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Abstract:

Mapping cerebral blood flow requires an understanding of optical properties of the brain
tissue. While standard continuous-wave near-infrared spectroscopy techniques (CW-NIRS) can
measure these properties, they cannot quantify absolute values for each tissue layer. We will use
time-resolved near-infrared spectroscopy to extract these values in layered-tissue phantoms
through rigorous data analysis of the photon distribution time-of-flight (PDTOF). The method of
spectroscopy used for producing the PDTOF is called time correlated single photon counting
(TCSPC). After data acquisition, diffusion theories will be used to extract the tissue response
function from the measured response function which is contaminated with the laser response
function. These response functions, once deconvolved, allow us to further analyze the tissue
response function alone. Through fitting the tissue response function to equations for reflectance,
we determine the optical properties of the tissue sampled. Though our experimentation was
inconclusive in regards to the optical properties of the tissue, we have identified possible origins

of error and layout future work required to improve these current techniques.



Background:

Time Correlated Single Photon Counting (TCSPC):

TCSPC is traditionally used in fluorescence measurements, where it measures the time
elapsed between a laser’s excitation pulse and the fluorescence photon emitted. However, in our
case we are not interested in measuring fluorescence. We are interested in measuring the
scattering of photons back towards the detector. Therefore the photon reaching the detector in
our case will not be a fluorescence photon emitted from this laser excitation, it will instead be a
photon from our incident laser which has been scattered back from the sample into our detector.
The time measured is the difference between the time of a photon's arrival to the detector and the
time of the laser pulse emission. Once this measurement is taken for some number of laser

pulses, the photons signaling the detector will be added up and plotted over their time-of-flight to

form the data for the sample which they were scattered from (Figure 1) "
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Figure 1: (a) Graphical representation of the difference between the laser pulse and the photon

incident on the detector, the time difference between these two points is noted as that photon’s



arrival time. (b) Once this measurement is completed for multiple laser pulsations over time, the
arrival time is collected for a number of photons and photons with the same arrival time will
increase the intensity on the vertical axis, this is represented graphically as the time-of-flight

data.

Response Functions:

When we measure something with a detector, there is some implicit and expected
distortion involved in the results. This is a consequence of the instrument response function, in
our case this is due explicitly to the incident laser’s instrument response function. The expected
signal we will receive from such a measurement will be a convolution integral; in other words
the measured signal is expressed as an integral of the product of the laser instrument response
function and the actual undistorted signal. In order to obtain the valuable data we are after,
namely the true undistorted signal, we will design a method for fitting a convolution integral to
the measured signal function in order to determine the parameters of our actual undistorted
signal. In order to do this, we will need data of the observed signal as well as data of the laser’s

instrument response function to restrain our fitting to only one unknown function.

Optical Properties:

The reduced scattering coefficient (us') and the absorption coefficient (ua) are defined as

optical properties. The reduced scattering coefficient is dependent upon the scattering coefficient,

W and the anisotropy factor, g, (1).

' =pd -9 (1)



The anisotropy factor is determined by scattering anisotropy and depends upon the cosine of the
angle of deflection of the scattered photon. The scattering and absorption coefficients are
considered constants dependent upon the sample. These coefficients are considered optical
properties and are physically meaningful to us. The scattering coefficient is a measure of the
sample’s ability to scatter photons, while the absorption coefficient is a measure of the sample’s
ability to absorb photons of an incident beam of light; they each have units of inverse length.
Through diffusion theory equations, we can fit the measured reflectance with theoretical
reflectance dependent on these coefficients, and thus determine these coefficients for whatever

sample the beam is incident on.

Methods:

Experimental Setup:

In order to measure the scattering response function of our sample, which is a mixture of
intralipid and water to represent human tissue, we have designed a setup in which we can
measure the scattering at different path lengths (1cm, 2cm, and 3cm). This path length is the
distance between the emitter and detector; with a 3D printed piece of equipment (Figure 2) we

have designed a way to change this path length as an independent variable with ease.



Figure 2: 3D printed emitter/detector holder and stabilizer, the emitted goes into the leftmost
opening on the end and every opening to the right of the emitter is increasingly separated by one

centimeter.

Using this holder for our laser/detector fibers we can situate the laser to hover above the sample
and it will be stable. Our setup consists of this holder, the laser fiber, the detector fiber, the
sample, the single photon avalanche diode detector, and a PC which collects the data into

time-of-flight bins for TCSPC (Figure 3).
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Laser Fiber Detector Fiber

Holding Apparatus

(SPAD PC/User
Detector)
Laser Source Interface

Figure 3: Experimental setup consisting of the laser source, laser fiber, the intralipid sample, the

TCSPC

detector fiber, the holding apparatus for both the fibers, single photon avalanche diode detector,

and PC for collecting data.

This setup was used for collecting scattering data for the intralipid phantom sample, but our end
goal is to use this form of analysis for mapping cerebral blood flow which will occur with a
detector placed directly onto the body. In order to better simulate this experiment, we also took

measurements by pressing the laser/detector holder against an artery in the wrist (Figure 4).
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Figure 4: Experimental setup for measuring scattering from a blood artery in the wrist, better

simulates how a laser interacts directly on the body and skin.

This experimental setup is essentially the same as for the intralipid sample, except this iteration
uses the human wrist as the sample and adds some different aspects to the data such as
pulse/heartbeat. Again, for this experimental setup you may arrange the detector fiber to be either
1 centimeter, 2 centimeters, or 3 centimeters away from the laser emitting fiber. This change in
path length does directly affect the reflectance expected as well as the data collected, which we
will discuss in the diffusion theories section of this paper.

For the last experimental setup, in order to measure the laser response function without

the sample involved at all we must design a setup that allows the incident laser to signal the

12



detector without saturating the SPAD detector. This saturation arises when the laser reaches the
detector with too intense of a power (Figure 5), but we mitigate this issue by feeding the laser

through an array of neutral density (ND) filters which lower the overall power of the laser before

it reaches the detector (Figure 6).
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Figure 5: Simulated example of data collected when the SPAD detector is saturated with too
intense of laser power. The peak of our data is essentially “cut off” and cannot be fully captured
when the detector is saturated, leaving us unable to differentiate between the incline and decline

of the peak near its maximum.
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ND Filter Array
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Figure 6: Setup for collecting the laser response function; includes a neutral density filter array

of 3 ND filters as well as a stabilizing beam holding them in place to ensure the light is not

refracted away from the detector.

The ND filters used in this array (ND = 4.0, 1.0, and 0.3) are important because each filter can
reduce the laser power by a different amount, when calculating the laser power that will reach the

detector each ND filter’s respective percent transmittance is utilized as follows:
) th . .
x = % transmittance of n = ND filter in array

%Po = initial laser power percentage = 50%
n
P=P 0 I1 x
n=1
For the three ND filters utilized in our experiment (Figure 7), they are 25 mm ThorLabs
Absorptive Neutral Density Filters of which the transmission specs at 780 nm are known.

Calculating using their percent transmittance, we have:

%P = (0.50) X (0.51) x (0.17) x (0.0018) = 0.00008

14



Therefore, the laser power that reaches the SPAD detector will be roughly 0.008 % power and
will likely not saturate our detector because the laser’s intensity is much too low to have this

effect.

Figure 7: ND filter array, with the left side being the laser emitter fiber, and the right side is

where the detector fiber is placed.

Diffusion Theories:

In order to interpret any data collected about the scattering from our samples, we must
employ diffusion theories to explain this phenomenon. As previously mentioned, when
measuring scattering time-of-flight data from the intralipid sample we observe a signal that is
convoluted with a signal from the laser response function as well. This convolution causes us to
measure a signal that is implicitly distorted to some degree by the laser electronics used to

measure the signal. This distorted observed signal likely resides somewhere in between the two

15



shapes of the laser response function and the sample’s true response function. This convolution is
the reason why it is essential to measure the laser response function in addition to the signal from

our sample. If we have data from both of these signals, then according to Lakowicz, we can

. . . 2
model the convolution as an integral of these two functions

N(t) = {L(t — WI(W du )

Where N represents the observed convoluted signal, L represents the laser response function, and
I is the true response function of the sample. With two of these functions known, we have
narrowed our unknowns down to one function. In cases like this we can fit the measured signal
with knowledge of the laser function in order to find the best fitting function for the true sample
signal; this is done by guessing the form of this function and allowing for a variable parameter to
find which parameter supplies the best fit, we then can assume this is the true nature of the signal
response. Once we have acquired this true signal response function with a fitting in the form of
eq. (2), we may apply the diffusion theories of reflectance to this calculated function.

According to Kienle and Patterson, reflectance can be represented by a set of diffusion

equations including the fluence and diffuse reflectance > These equations are approximations
and require sets of conditions. In the diffusion theory utilized for our analysis, there are three
different approximations: zero-boundary condition, extrapolated-boundary condition, and
partial-current boundary condition. These boundary conditions require different sets of equations
to represent the expected reflectance. We plan to fit these reflectance equations against our
calculated true response function, by allowing the scattering coefficient to be a variable
parameter. In doing this, we will find the best fit by fitting with the calculated true response

function and determine the scattering coefficient of our sample. This scattering coefficient tells
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us about the optical properties of our sample. In actuality, this optical property tells us the
amount of photons our sample is scattering. Thus, when the sample is an artery this optical

property will be measured in order to characterize the blood flow within the artery.

Fitting Analysis:

In fitting the measured convoluted signal function to an integral of the product of the
laser’s response function with the sample’s true response function, we must be able to fit
multiple varying parameters rapidly in order to find the most accurate fit to our observed plot.

This was done in Matlab and the code utilizes most importantly a built-in Matlab function known

as “fminsearch” 5. This function allows the program to iterate through values for any amount of
varying parameters and compare the output with some known constant value you choose to fit
against. This comparison involves a square error calculation, and thus will recalculate over and
over until the square error between the calculated function and the fitted function is minimized.
When this difference is minimized, the value of the variables at this point are produced. In our
case, we modeled the laser response function and the sample’s true response function as having
the form of an exponential decay function. In doing this, we are allowing for the exponential
term to be multiplied by some varying coefficient as well as the time variable in the exponent to

be multiplied by a varying coefficient. Thus, our eq. (2) looks more like:
C (-
NG = [ae’™ x ae™dt 3)
0

Where a and b are constant coefficients for the laser response function, which are known simply
with an exponential fitting to the collected laser response function data. And o and 3 are the

unknown constant coefficients within the sample’s true response function; p is essentially a
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dummy variable of integration and will disappear in the actual fitting equation. For our purposes
in Matlab we represent these two convoluted functions as a simple product, seeing as the integral
is not possible to fit with in this scenario; if we have the plot of N(t) from our observed signal of
the sample, then we fit the product of these two exponential functions to this known data, with
the only unknown variables being a and 3. After fitting for these parameters, we have found our
sample’s true response function and the data has been deconvolved.

Once deconvolved, we plan to fit for the reflectance of our sample in a similar way
utilizing Matlab’s “fminsearch” function. However this function is much more complex as the
reflectance equations are quite long and there are three different conditions to fit for. The

reflectance equations for all three of the different boundary conditions depend upon

T u'S, p, Gt Re and n. Where 'y and u; are the absorption and reduced scattering

ff’
coefficient, as discussed previously. p is the path length between the source and detector, ¢ is the

effective speed of light, t is the time, Re it is the fraction of photons reflected at the boundary, and

n is the index of refraction for the material. Since the absorption coefficient is material
dependent, the path length is independent of the sample, the refractive index is material

dependent, and c, t, and Re ” are all constants then we see that the reduced scattering coefficient

is the only unknown variable which changes with changes within the sample. This allows us to
characterize the blood flow in a sampled artery because we know that the absorption coefficient
along with all other variables are unchanged by an increase in the blood flow. However, the
reduced scattering coefficient should change with a change in blood flow as more photons should

be scattered by more red blood cells traveling through the artery. With this in mind, we need only

to let the reduced scattering coefficient (us) be an adjustable parameter during our fitting to the
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sample’s true response function. If we apply the same technique of fitting, but instead using the
reflectance equations as defined by Kienle and Patterson for each condition then we can

approximate the reduced scattering coefficient of our sample’s true response signal.

Trials:

To test our experimental setup and its applicability to human tissue, we used a sample of
intralipid diluted with water. For the first experiment, we measured a mixture composed of 10%
intralipid and 90% water (10% Lipid Solution). This solution’s data was collected at intervals of

1, 2, and 3 centimeters of path length. The data was then analyzed with the response function
fitting and reflectance fitting, where only u'S was allowed to vary, as discussed above. Next, in

order to better test the fitting analysis of the reflectance fitting we measured a solution of 5%
intralipid and 95% water in iterations of many trials, but with the path length held constant at 1
centimeter. In these 5% lipid solution trials we first measured it plainly, but the next
measurement we added a small amount of ink (100 pL) and measured its signal again. We
continued adding this amount of ink until we reached 300 pL of ink mixed into our solution.
Adding ink into the lipid solution is expected to affect the absorption coefficient due to an
addition of a highly absorptive material (ink), but should not affect the reduced scattering
coefficient because the amount of lipid in solution is remaining relatively unchanged.
Consequently, we will need to slightly alter our method of fitting for this trial. The fitting for the

true response function will be unchanged, but for reflectance we will need to now allow both i

and W to vary when fitting for this data. Our results are expected to show a relatively unchanged

reduced scattering coefficient for the different solution regardless of amount of ink present, but
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the absorption coefficient should theoretically increase with additions of ink. This experiment
will allow us to check the validity of our reflectance fitting method as well as the measuring

methods utilized for the response functions.

Results:
Trial #1 - 10% Lipid Solution:
From measuring the 10% lipid solution and the laser response function for this trial, we
observed two plots with similar shape (Figure 8) for each path length interval. This is concurrent

with the expectation, because the observed lipid signal is a convolution of the laser signal with

another unknown signal; therefore the two signals should exhibit a similar shape.

8 10 12 4 16 18 o 2 8 10 12 14 1 18 0 2 4 6 8 10
5 Ins] 7 Ins] 7 [ns]

@ (b) ©

Figure 8: Raw data plots of the laser response function (red) compared to the observed lipid

signal (black) for path length intervals of (a) lem, (b) 2 cm, and (¢) 3cm.

Focusing on the fitting of the data collected at a path length of 1 centimeter (Figure 8a), we must

first trim this data to only the right side of the peak and exclude peaks other than the maximum.
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We trim this plot such that our data takes the shape of an exponential decay because this is the

part of the data that will be important for us when fitting for reflectance (Figure 9).

laser
lipid 1cm

Figure 9: Trimmed data plot of the laser response function (red) and observed lipid response

black) for the 10% lipid sample at path length of 1 centimeter.
p p

After this trimming of the data, we apply a simple exponential decay fitting to the laser response
function, this is only for the purpose of characterizing our laser’s signal into a function that we
may express mathematically rather than visually. This fitting results in a relatively close
approximation as we should expect because the laser response signal seems to have the shape of

an exponential decay (Figure 10).
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Figure 10: Plot of the measured laser response function (red), observed lipid signal (violet), and

the fitted exponential decay function for the laser response (blue); all data is from the

measurement of the 10% lipid sample at 1 cm path length.

Once we have fit for the laser’s response function, we may know fit for the deconvoluted lipid
response function by using the “fminsearch” Matlab function and the fact that we know the

convolution is a product of the laser’s response with the lipid’s true response. This fitting takes
place like a “trial and error” method in which we tell our program to start at some point for the
unknown coefficients and then let it iterate over and over again until a non-linear least squares
fitting is acquired that achieves the least amount of difference from the observed lipid function

(Figure 11).
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Figure 11: Result of the fitting for the true response function, plot of the observed lipid signal

(red dotted line) compared to the product of the laser response function with the estimated true

lipid response function (solid blue line) '

As you can see, the fitted convolution seemed to very closely resemble that of the actual
observed convolution. Now, we may assume that the fitted coefficients for the lipid’s true
response function which is utilized to create this fitted convolution plot is an accurate
representation of the lipid’s true response function which we cannot directly observe. However,

when plotting the response functions altogether, we notice a peculiarity (Figure 12).
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LIPID (MEASURED)
LIPID (TRUE)
LASER

Figure 12: Plot of the observed convoluted lipid response function (red) compared to the fitted

laser response function (black) and the fitted deconvolved true lipid response function (blue).

Notice that the convolution of the lipid’s true signal with the laser’s signal is higher than either
the lipid’s true deconvolved signal and the laser’s fitted response function. This is incongruent
with expectation, as we expect that convolution of a broader curve with a narrower curve to take
the shape of a curve somewhere between the two as convolution is a contamination of these two
signals. In other words, we expect our plot to display a true deconvolved lipid signal that is
slightly broader than the convolved observed lipid signal, which is then also slightly broader than
the laser’s response signal. Thus, fitting this deconvolved signal to the theoretical reflectance
equations for each different boundary condition will likely be inaccurate. Following through with
the fitting for this trial, we observe a very unlikely result for the reduced scattering coefficient of

our lipid signal (Figure 13).
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Fitting for ZBC ) Fitting for EBC | tting for PBC

Reflectance em2 ns™1]
Reflectance [em2 ns™1]

uL(ZBC) = —11.74 uL(EBC) = —11.13 u.(PBC) = 3.48

(@) () (c)

Figure 13: Reflectance fitting of the 10% lipid solution at 1 cm path length for boundary
conditions (a) ZBC, (b) EBC, and (c) PBC. With the reduced scattering coefficient results listed

below the respective boundary condition fitting method. Plot includes the deconvolved true lipid

response function (red) compared to the fitted reflectance equations with varying uls (blue) °

We observe from our fitting with the calculated deconvolved lipid signal to the reflectance
equations mentioned previously, that the fitted function does not very closely resemble the shape

of our deconvolved lipid signal. This results in reduced scattering coefficient values that do not
make any physical sense, we expect the W to be positive and relatively congruent across these

three boundary conditions. Thus, some error has taken place; in order to ensure that the error

does not reside within the reflectance fitting code I have included an example calculation done in

. . 3 .. .
comparison to Kienle and Patterson’s first figure . Using the same parameters as Kienle and
Patterson, we reproduced a plot included in the literature and thus proved that error did not

originate from the reflectance equations being translated into the Matlab program (Figure 14).
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Kienle, A. and Patterson, M. (Jan. 1997). “Improved solutions of the steady-state and the time-resolved diffusion equations for
reflectance from a semi-infinite turbid medium”. Journal of Optical Science Am. A., Vol.14 No.1.
(@) ()

Figure 14: Comparison of plotting reflectance equations using (a) the Matlab code and with (b)

the figure from literature. The Matlab code plot was calculated using the EBC only.

With this comparison, it is clear that the translation of reflectance equations from diffusion
theory into the Matlab program are capable of reproducing the literature’s plot and therefore are

not the root of the error in the first trial.

Trial #2 - 5% Lipid Solution:

In order to further verify the validity of our fitting program calculations, we designed an
experiment in which we will add ink to the solution but keep a constant path length. In this
experiment, by allowing both the reduced scattering coefficient and the absorption coefficient to
be adjustable parameters for the reflectance fitting we will verify whether the error originates
from the fitting iterations or not. We begin in an identical way to the first experiment where we

measure the laser’s response function as well as the observed lipid’s response function; here, we
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increased the laser power when conducting this experiment to see if this would change the results

in any way (Figure 15).
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Figure 15: Comparison of the laser response function’s normalized raw data (red) with the

observed lipid signal’s normalized raw data (black), both collected with the laser at 50% power.

Observably, we notice a very different shape than previously in the 10% lipid sample
experiment. We can identify a “sawtooth” signal for both the laser response function and the
observed lipid’s response function; this can likely be attributed to an increase in the laser power
which has now caused an afterpulse to be much more prevalent than before. The afterpulse
exhibited in these signals is characteristic of SPAD detectors due to the extremely short
time-of-flight detection on the order of a couple nanoseconds. The first and most intense peak is

characteristic of the first scattered event received by the SPAD detector; however this signal is
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produced by an absorption of the photons by the detector which enters a p-n junction (Figure 16).
In this junction electrons from the n-region are excited into holes of the p-region. After some
time, the excited electrons avalanche back into the n-region producing an electric signal due to
the potential energy difference across the junction. Unfortunately, some of these excited electrons
remain trapped in the p-region after the first avalanche and cannot return to the n-region until
after this signal is received. These trapped electrons finally returning to the initial potential
energy after the first peak are responsible for the afterpulse(s). This is the reason for the
“staircase” shape of our response functions because the number of trapped electrons from one
scattering event will decrease and decrease until there are none remaining. If our time-of-flight
detection resolution were on a higher order of magnitude then this shape may be irrelevant, but

due to the extremely short pulses this becomes a glaring error.

Empty Holes Free Electrons
(G )
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+ Region
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Figure 16: P-N Junction of the SPAD detector, where the n-region contains free electrons and

the p-region contains holes where the electrons can jump to when absorbing incident photons.
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Continuing the rest of the analysis for the 5% lipid solution with no ink added, we next trim the
raw data for the laser response function and the observed lipid response function. After
trimming, we apply the simple exponential decay fitting to the laser data and compare (Figure
17).

1.2 T T T T

LASER (measured)
LASER (fit)
LIPID

Figure 17: Plot of the fitted laser function (blue) with the measured laser response function (red)

and the measured convoluted lipid response function (violet).

After achieving a sufficient fit for the laser response function, we may now complete a fitting for

the lipid’s true response function and compare (Figure 18).
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Figure 18: Fitted function for the lipid’s true deconvolved signal (blue) compared to the actual

measured convoluted lipid signal (red) 7.

Notice the fitted response function for the deconvolution of the lipid signal is less accurate than
the results for the 10% lipid sample, but if we continue to fit for the reflectance using this
function we may arrive at some more accurate results. Comparing this deconvolved function for
the lipid’s true signal with the original observed lipid signal and the laser’s response function, we

see a relationship more accurate to our expectation (Figure 19).
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LIPID (MEASURED)
LIPID (TRUE)
LASER

Figure 19: Comparison of the true deconvolved lipid response function (blue) with the laser’s

response function (black) and the lipid’s observed response function.

Thus, in this trial the deconvolved lipid response function is observed to be a broader signal than
either of the laser response function and the convolved observed lipid response function. This is
as we would expect since the convolution between the lipid’s true signal with the laser signal
should reside somewhere between the two curves. Using this deconvolved function as our lipid’s
true response function, we may now fit for the reflectance of our sample and find results for the

reduced scattering coefficient (Figure 20).
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Reflectance Fitting for ZBC

Reflectance Fitting for EBC | Reflectance Fitting for PBC

fem2ns1)
) e
ce [cm'2 ns’1]

Reflectance

ul(ZBC) = 54.81 ut(EBC) = 54.75 us(PBC) = 54.63
1a(ZBC) = 0.024 ta(ZBC) = 0.024 ta(ZBC) = 0.024
(a) (b) (c)

Figure 20: Reflectance fitting of the 5% lipid solution at 1 cm path length for boundary
conditions (a) ZBC, (b) EBC, and (c) PBC with no ink added. With both the reduced scattering
coefficient and absorption coefficient results listed below the respective boundary condition

fitting method. Plot includes the deconvolved true lipid response function (red) compared to the

fitted reflectance equations with varying u's and . (blue).

We observe a much closer fit than previously for the reflectance, and all reduced scattering
coefficient approximations are positive. Though this seems like a good result, we must still
verify these results with reflectance fittings from the 5% lipid with different increments of ink

added in order to test if the absorption coefficient changes and how (Figures 21, 22, and 23).
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, Fitting for ZBC . i Reflectance Fitting for EBC

Reflectance Fitting for PBC

- LIPID(TRUE IRF)
REFLECTANCE FIT
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REFLECTANCE FIT
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Eos gos 05
12 14 n‘:g‘[m] 18 2 22 24 L 12 e "::e["s] 18 2 22 24 o 12 T (:’:e[ns] 8 2 22 24
us(ZBC) = 54.82 uL(EBC) = 54.76 uL(PBC) = 54.63
u.(ZBC) = 0.024 u.(ZBC) = 0.024 u.(ZBC) = 0.024
(@ () ©

Figure 21: Reflectance fitting of the 5% lipid solution at 1 cm path length for boundary

conditions (a) ZBC, (b) EBC, and (c) PBC with 100pL ink added. Plot includes the deconvolved
true lipid response function (red) compared to the fitted reflectance equations with varying uls

and M, (blue).

Reflectance Fitting for ZBC Reflectance Fitting for EBC

Reflectance Fitting for PBC

us(ZBC) = 55.70 uL(EBC) = 55.64 uL(PBC) = 55.51
a(ZBC) = 0.008 1a(ZBC) = 0.008 1 (ZBC) = 0.008
(2) (b) (©)

Figure 22: Reflectance fitting of the 5% lipid solution at 1 cm path length for boundary

conditions (a) ZBC, (b) EBC, and (c) PBC with 200puL ink added. Plot includes the deconvolved
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true lipid response function (red) compared to the fitted reflectance equations with varying I

and M, (blue).

Reflectance Fitting for ZBC s Reflectance Fitting for EBC 1 Fitting for PBC

Reflectance [cm™2 n:

6 18 2 22 24 12 14 16 18 2 22 24 2 14 1.6
time [ns] time [ns] time [ns)

us(ZBC) = 55.53 uL(EBC) = 55.47 uL(PBC) = 55.35
1a(ZBC) = 0.011 1a(ZBC) = 0.011 ua(ZBC) = 0.011
(a) (b) (©)

Figure 23: Reflectance fitting of the 5% lipid solution at 1 cm path length for boundary

conditions (a) ZBC, (b) EBC, and (c) PBC with 300uL ink added. Plot includes the deconvolved

true lipid response function (red) compared to the fitted reflectance equations with varying I

and p_(blue) .

Among the different iterations of adding ink into our 5% lipid sample, we notice that the reduced
scattering coefficient is relatively consistent across all of the intervals exactly as we proposed
earlier. On the other hand, the absorption coefficient though changing between the different
concentrations of ink seems to be randomly fluctuating rather than increasing as we expected.
This change in absorption coefficient does not make physical sense with our expectations, as

additional ink should undoubtedly increase the absorption coefficient. Investigating specifically
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the case with 300 pL ink added to the solution and comparing this to the case where zero ink is

added to the solution, we find that the raw data is inconsistent (Figure 24).

Laser IRF - Laser IRF -

Measured Lipid IRF - | Measured Lipid IRF - |

time [ns]

(@) (®)

Figure 24: Comparison of the raw data acquired for (a) 5% intralipid solution with zero ink
added and (b) 5% intralipid solution with 300pL ink added, where the red line is the measured

laser response function and the black line is the observed convoluted lipid response function.

Notice that the observed lipid signal in both cases differ from one another, and this should not
occur. The addition of ink should not affect the shape of the signal so drastically, where one
exhibits the “sawtooth” shape from before, but the other exhibits a middle peak being the
maximum. Most importantly the shape of the laser’s response function and the lipid’s observed
response function are no longer similar in the case where 300uL ink is added to solution, this

inherently will produce error in both the reflectance fitting and the lipid’s true response function

fitting.
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Conclusions:

Overall, the results from our experiment were inconclusive regarding characterization of
the optical properties from tissue. The experimental trial of our 10% intralipid sample produced
unrealistic results for the reduced scattering coefficient. In order to narrow down the origins of
error of this experiment we designed a separate set of trials using a 5% intralipid sample with
different additions of ink to the sample. In measuring this sample and fitting for both the reduced
scattering coefficient and the absorption coefficient, we find that the reduced scattering
coefficient remained consistent across the ink variations but the absorption coefficient fluctuated
randomly. These results lead us to conclude that the origin of error resides in the actual
collection of the raw data for the response functions rather than the data analysis of these
functions. Specifically, the collection of the laser’s response function due to the saturation of the
detector as well as the array of ND filters leaves a glaring margin for error. Since our
experimental measurements on the samples are acquired by measuring the scattering events,
perhaps utilizing a scattering control sample like water and taking a measurement would provide
a more accurate laser response function for deconvolving the lipid’s measured signal than simply
sending the beam through a filter array and measuring the transmitted signal. Aside from this, the
SPAD detector’s afterpulses can also cause error. However, these afterpulses are made so large
due to the intensity of the beam as well as its extremely short pulses. Utilizing a less intense
beam may more accurately measure the optical properties of the sample. Although our results are
inconclusive for extracting the tissue optical properties from a photon distribution time-of-flight
using an extremely short pulsed laser, this technique has been solved for continuous wave lasers

for quite some time. With some improvements to the data collection and equipment we will be
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much closer to solving this problem with a pulsed wave laser, which is more accessible and
affordable for practical purposes. Future experimentation should take into account the results
from these trials and the origination of the error within them. With careful consideration of these,
we should next plan to measure the laser response function with a thin scattering layer between
the beam emitter and detector fiber as well as test which beam intensity minimizes the

afterpulses in a SPAD detector.
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Appendix:

41 Matlab Script for Analysis of 10% Lipid Data:
p Y p

1-  clear alljclose all;clc 8- result = fainsearch('IRFTittingexpl’, start, (], tine_new,aaz,a,b);
2-  load irf 6 -  beta = result(1) wtrue lipid response function coefficients
3 laserirf=double(dataArray_counts); 65~ keresult(2)

4-  laserirf=laserirf/max(laserirf); 6

5-  xxi=find(laserirf==1); - Uipidirf_fit = keakexp(tine new'.x(betasb));

6 - t=timeVec_ns; 68

7 69

8-  load Lipid10_3cm 7 wclose alljcle

9-  lipidirf=double(dataArray_counts); 71- truelRF = keexp(-beta.*tine_new');

10 - Upidirf=lipidirf/max(lipidirf); 72-  lipid_trueirf=trueIRF/nax(truelRF);

11~ xx2=find(abs(lipidirf-1)<1E-6); 73~ figure(s)

2 74~ plot(tine_new,aa2,'r')

13 - 75~ hold on

14~ figure(1);clf 76~ plot(tine_new, Lipid_trueirf,'b')

15 - plot(t,laserirf,'r') - plot(time_new,aal, 'k'

16 - hold on 78-  xlabel('\taud [ns]')

17 plot(t, lipidirf, 'k') 79 ylabel('IRF (N.U.)")

18- xlabel('\taud [ns]') 8- grid off

19-  ylabel('IRF (N.U.)') 81-  set(gca, 'XScale’, 'log')

20 - legend('laser', ‘'observed lipid signal') 82 - legend('LIPID (MEASURED)','LIPID (TRUE)','LASER')

21-  grid off 8

22 84 “

23~ figure(2);clf scut data for fitting 8-  close alliclc % paraneters for reflectance fitting equations
24~ aal=laserirf(xxliend); slaser irf 8- truelRF = krexp(-beta.stine_new');

25 - aa2=lipidirf(xx2:end); slipid irf 8- ; cm-

26 - time_new=(1:length(aa2))*4x1E-3; %in nanosecond 8- 00001; % cn"-1

27 - x1=find(time_new>5,1, ' first' %futher triming data up to 5 ns 89 - % index of refraction

28 - cut=find(abs(aa2-0.85)<1E-] first'); 9% - 1; % photons reflected @ boundary

29 - 91- % effective speed of light in ca/ns
30 - 9- % radial distance in cn

31-  time_new=time_new(cut:x1); 93~ tinel = tine_new;

52 = plot(time_new,aal,'r') 94

33-  hold on 95 %2BC for cutting fitted eq

34 - plot(time_new,aa2, 'k') 9 - (1/(mu_a + mu_s));

35-  xlabel('\taud [ns]') 97- 0;

36-  ylabel(*IRF (N.U.)") 98- D= (1/(3x(mua + mu_s)));

37-  grid off 9 - sart(((2.0)°2)+(p°2));

38-  set(gca, 'Xscale','log') 100- 12 = sqre(((2.0 + 2¢(2_6))%2)+(p2));

39 - legend('laser','lipid lcm') 101~ fluence_fit = (cx( (4xpincdrtinel’) A(-3/2))) (exp(-nu_srcxtinel')) x(exp(-(((20)°2)+(p2))./ (4xDrcxtinel’) -exp(-(((z_0+(252.5))"2)+(p"2)) ./ (44Drcxtine1’)));
40 102-  diffuse_ref = ((1/2)%((4#pixDkc)~(-3/2))*(tinel' . (-5/2)) rexp(-mu_ascxtinel') ) .*((z_0)vexp(-((r_1)°2)./(4sDscrtine1’)) + (2.0 + 2¢(2_b) Jxexp(-((r_2)~2)./(4xDxcxtinel’)));
41-  f = fit(time_new',aal,'expl'); %fitting for the laser resposne function 103-  ref_fit = (.118x(fluence_fit))+(0.306x(diffuse_ref));
a2 104 - ref_fit_norm = ref_fit/max(ref_fit);

43- v = coeffvalues(f); 105~ trinZBC = find(abs(ref_fit_norn-dcut)<1€-2,1, ' last');
- a=v); 106 - tineZBC = timel(trinZBC:end);

45~ b=v(2); 107 trueIRF_ZBC=truelRF(trinZC:end);

46 - yy=ax(exp(bxtime_new)); 108

a7 109 AEBC for cutting fitted eq

48 - figure(3) 110 - (1/(mu_a + mu_s));

49 - plot(time_new,aal,'r') m- 2¢(1/(3¢(mu_a + nu_s)))*((1 + R_eff)/(1 - Reff));
50 - hold on n2- (1/(3%(mu_a + mu_s)));

51-  plot(time_new,yy,'b') - sart(((2.0)"2)+(p%2));

52 - plot(time_new,aa2,'n') 14 - "2 = sqrt(((z2_8 + 2¢(2_b))"2)+(p*2));

53-  xlabel(*\taud [ns]') 15~ fluence_fit = (or((4xpincebstinel’).A(-3/2))) .#(exp(-nu_arcxtinel')) . (exp(~(((2_0)2)+(p"2))./ (4sDrcxtinel’ ) -exp(-(((2_0+(2%2_b))"2)+(p"2)) ./ (4+Dxcxtinel')));
54-  ylabel('IRF (N.U.)") 16 diffuse_ref = ((1/2)%((4#pixDec)~(~3/2) )#(tinel' ,~(-5/2)) xexp(-mu_axcetinel')) .x((2_0)vexp(~((r_1)"2)./ (4xDxcxtinel')) + (2.0 + 2+(z2_b))wexp(-((r_2)"2)./(&sDrcxtine1’)));
55 sfornatplot 17~ ref_fit = (0.118+(fluence_fit))+(0.306x (diffuse_ref));
56 - grid off 18- ref_fit_norm = ref_fit/max(ref_fit);

57-  set(gca, 'Xscale','log') find(abs(ref_fit_norn-dcut)<1€-2,1, 'last');
58 - legend('LASER (measured)','LASER (fit)','LIPID') timel(trimEBC:end);

59 121 truelRF_EBC=trueIRF(trin€BC:end);

60-  beta = 0.001; sfitting for the lipid's true response function 122

61-  k=0.001; 123 WPBC for cutting fitted eq

62-  start = [beta K]; - z2=0;

125 - 2_0 = (1/(mu_a + mu_s));

126 - z_b = 2%(1/(3x(mu_a + mu_s)))*((1 + R_eff)/(1 - R_eff));

127 - D = (1/(3x(mu_a + mu_s)));

128 - fun = @(1) exp(-1/z_b).*xexp(=(((z+z_0+1).~2)+(p"2))./ (4xDxcxtimel’));

129 - L = integral(fun,@,Inf, 'ArrayValued’,true);

130 - fluence_fit = (ck((4xpikxckDxtimel').”(=3/2))).*x(exp(-mu_axcktimel')).x(exp(=(((z-z_0)"2)+(p”2))./(4xDxcxtimel"))+exp(-(((z_0+2)"2)+(p"2))./(4xDxcxtimel'))-(2/z_b)*L);
131 - ref_fit = (0.17x(fluence_fit));

132 - ref_fit_norm = ref_fit/max(ref_fit);

133 - trimPBC = find(abs(ref_fit_norm-dcut)<1E-2,1,'last');

134 - timePBC = timel(trimPBC:end);

135 - trueIRF_PBC=trueIRF(trimPBC:end);

136

137 - start = [mu_s mu_al;

138

139 % timel = time_new; % only activate for uncut fit

140

141 - timel = timeZBC; % activate for cut fit

142 - trueIRF = trueIRF_ZBC/max(trueIRF_ZBC); % activate for cut fit

143 - res_ZBC = fminsearch('reflectanceFittingZBCconst', start, [], timel, mu_a, ¢, p, R_eff, trueIRF);
144 - mu_sp_ZBC = res_ZBC(1)

145

146 - timel = timeEBC; % activate for cut fit

147 - trueIRF = trueIRF_EBC/max(trueIRF_EBC); % activate for cut fit

148 - res_EBC = fminsearch('reflectanceFittingEBCconst', start, [], timel, mu_a, c, p, R_eff, truelRF);
149 - mu_sp_EBC = res_EBC(1)

150

151 - timel = timePBC; % activate for cut fit

152 - trueIRF = trueIRF_PBC/max(trueIRF_PBC); % activate for cut fit

153 - res_PBC = fminsearch('reflectanceFittingPBCconst', start, [], timel, mu_a, c, p, R_eff, trueIRF);
154 - mu_sp_PBC = res_PBC(1)

[5] Deconvolution Function:
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1 function err = IRFfittingexpl(start,time_new,aa2,a,b,beta,k);
2 global cnt

3

4 beta = start(1);

5 k=start(2);

6

7

8 cnt=cnt+1;

9

10

11 lipidirf_fit = kx*akxexp(time_new'.x*(beta+b));
12

13 err=sum( (aa2-lipidirf_fit).”~2);% square error
14

15 figure(4);clf

16 plot(time_new,aa2,'r.")

17 hold on

18 plot(time_new, lipidirf_fit, 'b")
19 drawnow

20 legend( 'measured IRF','FIT IRF')

[6] Reflectance Fitting Functions for Constant Absorption Coefficient (ZBC, EBC, and PBC

respectively):
1 function err = reflectanceFittingZBCconst(start, timel, mu_a, c, p, R_eff, trueIRF);
2= global cnt
3
4 - cnt = ent + 1;
5
6 - mu_s = start(1);
7
8- z_0 = (1/(mu_a + mu_s));
9- z_b = 0;
10- | D= (1/(3%(mu_a + mu_s)));
1 - r_1 = sqrt(((z_0)"2)+(p"2));
12 - r_2 = sqrt(((z_0 + 2x(z_b))~2)+(p~2));
13
14 - fluence_fit = (ckx((4xpikxckDktimel').~(-3/2))).*x(exp(-mu_axcktimel')).x(exp(=(((z_0)"2)+(p"2))./(4*Dxcktimel"))-exp(=(((z_0+(2%z_b))"2)+(p”2))./(4*Dxcxtimel')));
15/ - diffuse_ref = ((1/2)*((4xpixDxc)~(-3/2))*(timel'.~(-5/2)).xexp(-mu_a*xcxtimel')).*((z_0)*exp(=((r_1)"2)./(4*Dxcxtimel")) + (z_0 + 2x(z_b))*exp(-((r_2)"2)./(4xDxcxtimel')));
16 - ref_fit = (0.118x(fluence_fit))+(0.306x(diffuse_ref));
17
18 - ref_fit_norm = ref_fit/max(ref_fit);
19 - trueIRF_norm = trueIRF/max(trueIRF);
20
Pl = err=sum( (trueIRF_norm-ref_fit_norm).”~2); % square error
22
23 - figure(6);clf
24 - plot(timel,trueIRF_norm,'r.")
258 hold on
26 - plot(timel, ref_fit_norm,'b")
27 set(gca, 'XScale', 'log")
28 - drawnow
29 - title('Reflectance Fitting for ZBC')
30 - legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
312 xlabel('time [ns]"')
B2 ylabel('Reflectance [cm”-2 ns*-1]")
1 function err = reflectanceFittingEBCconst(start, timel, mu_a, c, p, R_eff, trueIRF);:
2= global cnt
3
4- cnt = cnt + 1;
5
6 - mu_s = start(1);
7
8- 2.0 = (1/(mu_a + mu_s));
9 - z_b = 2%x(1/(3%(mu_a + mu_s)))*((1 + R_eff)/(1 - R_eff));
10 - D = (1/(3*(mu_a + mu_s)));
11 - r_1 = sqrt(((z_0)"2)+(p~2));
12 - r_2 = sqrt(((z_0 + 2x(z_b))"2)+(p™2));
13
14 - fluence_fit = (cx((4kpikckDktimel').”~(-3/2))).*(exp(-mu_axckxtimel')).x(exp(~(((2_0)"2)+(p”2))./(4xDkcxtimel"))-exp(—(((z_0+(2%z_b))"2)+(p"2))./(4xD*cktimel')));
15 - diffuse_ref = ((1/2)*((4xpixDxc)~(-3/2))*(timel'.~(-5/2)).xexp(-mu_axcxtimel')).*((z_0)xexp(-((r_1)~2)./(4xDxckxtimel')) + (z_0 + 2%(z_b))xexp(—((r_2)~2)./(4xDxcxtimel')));
16 - ref_fit = (0.118%(fluence_fit))+(0.306x(diffuse_ref));
17
18 - ref_fit_norm = ref_fit/max(ref_fit);
19 - trueIRF_norm = trueIRF/max(truelRF);
20
ellg err=sum((trueIRF_norm-ref_fit_norm).~2); % square error
22
23 - figure(7);clf
24 - plot(timel,trueIRF_norm,'r.")
15| = hold on
26 - plot(timel, ref_fit_norm,'b")
27 - set(gca, 'XScale', 'log')|
28 - drawnow
29 - title('Reflectance Fitting for EBC')
30 - legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
31 - xlabel('time [ns]"')
32 - ylabel('Reflectance [cm*-2 ns~-1]')
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I function err = reflectanceFittingPBCconst(start, timel, mu_a, c, p, R_eff, truelRF);
global cnt

cnt = cnt + 1;
mu_s = start(1);
(1/(mu_a + mu_s));

2x(1/(3x(mu_a + mu_s)))*((1 + R_eff)/(1 - R_eff));
1/(3x(mu_a + mu_s)));

= @(1) exp(-1/z_b).xexp(—(((z+z_0+1).72)+(p"2))./(4xDxcktimel'));
L = integral(fun,0,Inf, 'ArrayValued',true);

ref_fit = (0.17x(fluence_fit));

ref_fit_norm = ref_fit/max(ref_fit)
trueIRF_norm = trueIRF/max(trueIRF);

err=sum((trueIRF_norm-ref_fit_norm).”2); % square error

figure(8);clf
plot(timel, trueIRF_norm,
hold on

plot(timel, ref_fit_norm,‘'b")

set(gca, 'XScale', 'log")

drawnow

title('Reflectance Fitting for PBC')
legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
xlabel('time [ns]')

ylabel('Reflectance [cm*-2 ns~-1]")

)

[7] Analysis of 5% Lipid Ink Experiment:

fluence_fit = (ck((4*pixckDxtimel').”~(-3/2))).x(exp(-mu_akxcktimel')).*(exp(~(((z-z_0)"2)+(p~2))./(4xDkxcxtimel"))+exp(-(((z_0+2)"2)+(p~2))./(4xDkcktimel'))-(2/z_b)*L);

Clear all;close all;clc Start—=Toera kT revear s
result = fms (" IRFrittingexpl’, start, (1, tine_new,asz,a,b);
2° losa ‘LeserIRFsommet: Lata B restivin) " Aromit: af true Lipid respinse seetfictants’
3-  laserirf=double(dataArray_counts(:,1)); keresult(2)
4-  laserirf=laserirf./max(laserirf) Uipidirf_fit = keavexp(time_new: .+(betash));
5-  xxl=find(laserirf==max(laserirf));
:- = tofTimeVec_ns; ose st
TruelRF = keexp(-beta.stime_new’
BB 10ad soperc_oul_cl.mat f;gcmgmf rueIRF/max ((TUCTRF) 5
9- Llipidirf=double(dataArray_counts(:,41)); plot(time_new,aa2, r')
a nota
D /max(Lipidirf); plot(time_new, Mpld trueirf, 'b')
1 - max (1ipidirf)); Plot(tine_new,aat, k')
12 xlabel(*\tau_d [ns]')
| ;::gu IRF (N.UL) )
- T G SenGtILIPT (MEASORED) ", LIPID (TRUE),"LASER")
15-  plot(t,laserirf,'r') Legen - e
16-  hold on W - on .
g RO lose all; % parameters for reflectance fitting equations
;; Pl";(';}m“’"fr k*) raeTRF = keexp( “beta;wtine_new
- grido 150
b ’ . Herwtag ii'n“;u of refractio
20-  figure(2); clf %cut data for fitting Reff 26.431; A photons reflected @ boundary
21-  deut = 0.55; <= e % effective speed of Light in cm/ns
% radial distance in cn
228 aal=laserirf(xxl:end); %laser irf fimer'= time_new;
23 - aa2=lipidirf(xx2:end); %lipid irf - SR
24 - time_new=(1:length(aa2))*4«1E-3; %in nanosecond Ton ‘Z',f“ s syt
25 - ind(time_new>2.5,1,'first'); %futher triming data up to 5 ns zb
26 - ind(abs(aa2-dcut)<1€-2,1, ' first'); B
2E ); e
G A |_sxcrtinel’)) .+ (exp(-(((z_0)72)+(p"2))  / (4+Dxcrtine1’))-exp(-(((z_0+(2+z_b))~2)+(p2)) ./ (4sDrcxtine1’)));
= 8 i — (G pinpaei 2014 (4Me ~(=5/21) -2exp(-Mu_arcatinel 1) 5 (z.0)sexp(—{(r1)n3) ./ (sDrCriAMEL )] T (26 + 24(2.0) rexpi((r 21-2) 7 (44DAErEine1)));
- time_new=time_new(cutix1); - (Fluencer10))+(0- 306w (aif Tuse.
30 - plot(time_new,aal, 'r*)
31-  hold on
2= plot(time_new,aa2, 'k')
33-  xlabel('\tau_d [ns]') WEBC for cutting fitted eq
3¢-  ylabel('IRF (N.U.)') bt oty ollgreibid 1+ ReffI/(1 - Rett
-  grid off o7z Grmls {abe))e( 4 men /G - nern);
36 - set(gca, 'XScale', 'log') r qrtt(:z o)“zh:rzl: o
g 3 o (220 + 2e(z_b))2)+(p~2
37 legend('laser’, ' Lipid lcm') Flaence Tit < Tom((aupircedetinet o). G3/2)) o (expmascetineds)) o (exp(~(((2.0)2)(5n2)) / (Asdrcrtinel ) -exp(~(( (202 (a2 b)) =2)+(pr2)). / (s0xcrtinel )
38 diffuse_ref = ((1/2)a((arpisDrc)~(<3/2))%(timel” ) xexp(-mu_arcrt ime1’ 1) H((7_0)kexp(—{(r_1)73) ./ (4xDrcat ime1®)) + (7.0 + 2%(7_b) ) kexp(—((r_2)~2) ./ (4xDrcrtime1*)));
g = : (o. uxc(fluenn— fit))+(a. Susttmffusr ref))
39 aal = aal/max(aal); m = ref_fit/max(ref_tit);
40 - a2 = aa2/max(aa2); d (ab: s{re it_norm-dcut)<1E-2,1, ' last');
a TineEBC = tinel(trinEC:end)s
o rueIRF_EBC-truelRF (trimEBC:end);
42-  f = fit(time_new',aal,'expl'); %fitting the laser's response function e e ,‘m,ﬂ i
43- v = coeffvalues(f); i ST R O
44 - a=v(l); x b - z.u/u.u..u a TS 4 Ref/(1 - Reff);
45~ b=v(2) 53 e (572) ./ (arDecrtimen )
:? - yy=ax(exp(bxtime_new)); 2))) % (exp(—mu_awcatimel’)) . w(exp(—(((2-2_0)~2)+(p~2)) ./ (asDxcwtimel’)) +exp(—(((2_0+2)72)+(p~2))./ (axDrcwtimel®))—(2/2_bIwL):
48 - figure(3); cif Alatibee2, 1, ase s
49 - p:;o{;(xme_new.aal,‘r') TRF LT imPBCt end) 5
50 - 0 on
start = (nu_s mua
51- plot(time_new,yy, 'b")
$2-  plot(tine_new,aaz, 'n‘)  timel = time_nows » only activate far uncut fit
53-  xlabel('\tau_d [ns]') ricier Liivaesa _z0c/max (e ruetar_zoc) ; Tasva doram
Sa-  ylabel('IRF (N.U.)') TamcerTreingzac, Tstart, (1, Timel, e, B, R_eff, trueIRF):
55-  grid off
56 - set(gca, 'XScale','log") timel = timeEnC; 3 activate for cut rix
& ' 0,0 0,0 . e maxtrus ) Sctivete ror cut rit
:75 Regend(RLASERR(measuned ) RLASERRUTLLIR-REIEIDD) ;m.iif,E?:’ CancerTreingmnct, Start, () timeis . B, R_eff. trueIRr):
s
59 -  aa2 = aa2/max(aa2); it
cime1 = tim  activate for cut it
-] . CTUCIRF ~TruCTAF_PBC/max(trucIRF_PBC) ; ctivate for cut fit
61-  beta = 0.001; %fitting for lipid's true response function resopBC = m::;,;;;.&;,m CTaneerTeeingPBC!, Start, 11, timel, €, P, R_eff, trueIRF);
62 - k= 0.001; res PBC(2)

[8] Reflectance Fitting Functions for Varying Absorption Coefficient (ZBC, EBC, and PBC
respectively):
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function err = reflectanceFittingZBC(start, timel, c, p, R_eff, trueIRF);

global cnt
cnt = cnt + 1;

mu_s
mu_a

start(1);
start(2);

z_0 = (1/(mu_a + mu_s));

|
z_b=0;
D = (1/(3x(mu_a + mu_s)));

r_1 = sqrt(((z_0)"2)+(p~2));
r_2 = sqrt(((z_0 + 2%(z_b))"*2)+(p~2));

fluence_fit = (ck((4xpixckDktimel').~(=3/2))).*x(exp(-mu_akxcxtimel')).*(exp(=(((z_0)"2)+(p~2))./(4*Dxckxtimel"))-exp(=(((z_0+(2xz_b))~2)+(p~2))./(4*Dxckxtimel')));

diffuse_ref = ((1/2)((4xpikDxc)~(-3/2))*(timel'.~(-5/2)).xexp(-mu_akxcxtimel')).x((z_0)*exp(-((r_1)"2)./(4*Dxcxtimel')) + (z_0 + 2x(z_b))*exp(-((r_2)"2)./(4xDkcxtimel')));

ref_fit = (0.118(fluence_fit))+(0.306%(diffuse_ref));
ref_fit_norm = ref_fit/max(ref_fit);

trueIRF_norm = trueIRF/max(truelRF);
err=sum((trueIRF_norm-ref_fit_norm).~2); % square error

figure(6);clf

plot(timel,trueIRF_norm,'r.")

hold on

plot(timel, ref_fit_norm,'b")

set(gca, 'XScale', 'log")

drawnow

title('Reflectance Fitting for ZBC')
legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
xlabel('time [ns]')

ylabel('Reflectance [cm™-2 ns~-1]")

function err = reflectanceFittingEBC(start, timel, c, p, R_eff, truelRF);

global cnt
cnt = cnt + 1;

start(1);
start(2);

mu_s
mu_a

z_0 = (1/(mu_a + mu_s));
z_b = 2%(1/(3*(mu_a + mu_s)))*((1 + R_eff)/(1 - R_eff));
D = (1/(3x(mu_a + mu_s)));

= sqrt(((z_0)"2)+(p~2));
= sqrt(((z_0 + 2x(z_b))"2)+(p~2));

N

r_
r_

fluence_fit = (ck((4*pikxckDxtimel').”(-3/2))).*(exp(-mu_axcxtimel")).x(exp(~(((z_0)"2)+(p"2))./(4*Dxcxtimel'))-exp(-(((z_0+(2%z_b))*2)+(p~2))./(4xDxcktimel")));

diffuse_ref = ((1/2)%((4*pikDxc)~(-3/2))*(timel".~(-5/2)).*exp(-mu_a*cktimel')).*x((z_0)*exp(-((r_1)72)./(4xDkcxtimel')) + (z_0 + 2x(z_b))*exp(-((r_2)"2)./(4xDkcxtimel')));

ref_fit = (0.118x(fluence_fit))+(0.306x(diffuse_ref));
ref_fit_norm = ref_fit/max(ref_fit);

trueIRF_norm = trueIRF/max(truelRF);
err=sum((trueIRF_norm-ref_fit_norm).~2); % square error

figure(7);clf
plot(timel,trueIRF_norm,'r.")

hold on

plot(timel, ref_fit_norm, 'b")

set(gca, 'XScale', 'log")

%set(gca, 'YScale', 'log')

drawnow

title('Reflectance Fitting for EBC')
legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
xlabel('time [ns]')
ylabel('Reflectance [cm™-2 ns~-1]')
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[function err = reflectanceFittingPBC(start, timel, c, p, R_eff, truelRF);
global cnt

cnt = cnt + 1;

mu_s = start(1);
mu_a = start(2);
z

z_0 = (1/(mu_a + mu_s));
z_b = 2x(1/(3*(mu_a + mu_s)))*((1 + R_eff)/(1 - R_eff));
D = (1/(3x(mu_a + mu_s)));

fun = @(1) exp(-1/z_b).xexp(~(((z+z_0+1).72)+(p”2))./(4xD*cxtimel'));
L = integral(fun,@,Inf, 'ArrayValued',true);

fluence_fit = (c*((4*pixckDxtimel').~(-3/2))).x(exp(-mu_axcxtimel')).x(exp(~(((z-z_0)"2)+(p"2))./(4xDxcxtimel'))+exp(-(((z_0+2)~2)+(p”2))./(4*Dxcktimel"))-(2/z_b)*L);

ref_fit = (0.17x(fluence_fit));
ref_fit_norm = ref_fit/max(ref_fit);

%cutting fitting eq
% rl = find(abs(ref_fit_norm-.965)<1E-2,1,'last');
% time2 = timel(rl:end);

% trueIRF = kkexp(-beta.*time2');
% ref_fit_norm = ref_fit_norm(r

end);

trueIRF_norm = trueIRF/max(truelRF);
% ref_fit_norm = ref_fit_norm/max(ref_fit_norm);

err=sum((trueIRF_norm-ref_fit_norm).”2); % square error

figure(8);clf

plot(timel, trueIRF_norm,'r.")

hold on

plot(timel, ref_fit_norm,'b")
set(gca, 'XScale', 'log")

%set(gca, 'YScale', 'log")

drawnow

title('Reflectance Fitting for PBC')
legend('LIPID(TRUE IRF)','REFLECTANCE FIT')
xlabel('time [ns]')
ylabel('Reflectance [cm”-2 ns”-1]")
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