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Abstract: This study investigates the hypothesis that structured light
reflectance imaging with high spatial frequency patterns (f,) can be used
to quantitatively map the anisotropic scattering phase function distribution
(P (Hy)) in turbid media. Monte Carlo simulations were used in part to

establish a semi-empirical model of demodulated reflectance (R, ) in terms
of dimensionless scattering (,us fx’l) and ¥, a metric of the first two

moments of the P(6,) distribution. Experiments completed in tissue-

simulating phantoms showed that simultaneous analysis of R, spectra

1

sampled at multiple f, in the frequency range [0.05-0.5] mm~ allowed

accurate estimation of both 4, (A) in the relevant tissue range [0.4-1.8]

mm™', and y(A) in the range [1.4-1.75]. Pilot measurements of a healthy
volunteer exhibited y-based contrast between scar tissue and surrounding

normal skin, which was not as apparent in wide field diffuse imaging.
These results represent the first wide-field maps to quantify sub-diffuse
scattering parameters, which are sensitive to sub-microscopic tissue
structures and composition, and therefore, offer potential for fast diagnostic
imaging of ultrastructure on a size scale that is relevant to surgical
applications.

©2014 Optical Society of America

OCIS codes: (170.3660) Light propagation in tissues; (170.3880) Medical and biological
imaging; (170.6510) Spectroscopy, tissue diagnostics; (170.7050) Turbid media; (290.0290)
Scattering.
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1. Introduction

Light scattering in biological tissue is a complex process that occurs as photons traverse index
of refraction mismatches along their propagation path. The index mismatches are associated
with tissue morphology (e.g. cytoskeletal arrangement) and cellular ultrastructure (e.g. size
and shape of nucleus, mitochondria, other cytoplasmic organelles). Measurements of
scattering remission spectra have shown sensitivity to sub-cellular morphological changes in
biological tissue [1-8]; these observations support the use of scattering as an endogenous and
label-free contrast mechanism to differentiate between tissue types [8, 9]. Scattering
spectroscopy has important clinical implications for the diagnosis of cancers [10—-14], and for
the assessment of surgical margins to guide tumor resections [15—-17].

While scatter remission spectra are sensitive to biological structure and morphology, the
biological information that is encoded in collected spectra is dependent on the light transport
regime that is sampled. Scattering interactions between photons and tissue can be described
by a basic set of parameters including the frequency of scattering events, given by the

scattering coefficient (4, ), the probability of scattering angles, defined by the scattering
phase function(P(HS )) , and the average scatter direction, given by the first moment of the

P(8,) distribution as g, =< cos(6,) >. Photons that have experienced many scattering events

within turbid media have lost the orientation to their original direction of travel and are
considered diffuse [18]. Diffuse remission is insensitive to the direction of individual
scattering events, and can be modeled with a diffusion approximation to the radiation
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transport equation, which introduces the reduced scattering coefficient ,u; =u (1-g)) to

combine the effects of scatter frequency and directionality into a single lumped parameter
[19]. Diffusion theory is generally applicable to light that remits one or two mean scattering

lengths, i.e. 1-2 ( ,us )71 , from the source location, which in biological tissue is approximately

1-2 mm. Previous studies correlated diffuse measurements of 4, (4) with the size distribution

of scattering centers in bulk tissue [20], providing a noninvasive characterization of biological
tissue structure; however, these measurements are averaged over a large tissue volume and
are insensitive to changes in local tissue microstructure. Localized measurements of scatter
remission have been developed to interrogate small tissue volumes of interest [6, 21, 22].
When near the source, they collect a population of photons that have experienced few
scattering events, making the signal sensitive to the direction of individual scattering events
[23-25]; light in this transport regime is termed sub-diffuse. Model-based interpretation of

sub-diffuse remission spectra requires both ,u; and a parameter that describes the phase-

function-dependent probability of large-angle backscatter events which are likely to be
collected during reflectance measurements [26—28]. For forward-directed scattering media,
such as in biological tissue, the relative probability of large backscattering events is

proportional to the weighted ratio of the 1st and 2nd Legendre moments of P(6,), given by
1-g,

g andg,, as y= [24]. Approaches that have quantitated sub-diffusion scattering
&

parameters in biological tissue have classically been limited to the sampling of small
volumes, usually sub-mm [29, 30]. Imaging of localized scatter has been achieved by
mechanically scanning a fiber optic [6], and results suggest that contextual interpretation of
heterogeneous spatial-variations in scatter remission may discriminate between tissue types
and potentially guide clinical decisions [15]. However, these approaches can be time-
intensive and studies published to date did not interpret the signal in terms of underlying
scattering properties. This paper investigates the hypothesis that structured light imaging can
be used to sample a sub-diffuse reflectance signal in a wide-field acquisition geometry and
quantitate scattering properties relevant to anisotropic transport.

Guidance of clinical decisions (e.g. during surgery) often requires fast assessment of large
areas of tissue; this requirement has limited the translation and adoption of localized
quantitative spectroscopic approaches within the clinical theatre. Recently, spatial frequency
domain imaging (SFDI) has been demonstrated as a method to provide quantitative spatial

maps of 4 and the absorption coefficient (#,) in turbid media, with fast image acquisitions

over a wide field of view [31-33]. The method applies structured light to illuminate the
surface of a medium with sinusoidal intensity patterns at various spatial frequencies (f, ).

The collected signal is demodulated and optical properties are estimated from diffusion theory
[32]. The diffuse analysis invokes two important assumptions: (1) scatter dominates

absorption such that ,u; >> 4, and (2) the maximum collected f, is limited to 0.25 x4, to

0.33 4, (where g, =, for the non-absorbing case), a range of frequencies that limits the

sampling of photons which experience few scattering events. The first assumption was
addressed by Erickson et. al [34] who presented a Monte Carlo look up table to analyze SFDI
signals in highly absorbing tissues. To date, no study has directly addressed the second
assumption and quantitatively analyzed sub-diffuse remission collected from structured
illumination imaging, although related work published by Konecky et. al [35], considered
rotation of the incident illumination pattern to identify directional preferences for scatter
within a wide field of view. This unique illumination pattern was characterized as a special
case of diffuse light collection that was sensitive to the anisotropic orientation of scatterers on

-1

the order of the transport length (") in the sampled medium, but did not yield estimates of
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quantitative scattering parameters. Here, we consider structured illumination imaging patterns
with high spatial frequencies (i.e. f;, >0.33 1, ) to sample reflectance in the sub-diffuse light
transport regime and provide an analysis to extract wide field quantitative maps of sub-
diffusion scattering parameters that are sensitive to meso/micro-scale tissue structure, e.g. ﬂ;
and 7.

In this study, wide-field imaging of a localized and sub-diffuse scatter signal is achieved
by proper selection of the sampled f. which determines the sensitivity to depth within the
medium and allows dynamic selection of the sampled transport regime (i.e. diffuse or sub-
diffuse). Low frequency patterns ( f, ~0) approximate a uniform wide-field illumination, and
the resulting signal is dominated by diffusely scattered light that has travelled a wide range of
depths prior to remission. As f, is increased, the incident pattern is preserved at shallower

depths, localizing the signal towards the surface; this principle serves as the basis for depth-
resolved tomography via SFDI [31], and more recently for direct sampling of scatter
originating from the superficial tissue surface by using a single high frequency image [36].

Additionally, at high frequencies ( f, >0.33 /J;) the demodulated reflectance should contain
substantial contributions from sub-diffuse photons. The present study utilizes Monte Carlo
simulations and experiments to characterize the sensitivity of demodulated reflectance, R, ,

to the form of P(6,) over a wide range of scattering properties and sampled spatial

frequencies. A model-based approach is developed to simultaneously analyze R,(4) sampled
at multiple f, to estimate maps of u (4) and y(A4) quantitatively. The approach is
validated in optical phantoms and then used prospectively in vivo to illustrate differences in
observed parameters between scar tissue and normal surrounding skin in a healthy volunteer.
2. Methods

2.1 Structured illumination imaging device

A commercially available SFDI device (Modulated Imaging Inc., Irvine, CA, USA), shown
schematically in Fig. 1, was used in the present study. The light source was a projector
coupled to four LED light sources with wavelengths centered about [658, 730, 850, 970] nm.
The system sampled a range of f. = [0-0.5] mm™' at intervals of 0.05 mm™; higher .
values were observed to fall below the noise floor. Collection of specular reflection from the
surface of the sample was limited by the use of cross-polarizers and orienting the source

projector at an angle relative to the detector. The structured light illumination patterns were
sinusoids of the form:
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Fig. 1. Schematic of measurement setup for structured light imaging.

I[(x,y):sin(£x+¢ij (1)

with phase offsets of ¢, :[0,2?”,4?”} for i=[1,2,3]. The demodulated reflectance image

(M ,.) was calculated from the set of intensity images as

M e (6, 1) =€J(A ()= L0)) + (L) = L)) + (L) =L()) @)

at each pixel in the sampled field whereas the spatially variant DC amplitude (M ,.) was
computed from

MDC(xi)=%(ll(xl.)+lz(xi)+13(xi)). 3)

The calibrated demodulated reflectance (R,) was formed from the ratio of demodulated

intensity measured on a sample (M ,.) to the same data recorded from a siloxane titanium

dioxide reflectance standard [17] with known optical properties (M ;‘g) multiplied by an

absolute calibration coefficient informed by Monte Carlo simulations (Rf’ ' ) :

MAC (xi s fx) ref
ref Rd

M (x:, f,)

2.2 Monte Carlo model of structured light imaging

Rd (xi’f;c) = (x[’fx) (4)

This study utilized a customized version of CUDA-accelerated Monte Carlo code that has
been described in detail previously [37]. The model geometry was constructed to mimic a
point-source incident on the air interface of a semi-infinite turbid medium with thickness of
100 ¢m and a maximal radial distance of 20 cm from the source location. The index of
refraction of the medium and air were specified as n =137 and n, = 1.0, respectively.

‘medium
Both source and detector were oriented normal to the medium/air interface with numerical
apertures specified as N4 = 0.15. Photons that scattered within the medium and remitted
across the medium/air interface within the cone of acceptance for the detector were collected.
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The simulation returned the radial distance between incidence and remission (), which was

discretely binned with a spacing of 0.1 mm.
Simulations were performed over a wide range of scattering parameters. The modified

Henyey-Greenstein form of P(6,) was selected to allow independent modification of g,
and g, [38]. Optical properties were specified to simulate a range of ﬂs' =103,05,1,3,5,
10] mm™ for 18 unique phase combinations of g, =1[0.75,0.85,0.95] and y =[1.3,1.4, 1.5,
1.6, 1.7, 1.8, 1.9]; in each simulation u was selected to return the appropriate ,uS' for a
specified g,. In all, 108 independent simulations were performed, each initializing 108

photons.
To convert the spatially resolved MC outputs of R, (p) to spatial-frequency resolved

reflectance, R, (f.), a 1-D Hankel Transform was performed as in [32]:

R,(£)= 2P (LPIR(PIAP, )

where J,(f.p,) is the zeroth-order Bessel function of the first kind. This transformation was

used to estimate R, (f,) for 50 spatial frequencies over the range [0-2.0] mm™". Equation (5)
was applied to all MC simulated measurements to yield 5400 combinations of

R, =f(u.7.1.).
2.3 Semi-empirical model of demodulated reflectance

Monte Carlo simulations of R, were used to inform the development of a semi-empirical

model expressed as a function of 4, , 7, and f. . The model structure follows from previously

published expressions of single fiber reflectance intensity [28, 38—40], and is based on the
idea that R, exhibits a y-specific proportionality vs. dimensionless scattering given as the

product of g, £

(,U;fx_] )(*é“:}’)

Gy (i)

where the fitted parameters include 77, which represents the collection efficiency of the

R, (4,7, 1) = 77(1+(§47,—2 )(ﬂéf;‘ )Hﬂ)) o

detector, and ¢, for i=[1,2,3,4], which are fitted coefficients used to capture the dynamics

in demodulated reflectance observed in response to changes in ,us' /7' and y. Model

coefficients were estimated by minimizing the difference between simulated and model-
estimated values of demodulated reflectance using the Isgnonlin subroutine in Matlab, where
the 95% confidence intervals were determined for each fitted parameter using the Matlab
niparci subroutine [41].

2.4 Model-inversion of R, (A, f.) to estimate u,(A) andy(A)

Equation (6) provides an accurate forward model to describe R, (4,f.) in terms of u, (A)

and y(A). However, estimation of the scattering properties from a single R, (4,f,) is

complicated by the coupled influence of both variables at each sampled wavelength, resulting
in an underdetermined inversion problem. Building on previous work [38], the inversion
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process can be successfully achieved by analyzing R, (4, f.) sampled over multiple length
scales (i.e. f.). Estimation of (A) is performed by specifying a wavelength-dependent
model for 4, (A), which has been shown to follow a power-law in biological tissue in the
visible to near-infrared region for 4 <500 nm [42] given as i, (A1) =a(A/ )" with fitted
parameters [a,b]. The spectral characteristics of ;/(/1) in biological tissue are not well

understood, and few studies have reported on them [8, 29, 43, 44]; hence, 7/(/1) is estimated
independently at each sampled wavelength. Thus, for the SFDI device utilized in this study,
which sampled reflectance at four wavelengths per spectrum, the inversion approach
estimated six parameters (i.e. two for [a,b] to define y, (4) and four to define y(A) at each
of the four wavelengths).

The present study presents a detailed example of the inversion algorithm that is employed
on a spectrum representative of a ‘simulated phantom’ constructed from Monte Carlo data
with 3% noise. The example case mimics the experimental device with sampled A in the
range [658-970] nm with 4, (A) =[1.2-0.8] mm™ and y(A) = [1.7-1.4]. Deployment of this
inversion method to analyze experimental measurements involved fitting of R, (4,f,) on a
pixel-by-pixel basis within the field of view. Experimental data were analyzed with a custom
Matlab fitting algorithm operating on 4 compute cores in parallel, and a representative image
required 15 minutes on average to estimate £, (A)and y(A4) for all pixels within the sampled
field of view along with the 95% confidence intervals for the fitted parameters. The accuracy
of model estimates was evaluated in terms of the mean residual (£) between the estimates
and their known values.

2.5 Structured light imaging of tissue-simulating phantoms and a healthy volunteer

Liquid phantoms were prepared by diluting amounts of Intralipid 20% (Frenius-Kabi, Bad
Homburg, Germany) with phosphate buffered saline. Phantoms were prepared in volumes of
7 mL with dilutions yielding lipid percentages in the set: [0.6, 0.8, 1.0, 1.2, 1.4, 1.6] %. This
dilution set produced u; = [0.4-1.8] mm™ and y = [1.4-1.75] in the [658-970] nm
wavelength range as defined previously by Michaels et. al [45]. Structured light images were
acquired with the phantoms arranged on a black tray where the diameter of each sampled
phantom was 25 mm within the full field of view [140 mm x 114 mm]. Images were generated
for all phantoms in a single field of view with an exposure time that was automatically
adjusted for each sampled wavelength, and each intensity was corrected for differences in
exposure time. Images of phantoms were analyzed using Eq. (6) fit to Monte Carlo
simulations were selected to mimic phase functions observed in Intralipid (i.e. four phase
functions with g, = [0.4, 0.6, 0.5, 0.7] and y = [1.4, 1.5, 1.6, 1.7]) [45]. Images were
thresholded to identify regions of the liquid phantoms from the black background. Model
fitting was performed using Eq. (6) to estimate £ (4)and y(4) on a pixel-by-pixel basis.

Structured light imaging was also performed on the skin of a healthy volunteer. The
imaged field of view included scar tissue from a previous superficial injury that had since
healed. Color photographs of the sampled area were also taken. The skin measurements were
analyzed using Eq. (6) from the full set of Monte Carlo simulations (i.e. all 18 phase
functions), and reflectance maps were analyzed on a pixel-by-pixel basis.
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Fig. 2. Reflectance intensity expressed on various scales: spatial (left), spatial frequency
(middle), dimensionless scattering (right). The top and bottom panels show reflectance for
different scattering phase functions (as noted by the ¥ -values). The right panel presents the

¥ -specific relationship between reflectance and dimensionless scattering.

3. Results

3.1 Characterization of the sensitivity of structured illumination imaging to sub-diffuse
scattering parameters

Figure 2 shows demodulated reflectance intensity expressed vs. distance, p (left column),
spatial frequency, f, (middle column), and dimensionless scattering, 4, f."' (right column).
Data in the top and bottom rows present remission intensities for different P(6,), with the
backscatter probability higher in the top relative to in the bottom row (defined by ¥ = 1.3 and
7 = 1.9, respectively). The left column of Fig. 2 shows R, (p) returned by Monte Carlo

simulations; these data exhibit an exponential decay in intensity as the distance increases
from the source, with the rates of decay dependent on ,u; as shown for ,us =1[0.4-10] mm™.

A 1-D Hankel transform was used to convert R, (p) to R,(f.), as shown in transition to
from the left to the middle column. The R,(f,) data suggests two distinct trends: (1)
R, (f.) increases in response to increases in £, and (2) R,(f.) increases in response to
decreases in f,. Closer inspection reveals a coupled dependence of R,(f.) on 4, and f.,
with a 10-fold increase in 4 from 0.5 to 5 mm™ at constant f. =0.1 mm™ yielding a 6-fold
increase in R, (f.); the same change in reflectance is introduced by a 10-fold decrease in f,
from 0.05 to 0.5 mm™ at constant ﬂ; = 1.0 mm™. The right hand panel of Fig. 2 expresses
R,(f.) vs. u,f" and indicates how 4 and f,' interchangeably affect R,(f.). The

dimensionless representation of the data also shows distinct transport regimes that depend on
the magnitude of &, £, . For high x4, f7' values (i.e. >10), R, (f,)is insensitive to P(6,)

s

with no observable differences in R, ( f.) for different y. The rationale for this observation is

that these photons have experienced many scattering events and are completely insensitive to
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the direction of any individual scattering event. For low g, /" values (i.e. <10), R, (f.) has

a y-dependent slope vs. ,us' /. Here, phase functions that specify a higher probability of
backscatter yield higher remitted reflectance intensity for the same dimensionless scattering
value. For example, at 4 f' =1, R, (f.)experiences a 4-fold increase between ¥ = 1.9 and

7 = 1.3. These data provide an example of the profound influence that both 4 and yhave
on remittance sampled in the sub-diffuse transport regime.

3.2 Semi-empirical model of R, ( 2 fX)

Monte Carlo simulations returned R, ( f, ) for a wide range of 4, =[0.3-10] mm™, g =1[0.75-
0.95], y =[1.3-1.9] and f, =[0-1] mm™. These results were used to fit the semi-empirical
model of R, (f.) given in Eq. (6). Figure 3(a) shows both simulated data points (symbols)
and model predictions (black lines) vs. ,uS' £ The model captures the important dynamics of
the R,(f.) vs. 4, f7" relationship, including a y-dependent slope for low 4 f', and a

saturating y -independent value at high 4 f". These model fits were obtained by estimating

the coefficients as 7=0.003%1.le”, {,=68.6£3.3, {,=098+0.01, ¢, =0.61+0.01,
£, =16.6£0.94. The confidence intervals for the fitted parameters are small compared to
their respective estimates, confirming the appropriateness of the selected parameter set. The
resulting estimates of R} (f.) showed high quality fits to R,(f.) from the MC
simulations with a mean residual of £ < 6% and a Pearson Correlation coefficient of 0.998.
Figure 3(b) presents the model estimates vs. MC simulated R, ( f, ), which indicate the high
quality of the fits across multiple orders of magnitude.

100 (a) ! ! 10° (b)
_ NN '
= 107 S, 10
§. <13 E\‘
o 5 s 8
1073 : 16 EQ:‘G 107 4
: 1.7
; 1.8
o4 7 : < 1.9 |
1010’1 10° 10' 10° 1057 ‘8imulatiorio:. 10°
imulatio
WF Ay o]
sdx d

Fig. 3. (Left) Reflectance intensity vs. dimensionless scattering as simulated by Monte Carlo
models (markers) and predicted by the semi-empirical model (lines). Here, different colors
indicate different } -values of the scattering phase function. (Right) Simulated vs. model-
estimated reflectance with the line of unity slope included for visualization of the linearity of
the relationship.

3.3 Model inversion of measured R, (A, f.) to estimate u,(A)and y(A)
The forward-model given in Eq. (6) was used in an inversion algorithm to extract estimates of
4, (A)and y(A)from measurements of R, (4, f,) sampled at multiple f, . Figure 4 shows an

example of these results within a simulated optical phantom with R, (4, f,) assembled from
the Monte Carlo data (with 3% noise added). This example phantom specifies
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4, (A)=(A/800)™" in units of mm, and a wavelength-dependent decrease in ¥(A) in the
range [1.7-1.4], the spectral profiles of which are displayed in Figs. 4(b) and 4(c),
respectively. Figure 4(a) displays R, (A, f,) where marker colors indicate the sampled f, =

[0.05-0.5] mm™ and marker shapes define each A = [658-970] nm. These data suggest that
the wavelength-dependent remission slope is different for different f. values. Figure 4(d)

shows the R, (A, f.) vs. i, 17" relationship with a wavelength-dependent slope that depends
on y(A). The annotations in Fig. 4 reveal the interconnected flow of information within the
fitting procedure for R, (4, f.), which interprets both the A -dependent differences at each
sampled 1., and g, f ' -dependent differences at each sampled A . Simultaneous fitting of
the R,(A,f.) data in Fig. 4(a) accurately recovers i, (1) (£<2%) and y(1) (£<1%)

over the sampled wavelength range. These results provide the theoretical proof that
R,(A,f.) sampled at multiple f, can be used to break the similarity relationship

between 4, (A) and ¥(4).
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R, vs. i,/ f. &
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Fig. 4. Inversion of demodulated reflectance model using simulated data. (a) Demodulated
reflectance spectra sampled at multiple spatial frequencies (color markers) from a medium
with background scattering properties, ¥ (/1) and ,u (ﬂ) , specified with the color markers in
(b) and (c), respectively. (d) Reflectance from spectra in panel (a) plotted vs. dimensionless
scattering clearly showing a ¥ -specific slope. Here, different symbols indicate wavelength,
and colors define spatial frequency. The inversion algorithm returns a fitted estimate of
reflectance (shown as black lines in (a)) and estimates optical properties (shown by black
markers in (b) and (c)).
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Fig. 5. Experimental measurements of structured light in Intralipid phantoms. (a) Sampled
lipid volume fractions. (b) Diffuse intensity map ( f, = 0.0mm™" ). (c) and (d) show spatially-
resolved estimates of ,u: and ¥ at 730 nm. (e) Spectrally resolved u‘/ (/1) in each phantom. (f)
Corresponding estimates vs. known ,u; values. (g) }/(/1) spectra in each phantom. (h)
Corresponding estimates vs. known ) values.

3.4 Experimental validation of sub-diffuse scattering imaging in optical phantoms

Figure 5(a) shows experimental measurements of Intralipid-based optical phantoms
containing a range of lipid percentages = [0.6-1.6]% within the field of view. Figure 5(b)
presents a wide-field monochromatic reflectance image ( f, =0.05mm™ at A=730nm)
having increased remission intensity associated with increased lipid percentage. Figure 5(c)
contains a map of . (730nm) estimates in the imaged phantoms. These data show
proportionality between ﬂs and the lipid percentage, which is expected because an increase
in the lipid volume fraction increases the number of scatterers within the turbid medium, and
in turn the remitted reflectance. Figure 5(e) shows z, (4) spectra for both model-estimated

(symbols) and known (lines) values; these spectra were evaluated from R, (A4, f,) remission

at the center of each imaged phantom. Figure (f) suggests good agreement exists between
estimated and known £ (1) over the full range of 4, = [0.4-1.8] mm™ with & <16% ; the

black line with a slope of unity is included for visualization of the quality of the linear
relationship. Figure 5(d) shows an image of y(730nm) estimates in each of the phantoms.

Because yis an implicit scattering parameter, the true value of yis unchanged between the
different volume fractions of lipid, with y(730nm)=1.65 in all phantoms within the image.
Model estimates accurately predict this invariance with the average in the six phantoms
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yielding 7(730nm)=1.69%0.1. Figure 5(g) contains y(A) spectra for both model-estimates
(symbols) and known values (lines). Figure 5(f) indicates good agreement for the values of y

= [1.4-1.75] investigated over the measured wavelength range with £ < 6% . The data in Fig.
5 validate the ability of model-based analysis of structured light to image spectral-variations
accurately in sub-diffuse scattering parameters within a wide field of view.
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Fig. 6. Measurement of the scar on the hand of a healthy volunteer. (a) Color photograph. (b)
and (c) shows a reflectance remission intensity maps for low ( f = 0.0mm™ ) and high
(f = 0.5mm™ ) spatial frequencies, respectively. (d) and (e) show spatial maps of /1 and Y at
730 nm. (f) and (g) show /1; (ﬁ.) and (1) spectra evaluated at point locations within the scar
(red markers) and normal skin (blue markers), with the measurement locations shown by the
red and blue arrows in (c).

3.5 Preliminary in vivo imaging of a superficial scar

Structured light imaging was performed on a healthy volunteer who had a superficial scar
located on the posterior side of the left hand near the distal end of the second metacarpal
bone, as shown in Fig. 6(a). Figures 6(b) and 6(c) present diffuse (£, =0.05mm™" ) and high

frequency (f.=0.5mm™) images of demodulated reflectance intensity. The scar is

distinguished by a bright area of contrast on the high frequency image in 6(c) and is
highlighted by the red arrow; this contrast is absent in the diffuse image in 6(b). Figures 6(d)

and 6(e) show spatial maps of 4, and ¥ at 730 nm, respectively. Spectral descriptions of

both parameters are provided in Figs. 6(f) and 6(g), with these spectra originating from point
locations denoted by arrows: blue (indicating normal skin) and red (indicating the scar). The

map of x  does not provide obvious contrast between the superficial scar and surrounding
normal tissue. However, substantial contrast is observed in ¥ between normal and scar tissue

both in the spatial map and spectral profiles, with a maximum difference of 25% at 850 nm.
These data suggest that imaging of sub-diffuse scattering parameters may provide
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endogenous contrast to differentiate between tissue types, even when tissues appear similarly
under diffuse optical sampling.

4. Discussion and conclusions

This study investigated the use of structured light to image scattering properties quantitatively
in turbid media that are relevant to anisotropic transport in the sub-diffusion regime. Monte
Carlo simulated data were used to develop a semi-empirical model of demodulated

reflectance, R,, in terms of dimensionless scattering expressed as x4, f.', and 7, a
descriptive metric of the backscatter probability defined by P(6,). Model-based estimation
of both 4, (A1) and ¥(A) was achieved by simultaneously fitting R, (4, f.) sampled at
multiple f, . This approach was experimentally validated in Intralipid phantoms, and provided

accurate estimation of sub-diffuse scattering properties over the range: z = [0.4-1.8] mm™
and ¥ =[1.4-1.75]. These data offer a unique multi-dimensional tissue assessment in terms of
spatial as well as spectral variations in multiple scattering parameters. Pilot imaging results
from a superficial scar on a healthy volunteer returned maps of y(A) that provided clear

spatial demarcation between the scar and surrounding normal skin. While this preliminary in
vivo image did not provide definitive confirmation of the differences in tissue structure
between the sampled scar and normal skin, scar tissue is widely appreciated to contain
differences in collagen composition relative to normal skin [46, 47], and this difference is
attributed to be the source of the observed y-based contrast associated with the location and

shape of the scar in the image.

Structured light imaging samples scatter remission from turbid media in an epi-collection
geometry in which the detection area overlaps the area that is illuminated with the sinusoidal
pattern. This configuration enables collection of both diffuse photons that have scattered
many times, and sub-diffuse photons that have anisotropically scattered only a few times. By

placing an upper limit on the sampled spatial frequency of f, <0.33 g, the signal inherently
contains more diffuse photons and limits the sensitivity of reflectance to P(6,) [32]. Using

the data in Fig. 3, it is possible to estimate the error introduced into the classical SFDI
measurement of a turbid medium that is caused by lack of prior knowledge of the phase

function. Assuming measurements of a purely scattering medium with ,u; =lmm™ with f, =
0.33mm™" would correspond to ,u; f.'=3, a dimensionless scattering value that shows
substantial sensitivity to P(6,) can be found with a 42% variation about the median R, for
yin the range [1.3-1.9]. Sampling the same medium at a lower maximum spatial frequency
f. = 0.15mm™" would correspond to £ f7' =6.7 and reduce the y-associated variability in
R, to 20%. This calculation considers a wide range of y-values, and the y-based distortions

in biological tissue are likely to be less than these limits. These data support the concept that
with proper selection of f, , analysis using diffusion theory is appropriate. The data also show

the substantial influence that P(6,) has on R, sampled above these limits. In the low

dimensionless scattering region ( ,u; f:'<6), the demodulated reflectance can become

dominated by the sub-diffuse signal, and substantial variations in remission intensity can be
caused by either changes in the number of scatters or changes in the scattering phase function.

For example, at ,u; /7' =1 a4-fold difference in R, is observed between y =13 and y =
1.9. This difference in R, equates to a change in 4. f.' by a factor of 4 for y = 1.9, or
conversely, a change in _f."' by a factor of 11 for ¥ = 1.3. Thus, these data suggest that
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diffuse analysis of SFDI may require careful selection of f, especially in weakly-scattering
media in order to avoid y-based errors in 4 obtained by diffusion theory.

The approach developed in this paper allows estimation of ,u; (A) and y(A) from
R,(A, f.) spectra that are sampled in a scatter-dominated turbid medium. A key component
of the method is that sampling of R,(4, f.) at multiple f, values identifies a ¥ -specific R,

vs. ,u; £ proportionality, and this analysis assumes that background absorbers do not
attenuate the reflectance remission intensity. Reflectance sampled at high spatial frequency
patterns is insensitive to a wide range of background absorption (i.e. f, =0.5mm™) [32];

however, reflectance sampled at lower spatial frequency patterns is sensitive to absorption.
Simulations were performed to estimate the influence of background absorption on the
remission spectra in tissue-simulating phantoms. A phantom composed of 99% water and 1%

lipid is expected to have a maximum absorption at 970 nm of x, =0.05mm™" ; a factor that is

3 to 30-fold greater than the g, at the other sampled wavelengths. This g maxima

1

corresponds to a ,u; / u, ratio of ~20, and when sampled at f_ =0.lmm~ absorption only

introduces a 10% decrease in R, (data not shown). Previous work has shown that sub-diffuse

scattering parameters can be estimated in the presence of strong absorbers by utilizing a
model to estimate reflectance remission in the absence of absorption [39, 40], a calculation
that is informed by a basis set of chromophores, the specific absorption coefficients of the
chromophores, and a model-based estimate of the photon path length within the medium [48,
49]. In the present study the experimental device only samples four wavelengths, and does not
provide adequate spectral information to fit both the scattering and absorption properties.
Future investigations will consider optimization of the structured illumination design sample
sets of wavelengths and spatial frequencies necessary to estimate scattering properties in the
presence of strong biological absorbers.

It is also worth noting that the sub-diffusive imaging approach developed in the current
study was tested and validated in homogenous optical media and then applied to
heterogeneous tissue. The appropriateness of this transition is based on the principle that the
sampled scatterers are relatively constant within the areas defined by the (local) spatial
frequencies used in the illumination. Future investigations will consider the influence that
structural heterogeneities (e.g. layered tissue) may have on the sub-diffuse parameter
estimates.

The present study represents a proof-of-principle that structured light imaging can be used
to map spatial variations in sub-diffuse scattering parameters quantitatively. While previous

studies have achieved independent estimation of 4, (4) and metrics of the P(6,) such as

7(4), they have been limited to microscopic fields of view (i.e. sub-mm length scale) [8, 12,

29, 43]. The structured illumination imaging approach described here has three important
benefits for imaging of scatter-based contrast in tissue: (1) the scatter properties are localized
to the superficial tissue, (2) the sampled field of view is large (i.e. on the scale of tens of cm),
and (3) measurement of remission at multiple spatial frequencies can be used to break the
similarity relationship between scatter frequency and directionality. Independent assessment
of spatial variations of multiple spectroscopically resolved parameters may provide a multi-
dimensional basis for characterizing differences between tissue types.
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