglyceridemia, a condition in which lipoproteins are not rapidly absorbed

into tissue from the blood [72]. The optical properties of pure blood and blood-intralipid

mixture were measured at each intralipid concentration using SFDI. In each case a 12 ml

sample was measured in well contained as part of an optically diffuse optical phantom as

in our prior work [12].

The results, as shown in Figure 4.3.A, indicate that the absorption properties of blood
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Figure 4.3: Intralipid in bovine blood titration experiment results A) Mea-
sured absorption coefficient at three wavelengths showing no appreciable
change as intralipid concentration increases from 0.1% to 1%. B) Reduced
scattering coefficient increases with intralipid concentration for all mea-
sured wavelengths. C) ∆µs′ shows larger increase for shorter NIR wave-
lengths

are largely unchanged by the addition of intralipid at these concentrations. This observa-

tion is supported by estimated changes predicted using Beers law and known extinction

coefficients, which predict a less than 1× 10−4 mm−1 increase in µa for a 0.1% increase

in lipid concentration at these wavelengths. In contrast, the reduced scattering coefficient

of blood increased with increasing intralipid concentration, with larger ∆µs′ observed at

shorter NIR wavelengths compared to the longer SWIR wavelengths (Figure 4.3.B-C). It

should be noted that the µs′ spectra do not follow the expected power law behavior for

the ex-vivo blood measurements due to the predominant effect of large red blood cells on

optical scattering, resulting in scattering oscillation at these wavelengths when the mea-

surement wavelength is small compared to the size of the scattering particles.

Since the size of chylomicron particles is also affected by a meal [73, 74], we

next investigated the effect of particle size on blood optical scattering through a mono-

disperse polystyrene microsphere titration experiment. In this study, microsphere beads

with three sizes were used: 100 nm, 500 nm, and 1000 nm, mimicking small, medium,

and large lipoproteins. We note that the refractive index of microspheres is approximately
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Figure 4.4: Microsphere bead in blood titration experiment at 730, 880
and 1100 nm. The results show the effect of added particle size on blood
µs′ as the bead concentration and size increases. The largest µs′ increases
occur from 100 nm to 500 nm. Bead concentration is indicated as volume
percentage of bead in blood.

1.57 at the measured wavelengths which is higher than the refractive index of lipoproteins

and intralipid micelles, which range between approximately 1.46 and 1.5 [71, 75]. SFDI

measurements were taken from the mixture of microsphere particles in bovine blood with

bead concentration (V/V) ranging from 0.1% to 0.6% with 0.1% increments. (Figure 4.4)

illustrates the effect of particle concentration and size on the µs′ of blood, showing that

increasing the added particle size leads to an increase in blood µs′, with a more pronounced

effect when the bead size increases from 100 nm to 500 nm.

4.4 ESTIMATION OF BLOOD µS′ ALTERATIONS WITH MIE THEORY

Mie theory was used to model the experimental results above. Mie theory describes

the scattering of electromagnetic plate wave by homogenous spherical particles. The fol-

lowing equation can be used to approximate the reduced scattering coefficient of particles

using the Mie theory framework [76]:

µs′(λ) = N0 ∑
i

f (ai)(πa2
i )Qscat(m,ai,λ)[1−g(m,ai,λ)] (4.1)
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m =
n1

n0
(4.2)

Here N0 refers to the number density of the scattering particles, f (ai) refers to the particle

size distribution, a is the particle radius, Q is the scattering efficiency derived from Mie the-

ory, λ is the wavelength, m is the relative refractive index where n1 and n0 are the refractive

indices of the particles and the surrounding medium, respectively. The g parameter is the

anisotropy factor which can also be predicted with Mie theory.

The use of Mie theory to predict blood optical properties comes with a caveat of de-

pendent scattering caused by RBCs. Dependent scattering events occur in environments

where the distance between scattering particles is relatively small compared to the size of

the particles [77]. Mie theory is only applicable when the particle spacing is at least 3 to

5 times larger than the particle diameters, a criterion that is not satisfied in blood where

RBCs are the dominant source of scattering [78]. However previous studies have applied

correction factors to account for the dependent scattering effect of RBCs. One such correc-

tion factor is the Twersky factor, which involves multiplying a constant factor dependent

on the shape and concentration of the particles to the Mie simulation results [77]:

Wm =
(1−h)m+1

(1+h(m−1))m−1 (4.3)

In the Twersky equation for blood, h refers to the blood hematocrit and m is the

packing factor that relates to the shape of the red blood cells. In its simplest form, m is

defined as an integer value of 1, 2, or 3 for particles that are plate like, cylindrical, or

spherical, respectively. Some studies, such as the study on intralipid dependent scattering

at high concentrations by Aernouts et al., used non-integer values for m which were

empirically determined by fitting the results of the simulations to the experimental results
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[79].

Here, Mie theory was used to predict the µs′ at each lipid concentration in the bovine

blood-intralipid titration experiment. The size distribution of intralipid particles reported

by Van Staveren et al was used for all Mie simulations [70]. A refractive index of 1.46 was

assigned to the intralipid particles and 1.345 to the media [70, 80].

Mie simulations were only conducted for intralipid particles and not the whole blood

environment. To correct for dependent scattering, the Mie predicted µs′ at each intralipid

concentration was multiplied by the Twersky factor. The results were then added to the

µs′ of the pure bovine blood measured with SFDI to mimic the intralipid in bovine blood

titration experiment at each concentration. The hematocrit level of the bovine blood

was measured using an auto blood analyzer (HEMAVET 950FS, Drew Scientific, Fl,

USA) and found to be 0.33. The packing dimension of the Twerksy factor was found

empirically by fitting the results of the Mie theory multiplied by the Twersky factor for

various concentrations to the measured µs′ at each measurement wavelength. The packing

dimension of 0.97, 1.78, 1.61 was found most effective to match the Mie simulations to

the experiment results at 730, 880, and 1100 nm, respectively.

(Figure 4.5.A) shows the results of the experiment and the simulations for each

of the three wavelengths. The results indicate that the experiment results do not match

the Mie simulation before applying the Twerksy factor, with the discrepancy between the

experiment and the simulation increasing as the lipid concentration increases. (Figure

4.5.B) shows the experiment and simulation results after applying the Twerksy factor to

the output of the Mie equation. These results suggest that Mie theory combined with a

dependent scattering correction factor can predict the µs′’ for a given concentration of

scattering particles in blood. The mean absolute error (MAE) between the experiment

and the simulation results reduced from 0.30 mm−1, 0.32 mm−1, and 0.22 mm−1 to 0.027
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mm−1, 0.012 mm−1, and 0.098 mm−1 after we applied the Twersky factor to the simulated

data at 730, 880 and 1100 nm, respectively.

Figure 4.5: A) µs′ results from titration experiments are shown in solid lines
and Mie simulation results from the same lipid concentrations added to the
baseline pure blood µs′ are shown in dashed lines at 730, 880 and 1100 nm.
The experiment results do not match the simulations due to the dependent
scattering events caused by RBCs. B) Mie predicted µs′ match the exper-
iment results after correction by Twersky factor to account for dependent
scattering events.

The effect of particle size on µs′ was tested by conducting Mie simulation for mono-

disperse particles with diameter of 50 to 1000 nm at one selected concentration (0.3%

V/V). Figure 4.6.A demonstrates the simulated effect of particle size on µs′ at the three

wavelengths. The simulation results supports our observation from the beads-in-bovine-

blood titration experiment (Figure 4.4), where larger particle size results in an increase in
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the measured µs′. The effect of size on µs′ is more significant for smaller particle sizes

relative to the wavelength. The simulated µs′ for particles with similar refractive index

as chylomicrons (≈1.46 in NIR) shows a similar trend with size but with lower absolute

values. We then compared the simulatedµs′ to the measured µs′ from section 3 at different

size, concentration, and wavelengths used in the experiment. Figure 4.6.B shows that

the simulated µs′ closely follows the experimental µs′ measured with SFDI. The intraclass

correlation coefficient (ICC(1-1)) shows a strong agreement between the experimental and

simulated data (ICC = 0.92, p-value < 0.0001).

Figure 4.6: A) Mie simulation results shows the effect of particle size on µs′
at three simulated wavelengths. The markers shows the particle sizes that
were used in the bead experiment B) Comparison between the measured µs′
and the simulated µs′ at different bead size, concentration and wavelengths.
Different colors correspond to different wavelengths and different marker
shape correspond to different bead sizes. Each data point corresponds to a
different concentration from 0.1% to 0.6% (V/V) of bead in bovine blood.
The black dashed line is the identity line.
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4.5 CHYLOMICRON AND VLDL SCATTERING PARAMETERS FROM LIT-

ERATURE

The sections above provide an initial evaluation of how lipoprotein-like particles af-

fect blood optical properties. In order to gain a better understanding of how human lipopro-

teins affect optical scattering of blood in the postprandial state, it is necessary to have

knowledge of the size, number density, and refractive index of the TRLs in the blood pre-

and post-meal. Although prior research has focused on blood triglyceride content when

studying blood lipids, less is known about chylomicron concentration and the distribution

of chylomicrons and VLDLs. Here, we reviewed the existing literature on the TRLs and

used these information to generate a size distribution with accurate particle concentration

for these lipoproteins. The information on size and concentration as well as the refractive

index of TRLs were then used to predict the impact of TRL alterations on blood optical

scattering pre- and post-meal using Mie theory.

Table 4.1 summarizes the reported literature properties for TRLs and blood triglyc-

eride content in the fasting state. The concentration of chylomicron and VLDL particles is

directly related to the blood triglyceride level, as most of the blood triglyceride is carried

by these particles. If a size distribution is assumed for chylomicron and VLDL particles,

the blood triglyceride level can be converted into the concentration of TRL particles of

each size. It was assumed that chylomicrons and VLDLs have an exponentially decreasing

size distribution [70, 71], with chylomicrons spanning between 75 to 1200 nm and VLDL

particles spanning 30-80 nm [67, 68]. An exponential size distribution was generated for

each particle with an average size of 100 nm for chylomicrons and 50 nm for VLDLs:

f (ai) =
exp(ai

a )

a
(4.4)
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Here f (ai) is the distribution function with respect to particle size and a is the size param-

eter related to the average size of the distribution.

To calculate the concentration of the particles, it was first assumed that the blood

triglyceride content is distributed between chylomicron and VLDL particles, with 30% of

fasting triglyceride coming from chylomicron and 70% from VLDL [81]. Next, chylomi-

cron and VLDL mass concentration was calculated for the corresponding blood triglyceride

concentration, assuming that 90% of chylomicrons and 50% of VLDLs mass are triglyc-

eride [68]. The volume concentration of TRLs was then calculated by dividing the mass

concentration of the particles by their volume density. The volume density of chylomi-

crons and VLDLs are approximately 930 mg/ml and 1000 mg/ml, respectively [68]. Using

the generated size distribution for these two particles, we then calculated the total number

of each particle at each size by dividing the volume concentration of chylomicrons and

VLDLs by the total volume of these particles from the normalized size distribution:

N =
P

∑ f (ai)V (ai)
(4.5)

where N refers to the total number of particles (CM or VLDL), P is the total volume of the

particles, f is the normalized size distribution, V is the volume of the particles with size ai,

and i is the number of particles in the size distribution.

We then generated a distribution of chylomicron and VLDL particles for any

concentration of fasting triglyceride in blood by multiplying the total number of each

particle by the normalized size distribution f (ai). (Figure 4.7) shows this distribution of

VLDLs and chylomicrons for blood triglyceride level of 100 mg/dL.
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Table 4.1: Reported literature properties for TRLs and triglyceride in the
fasting state as well as model parameters

Property Reported values Reference Notes Model parameters
Particle diameter Chylomicron: 75-1200 nm,

VLDL: 30-80 nm
[67, 68] Chylomicron average size =

100 nm, VLDL average size =
50 nm

Particle size distribution Exponential [70, 71] Assume chylomicrons have the
same size distribution shape to
intralipid

Exponential

Density (g/ml) Chylomicron < 0.95, VLDL:
0.96-1.006

[67, 68] Chylomicron: 0.93, VLDL: 1

Triglyceride content (%W/w) Chylomicron: 80-95%, VLDL:
45-65%

[68] Chylomicron: 90%, VLDL:
50%

Refractive index Chylomicron: 1.46% [71] No information on VLDL is
available

1.46 for both VLDL and chy-
lomicron

Plasma fasting triglyceride
(mg/dL)

Normal: <150 mg/dL, Bor-
derline high: 150-199 mg/dL,
High: 200-499 mg/dL, very
high: >500 mg/dL

[82] Healthy: 50 mg/dL, Diabetes:
200 mg/dL, Hypertriglyc-
eridemia: 200 mg/dL

Figure 4.7: VLDL and chylomicron size distribution for 100 mg/dL of
blood triglyceride

Table 4.2 summarizes the changes in triglyceride content and TRL properties that
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may occur after a meal based on literature. An increase in blood triglyceride levels

primarily results in changes in chylomicron distribution, resulting in larger average particle

size, higher refractive index, and higher number density [71, 73, 74].

Table 4.2: Reported literature properties for TRLs and triglyceride in the
postprandial state

Property Reported values Reference Notes Model parameters
Blood triglyceride Healthy: < 175 mg/dL, High:

175-880 mg/dL, Hypertriglyc-
eridemia: >880 mg/dL

[8] Healthy: 100 mg/dL, Di-
abetes: 400 mg/dL, Hy-
pertriglyceridemia: 1200
mg/dL

Peak refractive index Chylomicron: 1.5, VLDL: - [71] No information on RI of
VLDL is available

CM : 1.5, VLDL : 1.46 (no
change)

Peak average size Chylomicron: 200 nm, VLDL:
60 nm

[74, 73] Effect of meal on VLDL
particle size is minimal

Chylomicron: 200 nm,
VLDL: 50 nm (no change)

A triglyceride level of <150 mg/dL is considered to be normal in the fasting state

[82]. For a healthy individual, the triglyceride levels in the blood increases and reaches its

peak 2-4 hours after a meal. Triglyceride content can rise up to 175 mg/dL, depending on

the meal and the persons response to the fat intake [83]. However, for individuals with type

2 diabetes or hypertriglyceridemia, both the baseline and postprandial triglyceride levels

can be much higher. A baseline triglyceride level of 200 mg/dL is considered high, and

levels above 500 mg/dL are considered very high. In the postprandial state, triglyceride

levels may reach as high as 1000 mg/dL or more for subjects with such conditions [83].

In addition to concentration, the size of the chylomicrons also increases after a meal.

One study showed that the size increase ranges from 90-120 nm, with younger subjects

showing larger increases compared to older subjects [74]. Additionally, the size of the

smaller TRLs, VLDLs, increase by about 10 nm after a meal [73]. The increase in particle

size is related to the amount of triglycerides carried by the particles, with larger particles

carrying more triglycerides.
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The refractive index of the TRLs has also been shown to change with alterations

in their size and composition. Particles with higher triglycerides content have higher

refractive index compared to the particles with lower triglyceride content. The mean

refractive index of chylomicrons in the fasting state is reported to be 1.46, and increases to

around 1.5 after a meal [71]. However, there is limited information on the refractive index

of VLDLs and how it changes after a meal in the prior literature.

4.6 ESTIMATION OF BLOOD µS′ CHANGES AFTER A MEAL

Having the above information on TRL size distribution, concentration, and refractive

index allows for the estimation of expected blood µs′ during fasting and after a high fat

meal. We first simulated the whole blood environment by assuming a single particle size for

RBCs. The non-spherical shapes of RBCs does not satisfy the spherical particle assumption

in Mie theory, however, previous studies have attempted to overcome this limitation by

assuming a spherical shape for RBCs with a diameter that corresponds to their equivalent

volume [84]. For these simulations a diameter of 5.56 m and a number density of 0.005

cell/µm3 (correspond to 0.45 hematocrit) was assumed for RBCs [85]. The refractive index

for RBCs was assumed to be 1.4 [85]. Using the distribution of chylomicrons, VLDLs,

and RBCs, the effect of postprandial lipid alterations on blood scattering properties was

estimated using Mie theory combined with the Twerksy correction factor for dependent

scattering. To calculate the Twersky factor, the packing factors determined in section 4

were used.

Figure Figure 4.8.B, Figure 4.8.C and Figure 4.8.D illustrate the effect of increasing

blood triglyceride content on the scattering coefficient (µs), anisotropy factor (g), and µs′ of

blood. The first simulation represents 50 mg/dL of blood TG with an average chylomicron
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size of 100 nm, and the following 10 simulations show a 50 mg/dL increase in blood TG

and a 5 nm increase in average chylomicron size at each step. The refractive index of

chylomicronparticles increases from 1.46 to 1.5 from the first to the last simulation. The

simulation parameters are shown in Figure 4.8.A. These simulations suggest that while

blood µs is not significantly affected by the altered triglyceride content, blood µs′ increases

with an increase in blood triglyceride concentration. This increase in blood µs′ is mainly

due to the larger scattering angle events as a result of altered TRLs, and hence smaller g

parameter compared to the fasting state. Figure 4.8.E summarizes the percent change in

µs′ for different triglyceride alteration from the baseline simulation.
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Figure 4.8: Mie simulation results for whole blood in fasting and postpran-
dial state. A) Simulation parameters B) Blood scattering coefficient (µs)
B) anisotropy factor and C) blood µs′ as the triglyceride content in blood
increases. The increase in triglyceride results in higher concentration of
chylomicrons, larger chylomicron particles and higher refractive index. D)
Percent change in blood µs′ from the baseline (first simulation results)

The effect of lipid alteration on blood µs′ was further simulated by adding the sim-

ulated chylomicron and VLDL changes to the experimental measurements of blood µs′.
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For a healthy subject, we assumed 50 mg/dL of blood triglyceride in the fasting state,

which increased by 50 mg/dL after a meal. For subjects with type 2 diabetes and hyper-

triglyceridemia, the baseline blood triglyceride level was assumed to be 200 mg/dL, which

increased by 200 mg/dL and 1000 mg/dL after a meal, respectively. For all subjects, we

assumed an average chylomicron size of 100 and refractive index of 1.46 at the fasting

state, which increased to 200 nm and 1.5 after a meal.

Table 3 shows the estimated postprandial ∆µs′ for healthy subjects, and subjects with

type 2 diabetes, and hypertriglyceridemia. Similar to the ∆µs′ from the whole blood simu-

lation results shown in Figure 4.8.D, these simulations also suggest a few percent increase

in µs′ for healthy subjects after a meal, and up to a 64% increase in µs′ for subject with

hypertriglyceridemia.

Table 4.3: ∆µs′ from the baseline for different level of TG correspond to
different subject population. The Mie simulated µs′ was added to measured
bovine blood µs′ at each wavelength

Subject ∆Triglyceride ∆µs′ (730 nm) ∆µs′ (880 nm) ∆µs′ (1100 nm)
Healthy 50 mg/dL 3.85% 3.34% 2.32%

Type 2 diabetes 200 mg/dL 15.23% 13/25% 9.26%

Hypertriglyceridemia 1000 mg/dL 64.37% 55.79% 38.57%

4.7 DISCUSSION

In this work, we investigated the effect of lipoprotein particles on the optical

properties of blood. Specifically, we studied chylomicrons and VLDLs, which are the

two largest lipoproteins in blood and are highly optically scattering. We used SFDI
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to experimentally measure the effects of lipoprotein-like particles on the µs′ of blood.

Our titration experiment of intralipid in bovine blood showed an increase in µs′ with an

increase in intralipid concentration, with larger changes at shorter, NIR wavelengths. The

microsphere-in-bovine-blood titration experiment showed an increase in blood µs′ with

an increase in particle size, with larger changes for increases in smaller sized beads. The

results were then simulated and validated using Mie theory and a correction factor for

dependent scattering. Next, we generated a distribution for chylomicrons and VLDLs

based on prior literature information on their size, refractive index, composition and

concentration. Using this size distribution, we estimated the effects of blood lipid after a

meal for different levels of triglyceride alteration, corresponding to healthy, diabetic, and

hypertriglyceridemic blood triglyceride content. Our simulations indicate a small increase

in blood µs′ (a few percent) in healthy subjects and changes as high as 60% for subjects

with hypertriglyceridemia after a meal.

Measurements of blood lipids have implication for cardiovascular disease assess-

ment. Hyperlipidemia, which refers to the abnormal elevation of blood lipids including

cholesterol and triglyceride, is one of the major risk factors for CVD and can indicate an

increased risk of heart attack, myocardial infraction, and stroke [8]. Regular screening of

blood lipids is essential for early CVD diagnosis, surveillance, and treatment feedback

[19, 20]. Current blood lipid measurements require invasive blood draws, usually after

an overnight fast. Recent evidence suggest that postprandial measurement of blood lipids

may further improve CVD risk prediction and help to identify pre-diabetic conditions

[9, 22]. Beside the invasive nature of the current technique, blood draws and the following

lab-based analysis are resource intensive due to the need of trained technicians and lab

equipment. These requirements limit access to blood lipid measurements and prevent

those at risk of CVD from undergoing regular blood lipid monitoring [86, 87].
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Measuring the optical properties of blood and their changes over time could offer

a potential alternative for assessing blood lipid levels, making regular blood lipid testing

more practical and accessible. SFDI has the capability to non-invasively measure blood

optical properties through intact skin when combined with multilayer inverse models [28].

The effect of lipoproteins on optical scattering of blood can potentially provide information

about the concentration of the lipoproteins and their response to meals. Additionally, the

spectral shape of the scattering coefficient can potentially shed light on lipoprotein sizes

and how they change after a meal through Mie analyses [88]. There may be other invasive

and non-invasive techniques that can used to take advantage of the optical scattering

changes identified in this work. While longer NIR and SWIR wavelengths are ideal for in

vivo measurements due to tissue penetration, shorter wavelengths than those used in this

work may be ideal for ex-vivo measurements of blood due to the larger expected changes

in scattering.

One potential confounder for the use of optical scattering measurements for blood

lipoproteins is the impact of hematocrit on blood optical properties. Subjects with different

hematocrit levels will have different absorption and scattering properties regardless of their

blood lipid status. However, assuming that hematocrit remains constant for a subject after

meal, optical measurements of blood can still be used to monitor blood lipid dynamics

for each individual. This may require a more advanced modeling to isolate the effect of

lipoprotein from other confounding physiological factors, which will be investigated in

future studies. Furthermore, the alteration in blood µs′ expected for healthy subjects (a

few percent) may be difficult to detect, especially in the in vivo state. We also note that

our µs′ estimation for different blood triglyceride level could be affected by the simulation

parameters and assumptions made here, especially since the literature values for some of

these parameters were limited.
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4.8 CONCLUSION

In summary, our study investigated the effect of lipoproteins and their alterations

on blood optical properties through ex-vivo experiments conducted with SFDI and

computational modeling using Mie theory. Our findings suggest that lipoproteins are

highly optically scattering. Using Mie theory, we were able to estimate the changes in the

µs′ of blood following a high fat meal for individuals with varying medical conditions. The

results of this study provide a basis for future investigation of invasive and non-invasive

measurements of blood lipoproteins, which may enhance the early detection and manage-

ment of cardiovascular diseases.
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CHAPTER 5

Non-invasive assessment of blood lipid using spatial frequency domain imaging

(SFDI): healthy volunteer study

The consumption of a high fat meal has been shown to elicit various hemodynamic

changes, including a decrease in endothelial function and alterations in core and peripheral

blood flow. To date however, the vast majority of prior studies have utilized ultrasound to

characterize the postprandial (i.e. after meal) state through flow-mediated dilation studies.

There has been little to no characterization of tissue postprandial hemodynamics using near

infrared techniques that can quantify tissue level changes in oxygenation. In this study we

used the near-infrared technique called Spatial Frequency Domain Imaging (SFDI) to mon-

itor tissue optical properties and hemodynamics during the postprandial state in a cohort of

20 healthy volunteers. Specifically, we examined the effects of low-fat (2g of fat) and high-

fat (60 g of fat) meals on optical properties measured with SFDI, and their correlation with

blood triglyceride levels. Additionally, we assessed the reactive hyperemic response fol-

lowing arterial occlusion. Our results demonstrated a strong positive correlation between

the change in the tissue absorption coefficient (µa), oxyhemoglobin concentration (HbO2),

and tissue oxygen saturation (StO2) and the change in blood triglyceride levels three hours

after a meal (strongest Pearson correlation coefficient = 0.72, P-value = 0.0006). These

changes exhibited a statistically significant difference three hours after the meal between

the low-fat and high-fat meal groups, indicating the potential impact of dietary fat content

on optical measurements. Furthermore, the arterial occlusion study revealed an impaired

reactive hyperemic response in subjects who consumed high-fat meals compared to sub-

jects who consumed low-fat meals. These results lay the groundwork for future investiga-

tions into the assessment of optical property and hemodynamic changes following meals.

The potential applications of this research extend to cardiovascular disease risk assessment
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and diet management, offering valuable insights for individuals seeking to optimize their

dietary choices and manage cardiovascular health.

5.1 INTRODUCTION

Blood lipids, including cholesterol and triglycerides (TG), are one of the most

well-established biomarkers for cardiovascular diseases (CVD) [8, 16, 17]. Elevated levels

of lipoproteins, which are micelles that transport lipids through the blood, are strongly

implicated in increased risk of developing CVD and can be used to predict CVD and

monitor treatment [8, 16, 17]. Regular blood lipid screening is recommended for CVD risk

assessment and may improve the diagnostic accuracy of blood lipids [9, 19, 20].

In clinical settings, blood lipids are typically assessed in the fasting state. However,

research studies indicate that non-fasting or postprandial TG levels may be a more reliable

predictor of cardiovascular risk compared to blood TG levels in the fasting state [17].

Previous studies have shown that hourly postprandial blood lipid monitoring can aid

in detecting pre-diabetic conditions and assist in monitoring diet [22, 23]. The current

method for assessing blood lipids is through a lipid panel test that requires a blood draw.

Measuring blood lipids in the postprandial state in this manner is burdensome and not

feasible for standard clinical use due to the invasive nature of the technique, the medical

infrastructure required, the personnel and logistics required, and the costs involved in

obtaining and analyzing results. Additionally, the latency between the blood draw and the

availability of the results is a barrier to point-of-care treatments [87, 86]. The development

of a non-invasive method that could reveal postprandial changes associated with blood

lipids would make these measurement more practical and increase access to improved

screening for at-risk patients.

We recently investigated the use of shortwave infrared spatial frequency domain



70

imaging (SWIR SFDI) for blood lipid assessment in the postprandial state [12]. The

wide-field nature of SFDI enables the segmentation of large superficial vessels from

microvascular regions in the measurement location, making the technique valuable for

assessing optical changes in the postprandial state non-invasively over both vascular and

microvascular regions. In Chapter 4 we modeled and validated that lipids induce substan-

tial increase in the optical scattering of blood due to changes in size, concentration and

refractive index of lipoprotein particles specially chylomicrons after a meal. Additionally

these lipoproteins may cause endothelial dysfunction and induce hemodynamic changes

in peripheral tissue, changes such as vasoconstriction and reduction in reactive hyperemia

[89, 90]. Here we conducted a healthy volunteer study to investigate optical property and

hemodynamic changes of superficial vascular and microvascular regions on subjects’ hand

after a meal.

5.2 MATERIALS AND METHODS

5.2.1 Subjects eligibility and enrollment

The study was conducted in compliance with an institutionally approved review

board protocol (protocol number 4698) at Boston University. Informed consent was

obtained from all participants prior to the experiment. 20 healthy subjects were recruited

among which 10 subjects (5 males and 5 females, age distribution 30.9±6.7) participated

in the postprandial study after a low-fat meal and 10 subjects (6 males and 4 females, age

distribution 30.4± 5,8) participated in the study after a high-fat meal. Subjects that are

<18 years old or have a prior history of hypotension (low blood pressure), low blood sugar,

dizziness, fainting, and type 1 or 2 diabetes were excluded from the study. Participants

were asked to fill a questionnaire containing age, weight, height, race and ethnicity, and
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skin tone information prior the start of the study.

5.2.2 Spatial frequency domain imaging (SFDI) system

In this study, a custom built LED based SFDI system was used to perform all the SFDI

measurements [28]. The system utilizes two LEDs in the NIR (730 nm and 880 nm) and one

LED in the SWIR wavelength band (1100 nm) as the illumination source. Sinusoidal spatial

patterns of light were projected on a sample using a digital micro-mirror device (DMD),

and the remitted light was captured by a camera. Figure 5.1.a shows the system diagram

of the three LED SFDI system. A flowchart of SFDI data acquisition and processing is

provided in Figure 5.1.b. The field of view (FOV) of the SFDI images is 7×11 cm. The

exposure time for all three wavelengths was set to 100.925 ms, which is a sufficient time for

DMD projection and provide good signal to noise ratio for all measurement wavelengths.



72

Figure 5.1: a. Schematic diagram of three-LED SFDI system b. SFDI data
acquisition and processing flowchart.Top row shows the raw images cap-
tured at spatial frequency of DC and 0.1 mm−1 from dorsal surface of a sub-
ject’s hand at 880 nm. The captured images are demodulated and calibrated
and the diffuse reflectance data is converted into absorption and reduced
scattering coefficient using the two-layer look up tables (LUTs) introduced
in Chapter 3. The bottom row shows the µa and µs′ maps. The images were
cropped to only show the hand ROI.

5.2.3 Postprandial experiment procedure

To assessing the dynamic of postprandial lipoproteins in response to a test meal, vol-

untary subjects who agree to participate in the study were asked to do 10 hours of overnight

fasting. Subjects who were participated in the high fat meal study were provided a meal

in the next morning that contained ∼ 60g of fat (∼ 1400KCal). Subjects had an option

to choose between breakfast sandwiches from Dunkin Donuts (Bacon egg and cheese or

sausage egg and cheese on croissant) or big breakfast option from McDonald’s combined

with two protein shakes. Subjects in the low fat meal group were provided a zero-sugar oat-
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meal (2 g of fat, 110 KCal) in the morning of the study. Subjects were monitored following

the measurements procedure at the baseline (before consuming the meal in the morning)

and for 5 hours every hour after the meal.

5.2.4 Measurement procedure

Figure 5.2 shows the study procedure and timeline. Prior to the start of the

procedure, subjects were offered a cup of water and their blood pressure was measured to

check for exclusion criteria (i.e. low blood pressure). The study procedure contained three

components: hourly SFDI measurements, planar illumination measurements during hourly

arterial cuff occlusions, and hourly blood tests.

Participants were instructed to sit on a chair and place their right hand into a silicone

hand holder positioned under the SFDI system. An automated pneumatic cuff was placed

around their right arm. SFDI measurements were conducted on the dorsal surface of the

participants’ hand while they were asked to keep their hand still in the holder through the

entire study. SFDI patterns were projected at spatial frequency pair of DC ad 0.1 mm−1

at three wavelengths of 730 nm, 880 nm and 1100 nm. After all SFDI patterns were

projected, a single DC pattern at 880 nm was projected onto the participant’s hand and

images were captured at a rate of 0.3 frames per second. Following a 1-minute baseline

measurement, the occlusion procedure began with a pressure of 215 mmHg applied to

subjects’ upper arm, which is appropriate for both venous and arterial occlusions. This

pressure was maintained for 3 minutes before being released. Measurements continued

for an additional 4 minutes after the release of pressure to capture the recovery state.

Participants were then asked to sit on a different chair for blood work. The glucose

and lipid profile were assessed using an in-lab lipid analyzer (Alere Cholestech LDX

Analyzer). A fingerstick procedure was performed on the participant’s finger to collect
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several small drops of blood using a lancet within 10 seconds. The blood sample was then

placed in a cassette and inserted into the Alere system to obtain the full blood profile and

glucose concentration.

After finishing the procedure in the fasting state, the subject were asked to eat a

low-fat (control group) or a high-fat meal (known to induce increased blood lipids). The

procedure were then repeated for 5 hours every one hour after the meal. Additionally,

blood pressure and heart rate was measured at every time point. Subjects were free to

leave the lab between measurements. Participants were told not to eat for the duration of

the study but they were allowed to drink water.

Figure 5.2: a. Study timeline b. Measurement procedure
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5.2.5 Data analysis

5.2.5.1 SFDI data analysis

Details regarding SFDI data processing has been described elsewhere [10]. Briefly,

the captured images at different spatial frequencies are demodulated using the demodu-

lated algorithm. The demodulated images are calibrated using a calibration phantom with

known optical properties. Optical absorption and reduced scattering coefficients were then

estimated at each illumination wavelength from a two-layer lookup table generated by

Monte Carlo simulations with calibrated diffuse reflectance map at two spatial frequen-

cies as inputs. The two layer LUTs were generated in our prior work to account for the

effect of human skin [28]. Spatial frequency pair of DC and 0.1 mm−1 were used for all

SFDI measurements in this study. Additionally, the extracted µa values at 730 nm and

880 nm were used to extract hemoglobin information, including the concentration of oxy-

hemoglobin (HbO2), deoxyhemoglobin (Hb), total hemoglobin (T Hb), and hemoglobin

oxygen saturation (StO2). The absorption map at 880 nm for each subject was used for

vessel segmentation at each time point. Automated identification of vessels across the en-

tire hand region was achieved by utilizing Hessian-based multiscale filtering, implemented

through the "fibermetric" command in MATLAB. To identify superficial veins, pixels that

corresponded to the top 60% of µa within segmented vessel areas were used. The generated

vessel mask was applied to optical property and hemoglobin maps for segmenting vascular

and microvascular regions. The average µa and µs′ as well as oxyhemoglobin, deoxyhe-

moglobin, total hemoglobin and hemolgobin oxygen saturation (StO2) were calculated for

areas inside vascular regions and the rest of the image (microvascular regions) at each time

point.

In addition to the absolute optical property and hemoglobin values, composite met-

rics of optical properties were calculated and contrast analysis was also conducted for more
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thorough comparison of SFDI metrics at different time points. The contrast between vas-

cular and microvascular regions was calculated using equation 1 (Weber contrast):

Contrast =
(µMAX −µMIN)

µMIN
(5.1)

In this equation, µ refers to either µa or µs′ at each measurement wavelengths. In line

profile assessment for each subject, three large superficial vessels were selected and

the contrast between vascular and microvascular region over the three line profile were

averaged and used as the vascular-microvascular contrast metric. Alternatively, this metric

was also calculated using the average optical properties over vascular and microvascular

regions after vessel segmentation.

All SFDI features were normalized to the value at the baseline to compare the relative

changes over time as well as comparing the two subject categories (low fat versus high

fat). All data were processed using MATLAB (R2021b, The Mathworks Inc., Natick, MA).

5.2.5.2 Planar illumination analysis for the arterial occlusion experiment

In order to extract absorption information from a single DC illumination, we utilized

the µs′ value that was measured with SFDI prior to the cuff occlusion experiment at each

time point, and assumed that it remained constant throughout the occlusion experiment. µa

at 880 nm was then extracted from the approximately 1600 images that were taken during

the 8 minute occlusion experiment at each time point.

The longitudinal absorption trend at each time point was plotted as a function of

time for a selected vascular and microvascular region. Parameters such as the release

point, maximum µa after the release and recovery point (time point where µa returns to a

stable value) were identified manually. The metrics such as time to peak after the release,
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∆µa from the release to maximum µa, recovery slope, reperfusion slope and area under

the curve were then calculated using these parameters. For AUC, µa was normalized and

adjusted to zero in the released point and the AUC was calculated from the release up to

30 seconds after the release.

5.2.5.3 Statistical analysis

Descriptive data are presented as mean±SE. Statistical analysis was conducted using

the "anovan" function in MATLAB to compare the SFDI-derived parameters between two

groups (high fat meal and low fat meal) over six time points. The analysis examined the

interaction effect between the group and time factors. Post hoc analysis was performed

using the "multcompare" function to determine pairwise differences between the groups at

each time point. A p-value < 0.05 was considered statistically significant.

5.3 RESULTS

5.3.1 Lipid panel

The effect of high fat and low fat meal on blood triglyceride, glucose and cholesterol

is shown in Figure 5.3. All results are shown as percent change from the baseline. There

was a significant increase in blood triglyceride 2, 3, 4 and 5 hours after the meal (p <

0.0001 for 2-4 hours and p < 0.01 for the 5th hour). No significant change in triglyceride

occurred after the low fat meal. For the high meal subject category, on average triglyceride

concentration reaches its peak value 3 hours after the meal consumption. For the low

fat meal subject category, most subjects show either a decrease or minimal increase in

triglyceride concentration after the meal. For both subject groups, glucose increase 1 hour

after the meal with significant change only in high fat meal group (p < 0.05) and declined
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in the following hours. No significant change occurred in blood cholesterol following a

meal.

Figure 5.3: Percent change in a) triglyceride concentration b) glucose con-
centration and c) cholesterol concentration compared to the fasting state
(time point = 0) during the 5 hours postprandial measurements after high fat
and low fat meal. Asterisks show the level of significant different between
the two subject groups. p < 0.00001 is shown with **** and p < 0.05 is
shown with *.

5.3.2 SFDI results

The temporal changes and trends in SFDI-derived parameters over the six-hour

experiment were investigated. This analysis aims to provide insights into the dynamic

patterns of SFDI-derived parameters and their association with different meal types over

time. The difference between the two subject groups were analyzed over both vascular

and microvascular regions. Figure 5.4 shows the oxyhemoglobin map of a representative

subject from each category at baseline and three hours post-meal. The maps indicate an

increase in oxyhemoglobin levels in the vascular and microvascular regions of the subject

who consumed a high-fat meal. For this subject, the average oxyhemoglobin concentration

of vascular and microvascular regions increased from 54 µM and 31.8 µM at baseline

to 87.4 µM and 53.3 µM 3 hours after the high fat meal. Conversely, the subject who

consumed a low-fat meal exhibited a decline in oxyhemoglobin levels, indicating an
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opposite trend. The average oxyhemoglobin concentration of vascular and microvascular

regions changed from 70.2 µM and 45.2 µM at baseline to 69.2 µM and 48.22 µM 3 hours

after the low fat meal.

Figure 5.4: Oxyhemoglobin maps at baseline and three hours after the meal
for representative subjects in high fat and low fat category.

For more quantitative analysis of changes in SFDI parameter after the meal, hand

ROIs was segmented into vascular and microvascular regions. Figure 5.5.a shows the pro-

cess of generating a vessel mask using the µa map at 880 nm, and apply the mask to optical

property and hemoglobin maps for a representative subject. A separate mask was gener-

ated at each time point. The mean and standard deviation of the SFDI parameter inside

each region were calculated to use in the comparison and correlation analysis.

The composite metric of µa (µa(1100nm)·µa(880nm)
µa(730nm) ) in the microvascular regions shows

the strongest correlation with triglyceride levels (pearson correlation coefficient = 0.73, P-
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value = 0.0006). Following that, Oxyhemoglobin in the microvasculature and Weber con-

trast in µa at 880 nm exhibit strong correlations with triglyceride levels when normalized

to the baseline. Figure 5.5.b shows the longitudinal relative changes of these three metrics

with the highest correlation with triglyceride for high fat and low fat study groups. For

subjects who consumed a high fat meal, these metrics increase and peak three hours after

the meal . The peak occur at the same time point as the triglyceride peak. Conversely, sub-

jects who had a low fat meal show an opposite trend, particularly within the first two hours

after the meal. There is a statistically significance difference between high fat and low fat

meal subjects three hours after the meal at these three metrics. Figure 5.5.c illustrate the

correlation between the same SFDI parameters and triglyceride for all subjects (including

both low fat and high fat groups) three hours after the meal, when both parameters are

normalized to their respective baseline values.
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Figure 5.5: a. The process of generating the vessel mask using µa map at
880 nm and apply the mask to segment vascular and microvascular regions.
b. Temporal changes and trends in three SFDI-derived parameters with the
strongest correlation with serum triglyceride over the six measurements for
high fat and low fat groups. p < 0.05 is shown with * and p-value < 0.01
is shown with **. c) The correlation plots for the same three metrics with
triglyceride concentration combining all subjects from both group. All met-
rics were normalized to their respective baseline values.

Table 5.1 shows all the SFDI-derived parameters that have a strong correlation with

triglyceride information from the lipid panel three hours after the meal, when comparing

the relative changes of both parameters from the baseline. The strong correlations were

identified based on the p-value where p-values < 0.05 was considered as significant.
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Table 5.1: Pearson Correlation between measured triglyceride and SFDI
parameters after normalizing to the baseline. Correlations with p-value <
0.05 are shown.

SFDI metric Pearson correlation coefficient P-value

µa Vasculature 880 nm 0.683 0.0012
1100 nm 0.606 0.0077

µa Microvasculature 880 nm 0.643 0.003
1100 nm 0.56 0.0156

Weber contrast in µa

730 nm 0.6095 0.0056
880 nm 0.6911 0.0011

1100 nm 0.6571 0.003

Composite metrics in µa

(1100 nm x 880 nm)/730 nm 0.7296 0.0006
1100 nm/880 nm -0.567 0.0142
880 nm/730 nm 0.5450 0.0193

Hemoglobin in vasculature HbO2(µM) 0.666 0.0018
StO2 (%) 0.601 0.0065

Hemoglobin in microvasculature HbO2 (µM) 0.707 0.0007
StO2 (%) 0.6442 0.0029

5.3.3 Arterial occlusion results

Arterial occlusion experiment aimed to investigate the impact of meal on hemody-

namics and endothelial function by analyzing the µa response during reactive hyperemic

phase. The temporal changes in µa at 800 nm over vascular and microvascular regions

were analyzed separately by manually selecting ROIs on each region. Interestingly, the µa

behaved very differently over these two regions with only the µa of microvascular regions

exhibiting a sudden increase in µa characteristic of the previously observed reactive hyper-

emic phase following the release of the cuff [91, 92, 93].We calculated the parameter that

identified the magnitude and speed of changes in µa during the reactive hyperemia over the

microvascular regions.

Figure 5.6.a shows an example µa response during the 8 minutes cuff occlusion ex-
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periment, and the parameters that were identified during and after the release. Figure 5.6.b

shows two examples of µa time trace at baseline and three hours after the meal, representing

subjects from the high fat meal and low fat meal groups. Figure 5.6.c displays the mean

and standard error of the calculated µa parameters. From these plots, it is evident that sub-

jects who had a high fat meal exhibit a smaller ∆µa from release to peak three hours after

the meal, with the peak occurring at a longer time after the release (extended time to peak).

Consequently, the reperfusion slope decreases three hours after the meal compared to the

baseline. The area under the curve (AUC) during the initial 30 seconds after the release

shows minimal changes after the high fat meal for this subject group. Conversely, subjects

who consumed a low fat meal demonstrate significantly amplified reactive hyperemia three

hours after the meal, characterized by a higher ∆µa and a quicker response (shorter time to

peak and a sharper reperfusion slope). Additionally, the AUC increases after the low fat

meal in comparison to the baseline. The difference between the metrics calculated for low

fat and high fat subject group is not significant at any of the time points.



84

Figure 5.6: a. an example of µa changes during the cuff occlusion experi-
ment and the identified parameters after the release. b. Microvascular µa is
shown during the 8-minute cuff occlusion experiment at baseline and three
hours after the meal for two representative subjects. The top panel displays
the results from a subject who consumed a high fat meal, and the bottom
panel shows the results from a subject who consumed a low fat meal. c.
Calculated parameters during the reactive hyperemic phase for low fat and
high fat meal subjects. The solid lines represent the mean values, while the
shaded regions depict the standard error between all subjects.
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5.4 DISCUSSION

In this work we explored the application of SFDI for monitoring meal induced

changes in optical properties and hemodynamics of skeletal muscle. SFDI measurements

were conducted in fasting and postprandial state from vascular and microvascular regions

of the hand in a cohort of 20 subjects, with 10 subjects participating in the postprandial low

fat meal study and the remaining 10 subjects participating in the postprandial high fat meal

study. Lipid panel and glucose concentration were also measured at each time point from

a fingerstick blood draw as the gold standard.

The results show a statistically significant distinction, especially in the µa related

metrics, between subjects who consumed a low fat meal and those who consumed a high

fat meal three hours after the meal. The composite µa metric (µa(1100nm)·µa(880nm)
µa(730nm) ) in mi-

crovascular regions is significantly different between the two groups three hours after the

meal (p-value < 0.05) and has the strongest correlation with triglyceride when both are nor-

malized to their respective baseline value (Pearson correlation coefficient = 0.73, p-value =

0.0006). Oxyhemoglobin of microvascular regions and Vascular-microvascular contrast of

µa at 880 nm are the second and third metric with highest correlation with triglyceride, and

both are significantly different between low fat and high fat meal subjects three hours after

the meal.

The observed absorption pattern during the postprandial state can be attributed to

alterations in blood flow as a result of the meal. Postprandial hyperemia refers to the in-

creased blood flow to the digestive system following a meal [94, 95]. This may also affect

the blood flow in other parts of the body. In a healthy individual, peripheral blood vessels

dynamically regulate their diameter through vasoconstriction and vasodilation in order to

maintain the normal blood pressure. One possible explanation for the observed alteration

in the µa related parameters is the initial constriction of peripheral blood vessels shortly
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after the meal, leading to a drop in µa metrics 1 hour after the meal in the high fat meal

subject group. The constriction is then followed by a subsequent dilation of the vessels

which resulting in an increase in µa metrics 2 to 5 hours after the meal [96]. Regarding

the low fat meal, there may be a lower blood flow to peripheral tissue due to the reduced

metabolic activity. However there is limited information available in the literature regard-

ing such changes.

Endothelial dysfunction and the impact of meals on vasodilation are typically as-

sessed using flow-mediated dilation (FMD), a method that examines the dilation of the

brachial artery after a period of ischemia through ultrasound imaging [97, 98, 89, 99]. It

is well-established that high-fat meals contribute to endothelial dysfunction by inhibiting

the secretion of Nitric Oxide (NO), which is a vasodilator [89, 100, 101]. In this study,

instead of utilizing FMD, our aim was to investigate the effect of meals on endothelial

function by examining reactive hyperemia. Reactive hyperemia is a widely recognized

method used to assess peripheral microcirculatory function and it measured the extent of

limb reperfusion following a short period of ischemia [91, 92, 93]. We focused on assessing

the impact of meals on reactive hyperemia within the microvascular region of the partic-

ipants’ hands. We observed that a high fat meal led to an impaired hyperemic response

characterized by smaller and slower changes. Conversely, a low fat meal resulted in a more

pronounced hyperemic response with larger and faster changes following the release of oc-

clusion. However, we note that the differences between the high fat and low fat meals were

not statistically significant at any of the recorded time points.

Despite our initial hypothesis, which was supported by ex-vivo experiments of blood

and Mie simulations, we did not find any significant difference in optical scattering met-

rics between the high fat meal and low fat meal cohorts at any time point in our in-vivo

study with healthy volunteers. In our prior work, we estimated a 2-4% change in blood
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µs′ at the three measurement wavelengths for healthy subjects after a high fat meal due to

alterations in size, number density and refractive index of lipoprotein particles. However,

these changes primarily occur in the blood, which constitutes only a small percentage of

the overall tissue. As a result, the magnitude of scattering changes might be too small to be

detected when measuring the optical properties of tissue using SFDI.

Nevertheless, although we were unable to directly detect the effect of blood lipopro-

tein alterations through measurement of scattering, we observed significant differences in

absorption metrics when comparing postprandial measurements after low-fat and high-fat

meals. The exact mechanism underlying the observed changes in µa after both meals can-

not be definitively determined without measuring blood flow using techniques such as dif-

fuse correlation spectroscopy (DCS) and speckle contrast optical spectroscopy (SCOS).

In future studies involving postprandial measurements in healthy volunteers and individ-

uals with cardiovascular disease, our aim is to combine these techniques with SFDI. This

integration will enable a comprehensive assessment of both optical properties and hemo-

dynamics, providing a more comprehensive understanding of the physiological processes

at play.

The work presented here for the first time explores the novel application of NIR-

SWIR measurements for noninvasive tracking of postprandial changes. Our findings sug-

gest that NIR-SWIR measurements hold promise as a means to monitor physiological re-

sponses following a meal. These results have implications for diet monitoring and offer

potential insight into vascular health, particularly for individuals with dyslipidemias and

CVD.
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5.5 CONCLUSION

In summary, our study investigated the performance of SFDI in monitoring optical

properties and hemodynamics during a postprandial healthy volunteer study after low fat

and high fat meal. Our findings indicate a robust correlation between several µa metrics and

blood triglyceride levels when they both are normalized to their baseline values. Further-

more, these µa metrics also demonstrated a statistically significant difference three hours

after the meal between the two groups. The arterial occlusion study revealed a slightly

impaired reactive hyperemia phase for the high fat meal subjects, and a more pronounced

response for the low fat meal subjects. These observations provide valuable insights into

the noninvasive measurement of meal-induced changes in optical properties. Such mea-

surements may serve as a potential noninvasive tool for managing dietary interventions in

both healthy individuals and those with cardiovascular diseases.
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CHAPTER 6

Conclusions and future directions

The concluding chapter of this thesis provides a summary of the key findings and

conclusions derived from the research conducted in the preceding chapters. Additionally,

it outlines potential avenues for future research in related areas.

6.1 SUMMARIES

The three chapters of this thesis have focused on advancing the instrumentation and

application of Spatial Frequency Domain Imaging (SFDI) for non-invasive blood lipid

monitoring.

Chapter 3 presents a compact and portable LED based NIR-SWIR SFDI system. To

optimize the performance, we carefully selected wavelengths and spatial frequencies based

on techniques like Cramer Rao Bound and penetration depth analysis.The new has a µs′

resolution of at least 0.03 mm−1 at 880 nm and 0.02 mm−1 at 1100 nm. In order to account

for the layered structure of the skin, we introduced a two-layer model. This new model

significantly improves our ability to detect tissue and blood beneath the 1 mm dermal skin

layer. The performance of the two-layer model was validated through two-layer phantom

measurements, with the two-layer model reducing the error in deeper layer µs′ extraction

by at least 24% . Finally the system and the model was used to extract optical property

information of the subcutaneous tissue and blood from dorsum surface of the hand of three

healthy volunteers. By employing the two-layer model, we observed an increased contrast

between the vascular and microvascular regions, as well as the enhanced vessel structures

that were not apparent when using the homogeneous model. This novel instrumentation

and modeling approach have the potential to become a powerful tool for various clinical
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applications, such as diagnosing cardiovascular diseases and diabetes.

Chapter 4 presents the impact of lipoproteins, the carriers of TG and cholesterol

in the blood, on the optical properties of blood in the postprandial states. Theoretical

simulations were conducted using Mie theory to estimate lipoprotein scattering properties

after reviewing relevant literature to determine key simulation parameters. Experimental

validation was performed using spatial frequency domain imaging (SFDI) on ex-vivo

blood samples for altered concentration and size of the scattering particles, similar to

chylomicron alterations after a meal. The results demonstrated that lipoproteins, especially

VLDL and chylomicrons, induce significant postprandial scattering change to blood µs′.

Our results indicates small increase in blood µs′ (a few percent) in healthy subjects and

larger increase (as high as 60%) for subjects with hypertriglyceridemia after a high fat

meal.

Chapter 5 presents a healthy volunteer study for monitoring optical properties after

a meal using the proposed SFDI system and model in Chapter 3. The effect of low fat

an high fat meal were monitored for five hours after the meal by measuring the hand of

20 healthy subjects with SFDI. Additinally, the endothelial function was examined for the

two groups by monitoring reactive hyperemia after an arterial occlusion using continuous

DC snapshot measurements.The SFDI results were correlated with blood draw lipid panel

and a strong correlation were found between triglyceride and µa related metrics. These

findings highlights the potential for utilizing this technique in non-invasive longitudinal

monitoring of blood lipids.
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6.2 FUTURE DIRECTIONS

The work in this thesis provides many potential future directions, some of which are

described below.

1. Expand the healthy volunteer study to cover several choice of meal (fasting, low

fat-low calorie, low fat-high calorie, high fat meal). This will enable us to identify

the source of the observed optical property changes with greater certainty.

2. Combine the SFDI measurements with other instrumentation that enables mea-

surement of blood flow. One such technology that we can add to our healthy

volunteer measurement protocol is speckle contrast optical spectroscopy (SCOS).

SCOS utilizes a long coherence laser and a CMOS or CCD sensor to measure the

interference patterns (speckle) generated from scattering of the laser light on tissue.

The speckle patterns fluctuate at varying speeds depending on the rate of blood

flow through the tissue, hence it allows us to monitor blood flow following a meal.

Having an estimation of blood flow will help us identify the reasoning behind the µa

related trends we observed after low fat and high fat meal, and use that information

to updated and modify our SFDI instrumentation and experiments.

3. Conduct the postprandial studies on subjects with lipidemia and triglyceridemia. In

Chapter 4 we estimated the changes in postprandial blood µs′ for healthy subjects,

as well as those with type 2 diabetes and hypertriglyceridemia. While blood µs′ only

increased by <4% in healthy subjects after a meal, these changes can be much larger

in subjects with lipidemia. Although we were unable to extract scattering changes
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after a high-fat meal in our study with healthy volunteers, this may be attributed

to the minimal nature of the changes. Therefore, conducting these experiments on

subjects with hyperlipidemia may yield different results in terms of scattering trends

in the postprandial state.

4. More advance inverse model for optical property extraction. The two-layer LUT

inverse model has a limitation in that it considered skin as a single layer, disregarding

the presence of separate epidermis, dermis, and hypodermis layers. By incorporating

a more complex layered model, it is possible to enhance the accuracy of extracting

optical properties from the subcutaneous tissue and blood. Confining the optical

property measurements to blood may improve our ability for detecting the direct

effect of lipids on blood optical properties.

5. Non-invasive blood lipid monitoring from retinal blood vessels in the absence of skin.

One of the challenges in monitoring blood lipids from superficial vessels throughout

the body is the influence of skin and other confounding factors, including the impact

of blood volume and blood flow, on optical property measurements. Conversely,

the retina provides a unique opportunity to directly observe blood vessels. Previous

studies have demonstrated the impact of lipemia on retinal vessels using a fundus

camera, where retinal vessels appear milky when individuals have high levels of

blood lipids [102]. A potential future direction for this study is to adapt a fundus

camera, modify the light source to the desired wavelength, and investigate how the

scattering of retinal blood vessels changes after a meal, enabling non-invasive blood

lipid monitoring.
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6.3 CONCLUSION

The body of this work has aimed to improve optical imaging toward noninvasive

monitoring of blood lipids. Biomedical optics holds great potentials for noninvasive as-

sessment of tissue and blood, which makes it invaluable for several clinical and life style

applications. The findings presented here offer insights and open new avenues toward fu-

ture investigations of noninvasive tissue and blood monitoring.
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