
	   	  

LOCALIZED SPECTROSCOPIC IMAGING FOR THE DETECTION AND 
DISCRIMINATION OF SURGICAL BREAST TISSUE PATHOLOGIES 

 
A Thesis 

 
Submitted to the Faculty 

 
in partial fulfillment of the requirements for the 

 
degree of 

 
Doctor of Philosophy 

 
by 
 

ASHLEY MARIE LAUGHNEY 
 

Thayer School of Engineering 
 

Dartmouth College 
 

Hanover, New Hampshire 
 

May, 2012 
 

Examining Committee: 
Chairman_________________________ 

Brian W. Pogue 
 

Member__________________________ 
Keith D. Paulsen 

 
Member__________________________ 

Wendy A. Wells 
 

Member__________________________ 
Venkataramanan Krishnaswamy 

 
Member__________________________ 

    Bruce J. Tromberg 
 
___________________ 
Brian W. Pogue 
Dean of Graduate Studies    
 



	  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



	  ii	  

Abstract   

Two localized spectroscopic imaging methods were investigated to detect and 

discriminate microscopic pathologies at the surface of excised breast tissues in order to 

improve resection completeness during breast conserving surgery.  A scanning in situ 

spectroscopy platform was designed to explore nearly coherent scatter-imaging 

signatures of breast pathologies by raster-scanning a 100µm spot over a 1cm2 field of 

view.  Localized spectroscopic texture and shape signatures from 1mm2 areas were 

diagnostically discriminant (benign from malignant pathologies could be distinguished 

with 90% sensitivity and 93% specificity) and enabled quantification of known tissue 

heterogeneities.  The second, near-infrared imaging technique, spatial frequency domain 

imaging (SFDI), was used to image fully resected tissues with wide-field localization 

according to the spatial modulation transfer function.  Structured illumination patterns 

preserved signal localization in this diffuse acquisition geometry and were used to 

quantify sub-surface tissue absorption and scattering at greater depths.  Malignant and 

benign tissues could be distinguished with 79% sensitivity and 93% specificity, and 

higher order pathology subtypes were identified with 82% accuracy by both systems.  

Discrimination was highly specific and mainly limited by sensitivity to under-represented 

pathologies. Raster-scanned scattering signatures were readily diagnostic and more 

sensitive to pathology subtypes like DCIS, but SFDI performed comparably when 

combined with supervised learning methods and evaluated larger tissue fields. 

 For both acquisition geometries, optical parameters were quantified according to 

analytic models of light transport.  Shape and texture parameters extracted from localized 

spectroscopic images gave new contrast mechanisms and increased sensitivity to ductal 
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carcinoma in situ from 49% to 89%. A feature-ranking algorithm determined that the 

spectroscopic scattering irradiance or scattering amplitude and the image shape features, 

Euler number and fractal dimension, contributed most significantly to a local diagnosis. 

This purposeful application of localized spectroscopic imaging could enable rapid, 

optical assessment of microscopic pathology in intact surgical tissues and the data 

analysis program was designed to support the future development of spectral imaging 

tools. 
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Chapter 1:  Introduction and Overview 

1.1 Project rationale 

Localized spectroscopic imaging techniques were developed to discriminate microscopic 

pathologies at the surface of intact, surgical specimens for improving resection 

completeness during breast conservative therapy. Breast conserving therapy (BCT), 

which includes local tumor excision followed by moderate-dose radiation therapy, is the 

standard of care for patients with early invasive breast cancers (Stage I&II) and for 

patients with advanced disease (Stage II&III) whose tumor burden is successfully 

reduced with neo-adjuvant therapy; it has been demonstrated to be equally as safe and 

effective as mastectomy when surgical margins are clear of residual disease[1, 2]. During 

conservative surgery, the suspected lesion is removed with a targeted layer of grossly 

normal tissue (~1cm thick).  Colored inks are superficially applied to define a margin for 

post-operative assessment of residual disease[3].  Pathologists microscopically assess 

tissues at or near the margin for residual disease – if residual disease is identified, the 

probability of local recurrence is strong and the standard of care is re-excision surgery[4-

6].  Margin assessment is critical for local disease control, but is routinely performed 

post-operatively because the surgeon lacks tools for this.  At Dartmouth-Hitchcock 

Medical Center (DHMC), as well as most academic medical centers, re-excision of a 

margin is standard-of-care if invasive tumor is at and/or ductal carcinoma in situ (DCIS) 

is less than 1mm from ink.  Prospective, randomized trials have shown that one breast 

cancer death is prevented for every four local recurrences avoided[7]; consequently 20-

40% of patients undergo re-excision due to close or positive margins[8].  Detection of 

residual disease at the time of primary surgery, rather than post-operatively by 
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histopathology processing, could reduce the well-documented risks, costs and 

psychological effects caused by repeated surgery [9, 10]. 

 Optical spectroscopy has increasingly been explored as a powerful alternative to 

standard histological processing during surgery – specifically, localized spectroscopy has 

demonstrated an ability to distinguish microscopic diagnoses in situ.  Spectroscopic 

measures appear to adequately represent physiological changes in the local 

microenvironment, but parameters related to tissue structure are heterogeneous and their 

spatial patterns are likely under-sampled or underutilized. Optical scattering is exquisitely 

sensitive to the anatomical manifestations of disease that are perceived by pathologists.  

This is because malignant transformations like hyper-proliferation of epithelium, nuclear 

crowding and enlargement, and desmoplasia, are characterized by refractive index 

fluctuations. Obvious tradeoffs exist between maintaining sensitivity to microscopic 

ultra-structure (here used as the diagnostic gold standard) and imaging fields that 

sufficiently account for known, intra-patient heterogeneity. 

In this thesis, two localized spectroscopic imaging methods were investigated to 

discriminate pathologies in intact, breast surgical specimens. A scanning in situ 

spectroscopy platform was designed to evaluate nearly coherent scatter-imaging 

signatures of breast tissue pathologies.  Its spot size was constrained by light transport 

principles to ~100μm and the scanning-beam approach to spectral image acquisition 

yielded rapid, full coverage of pathologically relevant field sizes (1cm2).  Spectroscopic 

image features from 1mm2 areas were diagnostically discriminant and enabled 

quantification of known tissue heterogeneities.  Despite its inherent mimicry of pathology 

(evaluating microscopic features in the context of a 1cm2 field) a specialized near-
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infrared (NIR) planar imaging modality was also explored for wide field localization of 

tissue optical signatures.  Spatial frequency domain imaging (SFDI) resolved sub-surface 

tissue optical properties using a harmonically varying plane wave source and analysis of 

the spatial-modulation transfer function (s-MTF)[11]. Structured illumination patterns 

enhanced signal localization and the spatial frequency dependence of diffuse reflectance 

was used to uniquely separate absorption and scattering effects.  High spatial frequencies 

were sensitive to short pathlength phenomenon, primarily scattering by local fluctuations 

in tissue morphology. Continuous illumination was sensitive to both absorption and 

scattering. SFDI detects photons that are neither coherent nor diffuse, and probes optical 

parameters complimentary to those sampled by the scanning in situ spectroscopy 

platform.  We show its volume-averaged measures provide disease-specific contrast 

when spectral absorption and scattering features are interpreted together.   

In total, nearly 100 surgical tissues were imaged to characterize the local 

spectroscopic signatures of breast pathologies.  Absorption and scattering parameters 

were extracted via least squares fitting of measured spectroscopic intensities to analytical 

models of light transport.  Shape and texture parameters were additionally extracted from 

spectroscopic images to enhance diagnostic performance.  All images were interpreted 

according to histopathology, here used as the diagnostic gold standard, for directed 

clinical relevance. The relationship between spectral parameters and tissue morphology 

was explored to improve data acquisition/analysis strategies. Supervised and 

unsupervised classification algorithms were developed to estimate a tissue diagnosis and 

the iterative feature-ranking algorithm, Sequential Floating Forward Selection (SFFS), 

was implemented to rank the contribution of each spectral parameter to a diagnosis. This 
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purposeful application of spectroscopic imaging could enable rapid, optical diagnosis of 

pathology in intact surgical specimens.  Analysis strategies were designed rationally 

according to:  (1) feature selection of biologically relevant spectral parameters, (2) 

feature extraction of spectroscopic spatial patterns for enhanced diagnosis, (3) feature 

classification for a multi-parametric diagnosis, and (4) feature ranking to optimize data 

acquisition and system design.  
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1.2 Background 

1.2.1 Breast conserving therapy 

Breast conserving therapy (BCT), which includes local tumor excision followed by 

moderate-dose radiation therapy, is the standard of care for patients with early invasive 

breast cancer (Stage I and II) and for patients with advanced disease (Stage II and III) 

whose tumor burden is successfully reduced with neoadjuvent therapy (1990 NIH 

Consensus Report[12]). The American Cancer Society estimates that nearly 300,00 new 

cases of breast cancer were diagnosed in 2011 and of these, 60-75% opted for 

conservative therapy as an initial treatment.  Most breast cancers are identified by 

mammography and a differential diagnosis is confirmed by tissue biopsy.  Magnetic 

resonance imaging (MRI) is used to establish the appropriateness of BCT by evaluating 

disease extent and the contra-lateral breast[13].  During conservative surgery, a 

curvilinear incision is made over the carcinoma and the suspected lesion is removed with 

a targeted layer of grossly normal tissue (~1cm thick).  A different color of ink is applied 

to each surface of the specimen to define the spatial orientation of the margins for post-

operative assessment of residual disease[3]. The affected breast is subsequently irradiated 

to destroy any unapparent, residual cancer.  The primary goal of conservative surgery is 

to ensure that enough cancer is removed for effective eradication of microscopic disease 

by radiotherapy.    

Prospective, randomized trials have demonstrated that BCT and mastectomy 

provide equivalent survival rates[1, 2]; however, the probability of local recurrence is 

definitively higher in patients whose surgical margins are positive for residual cancer.  

Margins are classified as positive when tumor cells are on the inked surface and negative 
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when tumor cells are not found within a fixed distance of the ink (distance varies between 

1-5mm between institutions), and close when tumor cells are found between the ink and 

the negative boundary.   

	  

Figure	   1.1	   (a)	   Example	   of	   a	   positive	  margin:	   	   invasive	   ductal	   carcinoma	   involving	   the	   caudal	  margin	  
(green	  ink).	  (b)	  Example	  of	  a	  close	  margin:	  DCIS	  within	  1mm	  of	  the	  deep	  resection	  margin	  (black	  ink).	   

Margin assessment is critical for local disease control and is routinely performed post-

operatively because the surgeon lacks intra-operative assessment tools. Pathologists 

grossly assess the resected specimen and sample tissues at or near the margin for 

microscopic evaluation – if a surgical margin is positive for residual cancer, the 

probability of local recurrence is strong and the standard of care is re-excision surgery[4-

6].  More than 65% of recurrences appear within a few centimeters of the primary 

excision site, indicating that they likely develop from tumor cells intended for resection, 

but missed during the initial procedure[14].   

It is still not clear that obtaining a more radical margin decreases local recurrence 

rates after BCT.    Most studies indicate that patients with negative or close margins (1-

3mm) have equivalently low recurrence rates in the ipsilateral breast[15, 16].  In fact, 

almost half of all patients undergoing lumpectomy have no detected, residual cancer in 

the re-excision specimen (51.8% detected for positive-margins, 34.1% detected for  

close-margins ≤ 3mm) and the negative margin distance has not been correlated with 

increased detection of residual tumor[17]. Table 1.1 lists key studies linking margin 
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status to local recurrence for stage I/II invasive ductal carcinoma (IDC) treated with BCT 

(adapted from review by Singletary[18]). 

Reference # Patients Margin status 
(Invasive CA) 

Frequency of 
Detection (%) 

Local Recurrence (%) 
(median follow up time) 

[19] 134 Positive  27.61 22      (45 months) 
Close (<=1mm) 20.90 11      (45 months) 
Negative 51.49 3        (45 months) 

[15] 292 Positive  44.86 16    (109 months) 
Close (<=1mm) 18.49 2       (109 months) 
Negative 36.64 3       (109 months) 

[20] 486 Positive  38.68 19    (123 months) 
Close (<=1mm) 19.34 7      (123 months) 
Negative  41.98 7      (123 months) 

[21] 451 Positive  2.88 8        (84 months) 
Close (<=2mm) 4.66 6        (84 months) 
Negative 92.46 6        (84 months) 

[22] 198 Positive  12.12 22   (120 months) 
Close (<=2mm) 8.59 24   (120 months) 
Negative 79.29 2     (120 months) 

[23] 1262 Positive  12.04 12     (76 months) 
Close (<=2mm) 11.25 14     (76 months) 
Negative 76.70 7       (76 months) 

[16] 161 Positive  2.48 25    (54 months) 
Close (<=3mm) 21.74 3      (54 months) 
Negative 75.78 3      (54 months) 

[24] 506 Positive  12.85 16   (66 months) 
Close (<=3mm) 21.34 6     (66 months) 
Negative 65.81 2     (66 months) 

Table	  1.1	  Summary	  of	  studies	  investigating	  the	  relationship	  between	  surgical	  margin	  status	  and	  local	  
recurrence	  rates. 

Margins positive for residual cancer are associated with 8-25% local recurrence rates, 

whereas close (1-3mm) and negative margins show similarly low local recurrence rates 

(2-7%) in the majority of these reported studies.  Two studies show higher recurrence 

rates for close, as compared to positive margins; however, these studies sampled a 

relatively small population of close margins [22, 23].  In fact, all studies that define the 

“safe” tumor-margin distance as not less than 1mm, detect negative margins with much 

higher frequency, suggesting that these institutions, in general, take a more aggressive 

surgical approach. In most studies, close margins are detected in ~20% of patients, so 

even detecting residual cancer just superficially would have significant clinical impact.  
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At Dartmouth-Hitchcock Medical Center (DHMC), re-excision of a margin is standard-

of-care if invasive tumor is at the inked margin border or if ductal carcinoma in situ 

(DCIS) is less than 1mm from the inked surface.  A 1mm margin is examined for DCIS 

because it tends to be multi-focal and interspersed within normal tissues [18].  

A recent meta-analysis performed by the Early Breast Cancer Trialists’ 

Collaborative Group linked recurrence to mortality, suggesting that over a fifteen year 

period, one breast cancer death is prevented for every four local recurrences avoided[7]. 

Consequently, 20-40% of patients undergo re-excision due to close or positive margins[8].  

At DHMC in 2010, invasive cancer was detected at the margin and in situ cancer was 

detected at or within 2mm of the margin in 20% and 23% of patients treated with BCT 

for invasive carcinoma (N=129), respectively, yielding a 43% re-excision rate (36% 

actually re-excised). A 36% re-excision rate was observed in patients treated with BCT 

for pure DCIS from 2007-2011 (N=174).  The impact of multiple excisions on local 

recurrence is not yet clear because the definition of a surgical margin varies between 

institutions and breast imaging and radiation treatment have progressed considerably over 

the past two decades.  One study reports that five and ten-year local recurrence rates are 

not impacted by the need for multiple re-excisions when controlling for factors like 

neoadjuvent therapy and subsequent mastectomy[25].  However, detection of residual 

disease at the time of primary surgery, rather than post-operatively via histopathology 

processing, offers clear value to the patient by reducing the well-documented risks, costs 

and psychological distress caused by repeated surgery[10, 26].  If residual tumor was 

detected at one or more margins during surgery, the surgeon, before closing, might then 

remove more tissue immediately – rather than at a later re-excision.   
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Current modalities of intra-operative margin assessment include gross tissue 

examination, frozen section analysis (FSA) and touch preparation cytology[27-29].  Each 

has severe limitations:  gross tissue examination does not reflect microscopic margin 

status[28]; FSA gives severe histological artifacts because of high adipose content in the 

breast and minimizes viable tissue for post-operative assessment[29]; and touch 

preparation cytology does not adequately localize the positive margin(s)[30].  Some 

surgeons may choose to take additional shavings from the surgical cavity, however this 

diminishes cosmetic results. Most surgeons prefer to identify each margin separately, 

with specific inks on the primary specimen, so they can perform direct re-excision when 

necessary.  Intra-operative evaluation of margin status is clearly limited, so post-surgical, 

microscopic evaluation of resected tissues is routine.   

 

1.2.2 Breast pathology 

Histopathology is the gold standard for disease identification; it refers to the microscopic 

examination of fixed, Hematoxylin and Eosin (H&E)-stained tissue sections by a 

pathologist.  Pathologists primarily observe epithelial architecture and cytological 

characteristics to guide a diagnosis in breast disease.  Hematoxylin has a deep blue-purple 

color and stains nucleic acids, which are primarily located in the cell nuclei.  Eosin is 

pink and stains proteins nonspecifically; mainly the cytoplasm and stroma have varying 

degrees of pink staining.  Fat is not preserved during histological processing (due to 

alcohol degradation), so this becomes empty space on the slide.  Histology in Figure 1.2 

shows the three macroscopic scattering centers primarily found in breast tissue:  stroma, 

epithelium and adipocytes.  Each has a distinct scattering response and the percent 
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distribution of these components in the optical sampling volume effectively determines 

its spectral reflectance there[31]. The tissue-interrogation volume determines transport 

behavior and consequently, the type of information obtained.  Transport is coherent and 

microscopic features are detected when the wavelength of light,

! 

" , approaches the 

diameter of the scattering object. In contrast, transport is diffuse and macroscopic 

features are detected when the wavelength of light is significantly longer than the photon 

transport pathlength (l). Distinct transport behavior is also observed when the wavelength 

of light approaches the photon transport pathlength. This is because the spectral response 

of light scattering is largely determined by the size of the scattering object relative to the 

wavelength of interrogating light. The dimensionless factor, 

! 

x =
2"a
#

, is a metric that 

distinguishes whether transport is dominated by Rayleigh (x<<1) or Mie (0.1<x<50) 

scattering; where, a, is the particle radius [32].  

	  

Figure	  1.2	  (a)	  Representative	  H&E-‐stained	  sections	  of	  normal,	  benign	  and	   invasive	  breast	  pathologies;	  
(b)	  illustration	  of	  the	  relationship	  between	  the	  photon	  transport	  free	  pathlength	  and	  the	  size	  of	  primary	  
breast	   tissue	   scatterers	   (underlined	   in	  blue);	   (c)	   length	   scale	  of	  primary	  biological	   scattering	   centers.	  	  
Mie	  scattering	  dominates	  when	  the	  wavelength	  approaches	  the	  size	  of	   the	  scattering	  object	  (blue)	  and	  
Rayleigh	   scattering	   dominates	  when	   the	   size	   of	   the	   scattering	   object	   is	   significantly	   smaller	   than	   the	  
wavelength	  (green).	  	  	  
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Healthy breast tissue is composed of glandular epithelial structures surrounded by 

a stromal-adipose matrix.  Glandular structures are composed of a double layer of 

myoepithelial and epithelial cells, surrounded by an intact basement membrane.  The 

benign neoplastic phenotype (fibroadenoma) is characterized by stromal proliferation that 

compresses benign glandular structures.  Invasive cancers variably display hyper-

proliferation of malignant epithelial cells, increased mitotic activity, and stromal 

desmoplasia and degradation.  There are several types of breast cancer, but from a 

surgical planning perspective, the most important distinction is made between invasive 

and in situ carcinomas.  In situ carcinomas are primarily distinguished from invasive 

cancer by an intact basement membrane - neoplastic cells proliferate within the glandular 

units from which they arise. DCIS is typified by high grade epithelial proliferation in the 

lumen (which may or may not be associated with necrosis and micro-calcifications) and 

fibrosis in the periductal stroma[33].  In situ carcinomas are clinically treated as a pre-

invasive lesion (typically with conservative therapy like early invasive cancers), even 

though it is not clear that all DCIS lesions progress to the invasive phenotype.   

An extensive intra-ductal compartment (EIC) in the primary tumor or the 

presence of DCIS in a surgical margin are both powerful predictors for local 

recurrence[34].  A tumor is said to have an EIC when at least 25% of the tumor is 

composed of intra-ductal elements, or when the tumor is predominantly intra-ductal with 

just a few micro-invasive foci[34]. DCIS is in general a non-palpable lesion, 

unidentifiable during surgery.  Prospectively, its diagnosis is being made with increasing 

frequency – prior to the prevalence of high resolution mammographic screening, DCIS 

accounted for just 1-2% of breast cancer diagnosed in the United States; now, it 
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represents nearly 25% of all cases[35]. Recurrence rates for DCIS are comparable to 

those for invasive cancers, but time to recurrence is significantly longer, so these patients 

require longer monitoring [36]. Intra-operative detection of DCIS is clinically important, 

mainly because it critically impacts the planning of gross resection margins, the most 

significant factor influencing patient long-term care. 

 

1.2.3 Optical scattering from cell ultra-structure 

In a sufficiently macroscopic sense, tissue is observable as an ensemble of scattering 

centers embedded in a support structure known as the extracellular matrix (ECM).  

Refractive index variations, which occur on nanometer to millimeter length scales, 

primarily influence light scattering. Tissue scatterers vary in size dramatically – the 

dimensions of small proteins can be measured in angstroms, but mammalians cells can be 

10-40µm in diameter, and mitochondria and intra-cellular organelles like peroxisomes 

and lysosomes can have sub-micron (0.2-0.7µm) dimensions.  Other organelles which 

may contribute to light scattering include the Golgi apparatus and the endoplasmic 

reticulum, which have complicated shapes and are characterized by large portions of lipid 

membrane[37]. The components of a cell thought to contribute to light scattering and 

their dimensions are illustrated in Figure 1.3. 
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Figure	  1.3	  Illustration	  and	  length	  scales	  of	  components	  of	  a	  cell	  that	  contribute	  to	  light	  scattering.	  

Rayleigh and Mie models describe tissue scattering mechanisms, with the latter strongly 

dominating the interaction.  Detailed investigations of the relationship between cell 

structures and light scattering reveal that the majority of scattering from mammalian cells 

is actually influenced by small, intra-cellular organelles (1-5µm or less in diameter) and 

not the cell itself[37, 38].   Therefore, optical measures are expected to be more sensitive 

to organelle morphology and not ordered effects like tubular differentiation, unless this is 

also accompanied by a change in internal sub-structure.  Enlarged and intensely stained 

nuclei are among the most important diagnostic criteria used by pathologists to identify 

disease and spectroscopic scattering has been used to distinguish nuclei enlargement, 

pleomorphism, and chromatin clumping [39, 40]. Mitotic frequency, a marker of cell 

proliferation used to stage breast cancer, has also been correlated with backscattering at 

large angles[41, 42].  Absorption and scattering almost never occur in isolation, but this 

thesis focuses on localization of spectroscopic scattering for increased sensitivity to 

differentiating cell ultra-structure. 
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1.2.4 Spectral diagnosis and imaging during intervention 

Optical spectroscopy has been increasingly explored as a powerful alternative to standard 

histological processing during interventional procedures; particular emphasis has been 

placed on diagnostic sensing during biopsy sampling[43-45] and improving resection 

completeness during breast conserving surgery[46-48]. Clinical applications of 

spectroscopy have largely evolved around fiber-optic probes and multi-spectral imaging 

techniques.  The former samples diffuse reflectance in local tissue volumes (~1mm3) with 

high spatial (µm) and spectral (nm) resolution, while the latter employs planar 

illumination to sample optical properties over a wide field of view (FOV) at discrete 

wavelengths and with lower spatial resolution (µm-mm). Fiber-based reflectance probes 

are well suited for incorporation in biopsy needles, and provide assessment of suspicious 

lesions at discrete sites to guide sampling to tissues with a higher probability of 

malignancy[44, 49].  However, conservative breast surgery poses significantly greater 

challenges because it requires methods that are sensitive to cell architecture over a wide 

field[50]. To date, the wide-field extension of point-based spectroscopy methods have 

been realized through multiplexed arrays of probes [47, 50] or raster-scanning techniques 

[51, 52]. These approaches suffer from long data acquisition times, under-sampling, or 

large probing volumes that dilute intrinsic tumor signatures by volume averaging. Multi-

spectral planar illuminations systems have only recently been tailored to surgical 

resection guidance[53-55] and sentinel lymph node (SLN) mapping [54, 56, 57], largely 

due to the explosive development of molecularly specific NIR probes[58]. Both fiber-

mediated spectroscopy and multi-spectral imaging have focused on enabling greater 

sensitivity at depth, enhancing tumor-specific endogenous/exogenous contrast, and 
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validating optical diagnoses with pathology.   

 

§ Localized spectroscopy as a powerful alternative to standard histological processing 

The sensitivity of the scattering spectrum to microscopic ultra-structure is fundamentally 

confounded by tissue turbidity.   To minimize multiple scattering effects and better 

correlate with pathology, some fiber-mediated spectroscopy systems have moved towards 

more local sampling of reflectance[45].  The challenge in this is to optimize sensitivity to 

discriminating cell ultra-structures, while imaging fields large enough to account for 

known heterogeneity within a diagnosis.   

 Specialized measurement geometries and polarization techniques have been 

employed to optimize photon detection at small depths and to minimize the contribution 

of multiply scattered light to a measured reflectance[45, 59, 60].  Single-fiber reflectance 

probes have demonstrated a distinct geometrical advantage (they can fit in a catheter or 

biopsy needle) and heightened diagnostic specificity because of their increased sensitivity 

to the scattering phase function[61-64]. Bigio et al. was the first to measure UV-visible 

diffuse reflectance via a biopsy needle at short source-to-detector separations (350µm); a 

tissue diagnosis was rendered according to optical absorption and scattering[44].  

Volynskaya et al. enhanced diagnostic specificity through absolute quantification of 

tissue auto-fluorescence in the presence of a scattering and absorbing background 

(correcting for their effects on emission spectra)[65]. Light scattering spectroscopy (LSS), 

a technique that isolates spectral oscillations due to elastic backscattering, was used to 

successfully differentiate cell nuclei transformations in esophageal, oral and colon 

cancers[66-68]. Multi-fiber and multi-diameter probes have also been studied to more 
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accurately quantify the photon transport pathlength (improving absolute quantification of 

chromophore concentrations)[45, 69], and the scattering phase function [70]. 

The Raman molecular fingerprint has been used for point-based diagnostic 

sensing in the tumor resection cavity as well, first by Haka et al. [48] and later by Keller 

et al. [71], who demonstrated the detection of breast cancers up to 2mm below a normal 

tissue surface with a spatially offset source-to-detector pair.  The Raman signature 

contains dense spectral information (related to molecular vibration modes) relative to its 

diffuse counterparts.  Nucleic acids, proteins and lipids have specific Raman features, but 

its signal strength is orders of magnitude weaker, resulting in longer acquisition times per 

pixel (~30s) and lower diagnostic sensitivity [72].  Optical coherence tomography (OCT) 

is another emerging high-resolution imaging technique that has demonstrated success at 

capturing the architectural morphology visualized in H&E stained sections in the surgical 

setting[73]. Hardware advances have enabled rapid acquisition of dense microscopic 

information in near real time[74]; the challenge remains to effectively reduce this 

behemoth dataset into a few parameters that are meaningful to surgical margin 

assessment. 

 Studies using optical fiber-probe systems strongly indicate that local sampling of 

spectral signatures objectively differentiate normal from diseased states, but parameters 

related to tissue ultra- structure are heterogeneous [75] and likely under-sampled or 

under-utilized. Multiplexed sampling geometries and raster-scanning techniques have 

been developed to better sample this heterogeneity. Ramanujam and colleagues have 

pioneered a multi-channel probe array that samples relatively diffuse broadband spectra 

at 5mm intervals over a 2x4cm area when the sensor is manually translated four times; 
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tissue probing depths range from 0.5-2mm depending on the optical properties of the 

tissue and the distance between the sources and detectors in the array[47, 50]. The ratios 

of intrinsic chromophore concentrations over the average reduced scattering coefficient 

were discriminating in surgical breast tissues[76].  However, its sub-millimeter probing 

volumes diminished spatial resolution and did not render the scattering response 

independently diagnostic, thereby limiting its ability to detect small foci of residual 

disease.  Initial efforts here and by others have employed stepper motors to raster scan the 

tissue sample across a more localized beam (100-200µm spot size) [31, 77].   While 

optical beam localization preserved discriminating scattering signatures, significant 

limitations were imposed upon data acquisition field size/time.  

A scanning in situ spectroscopy platform was later designed to better optimize 

sensitivity to tissue ultra-structure and effective sampling of known heterogeneity in 

intact surgical specimens [78, 79]. The spot size was constrained to smaller than a 

scattering pathlength and the scanning-beam approach to spectral image acquisition 

yielded rapid, full coverage of the imaging FOV (no sampling gaps).  The platform was 

designed to evaluate nearly coherent scatter-imaging signatures of breast tissue 

pathologies. Chapter 3 of this thesis shows that localized spectroscopic image features are 

readily diagnostic where known tissue heterogeneity and spectroscopic textural patterns 

can be quantified. 

 

§ Multi-spectral image-guided surgery 

Nonetheless, gross sampling artifacts necessarily limited complete assessment of disease 

extent, multi-focality and tumor heterogeneity using a scanning approach to data 
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acquisition (DAQ).  Tissues excised during breast conserving surgery (BCS) may include 

tumors up to 5cm in diameter, surrounded by a targeted layer of grossly normal tissue 

that is nearly 1cm thick. Consequently, NIR planar illumination techniques have been 

explored to more rapidly assess the full surgical specimen.  

In this thesis, spatial frequency domain imaging (SFDI) was explored for wide-

field localization and quantification of endogenous tissue optical properties [11, 80]. No 

exogenous probes were necessary for localized contrast; instead, SFDI resolved sub-

surface tissue absorption and scattering using a harmonically varying, planar source at 

multiple NIR wavelengths.  The relative contribution of absorption and reduced 

scattering to the modulated reflectance varied as a function of spatial frequency according 

to an inverse polynomial function; therefore, nonlinear optimization of experimental data 

to analytical models of light transport were used to uniquely separate scattering from 

absorption effects [11].  Biological tissues have many levels of disorder; the key is to find 

which volume-average measure is both diagnostically powerful and clinically pragmatic.  

SFDI readily translates to the surgical setting; Chapter 4 of this thesis evaluates its ability 

to distinguish breast pathologies in resected tissues. 

 

1.2.5 Spectral analysis and feature extraction techniques 

Tissue absorption and reduced scattering coefficients can be extracted from wavelength-

dependent intensity measures via analytical approximations to the transport equation [44, 

81-83], statistical feature extraction techniques like principle component analysis [84], or 

Monte Carlo modeling [85, 86].  Light transport models determine how a reflected 

intensity relates to the attenuation of light as it propagates through a tissue, undergoing 
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absorption and scattering interactions. Optical parameters are wavelength-dependent and 

consequently, probe different tissue volumes. Signal localization determines the 

appropriate transport model to reduce dense spectral information into a few parameters 

that characterize clinically relevant breast pathologies.  In this thesis, two spectroscopic 

imaging methods were tested for unique separation of light scattering; in both, signal 

localization was used to minimize the confounding effects of multiple light scattering (in 

the real and spatial-frequency domains respectively). The spot size employed by the 

scanning in situ spectroscopy platform (100µm) was constrained to within a scattering 

pathlength, so that detected photons were only weakly scattered.  In contrast, SFDI 

sampled superficial scattering (near-source) with a spatially modulated, planar 

illumination scheme. The diffusion approximation, empirical models, and Monte Carlo 

simulations of radiation transport were investigated as forward models to capture these 

transport behavior. Understanding the relationship between optical signatures and tissue 

biomarkers has improved spectral interpretation and could enhance the diagnostic utility 

of new optical techniques. 

 The diffusion approximation is valid for highly scattering media ( µs ' >> µa ) and 

for large source-to-detector separations, where photons have sufficiently scattered to 

render their transport deterministic. Transport is governed by the reduced scattering 

coefficient, 

! 

µs
' = µs(1" g) , and the absorption coefficient, µa .  The reduced scattering 

coefficient combines tissue scattering with anisotropy, so information pertaining to the 

specific phase function is lost [87]. The anisotropy, g = cos! , describes the degree of 

forward scatter according to the average cosine of the scattering angle. Attenuation is 

primarily governed by the effective attenuation coefficient, µeff = 3µaµtr ' , which is 
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based on a product of the absorption coefficient and the total transport coefficient, 

µtr ' = µa + µs ' .  Therefore, scattering and absorption effects are often convolved when 

diffuse reflectance is not measured at multiple source-to-detector separations, or 

equivalently, at multiple spatial frequencies. Many have investigated when the diffusion 

approximation fails to describe photon transport in biological tissues; generally the model 

is valid for ratios of source-to-detector separation, 

! 

" , over the transport mean free 

pathlength, l = 1
µtr ' , greater than 10 ! l >10( )  [88]. Spatially resolved, analytical 

solutions to the steady state diffusion approximation have been derived by Farrell and 

Svaasand in the real and spatial-frequency domains respectively[83, 89].  These models 

have been tailored to specific sampling geometries [90, 91] and improved by higher order 

approximations to the phase function[92].  They were modified here to describe 

broadband reflectance sampled by the scanning in situ spectroscopy platform and SFDI 

reflectance at 4 NIR wavelengths. 

Model-based approaches to photon transport have been developed to describe 

light transport in tissues for small source-to-detector separations, where the diffusion 

approximation is clearly not valid[85, 86, 93].  The scattering coefficient, its phase 

function, and the absorption coefficient can all be important factors in determining light 

transport detected near-source.  These models typically employ an empirical 

approximation to Mie scattering combined with a Beer-Lambert attenuation factor to 

account for absorption by chromophores in the probed tissue volume.  Sub-cellular 

organelles that give rise to light scattering, like mitochondria and nuclei, have been sized 

according to Mie scattering solutions assuming spherical scatterers [94-96]. Mie theory 

provides a complete analytical solution to Maxwell’s equations for the scattering of 
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electromagnetic radiation by perfectly dielectric spheres in a homogenous, isotropic and 

optically linear medium[32]. It has been used successfully to interpret natural scattering 

patterns to a first-order approximation. Rather than calculating its analytical solution 

directly, a power law dependence on wavelength can be used to describe the Mie 

scattering spectrum and to relate the reduced scattering coefficient to the size and number 

density of scattering centers in a multi-particle distribution.     

µs
' = A!!b  

A Mie-equivalent radius is computed from the scattering power, b, and the scattering 

amplitude, A, is related to the number density of scatterers in the probing volume [97]. 

 Absorption by specific chromophores in the visible and near-infrared (NIR) have 

been used to detect functional cancer biomarkers like hyper-vascularity and elevated 

metabolic demands[98].  Absolute chromophore concentrations were quantified 

according to the Beer-Lambert attenuation factor, where photon transport pathlengths are 

calculated by measuring diffuse reflectance as a function of source-to-detector 

separation[45], or through Monte Carlo simulations[70, 99-101].  The extinction spectra 

of intrinsic tissue chromophores in the visible waveband are shown in Figure 1.4.   
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Figure	  1.4	  Molar	  extinction	  coefficients	  for	  intrinsic	  tissue	  chromophores	  in	  the	  visible	  [102]. 

Intrinsic chromophores assumed in breast tissue include: oxygenated and deoxygenated 

hemoglobin, bilirubin (a hemoglobin break-down product), and beta carotene (a member 

of the carotenoids that gives fat its highly pigmented, yellow color). In the NIR, 

absorption by water and lipids is also substantial. 

Monte Carlo simulations have been used to more precisely model light transport 

near source and for specific probe geometries.  Many photon histories are traced as they 

undergo scattering and absorption events within a simulated medium (semi-infinite 

homogeneous/layered media often employed [89, 103, 104]). Known probability 

distributions defined by the radiation transfer equation quantify the energy exchange of 

each photon with the optical medium per interaction event [87]. By following many 

photon histories, optical parameters are recovered very accurately. Straightforward 

Monte Carlo simulations were computationally too expensive for iterative estimation of 

optical parameters, but proper rescaling of a single Monte Carlo simulation was 

employed to quantify a wide range of optical parameters from spatial-frequency 
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dependent measures of diffuse reflectance [105, 106].  

 When sufficiently localized, spectroscopic scattering encodes texture and shape 

features that may enhance a diagnosis.   Local neighborhood statistics have been shown 

to compensate for image pixel-to-pixel variations and to enhance diagnostic 

discrimination [107]. Here, a co-occurrence representation of spectroscopic intensity 

patterns was explored to provide a quick combinatorial signature for fundamental shape 

and texture features like contrast, homogeneity, energy, and entropy within spectroscopic 

scattering maps.  Each entry in the co-occurrence matrix corresponds to the probability of 

observing pairs of intensity values at a given distance and angle within a local image 

neighborhood.  An overwhelming number of texture features may be computed at many 

length scales – optimal features were selected according to biological rationale or using 

feature ranking algorithms.  The dimensionality of dense spectral-spatial information was 

too large for direct interpretation; so, classification algorithms were applied for multi-

parametric discrimination.  Some major classification techniques used to identify breast 

pathologies have been reviewed by Nachabe [108].  Here, supervised and unsupervised 

learning methods were explored to provide a rapid, optical diagnosis of breast tissue 

pathologies. 
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1.3 Thesis overview  

In this thesis, two localized spectroscopic imaging methods were developed to 

discriminate pathologies at the surface of intact, breast surgical specimens.  

 Chapter 2 of this thesis demonstrates that localized spectroscopic scattering 

renders a specific microscopic diagnosis in situ when combined with supervised learning 

methods.  This was investigated using a prototype system, a micro-sampling reflectance 

spectroscopy imager, which employed a confocal illumination-detection geometry to 

detect nearly single-event spectroscopic backscattering.  Sensitivity to microscopic 

pathologies was quantified in 29 intact, surgical breast tissues using a k-nearest neighbor 

algorithm and a detailed optimization of the classifier is presented.  

 Chapter 3 of this thesis investigates a second-generation localized spectroscopic 

imaging system for discrimination of breast pathologies in situ using a new approach to 

broadband image acquisition. The scanning in situ spectroscopy platform was designed 

according to principles demonstrated by the first generation micro-sampling reflectance 

spectroscopy imager, mainly the constrained illumination-detection spot size, but 

imaging time was substantially reduced by its scanning beam architecture. Nearly 

300,000 broadband spectra from 27 surgical tissues were parameterized using empirical 

light transport models and spatially dependent spectral signatures were interpreted using 

a co-occurrence matrix representation of image texture.  Diagnostic performance was 

assessed using both unsupervised and supervised learning algorithms (including the 

nearest neighbor algorithm optimized in Chapter 2) and a sequential floating forward 

search (SFFS) algorithm was implemented to rank the contribution of each parameter to a 

diagnosis.   
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 The clinical translation of the scanning in situ spectroscopy platform may be 

limited by its exquisite sensitivity to surface profile changes and sensing depth.  

Consequently, Chapter 4 of this thesis evaluates the ability of spatial frequency domain 

imaging (SFDI) to identify microscopic pathologies at the surface of 47 resected breast 

tissues.  Quantitative optical maps were interpreted by supervised learning algorithms and 

a feature selection algorithm for diagnostic discrimination and system optimization 

respectively. Tissue turbidity rendered SFDI scattering features independently not 

discriminant, but pathology-specific contrast was rendered when spectroscopic scattering 

and absorption were interpreted together.   

 In the final chapter of this thesis, both approaches to localized spectroscopic 

imaging are compared according to clinical translatability, optical signatures of breast 

pathologies, and diagnostic performance.  Recommended guidelines for future systems 

and clinical applications are proposed and principal conclusions are summarized. 

 



	  26	  

Chapter 2:  Micro-sampling reflectance spectroscopy  

(1st generation scanning system)  

2.1 Introduction 

Neoplastic processes, from early dysplasia to advanced stage infiltrating tumors, perturb 

tissue ultrastructure and thereby alter the local scattering response.  The morphology of 

scattering features and the manner in which they are distributed determine how incident 

light is remitted – influencing the scattering spectrum and its wavelength-dependent 

phase function[63, 109, 110].   Strong multiple scattering and absorption of light by 

tissue chromophores are major confounding factors in measuring the scattering response; 

these effects must be minimized or accounted for when relating measured signals to 

underlying tissue structures.  An initial prototype system, a micro-sampling reflectance 

spectroscopy imager, was developed to explore direct scattering contrast and its 

relationship to diagnostic ultra-structure in breast tissues.  The system employed signal 

localization to minimize multiple scattering and absorption, so analysis focused only on 

the spectral response of photons experiencing few scattering events and their value to 

diagnostic classification. Direct measures of spectroscopic scattering were explored to (1) 

enhance sensitivity to discriminating cell architecture, (2) heighten signal localization, 

and (3) simplify photon transport modeling. 

The micro-sampling reflectance spectroscopy system employed a weakly confocal 

beam and linear translation stage to provide highly localized measures of spectral 

scattering in the backward direction from intact, surgical breast tissues. The lateral 

resolution was fixed at 100µm (approximately one mean scattering pathlength in tissue in 

the visible) to obstruct multiply scattered light from the detected signal and to maintain 
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sensitivity to tissue ultra-structure [52, 111].  The acceptance angle defined by the 

detection optical train limited the angular region sampled, so the scattering signature was 

a complex mixture of the scattering spectrum and its integrated phase function [37, 100].  

A strong periodicity in wavelength related to the size of scattering centers was not 

observed in localized tissue spectra because of the tissue’s broad particle size distribution 

and because the system does not exclusively look at single scattering events.  However, 

raster-scanned scattering maps demonstrated sensitivity to the morphological patterns 

observed by pathologists during microscopic evaluation of surgical tissues. Optical 

parameters were combined with a nearest neighbor classifier to automate pathologic 

discrimination.  The technical aspects and optimization of a nearest neighbor classifier 

are presented, and its efficacy was validated in 29 resected breast tissues.  Detailed sub-

tissue analysis was further performed to consider how diverse pathologies influence the 

scattering response and overall classification efficacy.   
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2.2 Materials and methods 

2.2.1 Imaging system 

The micro-sampling reflectance spectroscopy imager used a weakly confocal, 100µm 

illumination-detection spot and a raster-scanning platform built using linear translational 

stages.  A schematic of the micro-sampling reflectance spectral imager is shown in Figure 

2.1 and its complete description can be found in a previous publication [52].   

	  

Figure	   2.1	   Schematic	   of	   the	   micro-‐sampling	   reflectance	   spectral	   imager.	   	   The	   solid	   arrows	   show	   the	  
illumination	  and	  detection	  beam	  paths	  (blue	  and	  pink	  respectively).	  	  Identical	  achromatic	  lens	  (L1,	  L3),	  
objective	  lens	  (L2),	  the	  beam	  splitter	  (BS),	  the	  illumination	  fiber	  (F1),	  and	  the	  detection	  fiber	  (F2),	  are	  
arranged	   in	   a	   standard	   confocal	   geometry.	   	   The	   detection	   fiber	   is	   coupled	   to	   a	   CCD-‐based	   imaging	  
spectrometer.	  [52]	  

The illumination optical train consisted of a 50µm core fiber (F1) coupled to a 20W 

broadband tungsten-halogen source (510:785nm) placed at the front of achromatic lens 

L1.  An objective lens L2 was used to refocus the light onto the sample, which was 

mounted on a removable glass slide or a 96-hole micro-well plate. The sample mount was 

tilted by ~45° with respect to the optical axis to prevent specular reflections from entering 

the detection path and it was secured to a vertical translation stage to move the scan spot 
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in and out of the plane of focus.  Detected photons were weakly scattered and largely 

independent of absorption given the signal localization. The detection optical path 

retraced the illumination optical path and a 50/50 beam splitter (BS) was used to separate 

their respective beams.  Achromatic lens L3 was then used to focus the remitted spectra 

onto the face of a 100µm-core detection optical fiber (F2) coupled to a CCD-based 

spectrometer  (~1nm spectral resolution) [52].   

 

2.2.2 Data acquisition and calibration 

Each tissue sample was mounted onto a glass slide and surveyed across the illumination-

detection path using a motorized translational stage.  Image acquisition (per 1.5cm2 FOV) 

took approximately two hours and during scanning, the sample was hydrated with a 

phosphate buffer solution. Trace background reflections from the optical system were 

acquired, RBG (!) , and subtracted from the sample’s measured spectra, RSMPL (!) . Data 

were normalized to the instrumental spectral response of the system, RREF (!) , using a 

spectrally flat thermoplastic resin (Spectralon SRS-20-010, Labsphere Inc., North Sutton, 

New Hampshire).  At each pixel location, the reflected scattering spectrum, R(!) , was 

computed according to the equation: 

R(!) =
RSMPL (!)! RBG (!)
RREF (!)! RBG (!)

 

Referencing to Spectralon permitted direct comparison between tissue samples and 

provided a standard for daily calibration.   
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2.2.3 Analytical models of reflectance 

An empirical model could be used to describe light transport because the influence of 

multiply scattered photons on the detected signal was minimized.  The wavelength 

dependence of light scattering is most often described by Mie theory, the aforementioned 

analytical solution to Maxwell’s equations for scattering of electromagnetic radiation 

from perfectly dielectric spheres [32].  Empirical approximations to Mie theory are 

frequently combined with a Beer-Lambert attenuation factor to account for significant 

absorption by chromophores in the local sampling volume[52, 69].  Correction factors 

have additionally been implemented to better account for variations in optical pathlength 

and the packaging of hemoglobin, a dominant visible absorber, in blood vessels [62, 100, 

112-114].   

 Rather than applying Mie theory directly, a power law dependence on wavelength 

was used to describe the scattering spectrum[115].  The relationship between the reduced 

scattering coefficient and wavelength was described by: 

µs
' (!) = A!!b  

The power constant, b, is related to the average size of the scattering tissue components 

and from this one may calculate a Mie-equivalent radius [97].  A fourth-order 

dependence on wavelength is also observed when the size of the scattering object is 

sufficiently smaller than the interrogation wavelength (Rayleigh scattering).  The 

Rayleigh scattering spectrum adds linearly to the Mie scattering spectrum:  

µs
' (!) = fMie!

!b + (1! fMie )!
!4  

Parameters A, b, and fMie are the scattering amplitude, scattering power, and fraction of 

Mie scatterers, respectively.  All depend on the size and number density of scattering 
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centers in the probed tissue volume, thereby reflecting variations in breast tissue 

morphology. A significant Rayleigh scattering contribution was not observed in breast 

tissues in the waveband investigated here (510:750nm), so this parameter was removed 

from the analytical model during least squares optimization.  In the absence of significant 

local absorption, the measured irradiance was described by the reduced scattering 

coefficient: 

R(!)!µs
' = A!"b  

In the presence of significant local absorption, for very small source-detector separations 

and for typical tissue optical properties, attenuation due to absorption influences localized 

reflectance exponentially and reflectance was expressed as [69, 116]: 

R(!) = A!!b exp!"µa  

The exponential attenuation factor corrected for the presence of significant local 

absorption by tissue chromophores, assuming basis extinction spectra when fitting for the 

absorption coefficient, µa (!) .  

µa = CHbT fO2
!HbO2

(")+ (1! fO2
)!Hb(")( )+ Ci

i
" !i (")  

Oxygenated and de-oxygenated hemoglobin were the dominant tissue chromophores 

encountered in this waveband (510:750nm); they were parameterized according to the 

total hemoglobin concentration, CHbT, and the oxygenation fraction, fO2, which is the ratio 

of oxygenated to total hemoglobin.  Their respective molar extinction coefficients,

!HbO2
(")  and !Hb(") , were obtained from the Oregon Medical Laser Center database 

[102].  Absorption by other chromophores was observed to be negligible in breast tissues 

in this waveband, although absorption by beta-carotene and bilirubin were initially 
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explored during spectral fitting.  The optical pathlength was fixed at 100µm during 

spectral parameterization; its wavelength-dependency was not explicitly studied because 

analysis focused on scattering parameters alone. 

 

2.2.4 Optical parameter recovery 

Reflected spectral irradiance was fit to this empirical approximation using a nonlinear 

least-squares solver in MATLAB (lsqnonlin) to obtain estimates of the scattering 

amplitude and scattering power relative to Spectralon.  A measure of integrated scattering 

irradiance, Iavg , was additionally computed by integrating the reflectance spectrum over a 

waveband that avoids the hemoglobin absorption peaks (610:750nm).   

Iavg = R
610

750

! (!)d!  

The molar extinction coefficient for absorbing chromophores were known or 

measureable; optimized parameters were the scattering amplitude (A), the scattering 

power (b), and the product of each chromophore concentration (Ci) with the optical 

pathlength (ρ).  Detected photons were nearly single-scattered and optimized absorption 

parameters were under-estimated given the instrument’s insensitivity to absorption.  

Absorption parameters were not used to inform a pathologic diagnosis. 

 

2.2.5 Phantom characterization 

§ Tissue simulating phantoms 

A series of homogeneous liquid phantoms were imaged to test the linear response of the 

system with scattering concentration, as shown in Figure 2.2.  Phantoms were constructed 
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with Intralipid-20% (Fresenius Kabi, Uppsala, Sweden), a fat emulsion used as a 

scattering agent in tissue-simulating phantoms.  Dilutions were prepared from standard 

Intralipid-20% bottles, mixed with varying amounts of a phosphate buffer solution.  

Another batch of 1% Intralipid phantoms was prepared with varying concentrations of 

blood harvested from sheep to test system insensitivity to local absorption changes.   

Hemoglobin concentrations were prepared using measured hematocrit values assayed 

with a HemoCue© meter (Hb 201 system, HemoCue Inc., Cypress, CA) for initial 

samples, which were diluted serially.   

	  

Figure	  2.2	   (a)	  Average	   scattering	   irradiance	   as	   a	   function	   of	   Intralipid	   concentration	   and	   (b)	   spectral	  
scattering	  parameters	  for	  constant	  Intralipid	  concentration	  as	  a	  function	  of	  %	  hemoglobin. 

The integrated scattering irradiance scaled linearly with scattering concentration and the 

relative spectral scattering amplitude and scattering power were insensitive to changes in 

absorption for blood concentrations less than 5% (higher values not observed clinically).   

Slight non-linearity was observed in the spectral scattering slope for Intralipid 

concentrations greater than 2%, likely due to multiple-scattering interactions and the 

specific, integrated phase function sampled here.  Phantom measurements confirmed that 

the system selectively samples the scattering spectrum and minimizes absorption effects. 
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§ Cell density  

Varying concentrations of human pancreatic tumor cells were imaged in cell culture to 

test system sensitivity to variations in cell density.  Human pancreatic tumor cells, AsPC1, 

were grown and maintained in RPMI 1640 with 2 mL L-glutamine with 25-mM HEPES 

(Lonza, Walkersville, Maryland) and 1.0mM sodium pyruvate and fetal bovine serum, 

10% (Atlanta Biologicals, Lawrenceville, Georgia) with 100 units/mL of penicillin-

streptomycin (Mediatech, Herndon, Virginia). The concentration of tumor cells was 

serially diluted using saline and spectroscopically imaged over a 1cm2 FOV.  The mean 

and standard deviation of the scattering slope and integrated scattering irradiance are 

plotted as a function of number cell density in Figure 2.3.   Microscopy shows that AsPC-

1 cells were reasonably approximated as spherical, Mie scatterers; however, their 

distribution was spatially non-uniform in the saline background.  Cells were observed to 

clump together, which may have contributed to multi-particle scattering interactions.   

	  

Figure	  2.3	  (a)	  The	  relative	  scattering	  slope	  and	  (b)	  integrated	  scattering	  irradiance,	  as	  a	  function	  of	  cell	  
density;	  blue	  dots	  indicate	  the	  mean,	  and	  green	  error	  bars	  indicate	  the	  standard	  deviation	  observed	  in	  a	  
1cm2	  field	  of	  view.	  	  	  (c)	  Microscopic	  images	  of	  PANC1	  cell	  distributions.	   

The (1cm2) region-averaged scattering irradiance scaled linearly with cell concentration 

and demonstrated less variance spatially.  Maps of the scattering slope demonstrated 

greater spatial variance and less sensitivity to changes in number density, except at very 
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high cell concentrations. This was expected given the relative uniformity observed in cell 

size and the theoretical dependence of scattering slope on the Mie-equivalent radius.  

Variance was likely enhanced by cell-cell scattering interactions.	  

	  

2.2.6 Surgical specimens and histology correlates 

In this HIPAA-compliant, prospective study, approved by the Dartmouth Institutional 

Review Board for the protection of human subjects, fresh breast tissue was obtained 

directly from the Department of Pathology at DHMC from patients who had given 

informed consent to allow this use of their tissue.  Samples were procured during 

conservative surgery or breast-reduction surgery and were only provided if there was 

tissue in excess of that required to make a clinical diagnosis.  Tissue samples were 1-

2cm2 with a thickness of 3-5mm.  Samples were imaged within 12 hours of surgery, and 

in the case of delay, tissue was stored in a 4°C refrigerator and hydrated with a phosphate 

buffer solution.  Immediately following imaging, each sample was placed in 10% 

formalin and processed for histology (paraffin embedded, section to 4µm, and stained 

with Hematoxylin and Eosin).  A total of 35 tissue specimens were imaged; 6 were 

rejected from analysis due to a low signal-to-noise ratio and/or poor histological 

processing (both are a consequence of high adipose content).  In the remaining 29 tissue 

samples, a trained pathologist (WAW) identified the 48 regions of interest (ROI) 

summarized in Table 2.1.  Seven specific microscopic diagnoses were evaluated: normal 

epithelium and stroma (NOR), benign epithelium and stroma (BEN), inflammation (INF), 

ductal carcinoma in situ (DCIS), invasive ductal carcinoma (IDC), invasive lobular 

carcinoma (ILC), and adipose (FAT), which were classified more broadly as not 
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malignant, malignant or adipose. 

Tissue Type and Subtype # ROI # Spectra 

Total Not-Malignant/Benign 25 36979 

Normal Epithelium and Stroma (NOR) 

Benign Epithelium and Stroma (BEN) 

Inflammation (INF) 

21 

3 

1 

31226 

5220 

533 

Total Malignant 14 23220 

Ductal Carcinoma In Situ (DCIS) 

Invasive Ductal Carcinoma (IDC) 

Invasive Lobular Carcinoma (ILC) 

1 

12 

1 

194 

22547 

479 

Total Adipose 9 7021 

Adipose (FAT) 9 7021 

Total ROI 48 67220 

Table	  2.1	  Distribution	  of	  the	  tissue	  population	  according	  to	  diagnostic	  type	  and	  subtype.	  

	  

Figure	   2.4	   Co-‐registration	   of	   a	   microscopic	   diagnosis	   with	   spectral	   parameter	   maps.	   (a)	   Digital	  
photograph	  of	  the	  tissue,	  (b)	  corresponding	  histology	  with	  ROIs	  outlined	  by	  an	  experienced	  pathologist,	  
(c)	  maps	  of	  scattering	  power,	  amplitude,	  and	  total-‐wavelength	  integrated	  intensity	  for	  a	  tissue	  sample.	  

Scattering parameters were then microscopically correlated with morphological features 

identified by WAW on Hematoxylin and Eosin stained sections of the tissue, cut in the 

exact same geometry as imaged in situ.  Co-registration between the tissue photograph, 

corresponding histology, and images of spectral scattering parameters are illustrated in 

Figure 2.4.  ROIs selected by the pathologist were not uniform in size.  The distribution 
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of ROI dimensions, quantified according to major and minor axis, was skewed lognormal 

(Figure 2.5). 

	  

Figure	  2.5	  Histogram	  of	  the	  dimensions	  of	  ROIs	  selected	  in	  all	  tissue	  samples. 

Standard immunohistochemistry techniques were used to assess the percent 

distribution of adipose, stroma, and epithelium per sample.  Formalin-fixed and paraffin-

embedded tissue sections were cut and mounted on OptiPlusTM Positive Charged Barrier 

slides (BioGenex, San Ramon, California) to test for anti-cytokeratin 8 and 18 (clone 

5D3; BioGenex, San Ramon, California).  In brief, slides were deparaffinized with xylene 

and hydrated through graded alcohols, and epitope retrieval was carried out in a steamer 

under pressure.  Slides were then rinsed in distilled water, soaked in phosphate-buffered 

saline, and immunostained using the BioGenex i6000TM Automated Staining System (San 

Ramon, California).  Diaminobenzidine was applied for visualization, and Hematoxylin 

was used as a counterstain.  Slides were then dehydrated through graded alcohols and 

coverslips were applied.  Whole immunostained slides were digitally scanned and 

montaged using the Surveyor® Automated Specimen Scanning (Objective Imaging Ltd., 

Cambridge, United Kingdom) automated stage control bundled software.  The epithelial-

to-stromal ratio was quantified using the Image-Pro Plus (Media Cybernetics, Bethesda, 

Maryland) image-analysis software.  The epithelial, stromal and fat percentages were 

defined as the percent of CK5D3 positive, Hematoxylin counterstained tissue, and white 
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unstained regions, respectively, thresholded in pseudo color in the diagnostic ROI, as 

compared to the total area of the tissue. Possible correlates between 

immunohistochemical and scattering parameters were evaluated according to the 

Pearson’s correlation coefficient. 

P(x, y) =
cov(x, y)
! (x)! (y)

 

Additionally, trends in the region-averaged scattering power were investigated as a 

function of the stroma-to-epithelium ratio quantified in the exact same region.   

 

2.2.7 Optical parameter classification 

A nearest neighbor classifier was employed to readily distinguish microscopic 

pathologies in the intact, surgical tissues. Each spectrum was parameterized according to 

the scattering amplitude (A), scattering power (b), integrated scattering irradiance (Iavg), 

and subsequently, local neighborhood statistics.  A pathology diagnosis was made for all 

spectral maps. The k-NN classifier simultaneously interpreted spectroscopic parameters 

for tissue characterization by assigning an unclassified vector (herein referred to as the 

query vector) to the majority diagnosis of its k-nearest vectors found in the training 

feature space. Scatter plots in Figure 2.9(c) show the three-dimensional training feature 

space generated by the scattering parameters.  All tissue pixels were defined according to 

a vector in the three-dimension feature space and were assigned to training or validation 

both randomly and according to a leave-one-out analysis per patient[117].  All training 

pixels were associated with a known diagnosis according to the pathologist’s demarcation 

of ROIs.  The diagnosis of each query point was also identified by the pathologist but 

remained unknown to the classifier in order to evaluate its performance.  Differentiation 
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of broad diagnostic categories (not malignant, malignant and adipose) and discrimination 

between more specific pathology subtypes (normal, benign, inflammation, DCIS, IDC, 

ILC and adipose) were evaluated using a confusion matrix (CM).  The accuracy, 

sensitivity, specificity, positive predictive value (PPV), and negative predictive value 

(NPV) per diagnostic class were extracted from the confusion matrix according to the 

numbers of true positive (TP), true negative (TN), false positive (FP), and false negative 

(FN) assignments. For multi-parameter classification, these fractions were computed per 

class, according to Figure 2.6. 

	  

Figure	   2.6	   (a)	   Confusion	   matrix	   illustration:	   	   predicted	   optical	   diagnosis	   along	   columns,	   and	   true	  
pathologist	  diagnosis	   in	   rows.	   	  True	  positives	   (TP)	  per	  diagnostic	   class	   are	   given	  on	   the	  diagonal	   and	  
classification	  errors	  (E)	  are	  off	  diagonal.	  (b)	  Example	  calculation	  of	  TP,	  TN,	  FP,	  and	  FN	  for	  class	  A.	  

	  
§ Classifier optimization 

Local image statistics have been shown to compensate for pixel-to-pixel variations and to 

improve overall classification performance [107].  The first four statistical moments 

(mean µ, standard deviation σ, skewness S, and kurtosis K) of each scattering parameter 

were estimated in a local neighborhood centered about each pixel.  Initially, each spectral 

measure was parameterized according to the logarithm of the scattering amplitude, 

scattering power, and the logarithm of the integrated irradiance.  This 3-dimensional 
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parametric space was expanded to 15 dimensions for improved classification.    

log(A) b log(Iavg ) !

log(A) b log(Iavg )
µlog(A) µb µlog(Iavg )

! log(A) ! b ! log(Iavg )

Slog(A) Sb Slog(Iavg )

K log(A) Kb K log(Iavg )  

The behavior of the classifier was then studied as a function of the number of nearest 

neighbors, k, and the size of the neighborhood used to compute local statistics.   

 Accuracy of the k-NN classifier fundamentally depended on the metric used to 

compute distances between the query point and all training pixels in the feature space.  

Data was transformed to prevent some features from being more strongly weighted than 

others; particularly, the scattering amplitude and average scattering irradiance were log-

transformed to reduce their dynamic range.  All scattering parameters were also 

normalized to zero mean and unit variance.  Outliers were removed from the training 

feature space according to their interquartile fractions.  Query vectors were never marked 

as outliers because this information would not be known a priori.  A Euclidean distance 

metric was initially employed in the distance-based classifier because no prior knowledge 

was available about the probability distribution function per diagnostic class: 

d(x, y)2 = (y! x)T M (y! x)  

d(x,y) is the distance between vector x and vector y and M is the identify matrix.  The 

Euclidean distance assumes all parameters are equally important and independent of the 

others[118].  However, a direct coupling was observed between the logarithm of the 

scattering amplitude and the scattering power (Figure 2.9), so the Mahalanobis distance 

was employed to account for correlations between parameters.  The Mahalanobis distance 
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is just the Euclidean distance when the identify matrix, M, is replaced by the parameter 

covariance matrix.  A global parameter covariance matrix, M, was computed without 

prior knowledge of diagnostic class.   The Mahalanobis and Euclidean distances are 

equivalent in the special case when features are uncorrelated and variance is the same for 

all parameters.  A significant improvement in classifier performance was observed using 

the Mahalanobis metric as compared to the Euclidean metric for distance calculations 

with this data set. 

 

§ Classifier validation 

In order to optimize the independent variables associated with the classifier, a threefold 

cross-validation technique was applied for discrimination between not-malignant, 

malignant, and adipose classes and for discrimination between all pathology subtypes 

identified in Table 2.1.  All data were randomly divided into three non-overlapping sets, 

with an equal number of spectral measures per diagnostic class per set.  Two of these sets 

were employed for training and the third was employed for validation, where 

performance was evaluated according to classification error.  Error was taken to be the 

percentage of misclassified pixels in the validation set, where a misclassification means 

that the diagnosis assigned to a pixel by the automated classifier did not match the 

diagnosis provided by the pathologist. This procedure was repeated three times for all 

possible permutations of training and testing sets, and the reported classification error 

was the average of these three executions.  This threefold cross-validation was repeated 

for varying number of nearest neighbors, k, and for varying statistical neighborhood size. 

 Additionally, leave-one-out analysis was performed per patient, where spectral 
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parameters from one tissue sample were used as the query vectors and all other spectral 

parameter sets trained the classifier. Classification results were shown in H&E false color 

for assessment of the predicted diagnosis in the context of the specimen.  A mode filter 

was applied in a sliding window (5x5 pixels) over the k-NN classified image to eliminate 

impulsive assignment noise.  The error and efficacy of the classifier was summarized for 

all tissue samples.  Pixels corresponding to locations where reflectance spectra could not 

be reliably measured were tagged as masked pixels, and these were excluded from the 

training and validation sets during all cross-validation procedures.  
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2.3 Clinical results 

2.3.1 Optical biomarkers of breast pathology 

The three macroscopic tissue types found in the breast are epithelium, stroma and adipose.  

The percent distribution of these components varies with diagnosis, as detected here by 

quantitative immunohistochemistry and spectroscopy. The percent distribution of stroma, 

epithelium and adipocytes in the effective illumination volume influences its ensemble-

averaged scattering response. 

	  

Figure	  2.7	  (a)	  Fitted	  and	  measured	  spectra	  from	  normal,	  benign	  and	  malignant	  tissues	  respectively,	  are	  
shown.	   	   (b)	  The	  distribution	  of	   stroma,	  epithelium	  and	  adipose	  are	  shown	  across	   the	   three	  diagnostic	  
categories	  classified	  by	  immunohistochemistry	  for	  all	  tissue	  samples.	  

Figure 2.7(a) shows fitted spectra sampled from normal, benign and malignant tissues, 

respectively and Figure 2.7(b) illustrates how the spectral response varies with epithelial, 

stromal and adipose content.  Pairwise correlation between immunohistochemical 

measures and scattering parameters are listed in Table 2.2.  A strong positive correlation 

was observed between stromal content and spectroscopic scattering.  Conversely, a strong 

negative correlation was observed between percent epithelium and spectroscopic 

scattering, so these tissue types have competing effects.  The strongest negative 

correlation between scattering and immunohistochemical measures was observed in 

adipose, which exhibited characteristically low reflectance in this sampling geometry.   

 



	  44	  

 

 Log(A) b Iavg 

% Epithelium -0.41 -0.40 -0.30 

% Stroma 0.70 0.68 0.41 

% Fat -0.55 -0.53 -0.24 

Table	  2.2	  Pearson's	  correlation	  coefficients	   for	  pairwise	  comparison	  of	  spectral-‐immunohistochemical	  
parameters.	   	   Negative	   and	   positive	   correlations	   greater	   than	   20%	   are	   highlighted	   in	   red	   and	   green	  
respectively.	  

Immunohistochemical correlates were meticulously sampled in the same regions of 

interest identified on spectral maps by pathology.  The region-averaged scattering slope 

demonstrated a non-linear dependence on the stroma-to-epithelium ratio, like that 

observed in highly scattering Intralipid phantoms (Figure 2.8). 

	  

Figure	  2.8	  Trends	   in	  scattering	  slope	  plotted	  per	  stroma	  to	  epithelial	   ratio	   for	  normal	   (green),	  benign	  
(blue)	  and	  malignant	  pathologies	  (red).	  

Stroma is mainly composed of collagen fibers, which are nearly two orders of magnitude 

smaller than epithelium.  When a fractal soft tissue model is used to describe tissue ultra-

structure [119-121], high stroma-to-epithelial ratios are modeled by a high concentration 

of small scatterers.  For high scattering concentrations, in both tissue and Intralipid 

phantoms, a logarithmic concentration dependency was observed.  

Box plots of the scattering power and the logarithm of the wavelength-integrated 
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irradiance relative to Spectralon with outliers removed (outliers > 2 standard deviations 

from the mean), are shown in Figure 2.9.  The scattering amplitude was not displayed 

because it follows the same trend as the scattering power per diagnostic category, and a 

direct correlation was observed between the scattering power and the logarithm of the 

scattering amplitude (Figure 2.9(c)).  All scattering parameters were measured relative to 

the Spectralon standard and significant heterogeneity was observed within the diagnostic 

classes.   

	  

Figure	  2.9(a-‐b)	  Box	  plots	  of	  the	  relative	  scattering	  power	  and	  the	  logarithm	  of	  the	  integrated	  scattering	  
intensity	   per	   diagnosis	   (outliers	   >	   2	   standard	   deviations	   not	   displayed),	   (c)	   the	   3-‐dimensional	  
parameter	  space	  employed	  by	  the	  k-‐NN	  classifier.	  

Red bars indicate each distribution median and box plots delineate inter-quartile fractions 

with outliers represented by red crosses.  Median values were significantly different 

within 95% confidence limits for non-overlapping notches.  In general, higher scattering 

slopes and integrated irradiance measures were associated with benign, as compared to 
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malignant pathologies.  The lowest relative scattering slope and integrated scattering 

irradiance was observed in adipose and inflammatory tissues. 

 

2.3.2 Classifier optimization 

Figure 2.10 depicts the behavior of the classification algorithm when differentiating all 

pathology subtypes (top lines on plot) and when differentiating more generally between 

not-malignant, malignant and adipose tissues (bottom lines on plot) for varying 

neighborhood size and nearest neighbor number, k.   

	  

Figure	  2.10	  Evaluation	  of	  k-‐NN	  classification	  error	  as	  a	  function	  of	  the	  nearest	  neighbor	  number,	  k,	  and	  
the	  window	  size	  used	  to	  compute	  local	  statistics	  for	  discriminating	  between	  all	  pathology	  subtypes	  and	  
between	  not-‐malignant,	  malignant	  and	  adipose	  tissues.	   

Error was slightly higher when discriminating between all pathology subtypes because 

the seven diagnostic classes identify by the pathologist were not equally represented in 

the training feature space.  Significantly more spectra were sampled from the diagnostic 

subtypes:  normal epithelium and stroma, invasive ductal carcinoma (IDC), invasive 

lobular carcinoma (ILC), and adipose (Table 2.1).  The more general classification 

scheme was adopted to compensate for this uneven distribution of pixels per diagnostic 

class.  Error asymptotically approached ~2% for a decreasing number of nearest 
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neighbors, k, and increasing statistical neighborhood size.  Error asymptotically 

decreased with increasing neighborhood size because region-averaged measures 

approached the ROI dimensions (assigned one diagnosis).    Additionally, as the 

neighborhood for local statistics increased in size, distributions used to compute local 

statistics becomes more normal; however, if the size of the neighborhood becomes too 

large, pixels from different diagnostic categories mix and error increases.  Classification 

error decreases with increasing neighborhood size only when separation is maintained 

between diagnostic classes. But also, classification accuracy is expected to increase with 

the nearest neighbor number because this reduces random impulse assignment by outliers, 

rendering a diagnosis more probabilistic.  Performance of the classifier was observed to 

be most independent of nearest neighbor number when higher order statistics were 

computed within a ~400µm2 neighborhood; indicating this local region optimally 

balanced sensitivity and bias.  On the basis of these observations, a 400µm2 

neighborhood was used to compute local statistics and 7-nearest neighbors were used to 

inform a diagnosis.   Pathologic discrimination was achieved with 14% and 8% error 

during leave-one-out analysis when discriminating between all pathologies and the more 

general diagnostic classes, not malignant, malignant and adipose (Figure 2.10). 

 

2.3.3 Optical diagnosis in resected breast tissues 

Table 4 summarizes the classification efficacy and classification error observed when 

performing leave-one-out validation for all tissue samples.  The median classification 

error was approximately 17% and 9% when discriminating all pathology subtypes and the 

more general diagnostic classes, not malignant, malignant and adipose, respectively.   
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This was very close to the performance estimates predicted during classifier optimization 

(Figure 2.10).  Lower sensitivity was observed for diagnostic classes under-represented in 

the training feature space.   

 Classification  
(Not-Malignant, 
Malignant, Fat) 

Classification 
(All Pathologies) 

Classification Error   
Median 
Mean 
Standard Deviation 
IQR 
(min, max) 

8.75 
13.0 
13.7 
15.5 

(0, 53.5) 

16.8 
25.3 
25.0 
25.5 

(2.15, 95.3) 
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Sensitivity 

Specificity 

Negative Predictive Value 

Positive Predictive Value 

0.86 0.86 0.98 0.74 0.85 1.00 0.86 0.99 0.99 0.98 

0.90 0.77 0.87 0.74 0.09 0.00 0.77 0.00 0.00 0.87 

0.82 0.90 0.99 0.74 0.91 1.00 0.90 1.00 1.00 0.99 

0.87 0.88 0.99 0.77 0.92 1.00 0.89 0.99 0.99 0.99 

0.86 0.81 0.95 0.71 0.08 0.00 0.79 0.00 0.00 0.95 

Table	   2.3	   Summary	   of	   classification	   error	   and	   total	   efficacy	   of	   the	   k-‐NN	   classifier	   for	   discrimination	  
between	   not	   malignant,	   malignant	   and	   adipose	   tissues	   and	   for	   discrimination	   between	   all	   pathology	  
subtypes.	  	  Reported	  measures	  are	  based	  on	  the	  ability	  to	  discriminate	  a	  given	  pathology	  from	  all	  other	  
subtypes	  evaluated.	  	   

The distinction between not malignant and malignant fibro-glandular tissues in an 

adipose background was quite robust (87.5% negative predictive value within fibro-

glandular regions); sensitivity to not-malignant, malignant and adipose pathologies was 

0.90, 0.77, and 0.87, respectively.  Sensitivity was lowest in malignant tissues because 

this pathologic group was more diverse - DCIS, invasive ductal carcinoma, and invasive 

lobular carcinoma, were all considered malignant, even though, cytologically, they are 

quite distinct.  Classifier specificity for not-malignant, malignant and adipose pathologies 

was 0.82, 0.90 and 0.99, respectively.  Specificity was lowest in normal tissue because of 

their higher adipose content and backscattering from adipocytes gave a lower signal-to-
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noise (SNR) ratio.  Epithelial proliferation in malignant tissues was observed to crowd 

out adipocytes in this study, so this effect was less pronounced in malignant pathologies.  

The negative and positive predictive values for each diagnostic class are reported in 

Table 2.3.  For surgical margin applications, the surgeon is most interested in a high 

negative predictive value to ensure that no residual cancer is left behind when a negative 

margin is un-resected.  The negative predictive values for not malignant and malignant 

fibro-glandular tissues was 87% and 88%, respectively.  In contrast, high positive 

predictive values prevent unnecessary re-excisions during the primary surgery and more 

accurately represent limited sensitivity of the classifier to under represented pathologies 

in this training feature space (NPV for underrepresented subtypes was inflated given a 

disproportionate number of true negatives as compared to true positives).  For this tissue 

population, the classifier was most sensitive to the pathologic subtypes, normal and 

invasive ductal carcinoma. 

	  

Figure	   2.11	   (a)	   A	   confusion	   matrix,	   under	   leave-‐one-‐out	   validation,	   that	   represents	   trends	   in	  
misclassification	   and	   accurate	   identification	   of	   benign	   and	   malignant	   pathologies.	   	   (b)	   A	   confusion	  
matrix,	   under	   leave-‐one-‐out	   validation,	   that	   represents	   trends	   in	   misclassification	   and	   accurate	  
identification	  of	  all	  pathology	  subtypes	  identified	  by	  the	  pathologist.	  	  The	  matrices	  list	  the	  percentage	  of	  
pixels	  classified	  correctly	  along	  the	  diagonal	  (yellow)	  and	  incorrectly,	  off-‐axis.	   	  Clear	  misclassifications	  
are	  highlighted	  in	  gray. 

The confusion matrix in Figure 2.11 illustrates the true positive, true negative, false 

positive and false negative fractions per diagnostic class and shows trends in 

misclassification during leave-one-out analysis.  True positives are highlighted in yellow 
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along the diagonal and misclassifications are highlighted in grey off axis.  Cross talk was 

observed between normal and benign, invasive cancers and inflammation, and DCIS and 

normal pathologies.  Confusion between DCIS and normal pathologies is clinically not 

acceptable, but DCIS spectral sampling was too small for sensitivity to this pathology.  

	  

Figure	   2.12	   Classification	   results	   for	   six	   representative	   tissues.	   	   Each	   row	   corresponds	   to	   a	   different	  
tissue	  sample,	  and	  the	  following	  four	  images	  are	  co-‐registered:	  	  (a)	  digital	  photograph	  of	  the	  fresh	  tissue,	  
(b)	   Hematoxylin	   and	   Eosin	   stained	   section	   of	   the	   tissue,	   (c)	   true	   diagnosis	   of	   ROI	   identified	   by	   the	  
pathologist,	   and	   (d)	   classification	   results	  when	   discriminating	   between	   not	  malignant,	  malignant	   and	  
adipose. 
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Figure 2.12 shows classification results for six representative tissue samples.  The first 

column contains a digital photograph of the tissue taken immediately after spectral 

imaging; this shows the limited contrast available intra-operatively.  Fibro-glandular 

tissues look white, adipose looks yellow-orange, and higher concentrations of 

hemoglobin look red.  Histological sections were co-registered with the spectral 

scattering maps and the tissue digital photograph, as shown in Column 2. Column 3 

illustrates ROIs identify by a trained pathologist, colored according to their true 

diagnostic class, and Column 4 shows the pathologic discrimination provided by the 

nearest neighbor algorithm over the full tissue field.   

 We recognize that fundamentally, the surgeon is most interested in a distinction 

between benign and malignant pathologies. The nearest neighbor algorithm distinguishes 

benign from malignant pathologies with a sensitivity and specificity of 77% and 91% 

respectively; and a positive predictive value and negative predictive value of 81% and 

88% respectively.  For this analysis, DCIS was considered to be a malignant pathology 

because clinically it is treated as a pre-invasive lesion.  As previously mentioned, 

identification of an extensive intra-ductal compartment or DCIS within a close surgical 

margin critically impacts the planning of gross resection margins during surgery. The 

scattering slope appears to differentiate DCIS (Figure 2.9); however, given its limited 

sampling here, the nearest neighbor algorithm was insensitive to this pathology.   
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2.4 Discussion 

There is an obvious need for heightened contrast between normal and malignant tissues 

during breast conserving surgery, so that all cancerous cells are removed while 

minimizing damage to healthy, viable tissues.  Here we demonstrate that localized 

measures of spectroscopic scattering can distinguish microscopic pathology at the surface 

of intact, surgical specimens with high specificity (77% sensitivity, 91% specificity). The 

technical aspects and optimization of a k-NN classifier for automated pathologic 

discrimination according to spectroscopic scattering was presented and validated in 29 

resected breast tissues.  Signal localization enhanced sensitivity to discriminating cell 

architecture and the scanning stage robustly sampled heterogeneous tissue fields. 

Sampled parameters were ultimately used to supervise a diagnostic algorithm.   

Diagnostic classification improved with the inclusion of local statistics because 

they better represented within-class variance and ROIs selected by WAW.  Initially, 

differentiation between all pathologies subtypes identified by WAW was attempted; 

however, inadequate sampling of uncommon pathologies rendered their classification less 

robust. Differentiation of the clinically relevant, not-malignant, malignant and adipose 

pathologies was more intuitive given the tissue population and because these classes 

correlate with mixtures of the three distinct tissues, stroma, epithelium, and adipocytes, in 

the breast.  A strong positive correlation was observed between spectral scattering 

parameters and percent stroma, and a strong negative correlation was observed between 

spectral scattering parameters and percent epithelium and adipose. Correlations between 

immunohistochemical parameters and the integrated scattering irradiance were significant, 

but less pronounced, emphasizing the sensitivity of scattering slope to scatterer size.  
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 Adipose can be viewed as the background in which benign and malignant fibro-

glandular tissues are embedded – its backscattering signal was very low and presented 

data fitting and classification challenges specific to breast cancer.   Poor data-model 

fitting and misclassification were most frequently observed in regions of high adipose 

content or at the interface of adipose and fibro-glandular regions. Consequently, 

improved analysis schemes are necessary to segment this background or to distinguish 

within-class, mixed fatty-fibro-glandular subtypes.  The classifier was supervised by 

ROIs obviously belonging to a diagnosis - normal and malignant pathologies were 

identified in fibro-glandular regions and adipose regions were measured far from any 

fibro-glandular tissue. Improved representation of within-class, fatty-fibro-glandular 

subtypes in the training feature space could better account for this mixed phenotype 

during diagnostic estimation. Garcia-Allende achieved nearly perfect sensitivity and 

specificity when classifying tissue subtypes in pancreas tumors, likely because the 

pancreas is highly stromal and almost completely lacking adipose content[107]. Also, a 

much smaller tissue population was investigated. Observed trends in scattering signatures 

were inverted in the breast as compared to the pancreas because malignancy is essentially 

stromal in the pancreas and epithelial in the breast.  Since stroma is strongly correlated 

with increased spectral scattering, the spectroscopic contrast is likely more prominent in 

highly stromal tumors like the pancreas. 

 Preliminary analysis of parameter covariance revealed a strong correlation 

between the logarithm of the relative scattering amplitude and the relative scattering 

power.  This correlation was also observed in a previous study analyzing the scattering 

response of pancreas tissues [52].  Consistently, the scattering slope was observed to 
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increase with the logarithm of the scattering amplitude for all diagnostic classes and 

using different optimization methods.  This phenomenon may be specific to the 

integrated phase function and transport-limited spot size tested here; it is the focus of 

ongoing Monte Carlo studies.  In this work, the classifier was informed by the logarithm 

of the scattering amplitude and the scattering power, but the Mahalanobis distance metric 

accounted for their covariance.   

High negative predictive values were demonstrated and validate the future 

development of localized spectroscopic imaging tools for interventional procedures like 

breast conserving surgery. Negative predictive values of 87%, 88% and 99% were 

achieved for discrimination between not-malignant, malignant, and adipose tissues 

respectively.  In the same order, their positive predictive values were 86%, 81% and 95%.  

The classifier was least sensitive to malignant pathologies because morphologically they 

were considerably more diverse (including DCIS, invasive ductal cancer and invasive 

lobular cancer).  Specificity was lowest in benign samples because of their increased 

adipose content.  Diagnostic sensitivity and overall classification performance is expected 

to improve with expansion of the training feature space, in terms of overall size and 

pathology subtypes recognized.  Particularly, heighted sensitivity to malignant 

pathologies could be achieved by more equal representation of invasive and in situ 

carcinomas in the training feature space. Computational time for the nearest neighbor 

estimator scaled linearly with the size of the training feature space; however, a k-

dimensional tree can be employed to optimize computational speed of the nearest 

neighbor search algorithm. The k-dimensional tree identifies an optimal subset of training 

vectors through spatial binning patterns, rather than computing the distance between each 
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query vector and all points in training feature space, 

The micro-sampling reflectance spectroscopy imager remains to be tested intra-

operatively, but the diagnostic performance demonstrated here lays a foundation for 

future development of localized spectroscopic scattering for in situ characterization of 

breast pathologies.  Its clinical translation most importantly requires dramatic 

improvement in data acquisition speed, as mechanically translating the tissue across the 

localized, static beam, was prohibitively long.  Improvements in imaging speed are 

addressed in the next chapter. 
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2.5 Conclusions 

In this chapter, a nearest neighbor classification algorithm was optimized and validated 

for automated discrimination of breast pathologies according to nearly coherent measures 

of spectroscopic scattering. The raster-scanning platform enabled robust, albeit slow, 

assessment of spectroscopic parameters related to microscopic structures within a tissue 

type and was used to acquire over 67,000 scattering spectra for a supervised diagnostic 

algorithm.  Performance of the classifier was evaluated in 29 intact, surgical breast 

tissues and discrimination between benign and malignant pathologies was achieved with 

77% sensitivity and 91% specificity.  Furthermore, detailed sub-tissue analysis was 

performed to consider how diverse pathologies influence the spectral scattering response 

and overall classification efficacy. This preliminary study demonstrated that localized 

spectroscopic scattering, in combination with supervised learning methods, could provide 

reasonable discrimination for an in situ diagnostic system. 
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Chapter 3:  Localized spectroscopic imaging  

(2nd generation scanning system) 

3.1 Introduction 

Preliminary studies with the micro-sampling reflectance spectroscopy imager revealed 

that localized spectroscopic measures, in combination with supervised learning 

algorithms, could be used to discriminate microscopic pathologies in situ.  This contrast 

mechanism was explored with the application in mind of detecting cancer-involved 

tissues during breast conserving surgery. However, mechanically scanning the tissue 

stage was prohibitively long, preventing its clinical evaluation.  A new approach to 

spectroscopic imaging was developed to more rapidly sample local scattering signatures 

over a 1cm2 FOV in resected tissues.  The 2nd generation scanning in situ spectroscopy 

platform rapidly images localized scattering spectra from intact breast surgical specimens 

for both spectroscopy and wide-field imaging using a scanning beam approach to data 

acquisition [78, 79]. Broadband reflectance was sampled from a 150µm diameter spot 

over a 1cm2 field using a dark field geometry and telecentric lens.  The motivation for 

this approach was two-fold: (1) to exploit optical scattering, which is exquisitely sensitive 

to the morphological features observed in pathology, here used as the diagnostic gold 

standard, and (2) to capture spatial-spectral signatures because morphological patterns are 

otherwise difficult to interpret.  The system was used to explore spectroscopic image 

patterns for rapid differentiation of clinically relevant pathologies in situ. Signal 

localization simplified spectral parameterization in a complex transport regime that was 

neither diffuse nor single scattering, but sensitive to the wavelength-dependent phase 

function[122].  Diagnostic classification was examined by sampling a comprehensive 
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number of spectra and exploring their spatial relationships, rather than by increasing 

spectral model complexity. Resected breast tissues were interpreted spatially to determine 

detectability levels for malignant versus benign pathologies and to identify new spectral-

spatial signatures of clinically relevant breast pathologies. 

Nearly 300,000 broadband spectra were parameterized using linear regression and 

spatially dependent spectral signatures were interpreted using a co-occurrence matrix 

representation of image texture.  High-throughput imaging of light scattering from 

surgical specimens, in contrast to probing discrete locations, better accounted for inherent 

morphological variance and more rapidly populated a training feature space for improved 

supervised classification.  Texture features were computed at lengths scales 

approximating the oxygen diffusion length in tissue (500µm) for increased sensitivity to 

DCIS, a clinically important, yet challenging pathology to detect intra-operatively. A 

simple threshold was applied to the region-averaged scattering slope for ready 

discrimination between benign and malignant pathologies. Subsequently, a supervised, 

nearest-neighbor learning algorithm was implemented to interpret all texture and shape 

parameters synergistically and to distinguish higher order pathology subtypes. Finally, an 

iterative search algorithm, Sequential Floating Forward Selection (SFFS), was 

implemented to rank the contribution of each spectroscopic parameter to diagnostic class 

separability.   
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3.2 Materials and methods 

3.2.1 Scanning in situ spectroscopy platform 

Surgical breast tissues, both lumpectomy and biopsy specimens, were imaged with a new 

custom-built, scanning-beam spectroscopy platform.  A schematic of the system is 

presented in Figure 3.1 and is described in a previous publication [78].   

	  

Figure	  3.1	   Schematic	   of	   the	   scanning	   in	  situ	  spectroscopy	  platform.	  Major	  design	   features	   include:	   (a)	  
dark	  field	  illumination	  for	  efficient	  rejection	  of	  specular	  light	  from	  the	  detection	  path,	  (b)	  a	  telecentric,	  
color-‐corrected	  scan	  lens	  for	  normal	  illumination	  in	  the	  visible	  waveband	  over	  a	  1cm2	  FOV,	  (c)	  system	  
photographs,	   and	   (d)	   the	   localized	   illumination-‐detection	   spot	   size	   to	   isolate	   spectroscopic	   light	  
scattering. 

In brief, the imaging system employs localized detection and dark-field illumination to 

sample spectroscopic scattering and to efficiently reject specular light from the detection 

path.  A broadband, telecentric, f-theta lens with a scanning mirror was used to rapidly 

pass the illumination beam (450:700nm) over a 1cm2 field-of-view (FOV) at a lateral 

resolution of 150µm, without mechanically translating the specimen or imaging system. 

Light from the source fiber was collimated and transformed into a hollow cylindrical 

beam by a custom lens assembly (beam stop at center of achromatic lens with 45° mirror) 
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for dark field illumination. The hollow cylindrical beam passed through a 2-axis 

galvanometer placed at the entrance pupil of a custom-fabricated, color-corrected, 

telecentric scan lens, and was focused onto the sample plane.   Dark field illumination 

efficiently rejected specular light from the detection path and the scan lens yielded 

normal illumination over the FOV and illumination bandwidth.  

Dark field illumination reduced the initial source intensity by nearly 50%, 

consequently a broadband super continuum laser (SuperK Blue, NKT Photonics, 

Denmark) operating at 10-12% power was used to generate sufficient signal from breast 

tissues with 1msec exposure times.  The source was coupled into a 200µm multi-mode 

fiber, slightly increasing the effective illumination volume reported in our initial, static 

beam prototype (coupling the laser to smaller fibers increased speckle noise) [52].  

Reflectance measured from highly scattering media like Spectralon, particularly 

demonstrated high frequency spectral noise due to fiber coupling of the super-continuum 

source; this was not observed with an incoherent source (tungsten-halogen lamp).  This 

effect was less pronounced in highly absorbing or liquid media, where Brownian motion 

dissipates interference effects.  The relative error, Erelative , in reference measurements 

introduced by extended laser operation times and day-to-day fluctuations was computed 

according to: 

Erelative =

1
n (y! y )2

i=1

n

"
y

 

y is the spectrum per unit time and y is the average spectrum for all time points sampled 

per temporal window.  All reflectance measurements were background-subtracted and 

calibrated to the Spectralon reference.  The laser exhibited a nonlinear spectral response 
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with power (data not shown), so it was necessary to acquire the background, reference 

and sample spectrum at equivalent power levels.  Reflectance measures sampled 

continuously for one hour are plotted in Figure 3.2(a), calibrated reference spectra 

sampled on different days and at different laser powers are shown in Figure 3.2(b) and 

their relative error is shown in Figure 3.2(c).   

	  
Figure	  3.2	  Analysis	  of	  the	  stability	  of	  super-‐continuum	  laser	  source:	  (a)	  reflectance	  from	  Spectralon	  
standard	  as	  a	  function	  of	  time	  and	  wavelength;	  	  (b)	  calibrated	  reference	  spectrum	  acquired	  on	  different	  
days,	  for	  different	  concentrations	  of	  Intralipid	  and	  at	  different	  laser	  powers;	  (c)	  day-‐to-‐day	  relative	  
error	  observed	  from	  reference	  measurements	  plotted	  in	  (b);	  (d-‐g)	  relative	  error	  introduced	  by	  extended	  
laser	  operation	  time	  for	  spectra	  acquired	  continuously	  within	  a	  5min,	  10min,	  20min,	  and	  60min	  window	  
respectively.	  	  	  

A low frequency spectral response introduced up to 5% relative error in calibrated 

reflectance spectra acquired on different days and using different acquisition settings, as 

shown in Figure 3.2(b-c).   Prominent spectral shape features in the relative error were 

observed at 550 and 690 nm; their temporal dependency is shown in Figure 3.2(d-g). This 

trend was also observed when the laser was turned off and on, and spectra were acquired 

for an additional hour.  All background and reference scans were acquired per sample per 

pixel at the time of data acquisition to better account for temporal variations in laser 

output.  High frequency spectral oscillations did not impact linear regression estimates of 
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spectroscopic scattering, but quantification of absorption parameters could be influenced 

by temporal changes in spectral shape (particularly around 550nm) if background and 

reference scans are not acquired within close temporal proximity.   

Signal localization limited detection to weakly scattered photons by obstructing 

multiply scattered light and the probability of absorption [123]. Light scattered from a 

150µm diameter spot size overlapping the illumination spot size was collimated back by 

the telecentric lens, de-scanned, and focused onto a 50µm detection fiber coupled to a 

CCD-based spectrometer. An achromatic lens focused this light onto the 50µm core 

diameter optical fiber, which acted as a confocal pinhole, and an aperture stop before the 

achromatic lens removed residual specular reflections caused by system aberrations from 

the detection path (effective NA ~0.04). The focal length of the detection lens was chosen 

to have a lateral magnification of 0.5 so that the 50µm fiber detected light scattered 

within a 100µm diameter spot size on the sample plane. The advantage of this design was 

natural separation of absorption and scattering, which are quite convolved even in 

mesoscopic sampling volumes, although the signal only originates from the tissue surface.   

A robust sample stage, mounted on a z-axis post, was constructed for imaging in 

an inverted geometry (142-530-24 KP Series, Manual X-Y post stage, Semprex 

Corporation, Campbell, California). The stage was designed to hold large glass plates and 

glass-bottomed well plates (MatTek Corporation, Ashland, Massachusetts) for imaging 

solid and liquid specimens respectively. Field homogeneity was assessed using a highly 

reflective Spectralon standard (SRS-20-010 Labsphere, Inc., Northern Sutton, New 

Hampshire).  The relative error observed in its integrated irradiance over a 1cm2 field was 

quite low (less than 1% percent), but exhibited strong spatial dependency, as shown in 
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Figure 3.3(a).  Consequently, background and reference measurements were performed 

on a per-pixel basis over the 1cm2 FOV for all samples. 

	  
Figure	  3.3	  Characterization	  of	  the	  scanning	  in	  situ	  spectroscopy	  platform:	  	  (a)	  integrated	  irradiance	  from	  
a	  Spectralon	  standard;	  (b)	  relative	  standard	  deviation	  per	  pixel	  associated	  with	  placement	  of	  glass	  
sample	  holder	  (n=10	  placements);	  (c)	  lateral	  resolution	  verified	  experimentally	  using	  a	  knife	  edge	  
technique,	  normalized	  irradiance	  as	  a	  function	  of	  relative	  distance	  from	  the	  sharp	  edge	  plotted	  for	  three	  
wavelengths,	  FWHM	  gives	  illumination	  spot	  size	  of	  ~150µm.	  

The relative background error (integrated irradiance from the glass sample holder) was 

evaluated for ten iterations of loading the glass plate onto the sample stage.  Placement of 

the plate could disrupt normality of the stage relative to the illumination beam because it 

was mounted on a z-axis post.  The relative error introduced by glass placement was 29%, 

however this was highly skewed by dust artifacts on the glass and no spatial dependency 

was observed in the error map, as shown in Figure 3.3(b). Nonetheless, all background, 

reference and sample measurements were performed without removing the glass plate 

from the sample stage.  The Spectralon reference was placed next to the tissue sample, 

and the reference measurement was performed following manual x-y stage translation.  

Lastly, the spot size was experimentally measured using a knife-edge technique.  

Measures of the integrated irradiance at three wavelengths are displayed in Figure 3.3(c); 

the full width at half maximum (FWHM) gave a lateral resolution of ~150µm for all 

wavelengths in the 500-700nm waveband. Krishnaswamy et al. additionally modeled the 

illumination train in Zeemax to ensure the spot size was approximately 150µm [78].  
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3.2.2 Data acquisition and calibration 

Each tissue sample was mounted on a glass plate above the optical assembly and dense 

spectral imaging was performed in a non-contact and inverted geometry.  Non-contact 

sampling avoided reflectance profile changes induced by probe contact pressure, a 

significant artifact quantified by Ti[124].   Measurement time per sample was 

approximately 12 minutes, although, further improvements in data transfer rates are 

possible through hardware modifications not yet optimized in this prototype system.  

Trace background reflection from the optical system, RBG,meas (x, y,!) , were acquired and 

subtracted from the measured spectra, RTISSUE,meas (x, y,!) , and data were normalized to the 

spectral response of the system, RSPEC,meas(x, y,!) , on a pixel-by-pixel basis using a 5% 

diffuse reflectance Spectralon standard (SRS-05-010 Labsphere, Inc., Northern Sutton, 

New Hampshire).  Background, reference and sample measurements were acquired 

without removing the glass sample holder from the optical assembly, and gave 

reflectance spectra relative to the Spectralon standard:  

! 

RTISSUE ,ref (x,y,") =
RTISSUE ,meas(x,y,") # RBG,meas(x,y,")
RSPEC ,meas(x,y,") # RBG,meas(x,y,")  

Spectralon standards are highly stable, providing a daily calibration for direct comparison 

between tissue samples; this model number was chosen because it presented a similar 

reflectance level to the tissues imaged.  While the Spectralon standard can be calibrated 

to absolute coefficients of absorption and reduced scattering by comparing measures to 

phantoms with known optical properties, a light transport model was required for our 

complex sampling geometry. Analytical models of reflectance were evaluated in tissue-

simulating phantoms, but in the end, a simple empirical approach was used to interpret 
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clinical spectroscopic measures relative to Spectralon.  This permitted  linear recovery of 

scattering parameters for rapid discrimination between breast tissue types. More 

complicated analytical transport models were not observed to enhance diagnostic class 

separability here. 

 When analytical models of light transport were investigated in tissue-simulating 

phantoms with known optical properties, spectroscopic measures were calibrated to an 

Intralipid-5% reference. The absolute reduced scattering coefficient for Intralipid-5%, 

µs,IL!5%
' ,	  was computed according to Kienle and used in the forward model for calibration 

according to [109]: 

Rcalibrated (x, y,!) =
Rmeas (x, y,!)! RBG,meas (x, y,!)

RREF (IL ),meas (x, y,!)! RBG,meas (x, y,!)
* RREF (IL ),true(x, y,!)

 
 

RREF (IL ),true(x, y,!) = f (µa = 0,µs,IL!5%
' )

 	  
Here, f (µa,µs ') , represents the analytical reflectance model under investigation.  

However, Kienle’s calculation assumed the Henyey-Greenstein phase function, which 

may not directly correspond to the specific, integrated phase function sampled by the 

scanning system. 

 

3.2.3 Analytical models of reflectance  

Analytical models relating reflectance spectra acquired by the scanning in situ 

spectroscopy platform to physical models of tissue scattering and absorption centers were 

investigated in tissue-simulating phantoms with known optical properties.  All models 

assumed light incident on an optically homogenous medium was absorbed or multiply 

scattered and a fraction of the multiply scattered light was remitted into the detection 
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numerical aperture. Tissue chromophore concentrations and Mie scattering parameters 

were fit assuming a priori basis extinction spectra and a power law dependence on 

wavelength for the absorption and reduced scattering coefficients respectively.  Fit 

parameters were systematically perturbed and numerical gradients were computed 

according to the finite difference approximation for least squares minimization between 

the modeled and measured spectroscopic reflectance. 

 The diffusion approximation is the most widely used approach to obtaining an 

analytical solution to the radiation transfer equation. Its primary limitation is its 

restriction of no radiant anisotropy within the optical medium[125]; however, it has been 

used to quantify localized reflectance from specialized probe geometries with small 

source-to-detector separations ([37, 90, 91, 126, 127]).  The analytical expression for the 

radially dependent diffuse reflectance derived by Farrell et al. for a semi-infinite, turbid 

medium with isotropic phase function[83] was broadly investigated in phantoms for the 

illumination-detection volume employed by the scanning in situ spectroscopy platform.  

This analytical expression was integrated over the scanning platform’s specific 

illumination-detection spot size (~150µm) and evaluated in the limit: ! << z0 , where ρ is 

the source-to-detector separation, and z0 is the source interaction depth.  Finally, a 

discrete modeling approach built upon Mie theory was implemented to relate the reduced 

scattering coefficient to the dimensions of individual scatterers.   

 

§ Semi-infinite diffusion approximation to describe near-source transport 

An analytical expression for the radially-dependent diffuse reflectance was derived by 

modeling a pencil beam incident on a semi-infinite medium as an isotropic source at 
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depth, z0, below the tissue surface [83].  A negative image source was introduced above 

the tissue surface to satisfy the partial current boundary condition and photon fluence as a 

function of radial source-to-detector distance and depth, !(", z) , was computed by 

summing all fluence contributions from the dipole source.  Reflectance was calculated 

from the photon fluence according to Fick’s law, R(z) = !D"!(", z)
z=0

, evaluated at the 

tissue surface (z=0) and given the diffusion coefficient, D = 3 µa + µs
'( )!

"
#
$
%1

.  Ultimately, 

the radially dependent diffuse reflectance from a single scattering source embedded in a 

semi-infinite medium was expressed as: 

R(!) =
a '
4"

z0 µeff + 1
r1( ) exp(!µeff r1)

r1
2 + z0 + 2zb( ) µeff + 1

r2( ) exp(!µeff r2 )
r2

2

"

#
$

%

&
'  

A detailed derivation of this analytical expression is presented in Appendix A. Given the 

localized illumination-detection geometry employed by the scanning in situ spectroscopy 

platform, scattering interactions were modeled at a depth, z0 = 1
µs

' , with a source strength, 

S(z) = a '!(z! 1
µs

' ) .  The reduced albedo, a ' = µs
'

µa + µs
' , and the effective attenuation 

coefficient,µeff = 3µa µa + µs
'( ) , governed light transport and the length scales, r1 and r2, 

are illustrated in Figure 3.4 for the partial current boundary condition and for an 

extrapolated boundary condition, zb = 2!D , that better accounts for internal reflection at 

the surface of the tissue slab (κ is an internal reflection parameter) [128]. 
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Figure	   3.4	   Illustration	   of	   distance	  metrics	   for	   (a)	   the	   partial	   current	   boundary	   condition	   and	   (b)	   the	  
extrapolated	   boundary	   condition,	   which	   better	   accounts	   for	   a	   refractive	   index	   change	   at	   the	   tissue	  
surface.	   

The partial current boundary condition gave r1 and r2 according to, r1 = r2 = z0
2 + !2 and 

the extrapolated boundary condition modified r2, such that r2 = z0 + 2zb( )2
+ !2 . The 

exact location of the boundary condition did not impact our treatment of the model; this 

was also observed by Patterson[129]. The dark field geometry employed by the scanning 

in situ spectroscopy platform resulted in an overlapping 150µm-illumination-detection 

spot size, so this analytical expression was integrated radially over the detection spot size: 

R(!) =
a '
4"

z0 µeff + 1
z0

2+#2( ) exp(!µeff z0
2 + #2 )

z0
2 + #2 +

z0 + 2zb( ) µeff + 1
z0+2zb( )2

+#2

"
#
$

%
&
'
exp(!µeff z0 + 2zb( )2

+ #2 )
z0 + 2zb( )2

+ #2

(

)

*
*
*
*
*
*

+

,

-
-
-
-
-
-

#=0

150µm

. d#  

The integral was computed using Simpson’s quadrature and by expanding the function in 

a Taylor series and evaluating the integral symbolically (shown in Appendix A).   The 

analytical expression was also evaluated in the limit, ! << z0 ; because the effective 

detection numerical aperture of the scanning system was so low (NA~0.04).  In this limit, 

the analytical expression reduced to: 

R(!) =
a '
2"

z0µeff +1( )
exp(!µeff z0 )

z0
2  
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This approximation employed the partial current boundary condition and again the 

scattering interactions were assumed to take place at depth, z0 = 1
µs ' . 

 Simple model-based approaches to photon transport have been used to describe 

light transport at small source-to-detector separations, where the diffusion approximation 

is clearly not valid[85, 86, 93].  As previously discussed, these models typically employ 

an empirical approximation to Mie scattering combined with a Beer-Lambert attenuation 

factor to account for absorption by chromophores in the probed tissue volume: 

R(!) = µs
' exp!" 'µa , where ρ’ represents the total photon pathlength. This expression 

closely resembles the fluence distribution for an isotropic point source incident upon an 

infinite, optically homogeneous medium when ! ' ! 1
µs

' (i.e. a single-scattering 

interaction).  In fact, most expressions of radially dependent reflectance for a restricted 

range of ρ’ are observed to behave according to the form: 

R(! ') =
!
! 'm
"

#
$

%

&
'exp(µ! '  

Coefficients, Γ and µ, are empirically determined parameters that incorporate all 

dependencies on tissue optical properties[130, 131] and coefficient m primarily depends 

on the range of ρ’, and to a lesser extent, upon the scattering coefficient of the tissue.  

Generally, m has been observed to vary between 0.5 and 2.0 for single scattering and 

diffuse transport respectively[83, 131, 132].  In the absence of significant local 

absorption, the measured irradiance can be approximated then, by some power of the 

reduced scattering coefficient, R(!) = ! µs,true
'( )

m
, where 0.5 < m < 2.0  .  Least squares 

minimization was employed to find the m that best characterizes the scanning in situ 
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spectroscopy platform by minimizing the residual between the true phantom reflectance, 

µs,PH
'true , and the model-calibrated reflectance assuming this empirical approximation in 

phantoms with known optical properties.	   

! µs,PH
'true( )

m
"

RPH
meas " RBG

meas

RREF
meas " RBG

meas

#

$
%

&

'
(! µs,REF

'true( )
m)

*
+

,+

-
.
+

/+min(m)
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#
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&
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Here, RBG
meas represents trace background reflections measured from the optical system, 

RPH
meas represents the reflectance measured from each phantom, and RREF

meas  represents the 

reflectance measured from a 5% Intralipid reference with a true reduced scattering 

coefficient, µs,REF
'true , calculated according to Kienle [109]. The results of least squares 

optimization of m are presented in Figure 3.5.  

	  

Figure	  3.5	   (a-‐b)	  Model	   calibrated	   reflectance	  measured	   from	   Intralipid	  phantoms	   varying	   from	  0.5	   to	  
4.0%	  and	  with	  hemoglobin	  concentrations	  varying	  from	  0	  to	  60µM	  (indicated	  by	  line	  color).	  	  The	  black,	  
dashed	   line	   indicates	   the	   true	   reduced	   scattering	   coefficient	   computed	   according	   to	   Kienle	   [109];	   (a)	  
assumes	   a	   forward	   model	   of	   reflectance	   that	   is	   directly	   proportional	   to	   the	   reduced	   scattering	  
coefficient	   (similar	   to	   empirical	   approximation);	   (b)	   assumes	   a	   forward	   model	   of	   reflectance	  
proportional	   to	  a	  power	  of	   the	  reduced	  scattering	  coefficient	   (optimized	  m	  =	  0.837	   for	   the	  scanning	   in	  
situ	  spectroscopy	  system).	  	  (c)	  The	  optimized	  m	  is	  plotted	  as	  a	  function	  of	  hemoglobin	  concentration	  (x-‐
axis)	  and	  percent	  Intralipid	  (color)	  for	  all	  phantom	  series. 

The constant, m=0.837, characterized the scanning system’s dependency on the reduced 

scattering coefficient.  Figure 3.5(c) shows that m is relatively insensitive to changes in 

optical parameters, except at high scattering concentrations (4% Intralipid), not 
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encountered biologically. This confirms that the scanning in situ spectroscopy platform is 

primarily sensitive to nearly single event light scattering (m closer to 0.5) and that the 

recovered scattering slope scales linearly with the system-specific m in Intralipid.  

 

§ Approximation of Mie scattering parameters 

A discrete modeling approach was used to relate the reduced scattering coefficients to the 

size of individual scatterers by applying Mie theory to a volume of spheres with a 

theoretical size distribution.  Refractive index variations in tissue were represented by a 

statistically equivalent volume of discrete, spherical particles with constant refractive 

index, but different sizes[133]. For a sphere of radius r and refractive index np in a 

medium with refractive index nm, scattering was determined by the magnitude of the 

refractive index mismatch between the particle and the medium, m =
np

nm
, and the size 

parameter, x = 2!a
!

nm( )
, which is the ratio of the radius of the scattering sphere to the 

wavelength of light in the medium[134].  

 Mie theory describes the reduced scattering spectra of a bulk, homogeneous 

medium as [32]:  

µs
' (!) = NQs (m,a,!) 1! g(m,a,!)( )  

Qs (m,a,!)  is the dimensionless scattering efficiency factor calculated from an analytical 

series expansion that is the solution of the scattered wave intensity from a sphere; N is the 

number density of spheres and g = cos!  is the expectation value of the photon 

scattering angle. For this particular application, the sum of the scattering efficiencies 
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were weighted by their angular scattering functions because the scanning in situ 

spectroscopy platform detected nearly direct backscattering ( cos! = !1 ).  First, the Mie 

coefficients for the amplitude and angular pattern of the scattered field, 

an bn ! n (" ) # n (" ) , were computed using subroutines publicly available by 

Matzler [135]. These elements describe the relationship between the incident and 

scattered angular intensity (Stokes) parameters according to[32]:  

S1( cos! ) =
2n +1

n(n +1)n
! an! n ( cos! )+ bn! n ( cos! )( )

S2 ( cos! ) =
2n +1

n(n +1)n
! an! n ( cos! )+ bn! n ( cos! )( )

 

The differential scattering cross section, ! s (ai,") , was then computed in terms of the 

angular intensity functions [32].  

! s cos"( ) =
#
k2 S1

2
+ S2

2( )! cos" d cos"  

The scattering cross section is proportional to the scattering efficiency used to compute 

the reduced scattering coefficient: 

! s (ai,") = #aa
2( )Qs (ai,")  

The reduced scattering coefficient was subsequently extended to approximate a multi-

sized scattering medium by summing the scattering contributions over all particle sizes: 

µs
' (!) = N0 f (ai ) "ai( )2 Qs (m,ai,!) 1! g(m,ai,!)( )

i=1

p

"
 

An exponential particle size distribution was assumed based on observed particle size 

distributions in breast tissue and Intralipid using transmission electron microscopy by 

Bartek[136] and van Staveren [115] respectively (Figure 3.6).  



	  73	  

	  
Figure	  3.6	  Particle	   size	   distributions	   for	   breast	   tissue	   (a-‐normal	   fibro-‐glandular,	   b-‐normal	   adipose,	   c-‐
high	  grade	  epithelium,	  d-‐low	  grade	  epithelium)	  and	  Intralipid-‐10%	  (e),	  a	  scattering	  agent	  used	  to	  make	  
tissue-‐simulating	  phantoms.	  	  Distributions	  were	  determine	  transmission	  electron	  microscopy	  by	  Bartek	  
[136]and	  van	  Staveren[115]	  respectively.	  Data	  reproduced	  here	  with	  permissions.	  

Mie theory simulations were iteratively computed for average particle diameters, a , 

ranging from 5-1000nm.  The number density per particle size was computed according 

to:  

f (ai ) =
1
a

exp ! ai
a

"

#
$

%

&
'  

The particle size distribution was normalized such that f (ai ) =1
i=1

p

! , where p is the total 

number of discretized particle sizes, so that the average particle size was given by 

a = ai f (ai )
i=1

p

! . Additionally, the fraction by which the bulk scattering cross section 

diminished as a result of inter-particle correlated scattering according to Twersky was 

implemented[137]. The average particle size was extracted by least squares minimization 

between the measured and modeled reduced scattering coefficient, subsequent to 

normalization by their respective integrated irradiances [94, 96].  

 Regardless of the forward model investigated in tissue-simulating phantoms and 

in breast tissues, the scanning in situ spectroscopy platform demonstrated insensitivity to 
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absorption features, except at very high concentrations.  Therefore, we focused on linear 

interpretation of spectroscopic scattering parameters in the clinical dataset because it was 

direct, and the system was designed to selectively image the scattering response. 

 

3.2.4 Optical parameter recovery 

Localization of the illumination-detection spot combined with typical tissue optical 

properties, limited detection to short-pathlength photons, which were primarily 

influenced by scatter.  Reflectance spectra in the waveband that avoids hemoglobin peaks 

(610:700nm) have a power law dependence with wavelength; and an empirical 

approximation to Mie theory was used to described the relative reflectance spectrum, 

RTISSUE,ref (x, y,!) , in this waveband for the clinical specimens imaged [115].  Fit 

reflectance acquired from breast tissues in this scattering waveband and all patient-

averaged reflectance spectra in a waveband that includes the hemoglobin absorption 

peaks are shown in Figure 3.7 to demonstrate the system’s low sensitivity to absorption 

features.  Absorption signatures were weakly apparent in a few (highly scattering) tissues. 

	  

Figure	  3.7	  (a)	  Fit	  and	  measured	  scattering	  spectra	  for	  a	  benign,	  in	  situ	  and	  invasive	  cancer;	  (b)	  patient-‐
averaged	  spectral	  reflectance	  over	  a	  broader	  waveband. 
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Their mostly linear spectral shape justifies application of this simple approximation: 

RTISSUE (x, y,!) = A(x, y)!!b(x,y)  

Here, parameters 

! 

A  and 

! 

b are defined as the scattering amplitude and scattering power, 

respectively.  They reflect variations in the size and number density of scattering centers 

in the volume of tissue probed, which occur on sub-micron and even sub-nanometer 

length scales[39, 60, 138].   The data-model was log transformed and linear regression 

was employed to quantify the scattering amplitude and scattering power relative to 

Spectralon through direct matrix inversion.   

log RTISSUE (!) = log(A)! b log(!)  

Challenges associated with iterative, nonlinear fitting algorithms, like computational 

expense and convergence to local or biased global minima were avoided.  Additionally, a 

measure of average irradiance (Iavg) was calculated by integrating the reflectance 

spectrum over a waveband that avoids the hemoglobin absorption peaks (610-700 nm).  

 

3.2.5 Texture feature extraction 

The scattering spectrum was relatively featureless compared to the visible absorption 

spectrum, limiting the unique information obtained per spectrum to just two parameters – 

the scattering power (or slope) and integrated intensity; a strong correlation between the 

logarithm of the scattering amplitude and scattering power was again observed in this 

transport-limited sampling volume [31, 107].  However, the scattering response was 

spatially heterogeneous and region-based evaluation of spectroscopic parameters (texture 

per unit area) provided an opportunity to identify morphological features observed in 

diagnostic pathology.  Direct sampling of larger tissue volumes may have otherwise 
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masked this contrast because light transport becomes diffuse and absorption effects 

increase exponentially.    

The scattering slope gave a more spatially localized response than the integrated 

scattering intensity[31, 107]; therefore, contextual parameters were computed based on 

scattering power images.  Texture is a property of area and can be perceived at different 

scales.  Here, a spatial neighborhood of 500µm2 was employed to compute second-order 

textural parameters, which depend on the interaction of pairs of pixel values rather than 

the individual pixel values, themselves.  This neighborhood was chosen to approximate 

the oxygen diffusion length in tissue (clinically observed to span 100-500µm[139]) for 

increased sensitivity to the glandular structures observed in DCIS.  Intra-operative 

detection of DCIS is important because its presence is a powerful predictor of local 

recurrence and its identification during surgery influences gross margin determination [36, 

140, 141]. The gray-level co-occurrence matrix (GLCM) representation of textural 

features, first proposed by Haralick[142], was used to mathematically represent intensity 

level spatial dependencies in the scattering power image.   Maps of spectroscopic 

scattering slope were scaled to N gray levels, i, j ! 1: N{ } , here N=8. Each entry in the 

GLCM corresponded to the likelihood of observing a pair of intensity values (i,j) at a 

given distance and angle within the 5x5 pixel neighborhood, Pij.  The spatial relationship 

between pairs of intensity values was defined by a vector with unit length and with 

directionality symmetric about the angles 0°, 45°, 90° and 135°.  Reported values were 

averaged over the four angles because the texture primitives observed were rotationally 

invariant. The GLCM captured complete textural information for a given spatial 

relationship and provided a single basis for the computation of many statistics.  Here, the 
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textural features – contrast, entropy, homogeneity and energy – were computed from the 

GLCM because they provided unique information and were physically intuitive. While 

additional textural signatures have been proposed, GLCM features demonstrate 

redundancy[143] and no unique information was gained by their computation here.  

Contrast measures the amount of local variation present in the image, entropy measures 

information content according to the randomness of the intensity distribution, and 

homogeneity represents the closeness of the distribution of elements in the GLCM to its 

diagonal (highly homogeneous images are characterized by a narrow intensity band, 

giving few dominant gray-tone transitions).  Energy is just the sum of squared elements 

in the GLCM. Mathematical derivations of each quantity are presented in Haralick’s 

seminal paper and their definitions are [142]: 

Contrast = Pij (i! j)2

i, j=0

N!1

"  

Entropy = ! Pij ln(Pij )
i, j=0

N!1

"  

Homogeneity =
Pij (i! j)

1+ (i! j)2
i, j=0

N!1

"
	  

Energy = Pij
2

i, j=0

N!1

"  

The mean and variance associated with each intensity value within the local 

neighborhood were calculated according to: 

µ = iPij
i, j=0

N!1

"

! 2 = Pij (i!µ)2

i, j=0

N!1

"
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Additionally, a threshold to the sum of squared elements in the GLCM was applied to 

generate binary maps from which additional topological features related to texture shape 

were computed. An Euler number was determined based on the number of connected 

components (objects) in the binary image minus the number of holes in those 

objects[144].  The fractal dimension quantified the roughness or natural variations in the 

intensity surface of each binary image.  Fractal analysis describes self-similarity by a 

power law, and the fractal dimension, DF , was computed using a box-counting method 

which counts how many boxes of dimension, ! , are required to cover image objects as a 

function of box size, N(!) [145].  The box counting method indicates how complexity 

changes with scale, as illustrated in Figure 3.8.   

	  

Figure	   3.8	   The	   box	   counting	   method	   for	   fractal	   dimension	   determination.	   (a)	   Microscopic	   histology	  
corresponding	  to	  binary	  mask	  generated	  from	  texture	  energy,	  (b-‐d)	  Examples	  of	  box	  counting	  method	  
and	  (e)	  Rate	  of	  decay	  of	  box	  count	  as	  a	  function	  of	  box	  size	  for	  varying	  fractal	  dimension. 

The fractal dimension was estimated from the box counting method according to a power 

law exponent: 

N(!) = N0!
!DF

DF = lim
!"0

log N(!)
N0( )

log(1
! )

 

DF ! D  , where D is the dimension of the space in which shape features are computed (2-

dimensional images explored here)[145, 146].  The fractal dimension is expected to have 

a value between a line ( DF =1 ) and a plane ( DF = 2 ) depending on how torturous its 
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path is between two points. Together, these features yield a combinatorial signature of 

fundamental shape and texture features in a scattering image. 

 

3.2.6 Phantom characterization 

A series of homogeneous liquid phantoms with known optical properties were imaged to 

characterize the sensitivity of the scanning in situ spectroscopy platform to changes in 

optical properties.  Phantoms were typically constructed with Intralipid-20% (Fresenius 

Kabi, Uppsala, Sweden), a fat emulsion used as a scattering agent in tissue-simulating 

phantoms, and porcine blood [109].  Intralipid phantoms varied in concentration from 0.5 

to 4%.  Dilutions were prepared from standard 20% Intralipid bottles, mixed with varying 

amounts of phosphate buffered solution, and in each of these, the reduced scattering 

coefficient was calculated according to Kienle [109].  Hemoglobin concentrations were 

prepared using measured hematocrit values assayed with a HemoCue© meter (Hb 201 

system, HemoCue Inc., Cypress, CA) for each sample and final solution values were 

serially diluted from 60µM.  These solutions covered the typical optical properties 

encountered in biological tissues.  

 Variations in recovered scattering parameters due to absorption by hemoglobin 

were quantified according to the standard error and the coefficient of variation.  For 

individual and mean spectral parameters, y and y , of length n, the standard error about 

the mean was calculated according to:  

! =
1
n

(y! y )2

i=1

n

"  

 The coefficient of variation is just the inverse of the signal to noise ratio, or the relative 
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standard error.   

CV =
!
µ

=
1
n

y! y
y

"

#
$

%

&
'

i=1

n

(
2

 

The purpose of this measure was to quantify the magnitude of variation observed in 

spectroscopic scattering parameters due to variations in hemoglobin concentration. 

 

§ Forward model: empirical approximation to Mie theory 

 The integrated irradiance showed a strong linear dependency on Intralipid 

concentration and spectroscopic scattering parameters (log(A), b) exhibited weak 

nonlinearity at high Intralipid concentrations due to the specific integrated phase function 

of the system.  Again, the spectral slope directly correlated with the logarithm of the 

scattering amplitude.   
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Figure	   3.9	   (a)	   Reflectance	   and	   (b-‐d)	   spectroscopic	   scattering	   parameters	   relative	   to	   a	   5%	   Intralipid	  
standard	   for	   liquid	   phantoms	   with	   Intralipid	   concentrations	   varying	   from	   0.5%	   to	   4%	   and	   for	  
hemoglobin	  values	  varying	  from	  0	  to	  60	  µm	  (colored	  lines	  and	  markers).	  	  

The integrated scattering irradiance demonstrated low sensitivity to hemoglobin 

concentrations spanning 0 to 60µM, which is the clinically encountered range for this 

dominant tissue chromophore in the visible portion of the light spectrum.  The standard 

deviation and coefficient of variation in the recovered integrated irradiance due to 

hemoglobin variations were 0.56 and 0.02 respectively.  Spectroscopic scattering 

parameters were more sensitive to absorption by local hemoglobin than measures of 

integrated irradiance.   The standard deviation in recovered log(A) and b due to variations 

in hemoglobin concentration were 0.21 and 0.07 respectively; the coefficient of variation 

for both was 0.23.  This coefficient of variation is high, but skewed towards higher 

scattering concentrations. Recovered spectroscopic parameters in 1% Intralipid, which 

most closely mimics expected scattering behavior in biological tissues, demonstrated the 
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least variation due to hemoglobin. This effect can be alternatively viewed in Figure 3.10, 

which plots spectroscopic scattering parameters as a function of hemoglobin 

concentration (along the x-axis) and scattering concentration (line color).  

Parameterization was performed here on model-calibrated data, assuming a reflectance 

proportional to the reduced scattering coefficient and the absolute scattering coefficients 

provided by Kienle.   

	  
Figure	  3.10	  (a)	  Model-‐calibrated	  reflectance	  and	  (b-‐d)	  associated	  spectroscopic	  scattering	  parameters	  
plotted	  as	  a	  function	  of	  true	  hemoglobin	  concentrations	  (0	  to	  60µm).	  	  Intralipid	  concentrations	  varied	  
from	  0.5%	  to	  4%	  (colored	  lines).	  	  Reflectance	  measures	  were	  calibrated	  to	  reflectance	  measured	  from	  
5%	  Intralipid	  standard	  and	  the	  expression	  for	  true	  reduced	  scattering	  coefficient	  for	  stock	  Intralipid	  
solutions	  derived	  by	  Michel	  and	  Kienle	  [109].	  

The scanning in situ spectroscopy platform demonstrated specific sensitivity to 

scattering in tissue-simulating phantoms with optical properties close to biological tissue. 

Absorption by dominant visible chromophores negligibly impacted the recovered 

integrated scattering irradiance, but introduced some variation in the recovered 
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spectroscopic parameters, scattering amplitude and scattering slope, when measured in 

phantoms with scattering properties outside the typical range expected in tissue.  

 

§ Forward model: analytical expressions based on the diffusion approximation 

Spectral parameterization in phantoms assuming the analytical expression of diffuse 

reflectance derived by Farrell and integrated over a 150µm-detection spot size are shown 

in Figures 3.11 and 3.12.  Similar analysis is presented in Figures 3.13 and 3.14 for this 

analytical expression evaluated in the limit, ! << z0 , i.e. an overlapping source-detector. 

Both models demonstrate good fit (GOF > 90% for most phantom measurements), but 

severely underestimated hemoglobin concentrations because the scanning in situ 

spectroscopy platform was designed to be insensitive to long-pathlength transport 

processes like absorption.  More than 20% relative error was observed in recovered 

hemoglobin concentrations less than 30µM, and relative error increased with decreasing 

hemoglobin concentration because absorption signatures became spectrally less apparent. 

The correlation between the true and recovered reduced scattering coefficient was nearly 

one for both models of diffuse transport, but exhibited a wavelength dependency, likely 

due to the specific phase function integrated by the scanning in situ spectroscopy 

platform.  This systematic error was also manifest in the coefficient of variation in the 

recovered and true reduced scattering coefficient (true values computed according to 

Kienle and assumed the Henyey-Greenstein phase function). The average Mie scattering 

radius extracted from the reduced scattering coefficient approximated by each model 

approached the reported Intralipid scatterer size (~97nm [115]) at high scatterer 

concentrations, particularly when diffuse reflectance was evaluated in the limit, ! << z0 .  
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Figure	   3.11	   Spectral	   parameterization	   for	   the	   integrated	   semi-‐infinite	   diffuse	   reflectance	  model:	   	   (a)	  
Model	   calibrated	   reflectance	   from	   tissue-‐simulating	   phantoms	  with	   scattering	   concentrations	   varying	  
from	   0.5	   to	   4.0%	   and	   hemoglobin	   values	   varying	   from	   0	   to	   60µM,	   (b)	   associated	   spectral	   fits,	   (c)	   R-‐
squared	  measure	  of	  GOF	   for	   all	   phantoms,	   (d)	   true	  and	  measured	  hemoglobin	   concentrations	  and	   (e)	  
their	  associated	  error	  as	  a	  function	  of	  hemoglobin	  concentration.	  

	  

	  
Figure	   3.12	   Recovered	   spectroscopic	   parameters	   for	   the	   integrated	   semi-‐infinite	   diffuse	   reflectance	  
model:	   (a)	   Logarithm	  of	   the	   scattering	   amplitude,	   (b)	   scattering	   slope	   and	   (c)	  Mie	  particle	   radius	  per	  
Intralipid	   concentration	   for	   hemoglobin	   values	   varying	   from	   0	   to	   60	   µ .	   	   (d)	   Plot	   of	   the	   true	   and	  
recovered	  reduced	  scattering	  coefficient	  at	  one	  wavelength	  (650nm)	  and	  (e)	  their	  associated	  correlation	  
coefficient	  and	  (f)	  coefficient	  of	  variation.	  	  	  
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Figure	  3.13	  Spectral	  parameterization	  for	  the	  semi-‐infinite	  diffuse	  reflectance	  model	  evaluated	  in	  limit	  
ρ<<z0:	  	  (a)	  Model	  calibrated	  reflectance	  from	  tissue-‐simulating	  phantoms	  with	  scattering	  concentrations	  
varying	  from	  0.5	  to	  4.0%	  and	  hemoglobin	  values	  varying	  from	  0	  to	  60µM,	  (b)	  associated	  spectral	  fits,	  (c)	  
R-‐squared	  measure	  of	  GOF	  for	  all	  phantoms,	  (d)	  true	  and	  measured	  hemoglobin	  concentrations	  and	  (e)	  
their	  associated	  error	  as	  a	  function	  of	  hemoglobin	  concentration.	  

	  
Figure	   3.14	   Recovered	   spectroscopic	   parameters	   for	   the	   semi-‐infinite	   diffuse	   reflectance	   model	  
evaluated	   in	   limit	   ρ<<z0:	   (a)	   Logarithm	   of	   the	   scattering	   amplitude,	   (b)	   scattering	   slope	   and	   (c)	   Mie	  
particle	  radius	  per	  Intralipid	  concentration	  for	  hemoglobin	  values	  varying	  from	  0	  to	  60	  µ .	  	  (d)	  Plot	  of	  the	  
true	  and	  recovered	  reduced	  scattering	  coefficient	  at	  one	  wavelength	  (650nm)	  and	  (e)	   their	  associated	  
correlation	  coefficient	  and	  (f)	  coefficient	  of	  variation.	  	  	  
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More accurate quantification of absolute spectral parameters will require Monte Carlo 

modeling of the system, which is non-trivial given its dark field geometry and telecentric 

lens.  This is ongoing work in the lab because increased accuracy may enhance diagnostic 

class separability and will facilitate comparison with other studies. 

 

3.2.7 Surgical specimens and histology correlates 

In this HIPAA-compliant, prospective study, approved by the Dartmouth Institutional 

Review Board for the protection of human subjects, additional informed consent was not 

required for participants, although an information sheet detailing the imaging component 

of the study was provided to the patient after discussion with the surgeon with an opt-out 

provision. Fresh tissue procured during breast conserving surgery or surgical biopsy was 

obtained directly from the Department of Pathology at DHMC from patients who did not 

decline this use of their tissue.  Specimen imaging did not affect procedure time in the 

operating room or the content and verification of the final pathology report.  Tissues were 

imaged within one hour of resection and returned to pathology for standard histological 

processing.  An effort was made to image larger lumpectomy specimens, typical of the 

tissue volumes encountered during surgery.  In the case of inked lumpectomy specimens, 

the three-dimensional tissue volume was loafed (standard pathology protocol) and one 

face of one slice of tissue was imaged in a region unaffected by ink. In some cases, 

tissues were cut from the larger specimen. Figure 3.15 illustrates the protocol developed 

for co-registration of the imaged field with histology from the large, fresh tissue sections. 
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Figure	   3.15	   Illustration	   of	   co-‐registration	   between	   optical	   images	   and	   pathology.	   (a)	   Slice	   of	   fresh	  
lumpectomy	  tissue	  with	  surgical	   ink	  visible	  at	  margins.	   	  A	   thin	  paraffin	  window	  is	  placed	  between	  the	  
tissue	   surface	   and	   the	   glass	   plate	   during	   imaging	   to	   locate	   the	   imaged	   field	   in	   an	   inverted	   geometry.	  	  
When	  the	  tissue	  is	  removed	  from	  the	  plate,	  inked	  pins	  are	  placed	  at	  the	  corners	  of	  the	  imaged	  field.	  (b)	  
The	  imaged	  region	  is	  marked	  with	  inked	  pins	  and	  the	  tissue	  is	  fixed	  in	  formalin	  with	  pins	  in	  place.	  (c)	  
Fixed	   tissue	   was	   paraffin	   embedded	   and	   processed	   for	   histology.	   (d-‐e)	   Pathology	   correlates	   were	  
determined	  within	  areas	  bound	  by	  the	  pin	  marks	  indicated	  by	  blue	  arrows	  and	  the	  blue	  bounding	  box. 

 A thin, paraffin window bounding the image field was placed between the tissue surface 

and glass plate to locate the imaged field in an inverted geometry.  When the paraffin 

windowed tissue was removed from the optical assembly, pins dipped in India ink were 

placed at the corners of the imaged field to secure the specimen to a piece of cork and to 

mark the imaged portion of the sample with black circles.  The tissue-cork assembly was 

placed tissue-side down in 10% buffered formalin (Biochemical Sciences Inc., 

Swedesboro, NJ), dehydrated through graded alcohols, and paraffin embedded with the 

inked pins in place.  After fixation, the pins were removed and tissue sections (4µm) were 

coated with adhesive (sta-onTM, Surgipath Medical Industries Inc., Richmond, IL), 

mounted on glass slides, and stained with Hematoxylin and Eosin (H&E) for review. 

Circumscribed pin marks with inked borders were clearly evident on the H&E-stained 
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sections, so that pathology correlates could be determined within areas bound by the pin 

markers.  Figure 3.16 illustrates co-registration of scattering parameter maps with 

pathology for a benign, in situ and invasive cancer.   

	  

Figure	  3.16	  Example	  of	  co-‐registration	  between	  diagnostic	  pathology	  and	  spectral	  feature	  maps.	  Column	  
(a)	  shows	  digital	  photographs	  of	  the	  fresh	  tissue	  specimen	  with	  a	  box	  bounding	  the	  imaged	  field;	  Column	  
(b)	   contains	   the	   corresponding	   pathology	   with	   the	   bounding	   box	   highlighting	   the	   imaged	   FOV,	   blue	  
arrows	   indicate	  pin	  markers;	  Columns	   (c-‐d)	  present	   the	  co-‐registered	   images	  of	   scattering	  power	  and	  
integrated	  irradiance	  for	  normal	  tissue	  (row	  1),	  DCIS	  (row	  2),	  and	  invasive	  cancer	  (row	  3). 

ROI selection was considerably more challenging given the detection resolution (100µm) 

and the larger tissues imaged in this study; consequently, microscopic segmentation of 

glandular, stromal and adipose regions was not attempted within the imaged field. The 

1cm2-imaged field was assigned one microscopic diagnosis between pin markers 

according to an experienced pathologist (WAW). The ability of the illumination-

detection volume to maintain sensitivity to microscopic architecture, while imaging tissue 
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fields relevant to pathology assessment, was thereby tested.  Imaging artifacts were 

automatically detected; pixels with low signal-to-background or detector saturation, 

which occurred when insufficient contact was made between the tissue and the glass plate, 

were removed from the image field. Specimens from a total of 32 patients were imaged 

with five excluded from the study – three because of insufficient contact between the 

tissue sample and the glass plate and two were confounded by chemotherapy treatment 

prior to surgery. Following automatic artifact removal, a total of 280,266 spectra were 

sampled from 32 FOVs in specimens acquired from 27 patients – demographics of 

sampled tissues are detailed in Table 3.1.   

Diagnosis	   #	  Patient	   #	  FOV	   #	  Spectra	  

Normal	  (NOR)	   6	   8	   72,355	   	  

Benign	  

168,465	  
Fibrocystic	  disease	  (FCD)	   5*	   5	   44,814	  

Fibroadenoma	  (FA)	   6	   6	   51,296	  

Ductal	  carcinoma	  in	  situ	  (DCIS)	   2*	   2	   17,476	   Malignant	  

111,801	  Invasive	  cancer	  (INV)	   9	   11	   94,325	  

	  Totals	   27	  	   32	  	   280,266	  

Table	   3.1	   Diagnostic	   distributions	   of	   scanned	   breast	   tissues.	   	   Benign	   pathologies	   include	   normal,	  
fibroadenoma,	   and	   fibrocystic	   disease.	   	   Malignant	   pathologies	   include	   ductal	   carcinoma	   in	   situ	   and	  
invasive	  cancer.	  *	  Indicates	  two	  FOVs	  imaged	  from	  same	  patient. 

This dataset represents a significantly larger number of broadband spectra than those 

reported in most probe-based classification studies[108].   

 Spectroscopic scattering parameters were associated with morphological and 

immunohistochemical markers identified in adjacent, stained sections of the tissue, cut in 

the exact geometry imaged in situ.  Standard immunohistochemistry techniques were 

used to access the percent distribution of adipose, stroma and epithelium per sample, as 

detailed in Chapter 2.  Hypothesized likely correlates between immunohistochemical and 

scattering parameters were evaluated according to their Pearson’s correlation coefficient.   
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3.2.8 Optical parameter classification and ranking 

Box plots of spectral parameters and spectroscopic textural features were used to show 

diagnostic distributions and enabled initial comparison of group medians – red bars 

indicate the median of each distribution; green dots indicate the mean value per patient; 

and boxes delineate interquartile fractions with outliers represented by red crosses.  

Boxplots were colored according to their diagnostic class to better facilitate comparison 

with immunohistochemical correlates. Discrimination was assessed between benign and 

malignant pathologies and between the benign pathology subtypes, normal, fibrocystic 

disease and fibroadenomas, and the invasive pathology subtypes, DCIS and invasive 

cancer. Parameter mean and standard deviation per diagnosis and per 1cm2 FOV were 

calculated to quantify heterogeneity in breast tissue optical properties per patient for a 

given diagnosis.  

One-way analysis of variance was employed to assess whether parameters were 

drawn from a population with the same sample mean.  This evaluation was followed by a 

paired students t-test to determine which diagnostic groups were differentiable.   The 

Behrens-Fisher null hypothesis tested whether parameters extracted from paired 

diagnostic groups were drawn from independent, normal distributions with equal means, 

but not necessarily equal variance.  Variance was not assumed to be equal across 

diagnostic groups based on the group box plots.  For all calculations, the null hypothesis 

was rejected with α=0.05.   

Receiver operator characteristic (ROC) analysis measured the performance of 

simple, threshold-based classification of benign and malignant pathologies according to 

the region-averaged scattering power as a function of region size (bin size gives the 
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length of each square, averaged region). Area under the curve (AUC) as a function of bin 

size was used to characterize the length scale of morphological variance observed within 

typical breast pathologies at this sampling resolution and to identify the region size 

necessary for a robust pathologic assessment according to spectroscopic scattering. This 

approach was advantageous because spectral parameters were directly interpreted and 

diagnostic discrimination did not require training (acquisition can be time intensive). 

A nearest neighbor classification algorithm was subsequently employed for 

synergistic interpretation of all spectral-signatures for improved pathologic 

discrimination. This supervised learning method required population of a training feature 

space; i.e. it was informed by parameter sets associated with a known diagnosis.  As 

previously discussed, the nearest neighbor classifier assigns an unclassified set of spectral 

parameters, to the majority diagnosis of its k-nearest neighbors found in the training 

feature space.  Here, the number of nearest neighbors was optimized through receiver 

operating characteristic (ROC) analysis for separation of benign and malignant 

pathologies and for separation of all pathology subtypes listed in Table 3.1. In this study, 

optimized parameters in Chapter 2 were employed in the classifier (local statistics and 

spectroscopic textural parameters were computed per 500µm2 neighborhood), although 

the number of nearest neighbors was optimized specifically for this training set (giving 

the user some control over the balance between classification bias and variance).  

 

§ k-nearest neighbor classification 

Each tissue pixel was parameterized according the mean scattering slope, mean integrated 

irradiance, and textural features computed within a 500µm2-neighborhood.  Diagnostic 
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estimation was tested with and without the shape features, Euler number and fractal 

dimension (DF).  Shape features were computed per 1cm2 FOV as opposed to the local 

neighborhood.
 

p̂ = µb µIavg
Contrastb Energyb Homogeneityb Entropyb Euler # DF , 

WAW prospectively assigned a microscopic diagnosis to all spectral maps.  All pixels 

were randomly divided into three non-overlapping sets, with an equal number of pixels 

per diagnostic class per set. Classifier performance was evaluated using a three-fold cross 

validation technique where two sets were employed for training and the third set was 

employed for validation to measure classification performance. This procedure was 

repeated three times, for all possible permutations of training and testing sets.  Reported 

classification efficacy and error were the average of these three executions.  

The Euclidian distance metric was used to compute the distance between the 

query vector, p̂q , and each vector in the training set, p̂t .   

dqt
2 = ( p̂q ! p̂t )( p̂q ! p̂t )'  

This metric was chosen instead of the Mahalanobis distance to implement the more 

efficient k-dimensional tree search algorithm available in the MATLAB Statistical 

Learning Toolbox[147].  This search algorithm improved the nearest-neighbor 

computational burden, which was significant for this training set (contained nearly 

200,000 spectra). For this reason, the logarithm of the scattering amplitude was not used 

to inform the classifier given its correlation with scattering slope. To prevent some 

features from being more strongly weighted than the others, a whitening transformation 

was applied to all spectral parameters prior to classification. Whitening centers each 
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parameter distribution through mean subtraction and division by the inverse square of the 

covariance matrix[148].   

 All training pixels were associated with a known diagnosis according to the 

pathologist’s selection of ROIs.  The diagnosis of each query point was also determined 

by the pathologist, but remained unknown to the classifier in order to evaluate its 

performance.  Differentiation of benign from malignant pathologies as well as separation 

of the clinically relevant sub-types:  normal, fibrocystic disease, fibroadenoma, DCIS, 

and invasive cancer were evaluated using the confusion matrix, as illustrated in Chapter 2. 

 

§ Feature ranking 

In order to rank the importance of each spectral parameter to a diagnosis and to test the 

value added by textural patterns, a sequential floating forward selection (SFFS) algorithm 

was implemented. SFFS selects the features that best discriminate between diagnostic 

classes according to a measure of class separability.  Here, the Bhattacharyya statistical 

distance (Jij) was used to measure the separability between two classes (i,j) [107, 149]:  

 

A Gaussian distribution of classes was assumed and  and  represent the mean and 

covariance matrix for each class i respectively. A global class separability metric was 

subsequently computed to quantify the separation between all diagnostic subtypes (n=5) 

listed in Table 3.1: 
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Pi is the prior probability of class i determined by its fraction of pixels in the training set.   

 SFFS begins with a null parameter set, , and iteratively computes the 

maximized criterion function (Bhattacharyya distance of class separability) for each 

spectral parameter (1-dimensional).  The feature that maximizes the criterion function 

(x+) is retained and the criterion function is then evaluated for all possible 2-dimensional 

vectors containing the previously selected (x+).  This is repeated until  contains the 

desired number of ranked features. A floating algorithm takes one step back after each 

step forward to test if the criterion function increased with the added parameter.  A 

schematic of the algorithm is shown in Figure 33; it is a modified version of that 

presented in the Theodoris text [150].  

	  

Figure	  3.17	  Schematic	  of	  the	  feature-‐ranking	  algorithm,	  sequential	  floating	  forward	  selection	  (SFFS) 

x+ and x-represent the most and least discriminating parameters sets evaluated per 

iteration, k. The output of the algorithm was an array that ranked the parameters in order 

of their contribution to diagnostic class separability. 
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3.3 Clinical Results	  

3.3.1 Optical biomarkers of breast pathology 

§ Spectroscopic scattering features 

Box plots of the spectroscopic scattering slope and integrated irradiance per pixel as a 

function of diagnosis are illustrated in Figure 3.18(a-b); their 1cm2 region-averaged 

measures are shown in Figure 3.18(c-d); and corresponding immunohistochemical 

correlates are plotted in Figure 3.18(e).  The mean and standard deviation per spectral 

parameter per diagnosis are also listed in Table 3.2 (below).   

 
Diagnosis 

Scattering 
Power (b) 

! 

µ ±"  

Log Scattering 
Amplitude (A) 

! 

µ ±"  

Integrated 
Intensity (Iavg) 

! 

µ ±" 

NOR 1.72 +/- 0.21 4.89 +/- 0.45 113.52 +/- 34 

FCD 1.65 +/- 0.26 4.61 +/- 0.69 92.71 +/- 21.74 

FA 1.66 +/- 0.19 4.40 +/- 0.60 51.73 +/- 13.96 

DCIS 1.04+/- 0.12 2.73 +/- 0.34 61.68 +/- 2.73 

INV 1.15 +/- 0.37 3.08 +/- 1.03 70.29 +/- 17.65 

Table	   3.2	   Mean	   +/-‐	   standard	   deviation	   for	   spectrally	   derived	   scattering	   parameters	   per	   diagnostic	  
category.	  	  

The intra-patient scattering response was expectedly heterogeneous, but imaging-

pathology correlates revealed that scattering variations had a spatial pattern that reflected 

the organization of microscopic glandular structures, stromal and adipose matrices.  

Parameters averaged over a 1cm2 FOV better accounted for the inherent biological 

variance observed at this sampling resolution and a natural separation between benign 

and malignant pathologies emerged.  Box plot notches show scattering parameters do not 

independently discriminate pathology subtypes within the benign and malignant classes, 

except for fibroadenomas, which are distinguishable from other benign pathologies. In 
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this and previous localized spectroscopy studies, fibroadenomas were observed to have a 

high scattering power, but low integrated intensity[31]. Together, these parameters render 

fibroadenomas readily distinguishable. Higher scattering slopes were typical of benign, as 

compared to in situ and invasive pathologies.  This finding was consistent with literature 

reports of an overall decrease in the reduced scattering coefficient at all wavelengths 

associated with benign relative to malignant tissues [75, 82]. Histology showed the 

invasive cancer outlier with high scattering slope, indicated by the green star in Figure 

3.18(c), had dense stromal content, perhaps explaining its deviant behavior.   
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Figure	   3.18	   Box	   plots	   of	   scattering	   parameters	   per	   diagnostic	   class:	   (a)	   scattering	   slope	   per	   spectral	  
measurement,	  (b)	  integrated	  irradiance	  per	  spectral	  measurement,	  (c)	  mean	  scattering	  slope	  per	  1cm2 
FOV, mean	   integrated	   irradiance	   per	   1cm2 FOV.	   	   The	   green	   star	   in	   (c)	   is	   an	   indicator	   of	   the	   invasive	  
cancer	  extreme	  (see	  text	  for	  further	  details).	  	  (e)	  Immunohistochemical	  correlates	  per	  diagnostic	  class.	  	  	  
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Quantitative immunohistochemistry revealed remarkable variability in microscopically 

assessed percent epithelium, stroma and adipose per diagnostic class.  The benign 

pathologies, normal and fibrocystic disease, had lower epithelial content and elevated 

stromal-adipose distributions.  In contrast, the malignant pathologies, DCIS and invasive 

cancer demonstrated high epithelial and low adipose content, and extreme variation in 

stromal content.  Fibroadenomas were most distinguished immunohistochemically, 

explaining their distinct spectroscopic signature. Correlations between region-averaged 

immunohistochemical and spectral parameters are listed in Table 3.3 according to their 

Pearson’s correlation coefficient.  Immunohistochemistry correlates were measured 

between inked pin marks per histological section. 

 b Iavg Contrast Energy Homogeneity Entropy Euler # DF 

% Epithelium -0.22 -0.53 0.34 -0.30 -0.34 0.35 -0.17 0.14 

% Stroma 0.20 0.50 -0.31 0.27 0.31 -0.33 0.08 -0.12 

% Fat 0.01 -0.06 -0.01 0.03 -0.00 0.05 0.34 -0.04 

Table	  3.3	  Pearson's	  correlation	  coefficients	  for	  paired	  spectroscopic	  textural	  and	  immunohistochemical	  
measures.	   	   Negative	   and	   positive	   correlations	   greater	   than	   20%	   are	   highlighted	   in	   red	   and	   green	  
respectively. 

Once more, a negative correlation was observed between spectroscopic scattering 

parameters and epithelial content and a nearly equal and opposite (positive) correlation 

was observed between spectroscopic scattering parameters and stromal content, 

antagonizing contrast between these macroscopic scattering centers.  The magnitude of 

this correlation was more pronounced for the integrated scattering irradiance, perhaps 

because this measure demonstrated lower sensitivity to variations in hemoglobin when 

sampled by this dark-field geometry.  
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§ Spectroscopic textural features 

Textural features were explored to better understand spatial patterns in the spectrally 

derived parameter space.  Examples of texture maps and corresponding pathology for 

benign, in situ and invasive cancer are presented in Figure 3.19.   

	  

Figure	  3.19	  Images	  of	  spectroscopic	  texture	  features	  and	  corresponding	  pathology	  for	  normal	  (row	  1),	  
DCIS,	  (row	  2),	  and	  invasive	  cancer	  (row	  3)	  pathologies:	  	  maps	  of	  spectroscopic	  textural	  contrast	  (column	  
1),	   textural	  energy	  (column	  2),	   textural	  entropy	  (column	  3),	  and	  textural	  homogeneity	  (column	  4)	  are	  
shown.	   	  Column	  5	  gives	  the	  corresponding	  histology	  for	  the	  image	  stets	  with	  pin	  markers	  indicated	  by	  
blue	  arrows.	  	  	  	  

The first column shows a map of texture contrast for tissues with increasing malignant 

potential.  Texture contrast was uniform and low for normal tissues, and tended to 

increase in intensity and disorder for in situ carcinomas, pathology characterized by 

marked expansion of glandular units by neo-plastic cells, compressing (but not invading) 

the surrounding stromal environment.  Invasive cancers had uniformly high texture 

contrast, likely because of their infiltrative epithelial component.   Similar trends were 
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observed in maps of texture entropy (column 3), also a measure of disorder strength, and 

inverse trends were observed in maps of texture homogeneity and energy. Results 

suggested that epithelial regions have more local variance (contrast and entropy), mainly 

because the size of epithelium is nearer to the detection resolution.  Conversely, stroma, 

primarily composed of collagen, is characterized by low textural variance and high 

homogeneity or energy – likely because collagen fibers are two orders of magnitude 

smaller than the sampling resolution (~1µm in length).   Box plots summarizing texture 

parameters as a function of diagnosis for all patients, including the shape features, Euler 

number and Fractal dimension, are shown in Figure 3.20 and highlight the unique 

information provided by these measures.   While some information redundancy was 

observed between texture parameters, box plots showed subtle change per diagnostic 

class and all spectroscopic texture parameters were ranked according to their contribution 

to diagnostic class separability by the SFFS algorithm.  
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Figure	   3.20	   (a-‐f)	   Box	   plots	   of	   all	   spectroscopic	   texture	   and	   shape	   features	   per	   diagnostic	   class;	   	   (g)	  
Corresponding	  immunohistochemical	  correlates;	  colors	  indicate	  diagnostic	  class. 

Benign pathologies tended towards a positive Euler number (more homogeneous) and 

invasive pathologies tended towards a negative Euler number due to their local spatial 

variance.  The high spatial variance characterizing malignant pathologies was also 

evident in its fractal dimension, which approaches two (suggesting greater turbidity). All 

region-averaged spectral and spectroscopic textural parameters are shown as a function of 

benign or malignant diagnosis in Figure 3.21; highlighting the diagnostic separability 
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introduced by image features. DCIS was grouped with the malignant pathologies because 

clinically it is treated as a pre-invasive lesion. 

	  

Figure	  3.21	  Box	  plots	  of	  all	  region-‐averaged	  spectral,	  textural,	  and	  shape	  features	  as	  a	  function	  of	  benign	  
or	  malignant	  diagnosis. 

Here, the ability of textural features to distinguish benign from disease states was 

independently assessed.  In the next section, a multi-parametric classifier considers their 

combined value to diagnosis.   

 Pair-wise discrimination between normal and invasive, normal and DCIS, and 

invasive and DCIS pathologies, were evaluated according to region-averaged spectral and 

textural parameters; their significance values are presented in Table 3.4.  Significant 

values within 95% confidence limits are underlined; spatial-spectral features significantly 

differentiate DCIS from benign pathologies and texture contrast may uniquely separate 

DCIS from invasive cancers. 

 

 

 

 



	  103	  

Paired 
Diagnosis <b> <Iavg> <Contrast> <Energy> <Homog> 

 
<Entropy> 

Euler 
# 

DF 

NOR-INV 0.0007 0.0764 0.0046 0.0011 0.0013 0.0022 0.0018 0.0016 

NOR-DCIS 0.0342 0.0046 0.0171 0.0664 0.0134 0.0247 0.1468 0.0007 

INV-DCIS 0.4540 0.1225 0.0145 0.3047 0.3038 0.2948 0.2673 0.1437 

Table	   3.4	   Significance	   values	   for	   discrimination	   between	   normal	   (NOR)	   and	   invasive	   (INV),	   NOR	   and	  
DCIS,	  and	  INV	  and	  DCIS	  pathologies	  by	  the	  region-‐averaged	  spectroscopic	  and	  spectroscopic	  texture	  and	  
shape	  parameters	  computed	  according	  to	  the	  Behrens-‐Fisher	  two-‐sample,	  t-‐test.	  Underlined	  values	  are	  
significant	  within	  95%	  confidence	  limits.	  

Over 18,000 spectroscopic measures of reflectance were sampled from DCIS, but data 

was sampled from only two patients due to the limited availability and prospective 

determination of this diagnosis.  While textural features successfully distinguish DCIS 

from other benign and malignant pathologies, specimens from a larger patient population 

are needed to confirm this hypothesis. Texture signatures of DCIS make sense because it 

is composed of morphological features found in both normal tissue and invasive 

pathologies – the spatial relationship between these scattering components renders its 

unique spectroscopic signature. 

 

3.3.2 Optical diagnosis in resected breast tissues 

§ Unsupervised spectroscopic image classification 

An understanding of within-class signal variance at the detection resolution is critical to 

the development of spectroscopic tools for diagnostic sensing; otherwise sampling 

artifacts can misinform a diagnosis.  The scanning in situ spectroscopy platform gave 

spatial-spectroscopic patterns that reflected morphological features relevant to 

microscopic assessment of pathology.  ROC analysis evaluated the ability of the region-

averaged scattering slope to discriminate benign from malignant pathologies as a function 

of region size in order to characterize the length scale of signal heterogeneity observed 
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within typical breast pathologies at this sampling resolution (Figure 3.22). Performance 

values are reported per neighborhood size (binning dimension) in Table 3.5.  Region size 

spanned single spectra, a 100µm detection spot size, to the spectroscopic image, a 1cm2 

surface area.   

	  

Figure	   3.22	   (a)	   ROC	   analysis	   of	   benign	   and	   malignant	   discrimination	   for	   a	   threshold	   applied	   to	   the	  
region-‐averaged	  scattering	  slope	  as	  a	   function	  of	  region	  size	  (binning	  dimension).	   	   (d)	  Area	  under	   the	  
curve	  as	  a	  function	  of	  region	  size.	  	  

Bin length 
(# pixels) Accuracy 

 
Sensitivity 

 
Specificity 

 
PPV 

 
NPV 

 
1 0.73 0.64 0.80 0.68 0.77 

2 0.75 0.66 0.81 0.70 0.78 

4 0.77 0.67 0.83 0.72 0.79 

5 0.77 0.67 0.84 0.74 0.79 

10 0.79 0.70 0.86 0.77 0.81 

20 0.81 0.71 0.88 0.80 0.82 

25 0.83 0.73 0.90 0.83 0.83 

50 0.85 0.77 0.91 0.85 0.85 

100 0.94 0.85 1.00 1.00 0.90 

Table	  3.5	  Performance	  of	  threshold-‐based	  classification	  of	  benign	  and	  malignant	  pathologies	  according	  
to	  the	  region-‐averaged	  scattering	  slope.	  	  Bin	  length	  (in	  number	  of	  pixels)	  gives	  dimension	  of	  the	  square,	  
averaged	  	  FOV.	  	  The	  accuracy,	  sensitivity,	  specificity,	  PPV,	  and	  NPV	  are	  computed	  per	  binning	  dimension.	  



	  105	  

Performance curves suggest that local spectroscopic sampling over a 1mm2 area 

characterizes the length scale of scattering variance observed within typical breast 

pathologies at this detection resolution.  Discrimination between benign and malignant 

pathologies improved with region size given the method of ROI selection (each 1cm2 

FOV assigned one diagnosis).  The 1cm2 region-averaged scattering power separated 

benign from malignant pathologies with 94% accuracy, 85% sensitivity, 100% specificity, 

100% positive predictive value and 90% negative predictive value.  When a diagnosis 

was rendered on a per-spectrum basis, classification was achieved with 73% accuracy, 

64% sensitivity, 80% specificity, 68% positive predictive value and 77% negative 

predictive value; highlighting the biological variance specific to the detection resolution. 

	  
§ Supervised k-nearest neighbor classification 

Spectroscopic texture and shape features discriminated microscopic diagnoses with even 

higher specificity when combined with a nearest-neighbor learning algorithm.  Classifier 

performance as a function of nearest neighbor number (k) is presented in Figure 3.23.  

ROC curves as a function of nearest neighbor number show that five nearest neighbors 

(k=5) optimized sensitivity and specificity for binary discrimination between benign and 

malignant pathologies and for higher-order separation of the pathology subtypes listed in 

Table 3.1. Plotted sensitivity and specificity values were averaged over all diagnostic 

classes. 
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Figure	  3.23	  ROC	  optimization	  of	  the	  nearest	  neighbor	  number	  (k)	  for	  discrimination	  between	  (a)	  benign	  
and	  malignant	  pathologies	  and	  (b)	  all	  pathology	  subtypes. 

Table 3.6(a) summarizes the performance of the near neighbor algorithm when local 

(500µm2 neighborhood) spectral and textural parameters were used to inform a diagnosis 

on a pixel-by-pixel basis. Discrimination was evaluated for the pathology subtypes:  

normal, fibrocystic disease, fibroadenoma, DCIS, and invasive cancer and for the more 

general separation between all benign and malignant pathologies.  The classifier 

demonstrated high specificity, but sensitivity to under-represented pathologies was low.  

Differentiation of benign from malignant pathologies was more robust given the limited 

number of patients sampled per diagnostic class in this preliminary dataset; overall, these 

classes were identified with 92% accuracy.  Higher order segmentation of microscopic 

pathologies was achieved with 82% accuracy, but sensitivity to pathologic subtypes like 

DCIS was limited (49%). When image shape feature (computed per 1cm2) additionally 

informed each local diagnosis, accuracy and sensitivity to under-represented pathologies 

improved dramatically. Differentiation of higher order pathology subtypes was achieved 

with 97% accuracy, and sensitivity to DCIS increased from 49% to 89%.  Confusion 

matrices illustrating classification performance with and without image shape features are 

presented in Figure 3.24(a) and 3.24(b) respectively.  
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(a) Texture (500µm2 neighborhood) 

 

 NOR FCD FA DCIS INV  Benign vs. 
Malignant 

Sensitivity 0.88 0.73 0.89 0.49 0.84 0.90 
Specificity 0.95 0.95 0.98 0.98 0.90 0.93 
PPV 0.86 0.75 0.90 0.61 0.81 0.90 
NPV 0.968 0.95 0.98 0.97 0.92 0.94 
Accuracy 0.82 0.92 

(b) Texture (500µm2 neighborhood) + Shape (1cm2 FOV) 

µb µIavg
Contrastb Homogeneityb Energyb Entropyb Euler # DF

 

 NOR FCD FA DCIS INV  Benign vs. 
Malignant 

Sensitivity 0.98 0.95 0.99 0.89 0.97 0.98 
Specificity 0.99 0.99 1.00 1.00 0.98 0.99 
PPV 0.98 0.95 0.99 0.94 0.96 0.98 
NPV 0.99 0.99 1.00 1.00 0.98 0.99 
Accuracy 0.97 0.98 

Table	   3.6	  Nearest	   neighbor	   classification	   performance	   values	   (a)	  when	   a	   diagnosis	  was	   rendered	   per	  
pixel	   for	   spectroscopic	   textural	   parameters	   computed	   in	   a	   500µm2	   local	   neighborhood	   and	   (b)	  when	  
image	  shape	  features	  were	  additionally	  used	  to	  inform	  a	  diagnosis.	  	  Performance	  values	  are	  reported	  for	  
discrimination	  between	   all	   pathology	   subtypes	   and	   for	   discrimination	  between	  benign	   and	  malignant	  
pathologies	  respectively. 

	  

Figure	   3.24	   Confusion	   matrices	   illustrating	   performance	   of	   the	   nearest-‐neighbor	   classifier	   when	  
discriminating	  between	  all	  pathology	  subtypes	  according	  to	  (a)	  local	  spectroscopic	  texture	  parameters	  
and	  (b)	   local	  spectroscopic	  texture	  and	  image	  shape	  parameters.	   	  True	  positives	  are	  highlighted	  along	  
each	  diagonal. 

µb µIavg
Contrastb Correlationb Homogeneityb Energyb Entropyb
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Confusion matrices show that DCIS was most frequently misclassified as a malignant 

pathology and there was significant crosstalk between the benign pathologies, normal and 

fibrocystic disease.  These trends in misclassification are insignificant from a clinical 

treatment perspective.  The nearest neighbor algorithm synergistically interpreted local 

spectroscopic texture and shape features to enhance diagnostic class separability and 

demonstrated the value of localized spectroscopic imaging.  

 

3.3.3 Optical parameter ranking 

Certain texture and shape features were ranked in the top five parameters most significant 

to diagnostic class separability, as shown in Table 3.7. The integrated scattering 

irradiance provided the greatest diagnostic class separability for all diagnostic subtypes 

listed in Table 3.1 when local spectroscopic and textural parameters informed a diagnosis 

(features computed in a 500µm2 neighborhood per pixel). This was followed in rank by 

the texture features, entropy and homogeneity, and the scattering slope.  Redundant 

information was spatially observed between texture entropy and contrast, and texture 

homogeneity and energy, so typically only one of each pair ranked as significant. When 

the image shape features, Euler number and fractal dimension, additionally informed a 

diagnosis, class separability improved dramatically and both shape features ranked in the 

top five parameters most significant to diagnostic discrimination.   
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 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 

(a) Texture  

(500µm2 neighborhood) 

 

µIavg
 

 

Texture 
Entropy 

 

Texture 
Homogeneity µb  

 

Texture 
Energy 

(b) Texture  

(500µm2 neighborhood) 
+ Shape (1cm2 FOV) 

 

Euler # 

 

Texture 
Entropy 

µIavg
 Fractal 

Dimension 
µb  

Table	  3.7	  Spectroscopic	  and	  spectroscopic	  textural	  parameters	  ranked	  according	  to	  diagnostic	  class	  
separability	  (a)	  not	  including	  image	  shape	  features	  and	  (b)	  including	  image	  shape	  features.	  

Spectroscopic texture and shape features were initially extracted from maps of the 

scattering slope, perhaps explaining why this parameter consistently ranked lower than 

the integrated scattering irradiance in its contribution to diagnostic class separability 

(partially redundant information). Additionally box plots of the integrated scattering 

irradiance per diagnostic class showed greater information content, likely given its 

decreased sensitivity to changes in local absorption.  However, the standard deviation 

observed in spectroscopic scattering slope per diagnostic class was much less than the 

standard deviation observed in tissue-simulating phantoms due to hemoglobin variations 

(! b = 0.07 ).  
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3.4 Discussion  

In this study, the 2nd generation scanning in situ spectroscopy platform was used to 

identify spectroscopic-imaging signatures of breast tissue types at a resolution that 

limited multiple scattering (~150µm), but sampled spectra from 1cm2 tissue fields 

relevant to standard clinical pathology.  Nearly 300,000 spectra were parameterized using 

linear regression and spatially dependent spectral signatures were interpreted using a co-

occurrence matrix representation of image texture.  Spectroscopic shape features 

heightened sensitivity to DCIS (to 89% from 49% when local texture features alone 

informed a diagnosis) and ranked in the top five parameters contributing most 

significantly to diagnostic class separability.  Texture features by design were computed 

per 500µm2 area, roughly the oxygen diffusion length in tissue, to increase sensitivity to 

DCIS.  An unsupervised learning algorithm readily distinguished benign from malignant 

pathologies with 94% accuracy, 85% sensitivity, 100% specificity, 100% PPV and 90% 

NPV by thresholding the region-averaged scattering slope.  A supervised, nearest-

neighbor algorithm was subsequently implemented to interpret all texture and shape 

parameters synergistically and to discriminate between higher order pathology subtypes. 

Spectroscopic textural parameters computed per 500µm2-neighborhood comparably 

rendered a diagnosis with 92% accuracy, 84% sensitivity, 90% specificity, 81% PPV and 

92% NPV when interpreted by the nearest neighbor learning algorithm.  When image 

shape features (computed per 1cm2) additionally informed each local diagnosis, 

pathologic discrimination was nearly perfect (98% accuracy, 98% sensitivity, 99% 

specificity, 98% PPV and 99% NPV).  Image features were important to optimally 

discriminate benign, from in situ and invasive cancers; particularly, textural contrast 
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demonstrated the potential to uniquely separate DCIS from other invasive pathologies.  

Both classifiers were highly specific and mainly limited by sensitivity.   

 A key advantage of the scanning in situ spectroscopy platform is that sampling 

and quantification of spectroscopic textural patterns may be performed at multiple levels, 

each giving unique information tailored to the specific application. A more microscopic 

sampling resolution could assess variance within intra-epithelial or extracellular 

compartments; perhaps identifying new markers of cancer or pre-cancer[151]; but 

translation of microscopic techniques to surgical problems like margin assessment will 

likely be flawed by sampling artifacts.  Larger tissue volumes may be sampled for 

increased spectral complexity (absorption probabilistic) and better coverage of the full 

tumor specimen, the tradeoff, however, is loss of sensitivity to sub-cellular architecture 

(often diluted in diffuse sampling geometries due to the exponential effects of absorption 

and volume-averaging). The main advantage of the mesoscopic resolution and image size 

employed here is its relevance to standard clinical pathology; larger areas or sampling 

volumes may result in a mixed diagnosis and reduce sensitivity to microscopic residual 

disease.  Current diagnostic performance was limited by our ability to co-register the 

spectrally derived images with pathology.  With improved co-registration, the system has 

the potential to differentiate light scattering from morphological components within a 

diagnosis which could lead to better understanding of tissue optical properties and 

determination of the minimum size of detectable, residual cancer at the present sampling 

resolution.  ROC curves revealed that localized spectra sampled within a 1mm2 area 

characterized the length scale of scattering variance observed in typical breast 

pathologies at this detection resolution. Textural features were computed in a 500µm2-
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neighborhood because this was biologically relevant and showed outstanding 

discriminatory power.  

 Successful diagnostic adjuncts to surgical procedures will require fast data 

acquisition and analysis. The scanning-beam architecture used here efficiently sampled 

broadband spectra over tissue fields that were diagnostic and relevant to surgical margin 

assessment.  Further improvements in data transfer rates are possible through hardware 

modifications, not yet optimized in the present prototype.  Signal localization enabled 

quantification of scattering parameters using direct matrix inversion and a threshold 

applied to the region-averaged scattering slope readily distinguished benign from 

malignant pathologies. The supervised learning algorithm also demonstrated near-real 

time diagnostic capability when using an existing training feature space and the k-

dimensional tree search algorithm.     

 Tradeoffs exist between maintaining microscopic sensitivity and imaging fields 

that robustly sample scattering heterogeneities within pathology subtypes at the detection 

resolution.  Since biological tissues have many levels of disorder, finding volume-

averaged measures that are diagnostically powerful and clinically pragmatic is key. Here, 

we have evaluated the discriminating capability of localized spectroscopic image features.  

These results appear to be the first demonstration of imaging highly localized scattering 

spectra in thick biological tissues using a scanning-beam approach that has shown 

significant diagnostic potential. 
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3.5 Conclusions 

In this study, spectroscopic images of resected tissues were analyzed to characterize the 

spatially dependent signatures of breast pathologies. Images were acquired using a 

scanning in situ spectroscopy platform that sampled the nearly coherent scattering 

spectrum over a 1cm2 FOV, effectively decoupling the effects of absorption from 

scattering and enabling linear spectral interpretation. Spatially, the intra-specimen 

scattering response was expectedly heterogeneous, but imaging accounted for 

morphological variability and improved region-based diagnosis. Analysis of performance 

curves as a function of region size revealed that a 1mm2 area characterized the length 

scale of morphological variance observed in typical breast pathologies at this detection 

resolution.  Local scattering changes detected over the 1cm2 field of view discerned 

benign from malignant pathologies with 94% accuracy using a simple, threshold-based 

classifier. Diagnostic performance, particularly sensitivity to DCIS, improved 

considerably when all spectroscopic texture and shape features were interpreted together 

using a nearest neighbor algorithm.   Texture and shape features significantly 

discriminated benign from malignant pathologies with 92% and 98% accuracy 

respectively, indicating that scattering variation encodes key morphological patterns with 

diagnostic power.  In a limited patient data set, texture features identified DCIS within 

95% confidence limits, suggesting potential contrast mechanisms for this clinically 

important, yet challenging pathology to detect intra-operatively. The scanning system 

was designed to strike a balance between microscopic sensitivity and imaging fields that 

robustly sample heterogeneous tissue fields for eventual use as a diagnostic adjunct 

during surgery. 
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Chapter 4:  Spatial frequency domain imaging of localized reflectance 

4.1 Introduction 

Thus far, localized spectroscopic images have demonstrated discriminatory power when 

image features and within-class heterogeneities were quantified. However, clinical 

translation of the scanning in situ spectroscopy platform is currently limited by its 

exquisite sensitivity to surface profile changes and lower limit on depth sensing.  Tissues 

excised during breast conserving surgery (BCS) may include tumors up to 5cm in 

diameter, surrounded by a targeted layer of grossly normal tissue that is nearly 1cm thick. 

Gross sampling artifacts necessarily limit complete assessment of disease extent, multi-

focality and tumor heterogeneity using a raster scanning approach to data acquisition 

(DAQ).  Ideally, we might like to assess the full tumor specimen in a non-contact manner, 

while maintaining sensitivity to malignant transformations in localized volumes.   

Spatial frequency domain imaging (SFDI), a planar imaging modality pioneered 

by the University of California at Irvine (UCI) and commercialized by Modulated 

Imaging Inc. for biological imaging between coherent and diffuse optical techniques, was 

explored for wide-field localization of spectroscopic scattering in surgical breast tissues.  

Probing depths of coherent techniques, like optical coherence tomography (OCT) and 

confocal microscopy, are mainly limited by a multiple scattering background.  The 

transport pathlength defines the average distance a photon travels before losing all 

information about its original direction of motion, thereby limiting coherent sensing; in 

tissues, this is 0.2-1mm for NIR light[152]. In diffuse optical tomography (DOT), photon 

transport is determined by a photon density gradient, so detection is limited to bulk, 

gradual changes in tissue optical properties.  Probing depths can be several centimeters, 
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but spatial resolution corresponds to the scattering coefficient of the tissue[89].  

Therefore, DOT is insufficient to resolve local transformations by important scattering 

structures, which mainly have dimensions comparable to the optical wavelength[37].  

Neither coherent nor diffuse, SFDI quantitatively resolves sub-surface tissue absorption 

and scattering using a harmonically varying plane wave source and analysis of the spatial 

modulation transfer function (s-MTF).  For tissue optical properties, its probing depth is 

approximately 1-8mm [153].  The relative contribution of absorption and reduced 

scattering to the modulated reflectance varies as a function of spatial frequency according 

to an inverse polynomial function; therefore, nonlinear regression of experimental data to 

analytical models of light transport was used for quantification of tissue optical 

properties[11].  High spatial frequency projections are sensitive to short pathlength 

phenomenon, primarily scattering by local fluctuations in tissue morphology. Continuous 

illumination is sensitive to both absorption and scattering, as shown in Figure 4.1.  

	  

Figure 4.1 Diffuse reflectance measured from tissue-simulating phantoms shown per wavelength from 658nm (a) 
through 970nm (d) as a function of spatial frequency.  Line colors represent changing concentrations of 
hemoglobin in three scattering phantoms (0.5, 1 and 2% Intralipid, curves indicated in (a)).   High spatial 
frequencies are insensitive to absorption changes and therefore are used to uniquely determine scattering effects.   

 SFDI probes optical parameters complimentary to those sampled by the scanning 

in situ spectroscopy platform, mainly because light undergoes multiple scattering events, 

and therefore has an increased probability of absorption and decreased sensitivity to the 

scattering phase function.  However, photon transport at high modulation frequencies (or 
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equivalently, near-source) is non-diffusive and sensitive to the tissue anisotropy[154].  

Planar illumination simplified transport modeling to 1-dimensional propagation in depth; 

so recovered spectroscopic parameters were surface weighted.  This was adequate, and 

perhaps even advantageous, for surgical margin assessment where the goal is to detect 

malignant transformations within ~1mm of the specimen surface.  SFDI readily translates 

to surgical margin assessment because wide field measurements are made in a non-

contact and a non-scanning manner. Its ability to discriminate breast pathologies is 

evaluated here in 47 resected tissues with supervised and unsupervised learning 

algorithms.   
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4.2 Materials and methods 

4.2.1 Imaging system 

A compact SFDI system was purchased from Modulating Imaging Inc. to map tissue 

optical properties at depth using spatially modulated plane wave projections and a CCD-

based detection scheme[11].  Its primary advantage is integration of optical property 

determination with depth resolved imaging, where varying the spatial frequency of the 

illumination pattern controls depth.  System details are presented in the literature [11, 80] 

and a schematic of the SFDI system is shown in Figure 4.2.   

	  

Figure 4.2 Schematic of the SFDI system (courtesy of Modulated Imaging Inc.) 

High power light-emitting diodes (LEDs), a projection system and a digital micro-mirror 

device were used to illuminate the sample with NIR spatially modulated light at 658, 730, 

850 and 970nm.  Illumination patterns were generated using C# code and an ALP 

applications program interface, MI Acquire (v1.3.12), provided by Modulated Imaging 

Inc. (Irvine, CA).   Diffuse reflectance images were captured by a black and white, 12-bit 

CCD-based camera, co-registered with the projector. Specular reflections were 

minimized by illuminating at a small angel to normal incidence and by the use of cross-
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linear polarizers placed at the source and detector. Interference filters selected narrow 

bands of NIR diffuse reflectance (  FWHM)[11]. This compact system fully 

integrated the projection and camera subsystems into a portable platform that was 

mounted on a z-axis post so that the structured light patterns were projected down onto 

the sample and scattered light was collected in a reflectance geometry.  	  

	  

4.2.2 Data acquisition and calibration 

Wide-field quantitative imaging of optical absorption and reduced scattering was 

performed at four discrete wavelengths.  A harmonically varying, planar source 

illuminated the sample at normal incidence according to: 

 

Here,  represents the decay of the source as a function of depth in the media,  

represents its phase offset, and 
 
describes the spatial frequency of modulation in 

the x-direction.   In series, 30 spatial frequencies uniformly distributed between 0mm-1 

(continuous, DC illumination) and 0.33mm-1 were projected per wavelength onto each 

sample. Assuming a linear medium and symmetry considerations, each sinusoidal source 

gives rise to a reflected intensity (IAC) with the same frequency and phase: 

 

 In order to extract the frequency-dependent modulation amplitude (MAC), a 3-phase 

demodulation scheme was employed[155].  Each spatial frequency was projected at three 

phase offsets (0,  and  radians) and the modulation amplitude was calculated 

according to: 
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This differencing approach to amplitude de-modulation automatically removed noise and 

ambient light common to all three images[11].  In total, data acquisition took 

approximately 4.5min and 360 images were acquired per sample (30 spatial frequencies x 

3 phase offsets x 4 wavelengths).  

As shown by Cuccia et al., the Fourier transform of the frequency-dependent 

modulation amplitude may be described by a spatially-frequency dependent, analytical 

expression of diffuse reflectance [11]. Therefore, phantom-based calibration and least 

squares regression were used to obtain the absolute optical properties of a sample.  A 

Siloxane Titanium Dioxide (TiO2) reflectance standard was used to calibrate the reflected 

intensity and to correct for spatial non-uniformity in the illumination and imaging 

system[156].  The reflectance standard was characterized by Diffuse Optical 

Spectroscopy (DOS), which combines frequency domain photon migration with 

broadband spectroscopy.  At each imaging session, the modulation amplitude of a 

calibration phantom with known optical properties (MAC, ref) was measured at all spatial 

frequencies and wavelengths investigated.  Diffuse reflectance of the standard (Rd, ref) was 

predicted from its known optical properties using a forward light transport model.  The 

sample reflectance (Rd) was subsequently calculated according to: 

 

Each spatial sampling point was calibrated and analyzed separately.  In the clinical data 

presented here, a uniform offset (1mm) between the tissue stage and the calibration ! 

Rd ( fx ) =
MAC ( fx )

MAC ,ref ( fx )
Rd ,ref ( fx )
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phantom was systematically introduced.   Reflectance decays with distance (h) according 

to an inverse square law, ; therefore the 1mm height offset scaled the intensity of 

the modulation amplitude according to: 

 

The distance between the CCD lens and the tissue was ~120mm (h1), and the distance 

between the CCD lens and reference phantom (h2) was precisely 1mm less (h2=h1-1mm). 

Empirically, a scaling factor of nearly one was introduced by the constant height offset, 

.  It therefore had a negligible effect on the referenced modulation 

amplitude.  Further, the maximum spatial frequency measured at h1 and h2 with a ruler 

were equivalent up to three significant digits (0.3313mm-1 at h1 and 0.3312mm-1 at h2).  

The offset was systematically introduced into all tissue measurements and therefore did 

not impact diagnostic evaluation.    

 

4.2.3 Analytical reflectance models 

Reflectance was modeled as a function of spatial frequency using the diffusion 

approximation to the radiation transfer equation (RTE) and Monte Carlo simulations [11]. 

Absorption and reduced scattering coefficients per wavelength were extracted through 

least-squares optimization between the measured reflectance and the forward model. 

 

§ Diffusion approximation 

A detailed derivation of the frequency-dependent diffuse reflectance for a homogeneous, 

semi-infinite media is presented in Appendix B. The derivation follows the work of 
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Svaasand [89] and expresses reflectance as an inverse polynomial function of a single, 

positive-valued ratio: the effective attenuation coefficient over the transport coefficient

. This ratio reveals the low-pass filtering behavior of biological tissues. The 

transport coefficient, µtr , is just the sum of the coefficients of absorption  and 

reduced scattering . In the real spatial domain, effective attenuation, µeff = 3µaµtr , 

is the square of a product of these coefficients.  However, in the spatial frequency domain, 

effective attenuation and consequently probing depth, !eff , are additionally governed by 

the illumination modulation frequency (kx): 

µeff ' = µeff
2 + kx

2( )
1/2

=
1
!eff

 

High spatial frequencies are attenuated more rapidly and thereby sample more superficial 

tissue volumes. Ultimately, the spatial frequency-dependent reflectance was expressed as:  

 

In addition to exhibiting an inverse power dependence on the ratio , reflectance 

scaled linearly with the reduced albedo, .  A is a constant that represents the 

fraction of photons reflected according to the Fresnel equations for light moving between 

media with a change in refractive index[157].  For high spatial frequencies (kx>>µeff’), 

the transport coefficient is the primary source of optical contrast.  In the diffusion limit, 

this is dominated by light scattering ( ).  Conversely, at low spatial frequencies 

(kx<<µeff’), absorption dominates reflectance.  Therefore, the frequency dependence of 
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diffuse reflectance was used for unique separation of absorption and scattering effects, as 

first realized experimentally by Cuccia [11]. 

	  

§ Monte Carlo simulations 

It is well known that the diffusion approximation to the radiation transport equation is 

valid for highly scattering media  and for source-detector separations  

significantly greater than the transport pathlength .  The frequency-domain 

analog requires the illumination spatial frequency to be much less than the transport 

pathlength ( ).  Theoretically, the diffusion approximation is not valid for high 

frequency modulations, but experimentally, it has demonstrated validity beyond these 

constraints[11, 104, 158, 159].  For high spatial frequency regimes (or equivalently, near-

source recovery of optical parameters), Cuccia et al. tested a forward model based on 

scaled Monte Carlo (MC) simulations of reflectance[11]. Phantom studies demonstrated 

limited improvement in optical property recovery with the scaled-MC approach, but this 

was not explored in a large cohort of biological tissues.  Here, the performance of the 

diffusion approximation and the scaled-MC forward models were compared in 47 

surgical breast tissues.   

Straightforward MC simulations were computationally too expensive for iterative 

estimation of optical parameters.  Instead, proper rescaling of a single MC simulation was 

employed to extract a wide range of optical properties from spatial-frequency dependent 

measures. Graaff was the first to demonstrate the use of a single MC simulation to predict 

spatially-resolved reflectance at different albedos for a fixed interaction coefficient[106].  

Kienle and Patterson further demonstrated that reflectance for all scattering coefficients 
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(given constant anisotropy, g, and refractive index, n) could be obtained by suitably 

scaling the outcome of a single MC simulation given the principle of similarity [105].  

They realized that different values of the reduced scattering coefficient only scale the 

photon interaction distance and developed a relationship that relates spatially- and 

temporally-resolved reflectance from a non-absorbing reference medium, , 

with known properties, , to a second medium with arbitrary scattering 

coefficient: 

 

Here  is the source-detector separation and  is the transport time. The factor  

was introduced by scaling in time and space (area=length2). Beer’s law was subsequently 

applied to generate simulations for all absorption coefficients.  Reflectance according to 

the scaled-MC model was therefore given by: 

 

v is the speed of light in the medium that depends on refractive index, n. The frequency-

dependent reflectance is given by the Fourier transform of this spatial point spread 

function, .  Cuccia demonstrated that for a radially symmetric function (like that 

employed in the MC simulation), a 2D Fourier transformation in the x-y plane reduces to 

a 1D Hankel transformation of order zero[11].    
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J0 is a zero order Bessel function of the first kind and np is the number of finite intervals 

that bin the radial distance, ρ. 

In our studies, two MC simulations of spatially- and temporally-resolved 

reflectance were obtained from Modulated Imaging© for optical parameter optimization.  

Each simulation followed 10 million photons launched from a collimated point source.  

The Henyey-Greenstein phase function was assumed and the detector numerical aperture 

(NA) was 0.22. The radial bin dimension was 0.09 mm, which corresponded to a 

maximum spatial frequency significantly higher than those employed experimentally (fx> 

10mm-1).   Phantom optical properties were determined by rescaling a reference MC 

simulation with a refractive index of 1.33 and an anisotropy of 0.71.  Breast tissue optical 

parameters were optimized using a reference MC simulation with a refractive index of 

1.43 and an anisotropy of 0.9. Rescaling a single MC simulation significantly reduced the 

computational burden associated with iterative MC simulations.  However, the Hankel 

transform was still time intensive in a minimization scheme.  Therefore, a dense, 30-

frequency solution grid was generated for more rapid parameterization using a look up 

table (LUT).  The LUT consisted of reflectance values computed at thirty spatial 

frequencies for a range of absorption and scattering parameters.  Absorption coefficients 

varied from 0mm-1 to 0.0999mm-1 in steps of 1.9057E-04mm-1 and the scattering 

coefficient varied from 0.2495mm-1 to 2.1495mm-1 in steps of 0.0019mm-1.  Optical 

parameters were fit by minimizing the residual sum of squares between the measured and 

simulated modulation amplitudes stored in the LUT.   
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4.2.4 Optical parameter recovery 

Optical parameters  were extracted on a per wavelength basis via least-squares 

minimization of the measured, spatial-frequency dependent reflectance to the forward 

model, and through implementation of the aforementioned 30-frequency LUT (for the 

scaled-MC model).  Subsequently, spectral parameters were extracted from the 

wavelength-dependent optical parameters.  Spectral parameters included the scattering 

amplitude (A), scattering slope (b), and absolute concentration of intrinsic tissue 

chromophores.  For the diffusion approximation, a spectrally constrained optimization 

was additionally implemented. All spectral parameters were optimized simultaneously 

given a priori knowledge of the chromophore extinction spectra and the wavelength-

dependence of reduce scattering.  However, the unconstrained optimization was observed 

to be more robust given the limited number of wavelengths sampled.   

A power law dependence on wavelength was used to describe Mie scattering 

phenomenon and to relate the reduced scattering coefficient to the size and number 

density of scattering centers in a multi-particle distribution.  The scattering amplitude (A) 

and scattering power (b) were calculated relative to the reduced scattering coefficient of 

1% Intralipid at  [109].  This relative scattering model was employed for 

proper dimensional analysis and to render the scattering amplitude physically more 

intuitive.   

 

The least-squares coefficients for scattering power and amplitude were given by [160]: 
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Here, n is the total number of wavelengths. 

The wavelength-dependent absorption coefficient was used to quantify the 

concentration of tissue chromophores for a given basis set of chromophore extinction 

spectra. The absorption coefficient is a product of the chromophore extinction spectra (  

in mm-1µM-1) and the chromophore concentration (in µM). 

 

The primary tissue chromophores contributing to NIR absorption at these wavelengths 

were oxygenated hemoglobin ( ), deoxygenated hemoglobin ( ), percent lipids 

and percent water (%H2O), as shown in Figure 4.3.  
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Figure 4.3 NIR absorption and scattering coefficients primarily observed in breast tissues.  The blue notches on 
the x-axis indicate wavelengths sampled.  Figure modified from [161] 

The concentrations of oxygenated and deoxygenated hemoglobin were recast as total 

hemoglobin (HbT) and percent oxygen (%O2), according to: 

  and   

Due to the limited number of wavelengths sampled, fit chromophores were limited to just 

total hemoglobin, percent oxygen and percent water.  Fitting all four vis-NIR 

chromophores simultaneously typically resulted in the saturation of percent water or lipid 

at its bounds.  Suspected lesions in surgically excised tissues were primarily fibro-

glandular and immunohistochemical stains of the pathology-assessed lesions revealed an 

average of 3% fat in our clinical dataset. 

Goodness of fit (GOF) was quantified for the diffusion and scaled-MC forward 

models in all surgical tissues and in tissue-simulating phantoms for model selection.  

GOF was measured according to the adjusted R2 coefficient of determination: 
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y is the measured spatial frequency response and  is the fit spatial frequency response, n 

is the total number of data points and p is the number of fit parameters.  The R2 measure 

represents how much data variance is explained by the fit; however, it is known to 

inadequately assess nonlinear regression because the total sum-of-squares (TSS) is not 

equal to the regression sum-of-squares (RSS), as in the linear case[162]. The Akaike 

Information Criterion (AIC) was additionally computed as a more robust measure of 

nonlinear model performance, mainly because it depended on the negative log likelihood 

of the residual and penalizes an increase in the number of model parameters[163].   

AIC = 2p! 2 ln(L)
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An adjusted-AIC was calculated to correct for a finite sample size [163]: 

 

The best model selection here was given by the lowest AIC.  Finally, extracted optical 

parameters were evaluated in tissue-simulating phantoms with known optical properties 

( µa (!) , µs '(!)  and total hemoglobin concentration).  Expected and recovered optical 

parameters were compared according to their standard error, Pearson’s correlation 

coefficient, and coefficient of variation.  For recovered and true parameters, ymeas and ytrue 

of length n, the standard error was defined by:  
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 The Pearson’s correlation coefficient was defined by: 

 

And the coefficient of variation was defined by:   
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The coefficient of variation is a normalized measure of the dispersion of a probability 

distribution (the inverse SNR) and gives some insight in how two variables change 

together.  For example, the standard deviation of an exponential distribution is its mean, 

so if two parameters exhibit exponential dependence, their coefficient of variation will 

approach 1. Values less than one indicate low variance, and values greater than one 

indicate high variance.    

 

4.2.5 Texture-feature extraction 

As demonstrated in Chapter 3, higher order statistics can be used to generate a plethora of 

image features.  First order statistics like the mean, standard deviation, and skewness may 

be computed for each spectral parameter over a range of spatial neighborhoods.  

Additionally, the co-occurrence matrix representation of spectroscopic texture may be 

used to quantify a plethora of second order statistics, like contrast and homogeneity, over 

many length scales specified by combinations of the displacement vector and 

neighborhood size.  Length scales that yield meaningful textural information were not 

intuitive in the relatively diffuse, SFDI parameter maps, so texture features were 

computed in neighborhoods spanning 0.2-10mm and with displacement lengths spanning 

0.2-0.8mm and at a displacement length equal to half the neighborhood size (to test for 
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broad spatial patterns). The probability of observing pairs of intensity values at a given 

displacement length in each local neighborhood was evaluated at symmetric angles (0º, 

45º, 90º and 135º); and reported values were averaged over the four angles because 

texture primitives were assumed to be rotationally invariant. It is well known that 

classification accuracy does not necessarily increase with data dimensionality.  In fact, 

high dimensionality can decrease classifier precision (Hughes Phenomenon) and increase 

computational burden [149].  Therefore, the SFFS feature selection algorithm was 

applied to determine which spectral-spatial parameters contributed most significantly to 

diagnostic separability. 

 

4.2.6 Tissue-simulating phantoms 

A series of homogenous liquid phantoms with known optical properties were imaged to 

characterize the ability of SFDI to quantitatively resolve absolute absorption and reduced 

scattering coefficients.  Phantoms were typically constructed with Intralipid-20% 

(Fresenius Kabi, Uppsala, Sweden), a fat emulsion used as a scattering agent in tissue-

simulating phantoms, and porcine blood[109].  Intralipid phantoms varied in scattering 

concentration from 0.5 to 2.0%. Dilutions were prepared from standard 20% Intralipid 

bottles, mixed with varying amounts of phosphate buffered solution, and in each of these, 

the reduced scattering coefficients was calculated per wavelength according to Kienle 

[109]. Hemoglobin concentrations were prepared using measured hematocrit values 

assayed with a HemoCue© meter (Hb 201 system, HemoCue Inc., Cypress, CA) for each 

sample, and the final solution values were serially diluted from 60 to 3.75µM.  These 

solutions cover the typical distributions of optical properties encountered in biological 
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tissues. To determine sensitivity to scattering contrast at depth, a gelatin phantom 

constructed with Intralipid and Nigrosin dye was constructed to simulate scattering 

heterogeneities placed at several depths up to 3mm in a homogeneous background. For 

contrast-detail analysis, a Biomimics solid phantom was custom designed and ordered 

from INO Inc. (Quebec City, Quebec, CA).  This polymer-based phantom, shown in 

Figure 4.4, used carbon black as an absorber and had a refractive index of 1.52. The 

absorption and reduced scattering coefficient at 800nm were 0.008mm-1 and 1.006mm-1 

respectively.  Intralipid solutions were placed in its wells, which varied in diameter from 

0.625mm to 15mm to determine the minimum detectable scattering contrast.  Scattering 

contrast was defined according to: 

 

SA is the signal from the heterogeneity and SB is the signal from the background. 

! 

Contrast =
SA " SB

SA + SB
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Figure	  4.4	  Specifications	  of	  the	  INO	  Phantom.	  	  (a)	  Three-‐dimensional	  view	  with	  representative	  axial	  slice.	  
(b)	  Superficial	  view	  with	  dimensions	  of	  wells.	  (c)	  The	  axial	  slice	  giving	  the	  side	  profile	  per	  well. 

The phantom was intended to be imaged from the bottom, hence the variation in well 

depth.  However, surface imaging was most suitable for clinical specimens and depth 

sensitivity was tested using the gelatin phantom.  

 

4.2.7 Surgical specimens and histology correlates 

The ability of SFDI to distinguish a microscopic diagnosis was evaluated in 47 surgical 

breast specimens. In this HIPAA-compliant, prospective study, approved by Institutional 

Review Board for the protection of human subjects, written informed consent was not 

required for participants, although an information sheet regarding the study was provided 

with an opt-out provision.  Fresh tissue procured during breast conserving surgery was 

obtained directly from the Department of Pathology at DHMC from patients who did not 

decline this use of their tissues.  Tissues imaged by the scanning in situ spectroscopy 
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platform and reported in Chapter 3 represent a subset of this population.  Specimen 

imaging did not affect procedure time in the operating room or the content and 

verification of the final pathology report.  Tissues were imaged within 30 minutes of 

resection and returned to pathology for standard histological processing.  In the case of 

larger lumpectomy specimens, the three-dimensional tissue volume was cut in a ‘bread 

loaf’ pattern (standard pathology protocol) and one face of one slice of the tissue was 

imaged.  Sometimes, surgical inks were observed at the tissue edge, but masking was 

applied to remove confounded regions from analysis. Spectroscopic maps readily co-

registered with digital photographs of the fresh tissue because of its wide-field 

localization. 

	  

Figure	  4.5	  Example	  of	  co-‐registration	  between	  pathology	  and	  spectral	  parameter	  maps.	  (a)	  Digital	  
photograph	  of	  tissue	  specimen	  with	  normal	  regions	  outlined	  in	  red,	  and	  DCIS	  outlined	  in	  black	  by	  a	  
trained	  pathologist.	  (b)	  Co-‐registered	  histology	  section	  used	  to	  guide	  region	  selection	  in	  (a).	  (c)	  Map	  of	  
the	  scattering	  power	  co-‐registered	  with	  the	  ROI	  maps.	  	   

An experienced breast pathologist (WAW) outlined a microscopic diagnosis on digital 

photographs of each specimen, guided by co-registered Hematoxylin and Eosin (H&E) 

stained tissue sections from the imaged surface. Affine transformations were manually 

performed in Photoshop to directly transform these regions into masks for region-based 

analysis in MATLAB.     A total of 48 specimens from 47 patients were imaged in this 

study and only one was excluded from analysis because surgical inks bled into the 

primary tissue field. Inked regions were avoided during ROI selection and masked 
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according to goodness of fit (parameters excluded if R2<0.95). A total of 59 regions of 

interest (ROI) encompassing over 265,000 spatial frequency- and wavelength-dependent 

reflectance measures were evaluated in these specimens. Discrimination was assessed 

between benign and malignant pathologies and between the benign pathology subtypes, 

normal/fibrocystic disease and fibroadenomas, and the malignant pathology subtypes, 

DCIS, invasive cancer, and treated invasive cancer (residual disease following 

chemotherapy).  A breakdown of reflectance measurements per pathology subtype is 

given in Table 4.1. 

Spatial frequency domain imaging (47 patients) 

Diagnosis # ROI #  

Normal/Fibrocystic (NOR)* 22 109,841 
Benign 

170,158 Fibroadenoma  (FA)* 11 60,317 

Ductal carcinoma in situ (DCIS) 4 8,487  

Malignant 

94,916 

Invasive cancer (INV) 17 63,552 

Invasive cancer, treated (INV,Rx) 5 22,877 

Totals 59 265,074 

Table	   4.1	   Total	   numbers	   of	   regions	   and	   modulated	   reflectance	   spectra	   ( )	   assessed	   per	  
diagnosis.	   	   Benign	   pathologies	   analyzed	   include	   normal	   or	   fibrocystic	   tissues	   and	   fibroadenomas	   (*).	  	  
Malignant	  pathologies	  analyzed	  include	  DCIS,	  invasive	  cancer	  and	  treated	  invasive	  cancers. 

Spectral parameters were associated with morphological and 

immunohistochemical markers identified in adjacent, stained sections of the tissue, cut in 

the geometry imaged in situ.  All tissue was fixed in 10% buffered formalin (Biochemical 

Science Inc, Swedesboro, NJ), dehydrated through graded alcohols, and paraffin 

embedded. Tissue sections (4µm) were coated with adhesive (Sta-onTM, Surgipath 

Medical Industries, Inc, Richmond IL), mounted on glass slides, and stained with 

Hematoxylin and eosin (H&E) for initial review. Tissue sections were air dried for at 
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least 30 minutes and then loaded onto a Leica Bond Max automated 

immunostainer.  Here the sections were baked (30 minutes at 60ºC), de-waxed for 30 

minutes at 72ºC, rinsed with alcohol and washed in Bond wash buffer.  Antigen retrieval 

used Bond epitope Retrieval 2 Cat #. Ar9640 (pH 8.9-9.1) for 20 minutes at 100ºC; 

followed by cooling for 12 minutes and a rinse in Bond wash buffer.  All de-waxed, 

antigen retrieval and detection reagents were supplied by Leica Microsystems 

(Bannockburn, IL).  The primary antibodies were incubated for 15 minutes - CK5D3 at 

1:100 (Biogenix, Fremont CA); CD31 at 1:50 (Dako, Carpinteria, CA) and CD105 at 

1:60 (Vector, Burlingame, CA).  Diaminobenzidine was applied for visualization with a 

Hematoxylin counterstain.  Mean vessel density (MVD) was quantified according to the 

areas of CD31-positive or CD105-positive vessels, segmented in pseudo-color in the 

diagnostic ROI, as a percentage of the total are of the slide.   Mean vessel area (MVA) 

was quantified according to the combined areas of CD31-positive or CD105-positive 

blood vessels, segmented in pseudo-color, in the diagnostic ROI and measured in µm2.  

CD31 (platelet endothelial cell adhesion molecule) was used to stain endothelial cells 

primarily in existing, normal vasculature even though malignant vessels can also retain 

this antigen.  CD105 (Endoglin) was used to stain a trans-membrane glycoprotein 

expressed predominantly on the surface of highly proliferating endothelial cells; it is 

thought to antagonize the inhibitory effects of TGF-ß on cell proliferation and capillary 

formation and therefore is specific to tumor-associated angiogenesis[164].  Whole H&E 

and immunostained slides were digitally scanned at high resolution and montaged 

together using the Surveyor© Automated Specimen Scanning (Objective Imaging Ltd., 

Cambridge UK) automated stage control bundled software.  Possible correlates between 
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immunohistochemical parameters and optical parameters were evaluated according to the 

Pearson’s correlation coefficient.  

	  
4.2.8 Optical parameter classification and ranking 

Supervised and unsupervised learning algorithms were developed to automate 

discrimination between breast pathologies according to SFDI spectral parameters 

 on a per-pixel basis.  Nearest neighbor estimation was again 

employed for multi-parameter valuation and for direct use of training data (no estimation 

of probability density function necessary). The training set was rapidly populated given 

SFDI’s planar illumination strategy.  However, access to a sufficient number of tissue 

samples with pathology correlates was cumbersome and training is system-specific.  For 

rapid, unsupervised classification of spectral parameters, independent component analysis 

(ICA) was explored.  ICA employs a fixed-point iteration scheme to linearly mix spectral 

parameters in a way that maximizes their statistical independence in a new feature space. 

The sum of independent, random variables tends towards a Gaussian distribution (Central 

Limit Theorem), so independent components were generated by maximizing non-

Gaussianity[165].  Open source, fast ICA algorithms, extensively developed by 

Hyvarinen, were used here to compute independent components [165, 166] and a 

threshold was applied to the most independent component to distinguish benign from 

malignant pathologies. 

 
§ k-nearest neighbor classification 

Each tissue pixel was parameterized according to a 5-dimensional vector 

 and an experienced pathologist (WAW) prospectively assigned 
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a microscopic diagnosis to each spectral map.  All pixels were randomly divided into 

three non-overlapping sets, with an equal number of pixels per diagnostic class per set. 

Classifier performance was evaluated using a three-fold cross validation technique where 

two sets were employed for training and the third was employed for validation. Again, 

the nearest neighbor number was optimized for this specific data set using ROC analysis, 

to give the user some control over classifier bias and sensitivity.  This procedure was 

repeated three times, for all possible permutations of training and testing sets and 

reported performance values were averaged over these three executions.  The Euclidian 

distance metric was used to compute the distance between the query vector, p̂q , and each 

vector in the training set, p̂t , to implement the more efficient k-dimensional tree search 

algorithm available in the MATLAB Statistical Learning Toolbox[147].   

dqt
2 = ( p̂q ! p̂t )( p̂q ! p̂t )'  

A whitening transformation was applied to all spectral parameters prior to classification 

to prevent some features from being more strongly weighted than the others.   

Additionally, outliers were removed from the training set according to their inter-quartile 

fractions.  Query points were never marked as outliers because this information was not 

known a priori.    

All training pixels were associated with a known diagnosis according to the 

pathologist’s selection of ROIs.  The diagnosis of each query point was also determined 

by the pathologist, but remained unknown to the classifier in order to evaluate its 

performance.  Discrimination between benign and malignant pathologies and all 

pathology subtypes:  normal/fibrocystic disease, fibroadenoma, DCIS, invasive cancer, 

and treated invasive cancers (unresponsive to therapy), were evaluated using the 
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confusion matrix, as demonstrated in Chapters 2.  

 

§ Feature ranking 

The sequential floating forward selection (SFFS) algorithm developed in Chapter 3 was 

implemented to rank the contribution of spectral parameters to a diagnosis. Here, the aim 

of SFFS was to reduce the dimensionality of the expansive, texture-feature set generated 

by co-occurrence matrix evaluation at many length scales, while preserving meaningful 

information for subsequent classification[107].  SFFS selected the features that 

maximized diagnostic class separability according to the Bhattacharyya statistical 

distance. 
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4.3 Phantom characterization 

4.3.1 Absolute quantification of optical parameters 

The ability of SFDI to accurately quantify absorption and reduced scattering was 

evaluated in tissue-simulating phantoms.  Recovered and true optical properties for 

Intralipid phantoms with porcine blood are shown in Figure 4.6 and Figure 4.7 for the 

diffusion approximation and the scaled-MC forward model respectively.  

	  

Figure	   4.6	   True	   (blue)	   and	   recovered	   (red)	   absorption	   and	   reduced	   scattering	   coefficients	   extracted	  
from	  homogeneous,	  tissue-‐simulating	  phantoms	  using	  the	  diffusion	  approximation	  as	  a	  forward	  model.	  	  
Intralipid	   concentration	   varied	   from	  0.5,	   1.0,	   and	  2.0%.	   	  Hemoglobin	   concentrations	   varied	   from	  0	   to	  
60uM	  in	  six	  serial	  dilutions.	  	  Parameters	  recovered	  at	  all	  four	  wavelengths	  are	  shown	  in	  sequence.	  

	  

Figure	   4.7	   True	   (blue)	   and	   recovered	   (red)	   absorption	   and	   reduced	   scattering	   coefficients	   extracted	  
from	   homogeneous,	   tissue-‐simulating	   phantoms	   using	   scaled-‐MC	   simulations	   as	   a	   forward	   model.	  	  
Intralipid	   concentration	   varied	   from	  0.5,	   1.0,	   and	  2.0%.	   	  Hemoglobin	   concentrations	   varied	   from	  0	   to	  
60uM	  in	  six	  serial	  dilutions.	  	  Parameters	  recovered	  at	  all	  four	  wavelengths	  are	  shown	  in	  sequence.	   
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The reduced scattering coefficient was systematically underestimated, but relative trends 

in scattering amplitude and slope were preserved.  The optimized scattering coefficient 

demonstrated insensitivity to absorption changes, except for some expected nonlinearity 

at the minimum (0µM) and maximum (60µM) hemoglobin concentrations.  The 

absorption coefficient was generally overestimated at low absorber concentrations 

because SFDI samples relatively short pathlength phenomena (low absorption and 

scattering gives longer transport pathlengths).  Additionally, Cuccia noted that errors in 

Fourier sampling theory arise for spatial periods larger than the projector’s illumination 

area (fx<0.013mm-1) (the frequency bandwidth is greater than the fundamental 

illumination frequency) [11].   This resulted in amplitude underestimation, and 

consequently absorption overestimation, due to the high sensitivity of absorption at low 

frequencies.  Trends in optical parameter recovery are discussed further in the next 

section, but absorption values recovered by the diffusion approximation were slightly 

higher than those recovered by the scaled-MC forward model in tissue-simulating 

phantoms, particularly at 970nm.   

 Spectral parameters were extracted from the wavelength-dependent optical 

coefficients and are shown as a function of percent Intralipid and hemoglobin 

concentration in Figure 4.8.  Spectral parameters included the relative scattering 

amplitude (A), scattering slope (b), and absolute concentration of intrinsic tissue 

chromophores.  
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Figure	  4.8	  (a-‐b)	  Spectral	  absorption	  parameters	  mapped	  as	  a	   function	  of	  hemoglobin	  concentration	  at	  
three	   scattering	   concentrations	   (indicated	   by	   color	   of	   line).	   	   (c-‐d)	   Spectral	   scattering	   mapped	   as	   a	  
function	  of	  Intralipid	  concentration	  for	  6	  concentrations	  of	  hemoglobin	  (indicated	  by	  color	  of	  line).	  	  The	  
scaled-‐MC	   forward	  model	  was	   employed	   for	   initial	   optimization	   of	   the	  wavelength-‐dependent	   optical	  
parameters.	  	  Error	  bars	  indicated	  the	  standard	  deviation	  observed	  in	  a	  40x40	  pixel	  window.	  	   

The standard deviation of recovered and true hemoglobin concentrations was 11.7% of 

their true range.  Recovered hemoglobin concentrations demonstrated insensitivity to 

changes in scattering, except for minimal crosstalk at low hemoglobin concentrations.  

Recovered water content did not vary as a function of hemoglobin and oxygen saturation 

approached 100% for all liquid phantoms (data not shown).  The scattering amplitude 

increased linearly with scattering concentration (low coefficient of variation = 0.26), 

whereas the scattering slope exhibited much lower concentration dependence (high 
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coefficient of variation = 1.36). Phantom studies validated that the scattering amplitude 

detects changes in the number density of scatterers and the scattering slope relates more 

to the size of scattering particles (although some scattering slope dependency on 

Intralipid concentration was observed) [94, 136].  Absolute hemoglobin values were 

quantified with reasonably accuracy, but with overestimation at lower concentrations 

(<15µM). 

      

4.3.2 Forward model selection 

Model-data GOF was evaluated in all breast tissues using the adjusted-R2 and the 

adjusted-AIC metrics; GOF for the diffusion approximation and the scaled-MC forward 

models were compared.  Three variations of the diffusion approximation were explored:  

a spectrally unconstrained model (a) and two spectrally constrained models (b-c), listed 

in Table 4.2.  Model (c) implements the most severe spectral constraints by linking the 

total concentration of hemoglobin to oxygen saturation (bounded between 0 and 100%) 

during parameter optimization.   

Analytical Model Optimized 
Parameters 

Adjusted R2 Adjusted 
AIC 

 
Diffusion (a) 

 
µa,µs '  0.99 

 

 
-656 

 

Diffusion (b) A, b, [HbO2], 
[Hb], % H2O 0.98 

 

 
-616 

Diffusion (c) 
 

A, b, [HbT], 
% O2, % H2O 

 
0.63 

 
-343 

Scaled Monte 
Carlo 

(30 freq. LUT) 
µa,µs '  

 
0.99 

 

-669 

 

Table	  4.2	  Goodness	  of	  fit	  evaluated	  in	  breast	  tissue	  for	  variations	  of	  the	  diffusion	  and	  scaled-‐MC	  forward	  
models.	  
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GOF decreased with increasing spectral constraints because of the limited number of 

wavelengths sampled.  The adjusted-AIC better differentiated model performance 

because it was based on the negative log likelihood of the residuals and indicated that the 

scaled-MC model gave the best fit in breast tissue.  In this clinical study, higher spatial 

frequencies were probed (up to 0.33mm-1) to enhance sensitivity to local scattering 

changes. Given this near-source recovery of optical parameters, the scaled-MC model is 

physically more intuitive.  

 Comparisons of true and recovered optical parameters were measured in tissue-

simulating phantoms with known optical properties and further support selection of the 

scaled-MC forward model.  The correlation, standard error and coefficient of variation 

were computed for all true and measured absorption parameters (µa (!) , total hemoglobin 

concentration) and scattering parameters (µs '(!) ), and are reported in Table 4.3. 

 

Analytical 
Model 

Optimized 
Parameters 

Parameter  

(p) 

Correlation 
Coefficient 

(pfit, ptrue) 

Standard 
Error 

(pfit, ptrue) 

Coefficient of 
Variation  
(pfit, ptrue) 

 

Diffusion (a) 
 

µa,µs '   
 0.99 0.002 0.86 

 0.98 0.37 0.28 
[HbT] 

0.98 7.1 1.02 

Diffusion (b) 
 

A, b, [HbO2], 
[Hb], % H2O 

 0.99 0.002 0.97 

 0.98 0.37 0.28 
[HbT] 

0.97 7.8 0.87 

Scaled Monte 
Carlo (LUT) 

µa,µs '  
 0.99 0.003 0.71 

 0.98 0.39 0.27 
[HbT] 0.98 7.0 0.97 

Table	   4.3	   Assessment	   of	   true	   and	   recovered	   optical	   absorption	   and	   scattering	   coefficients	   for	   the	  
unconstrained	   diffusion	   approximation,	   the	   spectrally	   constrained	   diffusion	   approximation	   and	   the	  
scaled-‐MC	  forward	  model.	  

! 

µa

! 

µs
'

! 

µa

! 

µs
'

! 

µa

! 

µs
'
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The correlation between true and recovered optical parameters was highest for the scaled-

MC forward model.  Even though the standard error of the scaled-MC model was 

comparable to that of the diffusion approximation, its coefficient of variation was lower 

and therefore showed less exponential dependence in the recovery of absorption 

parameters (true and measured values should be linear). All models recover absorption 

parameters with some nonlinearity due to overestimation of the absorption coefficient at 

low hemoglobin concentrations, but this were least pronounced for the scaled-MC 

forward model.  

 

4.3.3 Contrast-detail analysis 

The minimum detectable size of scattering contrast resolved by SFDI was quantified in a 

contrast-detail phantom with inclusions varying in diameter from 0.625 to 15mm and 

scattering contrast varying from 1 to 66%.  The reduced scattering coefficient as a 

function of wavelength was quantified according to the scaled-MC forward model.  Maps 

of the reduced scattering coefficient as a function of wavelength are shown in Figure 4.9.   



	  145	  

	  

Figure	  4.9	  Contrast-‐detail	  curves	  for	  scattering	  heterogeneities	  that	  vary	  in	  size	  (x-‐axis)	  and	  contrast	  (y-‐
axis);	  measured	  at	  (a)	  658nm,	  (b)	  730nm,	  (c)	  850nm,	  and	  (d)	  970nm.	   

	  

Figure	   4.10(a)	   Plot	   of	   the	  minimum	  detectable	   size	   of	   scattering	   inclusion	   as	   a	   function	   of	   scattering	  
contrast.	  (b-‐c)	  Absorption	  and	  reduced	  scattering	  maps	  for	  scattering	  heterogeneities	  detected	  at	  depth. 

The minimum detectable inclusion size decayed asymptotically with contrast, as shown 

in Figure 4.10(a).  The smallest detectable inclusion had a diameter of 1.25mm and 66% 

scattering contrast and 33% scattering contrast was detectable at depths up to 1.5mm.  
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4.4 Clinical results 

4.4.1 Optical biomarkers of breast pathologies 

Optical parameters were quantified in 47 resected breast tissues according to a 30-

frequency LUT based on scaled-MC simulations and least squares optimization with the 

NIR spatially modulated reflectance.  Subsequently, spectral parameters were fit 

according to the concentration of intrinsic tissue chromophores and the wavelength-

dependence of light scattering.  Representative images of spectroscopic scattering 

(scattering amplitude and scattering slope) and absorption (total hemoglobin 

concentration, % oxygen and % water), co-registered with a photograph of the surgical 

tissue for all diagnostic classes are shown in Figure 4.11.   
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Figure	  4.11	  Spectral	  maps	  corresponding	  to	  the	  pathology	  subtypes:	  fibrocystic	  disease,	  fibroadenoma,	  
DCIS,	  invasive	  cancer,	  and	  treated	  invasive	  caner.	  	  Row	  1	  is	  a	  tissue	  photograph,	  row	  2	  is	  the	  
corresponding	  histology,	  row	  3	  is	  the	  scattering	  amplitude	  maps,	  row	  4	  is	  the	  scattering	  slope	  maps,	  row	  
5	  is	  the	  hemoglobin	  concentration	  maps,	  row	  6	  percent	  oxygen	  maps	  and	  row	  7	  is	  the	  percent	  water	  maps.	  	  

Observed hallmarks of normal or fibrocystic pathologies include a heightened scattering 

amplitude and scattering slope as compared to malignant pathologies.  Lower scattering 

amplitude was observed in fibroadenomas, confirming diagnostic trends established in 

previous studies of localized spectroscopic scattering from breast tissues by the scanning 

system[31, 167].  Fibroadenomas are cytologically quite distinct, containing clearly 
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encapsulated, abundant stromal cellularity, as shown by the histology in Figure 4.12.  

	  

Figure	  4.12	  Hematoxylin	  and	  eosin-‐stained	  section	  of	  a	  fibroadenoma	  (outlined	  in	  blue),	  surrounded	  by	  
normal,	  fibro-‐glandular	  tissue. 

Absorption parameters demonstrated high variability, but the functional 

biomarkers they signaled strengthened diagnostic class separability. This variability was 

also observed immunohistochemically in quantitative measures of MVD and MVA in the 

subsequently fixed tissues (Figure 4.13).  Absorption variation is most obviously 

displayed in Table 4.4, which reports the mean (µ) and standard deviation (σ) of each 

spectral parameter per diagnosis. Functional biomarkers are changing during and after 

resection: surgery can result in blood flow disruption, eradication of the tissue’s oxygen 

supply, and a gradual dehydration of the resected specimens.  Efforts were made to image 

the tissues within a consistent time window and to avoid sampling of hemorrhage, but 

limited artifacts are plausible.  In this study, surgical inks at the edge of specimens may 

have additionally contributed to outliers with artificially high hemoglobin levels. 
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Diagnosis 

Scattering 
Amplitude 

! 

µ ±" 

Scattering 
Slope 

! 

µ ±"  

HbT 
[µM] 

! 

µ ±"  
% Oxygen 

! 

µ ±" 
% Water 

! 

µ ±"  

NOR 0.89+/-0.17 1.50+/-0.43 44.7+/-40.4 54.6+/-17.1 7.78+/-7.14 

FA 0.65+/-0.19 1.14+/-0.55 61.5+/-51.0 55.8+/-13.8 11.0+/-9.01 

DCIS 0.83+/-0.13 1.40+/-0.47 41.2+/-22.5 37.5+/-18.5 19.4+/-7.23 

INV 0.87+/-0.20 1.23+/-0.50 85.2+/-84.4 47.4+/-16.9 11.0+/-12.0 

INV(Rx) 0.83+/-0.14 1.37+/-0.44 64.6+/-38.6 52.6+/-10.0 11.2+/-8.67 

Table	  4.4	  Mean	   (µ)	  and	  standard	  deviation	   (σ)	  of	   fit	   spectral	  parameters	  per	  diagnostic	   class:	  normal	  
(NOR),	   fibroadenoma	  (FA),	  ductal	  carcinoma	  in	  situ	  (DCIS),	   invasive	  cancer	  (INV),	  and	  treated	  invasive	  
cancer	  (INV(Rx)).	  	   

 Despite surgical artifacts and the observed functional parameter variance, 

biologically sensible optical signatures of breast pathologies were detected by SFDI 

because of its extensive (planar) sampling of the full tissue field.  Spectral parameter 

distributions and their immunohistochemical correlates are presented in Figure 4.13 for 

all pathology subtypes:  red bars indicate the distribution median, green dots indicate the 

mean value per patient ROI, and box plots delineate inter-quartile (IQ) fractions with 

outliers represented by red crosses.   Median values were significantly different within 

95% confidence limits for non-overlapping notches (red arrows). Recovered scattering 

parameters exhibited less variance because the morphological transformations that 

determine light scattering occur on sub-micron and even sub-nanometer length scales and 

because the scattering response is better localized. 
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Figure	  4.13	  (a-‐e)	  Fit	  spectral	  parameters	  per	  diagnostic	  class.	  (f)	  Corresponding	  immunohistochemical	  
measures	  of	  percent	  stroma,	  epithelium	  and	  fat,	  and	  CD31-‐positive	  and	  CD105-‐positive	  vascularity	  
density	  and	  area	  per	  diagnostic	  class. 

 Higher hemoglobin and reduced oxygenation values were observed in invasive 

cancers, and % water contributed to diagnostic discrimination by highlighting fibrous 

tissues within a hydrophobic, lipid background.  Pairwise comparison between spectral 

parameters and quantitative immunohistochemistry again showed a positive correlation 

between the scattering slope and percent stroma and a negative correlation between the 

scattering slope and percent epithelium. Cancerous tissues expressed increased 

angiogenic vessels (CD105), as well as a higher percent of pre-existing vascular 
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endothelium (CD31).  This net growth in vascularity was detected spectroscopically by 

an increase in hemoglobin concentration. The correlation between spectral and 

immunohistochemical measures are reported in Table 4.5 according to the Pearson’s 

correlation coefficient. No optical distinction was made between CD105-specific and 

CD31-specific vasculature, so correlation coefficients were computed for the total 

vasculature.   

 A b [HbT] % O2 % H2O 

% Epithelium -0.06 -0.37 0.27 -0.11 -0.21 

% Stroma 0.06 0.33 -0.28 0.09 0.25 

% Fat -0.02 -0.01 0.21 0.02 -0.28 

Mean Vessel Density 0.18 -0.42 0.37 -0.19 0.00 

Mean Vessel Area 0.01 -0.34 0.12 -0.28 0.02 

Table	  4.5	  Pearson's	  correlation	  coefficients	  for	  paired	  spectral-‐immunohistochemical	  measures.	  	  
Negative	  and	  positive	  correlations	  greater	  than	  20%	  are	  highlighted	  in	  red	  and	  green	  respectively. 

A negative correlation was observed between the MVD and MVA and the scattering 

slope; which made sense given microvasculature size (approaches that of epithelium, 5-

10µm).  Conversely, collagen in the extracellular stroma demonstrated a strong, positive 

correlation with scattering slope because the small fibrils (~100nm in diameter) that form 

collagen fibers further enhance Rayleigh-type scattering [168].  Correlations were limited 

by immunohistochemistry sampling - measures were made in discrete locations about the 

imaged field and may not wholly represent evaluated ROIs.  

DCIS was spectrally distinguished from other pathologies by a decrease in 

oxygen saturation and an increase in water content.  Oxygen is metabolized, but not 

replenished after resection; therefore its status gives some indicator of metabolic rate.  
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However, high variability was observed in recovered oxygenation due to inconsistency in 

imaging times following resection.  The low oxygenation observed in DCIS suggests its 

heightened metabolism and higher water content is possibly explained by a propensity for 

fibrous stromal growth (desmoplasia).  Interpretations of DCIS spectral signatures were 

limited, however, because only four wavelengths were sampled in a limited tissue 

population (n=4).   Additionally, spectral parameterization was based on the extinction 

spectra of pure (unbound) water and calculations did not take into account absorption by 

adipose.  

Optical signatures of tumor response to neoadjuvent chemotherapy are essential 

for non-invasive therapy monitoring.  Here, five imaged tumors were treated with 

neoadjuvent chemotherapy prior to surgical resection – this limited dataset was used to 

investigate how chemotherapy alters tissue optical properties to better inform diffuse 

tomographic monitoring of treatment response to therapy. An elevated scattering slope 

was observed in all treated cancers (regardless of response to therapy) - indicating that 

neoadjuvent therapy induced a cellular change, likely cell shrinkage, given its increased 

propensity for Rayleigh-type scattering. Pathologically, the stroma of treated tumors 

grossly feels soft and rubbery as compared to the hard, gritty stroma associated with 

untreated tumor; suggesting there was a chemotherapy-induced change in the scattering 

properties of treated tissues. Increased oxygenation levels were detected in tumor 

responsive to chemotherapy and could be a potential marker of therapeutic response. 

Spectral parameters as a function of pathologic response are shown in Figure 4.14(a-b) 

for a partial response to chemotherapy with adjacent normal tissue.  Fits were performed 

assuming the basis chromophore extinction spectra of oxygenated, deoxygenated 
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hemoglobin and water (Figure 4.14(b)), and while fixing water at 60% (Figure 4.14(c)) 

because an unidentified absorber was observed in the resected tissue.  It is possible that 

this unidentified absorber is some form of bilirubin, a hemoglobin breakdown product, 

but not enough wavelengths were sampled to verify this hypothesis. 
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Figure	  4.14	   (a)	   Spectral	  maps	   showing	   a	   partial	   response	   to	  neoadjuvent	   chemotherapy	   and	   adjacent	  
normal	  tissue.	  Spectral	  parameter	  distributions	  per	  pathologic	  response	  are	  shown	  for	  (b)	  a	  spectrally	  
unconstrained	  fit	  and	  (c)	  spectra	  fit	  when	  water	  fixed	  at	  60%.	  (d)	  Tissue	  photograph	  and	  corresponding	  
histology. 
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Absorption by water and hemoglobin were strong indicators of tumor response to therapy.  

Deoxygenated hemoglobin fits behaved poorly when water was not a free parameter  

(hence the nonphysical oxygenation values), but trends in total recovered hemoglobin 

were conserved, reinforcing this spectral signature for therapy response. Reduced 

hemoglobin concentrations observed in the unresponsive tumor suggest that 

chemotherapeutic efficacy was limited by a decreased vascular supply of oxygenated 

hemoglobin, and consequently therapeutic drug. Heightened water levels were 

consistently observed in invasive cancers and fibroadenomas, likely signifying edema. 

Cancer responsive to therapy demonstrated a striking decrease in water concentration 

(albeit not entirely to normal levels), indicating that changes in % water may be a 

valuable measure for therapy monitoring[131]. 

 

4.4.2 Optical diagnosis in resected breast tissue 

Microscopic pathologies were not readily identified by any one parameter, but 

spectroscopic absorption and scattering were discriminating when interpreted together.  

Initially, unsupervised differentiation of benign and malignant pathologies was attempted 

using a fixed-point ICA algorithm.  ICA linearly mixes spectral parameters in a way that 

maximizes their statistical independence, and thereby diagnostic separation, in a new 

feature space.  ICA was implemented here to condense unique information from all 

region-averaged, spectral parameters into a single component for threshold-based 

classification. Spectral parameters were whitened prior to the ICA computation so no one 

feature dominated the transformation.  The distribution of the most independent 

component (IC) as a function of benign or malignant diagnosis and classification 
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performance as a function of IC-threshold is presented in Figure 4.15.  

	  

Figure	  4.15	  (a)	  Box	  plots	  of	  the	  most	  independent	  component	  extracted	  from	  spectral	  parameters;	  red	  
notches	   mark	   95%	   confidence	   intervals	   for	   median	   values.	   (b)	   ROC	   analysis	   of	   its	   threshold-‐based	  
classification.	  

Red notches mark 95% confidence intervals for median independent component values 

and indicate discriminating potential.  This simple, but rapid, threshold-based 

classification scheme, performed modestly at best  – malignant pathologies were 

distinguished from benign pathologies with 76% sensitivity and 62% specificity.  

Unfortunately, the ICA algorithm was invariant to changes in sign, so sometimes 

separation between diagnostic classes flipped along the zero axes.  Consequently, this 

“shot gun” approach to classification was only moderately valuable with initial diagnostic 

seeding. Furthermore, the ICA algorithm mapped spectral parameters to a new feature 

space that lacked biological relevance.   

 For a more robust and telling differential diagnosis, a nearest-neighbor classifier 

was developed and tested using a three-fold cross validation technique.  Spectral 

parameters associated with known diagnoses were input into the classifier for training 

and each query vector was assigned the majority diagnosis of its k-nearest neighbors in 

the training space. The number of nearest neighbors used to inform a diagnosis was again 

optimized using ROC curves, as shown in Figure 4.16. Nearest neighbor optimization 
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was performed for the more general discrimination between benign and malignant 

pathologies and for discrimination between all pathology subtypes listed in Table 4.1. 

	  

Figure	  4.16	  Nearest-‐neighbor	  optimization	  using	  ROC	  curves	  for	  (a)	  discrimination	  between	  benign	  and	  
malignant	  pathologies	  and	  (b)	  discrimination	  between	  all	  diagnostic	  subtypes.	  The	  maximum	  sensitivity	  
occurred	  for	  k	  =	  9	  and	  k=11,respecitively.	   

Sensitivity increased with nearest neighbor number, but at the cost of specificity. 

Sensitivity and specificity were optimized for the discrimination of benign and malignant 

pathologies and all pathology subtypes with 11 and 9 nearest neighbors respectively.  The 

distinction between benign and malignant pathologies is less specific so higher optimal 

number of nearest neighbors makes sense. 

 Over 265,000 SFDI spectral absorption and scattering parameters (A, b, 

HbT, %O2 and %H2O) were applied to the discriminant classifier and separation of all 

diagnostic subtypes was achieved with 82% accuracy.  The confusion matrix in Figure 

4.17 explicitly shows the true and predicted diagnosis for all spectral parameter sets.   
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Figure	   4.17	   A	   confusion	  matrix	   showing	   true	   and	   predicted	   diagnosis	   for	   all	   spectroscopic	  measures	  
according	  to	  scattering	  and	  absorption	  parameters.	  	  

True positives per diagnostic class are along the diagonal and misclassifications are off-

axis.  The confusion matrix is valuable for studying trends in misclassification - for 

example, fibroadenomas and invasive cancers are most frequently misclassified as a 

normal.  This unfortunate crosstalk was largely a product of unequal representation of 

diagnostic classes in the training feature space.  This is reflected in the sensitivity, 

specificity, positive predictive values (PPV) and negative predictive values (NPV) 

observed per diagnostic class and reported in Table 4.6.    

Spectroscopic scattering and absorption inform diagnosis 
 NOR FA DCIS INV INV (Rx) Benign vs. 

Malignant 
Sensitivity 0.90 0.87 0.63 0.72 0.65 0.79 
Specificity 0.89 0.95 0.99 0.94 0.97 0.93 
PPV 0.85 0.84 0.76 0.80 0.70 0.86 
NPV 0.93 0.96 0.99 0.91 0.97 0.89 
Accuracy 0.82 0.88 

Table	  4.6	   Summary	  of	   classification	  performance	  per	  diagnostic	   class	   and	   for	  discrimination	  between	  
benign	  and	  malignant	  pathologies	  according	  to	  all	  spectroscopic	  absorption	  and	  scattering	  parameters. 

Classification was highly specific and mainly limited by low sensitivity to under-

represented diagnostic classes, like DCIS and treated invasive cancers.   The more 

general distinction between all benign (normal/fibrocystic disease and fibroadenoma) and 
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malignant pathologies (DCIS, invasive, and treated invasive cancers) was more robust 

because these classes were fairly represented in the training feature space and 

discrimination was achieved with 88% accuracy. Ultimately, surgeons are most interested 

in a high NPV so they can be confident that no residual disease is left behind when a 

negative margin is un-resected.  Benign and malignant pathologies were identified with a 

NPV of 89%; higher NPVs reported for discrimination between pathology subtypes was 

promising, but inflated by a skewed distribution of classes in the training feature space 

(the number of true negatives significantly outweighed the number of true positives for 

under-represented classes). 

 Tissue turbidity rendered spatial frequency domain scattering features 

independently, not diagnostic.  Benign and malignant pathologies were differentiated 

with just 65% accuracy and distinction between all pathology subtypes was slightly better 

than random (51%) when only scattering parameters informed a diagnosis. 

Fibroadenomas were the only pathology to exhibit an autonomous scattering signature in 

this cohort of resected breast tissues.  

 

4.2.3 Optical parameter ranking 

An iterative search algorithm, SFFS, was implemented to rank the contribution of each 

spectral parameter to a diagnosis and to assess value added by spectroscopic texture 

features to a diagnosis.  Spectral-spatial signatures locally sampled by the scanning in situ 

spectroscopy platform (~150µm detection spot size) enhanced diagnostic sensitivity to 

DCIS. For the relatively diffuse SFDI spectral maps, it was not clear if discriminating 

texture features could be ascertained and if so, at what length scale (in terms of both a 
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neighborhood size and displacement vector length).  Accordingly, texture features were 

computed over many length scales and the SFFS feature-ranking algorithm was used to 

identify the top 5 spectroscopic and/or texture parameters that maximized diagnostic 

class separability according to the Bhattacharyya statistical distance. Texture features 

were not observed to be diagnostic at any of the length scales investigated, as shown by 

the ranked parameters listed per neighborhood (window) size in Table 4.7.  

Window 
Size (mm) 

Parameter 
(Rank 1) 

Parameter 
(Rank 2) 

Parameter 
(Rank 3) 

Parameter 
(Rank 4) 

Parameter 
(Rank 5) 

0.20 µ(H2O)	   µ(A)	   µ(b)	   µ(%O2)	   µ(HbT)	  

0.60 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   µ(%O2)	  

1.00 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   	  

1.40 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   µ(%O2)	  

1.80 µ(A)	   H2O	   µ(b)	   µ(HbT)	   µ(%O2)	  

2.21 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   µ(%O2)	  

2.61 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   µ(%O2)	  

3.01 µ(A)	   µ(H2O)	   µ(HbT)	   µ(b)	   µ(%O2)	  

5.01 µ(A) µ(b) µ(H2O)   
7.02 µ(A) µ(b) µ(H2O)   
9.02 µ(A) µ(b) µ(H2O)   

Table	  4.7	  Spectroscopic	  features	  ranked	  per	  neighborhood	  size,	  determined	  by	  maximizing	  global	  class	  
separability;	  µ(x)	  indicates	  the	  mean	  and	  σ(x)	  indicates	  the	  standard	  deviation	  of	  parameter	  x.	   

Whitened box plots of scattering contrast, correlation and homogeneity, computed per 

1.8mm2 neighborhood and with a 0.8mm displacement vector, are shown in Figure 4.18 

to illustrate the lack of pathologic contrast generated by texture for diffuse photon 

sampling. Similar contrast was observed for all other neighborhood and displacement 

vector lengths tested.  Shape features were not robustly explored in this data set for a 

variety of reasons, mainly non-uniformity in ROI dimensions and lack of contrast 

identified in textural maps (shape features were previously extracted from binary images 

generated by thresholding the sum of squared elements in the GLCM). 
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Figure	   4.18	   Box	   plots	   of	   texture	   features	   per	   diagnosis	   computed	   in	   a	   1.8mm2	   neighborhood	   with	   a	  
0.8mm	  displacement	  vector.	  

SFFS revealed that region-averaged absorption parameters are significant to diagnostic 

class separability.  Spectral parameters ranked in order of diagnostic significance for the 

majority of window sizes are the region-averaged: (1) scattering amplitude, (2) percent 

water, (3) total hemoglobin concentration, (4) scattering slope, and (5) percent oxygen.  

Region-averaged measures increased diagnostic performance by accounting for pixel-to-

pixel variations per ROI.  More precise segmentation of ROIs was not possible given the 

spatial resolution of the imaging system and challenges associated with histology co-

registration. The scattering slope was observed to better localize suspicious fibro-

glandular lesions in spectral maps (Figure 4.11), but its value to classification was limited 

by co-registration with pathology. The scattering amplitude most significantly 

contributed to diagnostic class separability, highlighting the value of spectroscopic 

scattering, followed by the functional biomarkers, percent water and hemoglobin 

concentration.  Global class separability increased with neighborhood size, as shown in 

Figure 4.19, because region-average measures approached ROI dimensions.  The four 

outliers circled in red were distinctly low because they ranked the spectral parameter 

standard deviations as significant to a diagnosis (listed in Table 4.7), which was likely an 

artifact of the iterative search algorithm. 
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Figure	   4.19	   Global	   diagnostic	   class	   separability	   plotted	   as	   a	   function	   of	   neighborhood	   size.	   	   Class	  
separability	  is	  measured	  according	  to	  the	  Bhattacharyya	  statistical	  distance;	  outliers	  are	  circled	  in	  red.	  

The global class separability curve as a function of region-averaged size suggest a ~5mm2 

tissue area roughly characterizes the length scale of spectroscopic variance observed in 

typical breast pathologies at this detection resolution. Class separability is a surrogate 

measure for diagnostic performance and it is expected to increase linearly with region-

averaged size (here quantified by the neighborhood dimension) because each 

neighborhood approaches the dimensions of each ROI assigned to one diagnosis.  

Nonlinear response as a function of neighborhood size within the ROI suggests within-

class variance has a characteristic dimension, and when sampling is at least 5x5mm2, 

within-class heterogeneities are more fully quantified. However, this interpretation is 

only suggestive because ROI dimensions were non-uniform. 
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4.5 Discussion  

Spatial frequency domain imaging and analysis of the spatial modulation transfer 

function were used to quantify sub-surface tissue optical properties in 47 intact, surgical 

breast tissues.  Absorption and reduced scattering coefficients per wavelength were 

parameterized according to a 30-frequency LUT based on scaled-Monte Carlo 

simulations and least squares regression with the modulation amplitude. Tissue turbidity 

rendered spectroscopic scattering and texture features independently not diagnostic, but 

spectroscopic absorption and scattering parameters were discriminating when interpreted 

together using a nearest-neighbor learning algorithm.  Benign and malignant pathologies 

were distinguished with 88% accuracy and the pathology subtypes: normal/fibrocystic 

disease, fibroadenoma, DCIS, invasive cancer, and residual invasive cancer post-

neoadjuvent chemotherapy, were identified with 82% accuracy.  Diagnostic classification 

was highly specific (93%) and mainly limited by sensitivity (79%), particularly to under-

represented pathologies like DCIS and invasive cancer (sensitivities ranging from 63-

72%). The primary advantage of spatial frequency domain imaging is its combination of 

quantitative imaging with wide-field localization and increased depth sensing. However, 

its sub-millimeter probing volumes limited the spatial resolution and microscopic 

sensitivity. The length scale of spectroscopic variance observed within typical breast 

pathologies at this detection resolution was ~5mm2, as compared to 1mm2 for the 

scanning in situ spectroscopy platform.   

 Absorption parameters exhibited variance, but strengthened diagnostic class 

separability (benign and malignant subtypes were identified with 65% accuracy when 

informed by scattering features alone and with 88% accuracy when classification was 
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also informed by absorption).  Signatures of diseased states included: increased 

hemoglobin concentrations and decreased oxygenation levels; DCIS demonstrated 

heightened water concentrations, and fibroadenomas were distinguished by a reduced 

scattering slope and elevated hemoglobin levels.  An increased scattering slope was 

observed in all treated tumors (regardless of response to therapy) and higher oxygenation 

levels were observed in tumors responsive to neoadjuvent chemotherapy. Many 

aggressive tumors thrive in hypoxic environments [130], so increased oxygenation levels 

suggest a return to the normal phenotype.  Conversely, decreased hemoglobin 

concentrations and heightened water levels were markers of cancers unresponsive to 

therapy. 

 An ability to detect small foci of DCIS is clinically desirable because it is the 

most important and challenging pathology to detect intra-operatively and it tends to be 

interspersed within normal tissue [169]. DCIS is characterized by hyper-proliferation of 

neoplastic cells within an intact basement membrane. Glandular units typically expand 

100-500µM in diameter and growth is thought to be limited by the oxygen diffusion 

length in tissue[139].  Contrast-detail assessment in tissue-simulating phantoms suggests 

detection of superficial clusters of DCIS and not epithelial hyper-proliferation within a 

single lumen is foreseeable with SFDI (in this and previous studies, DCIS scattering 

contrast was not observed to be >66% [31, 167]). However, SFDI demonstrated increased 

depth sensing (up to 33% scattering contrast detected at 1.5mm depth) that could better 

evaluate wider (1-2mm) margins for DCIS.  

Conceivably, SFDI could readily improve resection completeness during breast 

conserving surgery by providing sub-surface optical assessment of pathology in resected 
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tissues. Data acquisition can be improved by imaging prior to inking, accounting for 

surface profile effects on optical parameter recovery (particularly for un-cut specimens), 

and increasing spectral resolution in the NIR.  Oxygenation and water status have 

demonstrated particular value in neoadjuvent therapy monitoring; increasing the density 

of NIR sampling would improve unique separation of these effects. 

Challenges associated with translating SFDI to the surgical environment were 

explored by participating in four conservative breast surgeries.  Each locally excised 

lesion, fully intact and un-inked, was imaged using SFDI upon excision at the time of 

surgery. The surgeon participated in the imaging session and placed sutures in the 

specimen to safeguard knowledge of its orientation until surgical inks were applied and 

the specimen was sent to pathology.  Fifteen spatial frequencies uniformly distributed 

between 0mm-1 and 0.33mm-1 were projected per wavelength onto each sample.  Fewer 

spatial frequencies were sampled to reduce data acquisition time (each margin need to be 

imaged in under 2 minutes).  Up to 3 margins per specimen were imaged within the 

allotted time; spectroscopic images from four of the surgical margins assessed are shown 

in Figure 4.20. 
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Figure	   4.20	   Photograph	   and	   spectral	   parameter	   maps	   sampled	   from	   four	   lumpectomy	   margins:	   (a)	  
fibroadenomas	   (n=2)	   with	   diameters	   of	   0.7-‐0.8mm	   surrounded	   by	   fibrocystic	   disease,	   (b)	   complete	  
pathologic	   response	   to	   neoadjuvent	   chemotherapy	   and	   two	   small	   fibroadenomas	   (diameters	   are	   0.2-‐
0.5mm);	   (c)	  partial	   response	   to	  neoadjuvent	   chemotherapy,	   residual	  high-‐grade	   tumor	   focus	   (0.2mm)	  
and	   fibrocystic	   disease;	   (d)	   lymphadenectomy	   associated	  with	   case	   (c)	   with	   cancer	   present	   in	   11/15	  
nodes.	   

Column A shows a wire-localized mass (wire still in specimen) with two large 

fibroadenomas (0.7-0.8mm in diameter) embedded in a fibrocystic background.  Column 

B shows a complete pathologic response to neoadjuvent chemotherapy with four small 

fibroadenomas (0.2-0.5cm in diameter).  Column C shows a nearly complete pathologic 
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response to chemotherapy, although a 0.2cm high-grade tumor focus remained and was 

surrounded by fibrocystic disease. Column D shows images of a lymphadenectomy 

performed on the same, partial-responder.  Even though its primary tumor partially 

responded to therapy, the lymph nodes were packed with tumor (11/15 nodes positive for 

cancer).  Muscle and skin were observed in images of the resected lymph nodes and look 

deep red and white in the tissue photograph.  Oxygenation was the most obvious 

indicator of tumor response to therapy; it was nearly 40% lower in the lymph nodes filled 

with tumor, as compared to the pathologically responsive tumors and fibroadenomas.  

Tissue oxygenation levels were consistently higher than those observed in the initial 

clinical study because specimens were imaged at the time of resection. Oxygen status was 

perhaps the most transient parameter quantified; its diagnostic value may improve 

dramatically when imaging is performed at the time of resection.  Water content was 

elevated and oxygenation levels were lower in the upper left quadrant of the partial 

responder (Column C), suggesting that this quadrant was the site of the high-grade tumor 

focus. An elevated scattering amplitude and scattering slope was observed in tissues with 

extensive fibrocystic disease (Columns A and C) and a decrease in scattering slope 

readily identified the two large fibroadenomas embedded in this fibrocystic background 

in Column A.  

This pilot study revealed three primary challenges associated with the clinical 

application of SFDI:  (1) edge artifacts induced by tissue surface profile changes, (2) 

accurate co-registration with pathology to validate diagnostic performance, and (3) the 

logistics of specimen handling and maintaining knowledge of specimen orientation 

relative to the patient.  Initial studies were performed on thick tissue slices with surgical 
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inks at the margin edge; profile changes were limited, so edge artifacts were attributed to 

inking.  However, edge artifacts were observed here in un-inked specimens, indicating 

that increased absorption at the specimen edge was caused by a surface profile change. 

Profile correction algorithms under development at UCI should be implemented to 

compensate for this effect when imaging uncut specimens[170].   

During conservative surgery, there was sufficient time to image each of the six 

margins independently, but tissues were highly amorphous and only 2-3 faces were 

evaluated per specimen.   Images did not necessarily correspond to surgical margin 

status; for example, the lateral and superficial margins may have been in the same FOV. 

Co-registration would be more feasible if the surgeon applied inks subsequent to imaging, 

but prior to removal of the tissue from the imaging platform.  That way, inks 

corresponding to each image field could be recorded for pathology correlation.  Surgeons 

are skilled at identifying margins in resected tissues, and generally handle specimens 

until they are inked because margin identification is their primary responsibility. Precise 

co-registration with pathology is only required to validate the technology – in the surgical 

setting, near real-time imaging feedback would enable the surgeon to rotate the specimen 

and resect additional tissues as necessary. Some research groups have developed compact 

enclosures to maintain specimen orientation while locally sampling tissue optical 

properties[47].  Development of a similar device would require considerable scalability 

given the variation observed in resected tissue size/shape and would likely induce 

imaging artifacts for this illumination scheme.  Translation of SFDI to surgical margin 

assessment should focus on improving image reconstruction speed for near real-time 

feedback and creating inking strategies for validation with pathology.   
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4.6 Conclusions 

NIR spatial frequency domain imaging was used to quantify sub-surface scattering and 

absorption in 47 surgically resected breast tissues.  Tissue turbidity rendered 

spectroscopic scattering and texture features independently not diagnostic, but 

spectroscopic absorption and scattering parameters were discriminating when interpreted 

together using a nearest-neighbor learning algorithm.  Benign and malignant pathologies 

were distinguished with 88% accuracy and all pathology subtypes were identified with 

82% accuracy.  Discrimination was highly specific (93%) and mainly limited by 

sensitivity (79%) to under-represented pathologies in classifier training like DCIS and 

treated invasive cancer (63-72%). The primary advantage of spatial frequency domain 

imaging is its combination of quantitative imaging with wide-field localization and 

increased depth sensing (up to 33% scattering contrast was detected at a 1.5mm depth). 

However, its sub-millimeter probing volumes limit spatial resolution and the minimum 

size of detectable, residual disease.  The length scale of spectroscopic variance observed 

in typical breast pathologies at this detection resolution was ~5mm2, as compared to 

~1mm2 for the scanning in situ spectroscopy platform. More precise localization may be 

unnecessary for surgical margin assessment; an improved understanding of this resolution 

limit could be revealed by future clinical studies that apply SFDI to uncut and un-inked 

tissues in coordination with the surgeon. Certain clinical challenges, mainly orienting 

spectroscopic images with pathology and the patient, and automating surface profile 

corrections will need to be addressed, but these are realizable.  
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Chapter Five:  Conclusions 

Two localized spectroscopic imaging techniques were investigated to discriminate 

microscopic pathologies in situ for improving resection completeness during breast 

conserving surgery:  (1) a raster scanning spectroscopy platform was used to explore 

nearly coherent scatter-imaging signatures by scanning a 150µm diameter spot over 

(1cm2) fields relevant to standard clinical pathology; and (2) spatial frequency domain 

imaging (SFDI) was used for wide-field localization of sub-surface tissue absorption and 

scattering by quantifying the NIR spatial modulation transfer function.  Localization was 

employed to minimize tissue turbidity and enhance microscopic sensitivity.  High 

throughput imaging of spectroscopic scattering, in contrast to probing discrete locations, 

was used to (1) quantify the detected variance within pathology subtypes, (2) identify 

new spectroscopic-imaging signatures of disease, and (3) rapidly populate a training 

space for a supervised diagnosis. All images were interpreted according to pathology, 

here used as the diagnostic gold standard, for directed clinical relevance.  

 Each acquisition geometry presented unique clinical challenges, but data analysis 

was principally designed according to:  (1) feature selection of biologically relevant 

spectral parameters using light transport models, (2) feature extraction of statistical 

patterns to enhance pathology discrimination, (3) feature classification of spectroscopic 

parameters according to microscopic pathology and (4) diagnostic feature ranking for 

system optimization.  Both imaging systems are compared here in terms of clinical 

translatability, microscopic sensitivity, and pathology signatures, with the application in 

mind of detecting cancer-involved tissue during breast conserving surgery. 

 



	  171	  

5.1 Comparison of localized spectroscopic imaging methods 

5.1.1 Data acquisition and pathology co-registration 

The primary advantage of SFDI is ease of clinical data acquisition – its planar 

illumination scheme readily imaged 48 surgical tissues and 4 fully intact, lumpectomy 

specimen (prior to gross sectioning by pathology).  Only one tissue was rejected from 

analysis because surgical inks contaminated the primary tissue field.  Edge artifacts 

caused by surface profile changes were observed, particularly in un-cut tissues, but 

SFDI’s three-phase amplitude de-modulation scheme could be used for surface profile 

corrections[170].  In contrast, the scanning in situ spectroscopy platform was exquisitely 

sensitive to surface profile changes. Data acquisition was exacting because tissues were 

imaged in an inverted geometry and 5 of the 31 specimens (16%) were rejected from 

analysis due to imaging artifacts (mostly detector saturation caused by poor contact 

between the tissue surface and glass plate).  Imaging time was nearly equivalent for 

scanning a 1cm2 tissue field and dense spatial frequency domain sampling of the full 

tissue surface (~12minutes), but SFDI sampled only four NIR wavelengths. Additionally, 

SFDI demonstrated greater depth sensing, detecting 33% scattering contrast up to 1.5mm 

below a phantom surface. Currently, it is more translatable to surgical margin assessment 

because of its commercialization and later stage of development.  

 Planar acquisition of each tissue’s spatial modulation amplitude swept in 

frequency space was fast, but image reconstruction was computationally expensive. 

Consequently, a 30-frequency LUT was implemented to improve image reconstruction 

speed and the k-dimensional search was implemented to improve nearest neighbor 

computational time for rapid, pathologic assessment. In contrast, the illumination-
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detection volume employed by the scanning system enabled linear spectral 

parameterization for direct image reconstruction and thresholding the region-averaged 

scattering slope readily distinguished benign from malignant pathologies.  

 Diagnostic accuracy and resolution were fundamentally limited by co-registration 

between spectral maps and pathology. SFDI sampled diffuse optical parameters that 

better correlated with gross tissue features and ROIs were chosen conservatively to avoid 

edge/inking artifacts. A more consistent strategy for image-pathology co-registration was 

realized in raster-scanned spectroscopic images because of its mesoscopic resolution and 

pathologically relevant field size.  Larger imaged fields or sampling volumes may have 

resulted in a mixed diagnosis or reduced microscopic sensitivity. Each 1cm2-imaged field 

was assigned a microscopic diagnosis by WAW, guided by inked pin marks in the gross 

tissue specimen. With improved co-registration techniques, the system demonstrates the 

potential to differentiate light scattering from morphological components within 

pathology subtypes and to better quantify the minimum size of detectable, residual cancer 

at the sampling resolution.  A greater number of tissues were imaged by SFDI, but given 

its spatial resolution and conservative ROI selection, a similar number of spectroscopic 

parameters were applied to the discriminating classifier for both systems. The distribution 

of spectroscopic reflectance evaluated by both systems are compared in Table 5.1 
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(a)	  Scanning	  in	  situ	  spectroscopy	  platform	  (27	  patients)	  

Diagnosis	   #ROI	   #	  Broadband	  Spectra	  

Normal	  	   8	   72,355	   	  

Benign	  

168,465	  
Fibrocystic	   5	   44,814	  

Fibroadenoma	  	   6	   51,296	  

Ductal	  carcinoma	  in	  situ	   2	   17,476	   Malignant	  

111,801	  Invasive	  cancer	  	   11	   94,325	  

	  Totals	   32	  	   280,266	  

(b)	  Spatial	  frequency	  domain	  imaging	  (47	  patients)	  

Diagnosis	   #	  ROI	   #	   	  

Normal/Fibrocystic	  *	   22 109,841 
Benign	  
170,158 Fibroadenoma	  	  *	   11 60,317 

Ductal	  carcinoma	  in	  situ	   4 8,487 	  

Malignant	  

94,916 

Invasive	  cancer	  	   17 63,552 

Invasive	  cancer,	  treated	   5 22,877 

Totals 59 265,074 

Table	  5.1	  Diagnostic	  distributions	  of	  surgical	  tissues	  imaged	  by	  (a)	  the	  scanning	  in	  situ	  spectroscopy	  
platform	  and	  (b)	  by	  the	  spatial	  frequency	  domain	  imaging	  system.	  

	  
5.1.2 Signal localization and microscopic sensitivity 

 Region-based evaluation of scanned, localized spectroscopic scattering revealed 

discriminating spatial patterns that were masked by the larger, sub-millimeter volumes 

sampled in the spatial frequency domain.  The 150µm illumination-detection spot size 

employed by the scanning in situ spectroscopy platform enhanced diagnostic sensitivity 

and revealed new spectral-spatial signatures of breast pathologies. Both systems 

discriminated all pathology subtypes with 82% accuracy, but the scanning system 

demonstrated heightened sensitivity to invasive cancers (84% vs. 72%) when 

spectroscopic textural features guided each local diagnosis. When the image shape 

! 

Rd ( fx,")
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features, Euler number and Fractal dimension, additionally informed each local diagnosis, 

sensitivity to DCIS increased from 49% to 89% and pathology discrimination was 

achieved with 98% accuracy.  

(a) Scanning in situ spectroscopy: classification by texture (500µm2 FOV) 

 

 NOR FCD FA DCIS INV  Benign vs. 
Malignant 

Sensitivity 0.88 0.73 0.89 0.49 0.84 0.90 
Specificity 0.95 0.95 0.98 0.98 0.90 0.93 
PPV 0.86 0.75 0.90 0.61 0.81 0.90 
NPV 0.968 0.95 0.98 0.97 0.92 0.94 
Accuracy 0.82 0.92 

(b) Scanning in situ spectroscopy: classification by texture (500µm2 FOV) and shape (1cm2 FOV) 

µb µIavg
Contrastb Homogeneityb Energyb Entropyb Euler # DF

 

 NOR FCD FA DCIS INV  Benign vs. 
Malignant 

Sensitivity 0.98 0.95 0.99 0.89 0.97 0.98 
Specificity 0.99 0.99 1.00 1.00 0.98 0.99 
PPV 0.98 0.95 0.99 0.94 0.96 0.98 
NPV 0.99 0.99 1.00 1.00 0.98 0.99 
Accuracy 0.97 0.98 

(c) SFDI Spectroscopic scattering and absorption  

b Iavg [HbT ] %O2 %H2O  

 NOR FA DCIS INV INV (Rx) Benign vs. 
Malignant 

Sensitivity 0.90 0.87 0.63 0.72 0.65 0.79 
Specificity 0.89 0.95 0.99 0.94 0.97 0.93 
PPV 0.85 0.84 0.76 0.80 0.70 0.86 
NPV 0.93 0.96 0.99 0.91 0.97 0.89 
Accuracy 0.82 0.88 

Table	  5.2	  Diagnostic	  performance	  of	  (a)	  local	  spectroscopic	  texture	  features	  sampled	  by	  the	  scanning	  in	  
situ	  spectroscopy	  platform,	  (b)	   local	  spectroscopic	   texture	   features	  and	   image	  shape	   features	  sampled	  
by	  the	  scanning	  in	  situ	  spectroscopy	  platform	  and	  (c)	  SFDI	  optical	  parameters. 

The characteristic dimension of spectroscopic variance observed within typical breast 

pathologies sampled in the spatial frequency domain was ~5mm2, as compared to 1mm2 

for the scanning in situ spectroscopy platform, as shown in Figure 5.1. Diagnostic 

µb µIavg
Contrastb Correlationb Homogeneityb Energyb Entropyb
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performance was quantified according to the area under the curve and global class 

separability measure and should increase linearly with region-average size for salt-and-

pepper noise within each ROI (assigned one diagnosis).   

	  

Figure	  5.1(a)	  Diagnostic	  performance	  of	  the	  region-‐averaged	  scattering	  slope	  sampled	  by	  the	  scanning	  
in	   situ	   spectroscopy	   platform	   as	   a	   function	   of	   region	   size.	   (b)	   Global	   class	   separability	   for	   region-‐
averaged	  SFDI	  measures	  as	  a	   function	  of	   region	  size	  according	   to	   the	  Bhattacharyya	  class	  separability	  
measure. 

 A key advantage of the scanning in situ spectroscopy platform is that sampling 

and quantification of textural patterns may be performed at multiple levels, tailored to the 

specific application.  In this thesis, nearly coherent scattering was evaluated in a 500µm2-

neighborhood because this was biologically relevant and showed outstanding 

discriminatory power.  Ultimately, though, the goal of resection is to remove enough 

primary cancer for effective eradication of microscopic residual disease by radiation 

therapy.  SFDI may be sufficient for surgical margin evaluation because its accuracy and 

specificity over the full tissue surface are comparable to the scanning system.  Further 

studies are needed to quantify the maximum size of residual disease that can reliably be 

killed by radiation therapy.  More precise co-registration with the diagnostic gold 

standard is also needed to more accurately quantify the minimum sizes of detectable 

residual disease of each system.   
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5.1.3 Spectroscopic signatures of breast pathologies 

 Spectroscopic scattering signatures detected by the scanning in situ spectroscopy 

platform and SFDI were distinct from one another because the former sampled nearly 

coherent scattering in a limited angular backscattering region and the latter sampled 

nearly diffuse scattering integrated over nearly all backscattering angles. Scattering 

parameters and immunohistochemistry correlates are shown in Figure 5.2 for both 

systems. 

	  

Figure	   5.2	   (a-‐b)	   Spectroscopic	   scattering	   parameters	   quantified	   by	   the	   scanning	   in	   situ	   spectroscopy	  
platform	   and	   (c)	   corresponding	   immunohistochemistry.	   (d-‐e)	   Spectroscopic	   scattering	   parameters	  
quantified	  by	  SFDI	  and	  (f)	  corresponding	  immunohistochemistry	  for	  all	  tissues	  imaged.	  

The spot size and integrated phase function employed by the scanning in situ 

spectroscopy platform detected a spectral scattering slope that readily distinguished 

benign from malignant pathologies; the integrated irradiance further enhanced 

differentiation of pathologic subtypes.  Fibroadenomas were the only pathology to exhibit 

an autonomous scattering signature in this cohort of resected breast tissues by both 

systems; in fact, two large fibroadenomas were detected in a fully intact lumpectomy by 
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SFDI.  Spectroscopic scattering parameters detected by both systems demonstrated a 

positive correlated with stromal content, and negative correlated with epithelial content.  

 The spectroscopic scattering parameters, integrated irradiance and scattering 

amplitude, which phantom studies demonstrated scale linearly with scatterer number 

density, contributed most significantly to the discrimination of breast pathologies. When 

image shape features, computed per the 1cm2 FOV, additionally informed each local 

diagnosis, the Euler number was the most discriminating and the Fractal dimension also 

ranked in the top five parameters most significant to a diagnosis.  Shape features not only 

improved sensitivity to DCIS, but also improved the overall accuracy of pathology 

differentiation (97%). 

 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 

(a) Texture  

(500µm2 neighborhood) 

 

 
 

µIavg
 

 

Texture 
Entropy 

 

Texture 
Homogeneity 

 
 

µb  

 

Texture 
Energy 

(b) Texture  

(500µm2 neighborhood) 
+ Shape (1cm2 FOV) 

 

Euler # 

 

Texture 
Entropy 

µIavg
 Fractal 

Dimension 
µb  

(c) SFDI 

 

 
µA  

 
µH2O

 
 

µHbT  

 
µb  

 
µO2  

Table	  5.3	  Feature	   ranking	   for	   (a)	   local	   spectroscopic	   texture	   features	   sampled	  by	   the	   scanning	   in	  situ	  
spectroscopy	  platform,	  (b)	  local	  spectroscopic	  texture	  features	  and	  image	  shape	  features	  sampled	  by	  the	  
scanning	  in	  situ	  spectroscopy	  platform	  and	  (c)	  SFDI	  optical	  parameters. 

Absorption parameters consistently ranked higher than spectroscopic textural parameters 

in terms of diagnostic class separability for SFDI.  More localized spectroscopic 

sampling is required to render scattering texture and shape diagnostically discriminating 

and larger sampling volumes are required for absorption quantification. 
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5.2 Recommendations for future work 

The scanning in situ spectroscopy platform has the potential to provide rapid, optical 

assessment of pathology at the surface of resected breast tissues, but requires further 

hardware development before its next stage of clinical translation. Spectral image 

acquisition was performed in an inverted geometry, rendering identification of imaged 

tissue sub-fields particularly challenging.  Future generations of the system would be 

substantially improved by increasing the scanning field size or by marking the corners of 

each imaged field by laser etching for more precise co-localization with pathology.  The 

former modification will require a larger illumination-detection volume and/or multiple 

scan lenses working in parallel. Monte Carlo modeling of the dark field and telecentric 

scan lens is recommended to guide selection of a sampling volume that optimizes 

microscopic sensitivity and image field size. The scaled-Monte Carlo and LUT approach 

demonstrated in Chapter 4 could be implemented with these forward model simulations 

for more rapid, spectral parameterization.  

 Surgical margin assessment with SFDI may be realized soon given its 

development as a commercial package and demonstrated discrimination between 

pathology subtypes when spectroscopic parameters are interpreted together with a 

nearest-neighbor learning algorithm.  The development of SFDI should focus on 

improving image reconstruction speed, automating integration of surface profile 

correction algorithms, and developing inking strategies for improved co-registration with 

pathology. Near-real time feedback is feasible with a LUT optimization and the use of the 

k-dimensional search algorithm for pathology assessment.  Additionally, increasing the 

density of visible-NIR sampling would improve quantification of absorption parameters. 
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5.3 Principle conclusions 

Spectroscopic scattering and shape signatures contributed most significantly to the 

discrimination of breast pathologies when locally sampled in resected tissues.  Region-

based evaluation of scanned, spectroscopic scattering per 150µm spot size over a 1mm2 

area were diagnostically discriminant (benign from malignant pathologies could be 

distinguished with 90% sensitivity and 93% specificity) and encoded new spectral-spatial 

patterns of disease that were diagnostic and enhanced sensitive to DCIS.  Larger, sub-

millimeter volumes sampled by spatial frequency domain imaging masked these 

signatures, but its spectroscopic absorption and scattering parameters were discriminating 

when interpreted together using a nearest-neighbor learning algorithm.  Benign and 

malignant pathologies were distinguished with 88% accuracy and all pathology subtypes 

were identified with 82% accuracy.  Discrimination was highly specific (93%) and 

mainly limited by sensitivity (79%) to under-represented pathologies in classifier training.  

The primary advantage of spatial frequency domain imaging is its combination of 

quantitative imaging with wide-field localization and increased depth sensing (up to 33% 

scattering contrast was detected at a 1.5mm depth). The length scale of spectroscopic 

variance observed in typical breast pathologies at this detection resolution was ~5mm2, as 

compared to ~1mm2 for the scanning in situ spectroscopy platform. Raster-scanned 

scattering signatures were readily diagnostic and more sensitive to pathology subtypes 

like DCIS, but SFDI performed comparably when combined with supervised learning 

methods and evaluated larger tissue fields.  Both systems remain to be tested intra-

operatively, but this work validates further development of spectroscopic imaging 

systems, in combination with supervised learning methods, for interventional procedures 
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like breast conserving surgery. The ideal imaging system would combine these 

techniques, efficiently scanning an illumination spot size over the tissue field, but with a 

larger spot size (200-500µm), thereby enabling detection of discriminating spectroscopic-

spatial patterns and more accurate quantification of absorption signatures.  A scanning 

system that samples the full tissue field in an inverted geometry, is feasible, but requires 

significant hardware advances to render the platform less sensitive to imaging artifacts in 

the clinical setting. The compact, SFDI imaging system, should continue to be translated 

to the surgical setting, with development focusing on near-real time feedback and 

automated profilometry.   
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Appendices  
 
Appendix A-Derivation of the radially dependent, steady-state diffusion 
approximation[83] 
 
• A pencil beam incident on a semi-infinite tissue surface may be approximated by an 

isotropic point source at a depth, z0, below the surface.   
 

S(z) = a '! z! 1
µs '

"

#
$

%

&
'

a ' = µs '
µa + µs '

 

 
• Photon fluence for an isotropic point source (with unit optical power) in an infinite, 

optically homogenous medium is defined according to: 
 

!(!) =
exp("µeff!)

4!"D
 

 
ρ is the radial source-to-detector separation,  
 
µeff = 3µa (µa + µs ') is the effective attenuation coefficient, 
 
D = 3 µa + µs '( )!" #$

%1
 is the diffusion coefficient. 

 
• The fluence due to a point source at depth, z0, is forced to zero at the medium surface 

by introducing a negative image source of photons above the plane (partial current 
boundary condition).   

 
!(!)" 2D#̂n •$!(!) = 0  
 
!̂n  is a unit normal vector directed into the medium and the extrapolated boundary 
is at a height, 2D, above the surface.  
 

• A better boundary approximation is obtained by setting the zero-fluence rate 
boundary at an extrapolated height, zb, above the surface, to account for internal 
reflection at the surface due to a refractive index mismatch[128].   

 
!(!)" 2"D#̂n •$!(!) = 0 	  
	  
κ is the internal reflection coefficient. 
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• Groenhuis developed an empirical approach to determining the internal reflection 

coefficient, κ , based on the refractive index mismatch [171]: 
 

! =
1+ Reff

1! Reff

 

 
Reff is the effective reflectance according to the Fresnel equations for reflection at a 
refractive index change. Reff  can be described empirically as: 

 

 

 
• Fluence for the dipole source is given by summing the solutions of the real and 

imaging source components: 
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For the extrapolated boundary condition: 
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For the standard partial current boundary condition: 
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• Reflectance is the photon fluence leaving the tissue at z=0; given by Fick’s law: 
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• The Taylor expansion of this analytical expression of reflectance: 
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Similarly,  
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• The integral may then be evaluated symbolically according to: 
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Appendix B-Derivation of the steady-state diffusion approximation in the spatial 
frequency domain[172] 
 
• Photon fluence is described by the Helmholtz equation for a homogeneous, semi-

infinite medium.  
 

 

Fluence ( ) is given in  and the coefficients of transport, reduced 

scattering and effective attenuation are given in . 
 
µt ' = µa + µs '
µs ' = µs (1! g)

µeff = 3µaµtr '

 

 
• A harmonically varying planar illumination source, q, is normally incident on the 

sample 

	  

Its modulation pattern is described by the spatial frequency, , and phase, .   

 
• In a linear medium, the sinusoidal source will give rise to a diffuse fluence rate with 

the same frequency and phase.  From symmetry considerations, there should be no 
lateral shift in phase for light normally incident on a homogenous medium[11, 173]. 

 
 

 
• Substitution of the source and fluence expression into the governing Helmholtz 

equation gives: 
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• In diffusion, we would model the planar source strength as a decaying exponential in 

the media. 
 

 
 
Substitute the source expression into the governing Helmholtz equation: 
 

 

 
• Diffuse reflectance is given by the flux at the upper surface of the media; the partial 

current boundary condition tells us this is proportional to the fluence rate [157].  To 
extract an analytic expression of the fluence in z from the second-order Helmholtz 
equation above, first find the general solution to the homogeneous problem: 

 

 

 
Physically we know the fluence decays exponentially; therefore the homogeneous 
solution is expected to be of the form: 
	  

 
 
• We evaluate the particular solution  in the form of the homogeneous solution and 

solve for the fluence coefficient, A2 by substituting this representation of the 
particular solution and its derivatives in the governing Helmholtz equation.   
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	  is the reduced albedo.	  	   

 
• The final solution is the sum of the general and particular solutions: 
 

 

 
• Apply the partial current boundary condition to solve for .  The partial current 

boundary condition sets the flux, j, proportional to the fluence at the interface of z=0. 
 

 

 

 

 
Reff is the effective reflectance according to the Fresnel equations for reflection at a 
refractive index change. Reff  can be described empirically as [171]: 
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• Substitute A0 into your analytical expression of fluence and evaluate at z=0. 
 

 

 
 
The analytical expression for diffuse reflectance as a function of spatial frequency is:  
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Appendix C-MATLAB programs created and used  
_________________________________________________________________________________________________	  

A.  Spectral Analysis  
_________________________________________________________________________________________________	  
	  
List of programs created 
	  
1. function [beta,yhat,Rsq] = nonlinOptim(x,y,C,fitOpt) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Non-linear spectral fitting via nested least-squares minimization 
% INPUT:   
% x - wavelength  
% y - reflectance  
% C - extinction coefficient of absorption spectra [/m/M], base10 
%     dimension (# chromophores, length(x)) 
% fitOpt is a data structure with the following fields: 
% fitOpt.objFunc - handle to function of form R(mua,musp) 
% fitOpt.objFunc - [min(wavelength) max(wavelength)] 
% fitOpt.options - structure containing MATLAB optimset parameters 
% fitOpt.betaKey - names of fit parameters 
% fitOpt.betaMin - minimum bound for each fit parameter 
% fitOpt.betaMax - maximum bound for each fit parameter 
% fitOpt.betaInt - initial guess for each fit parameter 
  
% OUTPUT: 
% beta – fit parameters corresponding to fitOpt.betaKey 
% yhat - modeled reflectance 
% Rsq - measure of goodness of fit 1-RSS/TSS 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
2. function yhat = limitFarrell(musp,mua) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Objective function describing reflectance as a function of musp and mua 
% (wavelength-dependent)according to Farrell's analytical expression of  
% radially-dependent reflectance (Medical Physics,1992), evaluated in the  
% limit rho << z0. 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
	  
3. function yhat = intFarrell(musp,mua) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Objective function describing reflectance as a function of musp and mua 
% (wavelength-dependent)according to Farrell's analytical expression of  
% reflectance (Medical Physics,1992), integrated over the detector spot size. 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
4. function muSp = pIL2optical(pIL,lambda) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Generates expected mua and musp for Intralipid concentrations  
% Assumes: concentrations diluted from a IL-20% stock 
% R. Michels, F. Foschum and A. Kienle, "Optical properties of fat 
% emulsions," OPTICS EXPRESS 16 (8), 5907-5925 (2008). 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
5. function pixel=get_pixel_index(given_lambda,lambda_list) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%Returns the index of the wavelength closest to the given wavelength 
%%from a given list of wavelengths (in ascending order). 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
6. function [resnorm, resvar, RSQ, RSQa, AIC, AICa, BIC] = gof(y,yhat,p) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Calculating measures of goodness of fit 
% INPUT: 
% y = response values (must be same size as yhat) 
% yhat = fitted values 
% p = number of free parameters in fit 
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% OUTPUT: gof values 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
List of example scripts 
	  
7. example_nonlinOptim_phantom 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Example of non-linear fitting in phantom data 
% Associated datasets available on ThayerFS/NIR/Laughney_Thesis/ 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
8. example_linearOptim_phantom 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Example of linear fitting in phantom data 
% Associated datasets available on ThayerFS/NIR/Laughney_Thesis/ 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 

	  
_________________________________________________________________________________________________	  

B.	  	  Mie	  scattering	  	  
_________________________________________________________________________________________________	  
	  
List of programs created 
	  
9. function MIE = MieSlnGrid(n_particle,n_med,cosTheta,wv,diameters) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Generate a LUT of Mie solution for the scattering cross section, 
% anisotropy and phase function for an array of diameters and wavelengths. 
 
% INPUT: 
% n_particle = refractive index of particle (1.5 for lipid,1.40 for tissue) 
% n_medium = refractive index of medium (1.33 for water, 1.354 for tissue) 
% cosTheta = anisotropy, average cosine of the backscattering angle 
% (cos(theta)=-1 for the scanning system) 
% wv = array of wavelengths [nm] 
% diameters = array of particle diameters [nm] 
  
% OUTPUT: 
% MIE structure with the following fields: 
%         {dd = array of particle diameters [#diameter, 1]} 
%         {wv = wavelengths Mie solution computed at [# wv, 1]} 
%         {g = scattering anisotropy [# wv, #diameter]} 
%         {S1 = angular dependent scattering matrix [# wv, #diameter]} 
%         {S2 = angular dependent scattering matrix [# wv, #diameter]} 
%         {Qs = scattering efficiency [# wv, # diameter]} 
%         {Qb = backscattering efficiency [# wv, # diameter]} 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
10. function [WV,MUS_P,MUSB_P11,MUSB_PHG,G_TOT] = 
genMieDistributions(dmin,d_max,d_mean,d_num,n_med,u,MIE) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Relate scattering coefficients to properties of individual scatterers by 
% building a multi-particle tissue model: assumes a statistically equivalent  
% volume of discrete particles with constant refractive index, but different  
% shapes and sizes can be used to represent tissue refractive index variations 
  
% Input: d_min = min(diameter)  [nm] % fixed for all array 
%        d_max = max(diameter)  [nm] % can be array 
%        d_mean =mean(diameter) [nm] % can be array 
%        d_num = # of diameters discretized from [d_min:d_max] 
%        n_med = refractive index of medium 
%        u = cos<theta> 
%        MIE structure containing the following fields (output of MieSlnGrid): 
%         {diameter = array of particle diameters [#diameter, 1]} 
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%         {wv = wavelengths Mie solution computed at [# wv, 1]} 
%         {g = scattering anisotropy [# wv, #diameter]} 
%         {S1 = angular dependent scattering matrix [# wv, #diameter]} 
%         {S2 = angular dependent scattering matrix [# wv, #diameter]} 
%         {Qs = scattering efficiency [# wv, # diameter]} 
%         {Qb = backscattering efficiency [# wv, # diameter]} 
%         fn = file path to Mie structure 
% Assumes: exponential particle size distribution 
% Assumes: 1% Volume Fraction of scatterers 
  
% Output:   WV = wavelength 
%           MUS_P(dmax,dmean,w) = reduced scattering coefficient  
  
%           MUSB_P11(dmax,dmean,w) = reduced back scattering coefficient for 
%           based on differential scattering cross section at ,cos<theta> 
  
%           MUSB_PHG(dmax,dmean,w) = reduced back scattering coefficient for 
%           particle distribution based on Henyey-Greenstein Fcn and gtot 
  
%           G_TOT(dmax,dmean,w) = total wavelength dependent anisotropy for distribution 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
11. function [r_avg,N] = estimateAN(A,b,muspTABLE,wv,r_mu) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% MAP experimental musp' to size and number density via least squares 
% minimization of experimental musp to Mie theory simulations 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
List of programs used 
 
12. function result = Mie(m, x) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Computation of Mie Efficiencies for given 
% complex refractive-index ratio m=m'+im" 
% and size parameter x=k0*a, where k0= wave number in ambient 
% medium, a=sphere radius, using complex Mie Coefficients 
% an and bn for n=1 to nmax, 
% s. Bohren and Huffman (1983) BEWI:TDD122, p. 103,119-122,477. 
% Result: m', m", x, efficiencies for extinction (qext), 
% scattering (qsca), absorption (qabs), backscattering (qb), 
% asymmetry parameter (asy=<costeta>) and (qratio=qb/qsca). 
% Uses the function "Mie_abcd" for an and bn, for n=1 to nmax. 
% C. Maeätzler, May 2002. 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
13. function result = Mie_S12(m,x,u) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Computation of Mie Scattering functions S1 and S2 for complex refractive 
% index m = m'+im", size parameter, x = k0*a, and u = cos(scattering ang), 
% where k0 = vacuum wavenumber, a = sphere radius 
% s.p. 111-114, Bohren and Huffman (1983) BEWI:TDD122 
% Wiscombe: determine a priori number of terms in Mie series 
% C. Matzler, May 2002 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
14. function result = Mie_Esquare(m,x,nj) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Computation of nj+1 equally spaced values within (0,x) for the 
% mean-absolute square internal electric field of a sphere of size 
% parameter x, compex refractive index m = m'+im", where the averaging is 
% done over theta and phi with unit-amplitude incident field;  
  
% Ref. Bohren and Huffman (1983) BEWI:TDD122, and my own notes on the topic 
% k0 = 2*pi./wavelength; 
% x= k0.*radius; 
% Wiscombe: determine a priori number of terms in Mie series 
% C. Matzler, May 2002 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
15. function result = Mie_abcd(m,x) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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% Computes a matrix of Mie coefficients, a_n, b_n, c_n, d_n, 
% of orders n=1 to nmax, complex refractive index m=m'+im", 
% and size parameter x=k0*a, where k0= wave number 
% in the ambient medium, a=sphere radius; 
% p. 100, 477 in Bohren and Huffman (1983) BEWI:TDD122 
% Wiscombe: determine a priori number of terms in Mie series 
% C. Maeätzler, June 2002 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
16. function result = Mie_abs(m,x) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Computation of the Absorption Efficiency Qabs of a sphere of size 
% parameter x, complex refractive index m = m'+im", based on nj internal 
% radial electric field values to be computed with Mie_Esquare(nj,m,x) 
% Ref Bohren and Huffman (1983) BEWI:TDD122, and my own notes on the topic 
% C. Matzler, May 2002 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
17. function result = Mie_pt(u,nmax) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% pi_n and tau_n, -1 <=u=costheta <=1, n1 integer from 1 to nmax; angular 
% functions used in Mie theory 
% Bohren and Huffman (1983), p.94-95 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%	  
	  
	  
_________________________________________________________________________________________________	  

C.	  Texture	  feature	  extraction	  
_________________________________________________________________________________________________	  
	  
List of programs created 
	  
18 function [pstats pshape] = imageFeature(pmap,mask,nL,D,WS) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Extract local texture and image shape features in pmap 
% INPUT: 
% pmap = parameter map  
% mask = bad fit mask, same size as pmap 
% nL = number of gray levels used to discretize the co-occurrence matrix 
% D = displacement vector length 
% WS = length of square neighborhood size, within which compute texture and 
% first order statistics (must be odd, pixel of interest centered) 
  
% OUTPUT: 
% pstats = local 1st order statistics and texture features per WS 
% pshape = structure containing shape features per image 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
	  
List of programs used 
	  
19. function [n,r] = boxcount(c,varargin) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%BOXCOUNT  Box-Counting of a D-dimensional array (with D=1,2,3). 
%   [N, R] = BOXCOUNT(C), where C is a D-dimensional array (with D=1,2,3), 
%   counts the number N of D-dimensional boxes of size R needed to cover 
%   the nonzero elements of C. The box sizes are powers of two, i.e.,  
%   R = 1, 2, 4 ... 2^P, where P is the smallest integer such that 
%   MAX(SIZE(C)) <= 2^P. If the sizes of C over each dimension are smaller 
%   than 2^P, C is padded with zeros to size 2^P over each dimension (e.g., 
%   a 320-by-200 image is padded to 512-by-512). The output vectors N and R 
%   are of size P+1. For a RGB color image (m-by-n-by-3 array), a summation 
%   over the 3 RGB planes is done first. 
% 
%   The Box-counting method is useful to determine fractal properties of a 
%   1D segment, a 2D image or a 3D array. If C is a fractal set, with 
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%   fractal dimension DF < D, then N scales as R^(-DF). DF is known as the 
%   Minkowski-Bouligand dimension, or Kolmogorov capacity, or Kolmogorov 
%   dimension, or simply box-counting dimension. 
% 
%   BOXCOUNT(C,'plot') also shows the log-log plot of N as a function of R 
%   (if no output argument, this option is selected by default). 
% 
%   BOXCOUNT(C,'slope') also shows the semi-log plot of the local slope 
%   DF = - dlnN/dlnR as a function of R. If DF is contant in a certain 
%   range of R, then DF is the fractal dimension of the set C. The 
%   derivative is computed as a 2nd order finite difference (see GRADIENT). 
% 
%   The execution time depends on the sizes of C. It is fastest for powers 
%   of two over each dimension. 
% 
%   Examples: 
% 
%      % Plots the box-count of a vector containing randomly-distributed 
%      % 0 and 1. This set is not fractal: one has N = R^-2 at large R, 
%      % and N = cste at small R. 
%      c = (rand(1,2048)<0.2); 
%      boxcount(c); 
% 
%      % Plots the box-count and the fractal dimension of a 2D fractal set 
%      % of size 512^2 (obtained by RANDCANTOR), with fractal dimension 
%      % DF = 2 + log(P) / log(2) = 1.68 (with P=0.8). 
%      c = randcantor(0.8, 512, 2); 
%      boxcount(c); 
%      figure, boxcount(c, 'slope'); 
% 
%   F. Moisy 
%   Revision: 2.10,  Date: 2008/07/09 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
20. function c = randcantor(p,n,d,varargin) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%RANDCANTOR  1D, 2D or 3D generalized random Cantor set 
%   C = RANDCANTOR(P, N, D) generates a logical D-dimensional array (with 
%   D=1, 2, or 3) of size N^D, containing a set of fractally-distributed 1. 
%   The size N must be a power of 2. C is obtained by iteratively dividing 
%   an initial set filled with 1 into 2^D subsets, multiplying each by 0 
%   with probability P (with 0<P<1). The resulting array has a fractal 
%   dimension DF = D + log(P)/log(2) < D. 
% 
%   If the second and third input arguments are not specified, N=256 and 
%   D=2 are taken by default (i.e. returns an array of size 256x256). 
% 
%   C = RANDCANTOR(P,N,D,'show') also displays the set (only for 1D and 
%   2D). If no output argument, this option is selected by default. 
% 
%   Example: 
%     c = randcantor(0.7, 1024, 2); 
%     boxcount(c); 
% 
%   F. Moisy 
%   Revision: 2.00,  Date: 2006/11/22 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
	  
_______________________________________________________________________________________________	  

D.	  	  Feature	  classification	  
_________________________________________________________________________________________________	  
	  
List of programs created 
	  
21. function dx_knn = kNN_Mahalanobis(training,dx_training,testing,k) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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% Compute the kNN diagnosis according to the Mahalanobis distance metric 
% INPUT:  
%   training = training data [# parameter, # pixel] 
%   dx_training = numeric index of diagnosis [# pixel 1] 
%   testing = testing data [# parameter, # pixel] 
% OUTPUT: 
%   dx_knn = diagnosis according to k-NN 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
22. function dx_knn = kNN_Euclidean(training,dx_training,testing,K) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Compute the k-NN diagnosis according to the Euclidean distance metric 
% Employs the MATLAB nearest neighbor search, which employs a k-D tree when 
% the number of parameters per pixel is less than 10 (fast) 
  
% INPUT:  
%   training = training data [# parameter, # pixel] 
%   dx_trianing = numeric index of diagnosis [# pixel 1] 
%   testing = testing data [# parameter, # pixel] 
% OUTPUT: 
%   dx_knn = diagnosis according to k-NN 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
23. function [S1, S2, S3, D1, D2, D3] = genSet(patterns,targets) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Randomly divide data into three sets (equal number of pixels per class) for 
% three-fold cross validation of classifier. 
 
% INPUT: 
% patterns - data [#parameters #pixels] 
% targets  - diagnostic labels [#pixels] 
  
% OUTPUT 
% S1,S2,S3 = three groups of patterns 
% D1,D2,D3 = corresponding diagnostic labels for each group 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
24. function [training, dx_training, numOutlier] = 
rmvOutlier(training,dx_training,param,pnm) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%% Remove outliers in training set according to inter-quartile range 
% INPUT:  
% training - training dataset [# parameters, # pixels] 
% dx_training - training numeric labels [1, # pixels]; 
% param - data structure containing parameter name and units as strings 
 
% OUTPUT 
% training - training dataset with IQR outliers removed 
% training_dx - numerical labels for diagnostic class of training data 
% numOutlier - number of outliers removed 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
 
25. function [CM,PERFORM]=confusionEval(P,T,Dx) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% INPUT: 
% P - Predicted class 
% T - True class 
% Dx - diagnostic class name corresponding to P and T 
  
% OUTPUT: 
% Confusion matrix and diagnostic performance values per class 
% (Sensitivity, Specificity, NPV, PPV, Accuracy) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
List of programs used 
	  
26. function [new_patterns, train_targets, Aw, means] = 
Whitening_transform(train_patterns, train_targets) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Data whitening/sphere (centers and removes correlations between the data) 
%Inputs: 
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%   train_patterns  - Input patterns 
%   train_targets   - Input targets 
% 
%Outputs 
%   new_patterns    - New patterns 
%   targets         - New targets 
%   Aw              - Whitening matrix 
%   means           - Means vector 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
List of example scripts 
	  
27.	  	  example_kNNclassify	  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%	  
% Example of nearest neighbor estimation of diagnosis 
% Associated datasets available on ThayerFS/NIR/Laughney_Thesis/ 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 

	  
_________________________________________________________________________________________________	  

E.	  Feature	  ranking	  
_________________________________________________________________________________________________	  
	  
List of programs created 
	  
28. function Jglobal = globalBhattacharyya(npatterns,targets,param_idx) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Global class separability measure according to the Bhattacharyya distance 
% between all paired classes 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
	  
List of programs used 
	  
29. function [D]=divergenceBhata(c1,c2) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Computes the Bhattacharyya distance between two classes. 
%  
% INPUT ARGUMENTS: 
%   c1:     data of the first-class, one pattern per column. 
%   c2:     data of the second-class, one pattern per column. 
% 
% OUTPUT ARGUMENTS: 
%   D:      Bhattacharyya distance. 
% 
% (c) 2010 S. Theodoridis, A. Pikrakis, K. Koutroumbas, D. Cavouras 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
30.function[cLbest,maxJ]=MultiClassSequentialForwardFloatingSelection(patterns,targets,Nu
mFeatComb) 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%  Feature vector selection by means of the Sequential Forward Floating 
%  Selection technique, given the desired number of features in the best 
%  combination. 
% 
%  Modified by Ashley Laughney 2012: 
%  Cost function updated to the global Bhattacharyya distance for multiple classes. 
%  Reordering of NumFeatComb removed. 
% 
% INPUT ARGUMENTS: 
%   patterns:         matrix of data for all classes (nparam x npoints). 
%   targets:          vector of class labels (npoints) 
%   NumFeatComb:      desired number of features in best combination. 
% 
% OUTPUT ARGUMENTS: 
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%   cLbest:         selected feature subset. Vector of row indices. 
%   maxJ:           value of the class separabilty measure. 
% 
% (c) 2010 S. Theodoridis, A. Pikrakis, K. Koutroumbas, D. Cavouras 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
	  
_________________________________________________________________________________________________	  

E.	  Spatial	  frequency	  domain	  imaging	  
_________________________________________________________________________________________________	  
	  
Programs created 
	  
31. function [out, Rx] = 
MI_SOLVE(data,calc_fn,spec_fn,mod_from_file,mod_to_file,ROI_from_file) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%% Calculates optical and spectral parameters from modulation amplitude. 
% 
% INPUT: Specify filenames for data, calc, spec, and ROI structures 
% Also indicate if the modulation data should be loaded from a pre-existing 
% file or if it should be saved to file. 
% 
% OUTPUT: Spectral fitting results in out structure; Rx = fit reflectance 
% 
% Ashley Laughney 
% April 6th, 2011 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
32. function [R_d, sys_resp] = miCalibrateReflectance2D(tismod, phmod, fx, wv, data, 
calc) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% --------------------------------------------------------------------- 
% Calibrates data and corrects for system response using forward model. 
% Applies only for 2D flat calculation 
% --------------------------------------------------------------------- 
% miLoadParametersfromXML((filename) 
% First written by: David Cuccia 
% Edited: 9/28/10 by Amaan Mazhar 
% Edited: 2011 Ashley Laughney 
% --------------------------------------------------------------------- 
% Inputs: 
% 1) tismod: Demodulated sample data 
% 2) phmod: Demodulated phantom data 
% 3) fx: frequencies 
% 4) wv: wavelengths 
% 5) data: data structure 
% 6) calc: calc structure 
%       a) calc.method: Determines fitting method 
%       ('basic'-unconstrained,'multispec'-constrained) 
%       b) calc.optical properties: switch for optical property calculation 
%       c) calc.model: Determines model to be used 
%       ('mc','diff','2layer','phase_diff') 
% 7) spec: spectroscopy structure 
% --------------------------------------------------------------------- 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
33. function [out, Rx] = miFIT(R_d, fx, wv, data, calc, spec) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% --------------------------------------------------------------------- 
% Main Data Analysis Function 
% --------------------------------------------------------------------- 
% miAnalyzeData(R_d, fx, wv, n_tis, data, calc, spec) 
% First written by: David Cuccia 
% miFIT edited: 12/20/11 by Ashley Laughney; 9/28/10 by Amaan Mazhar 
  
% --------------------------------------------------------------------- 
% Inputs: 
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% 1) Rd: Calibrated Diffuse Reflectance 
% 2) fx: frequencies 
% 3) wv: wavelengths 
% 4) data: data structure 
% 5) calc: calc structure 
%       a) calc.method: Determines fitting method 
%           ('basic','multiwv','multispec','lut') 
%       b) calc.optical properties: switch for optical property calculation 
%       c) calc.model: Determines model to be used 
%           ('mc','diff','phase_diff') 
%       d) calc.mua_guess, calc.musp_guess 
%       e) calc.pixel_by_pixel 
%       f) calc.n_tis 
% 6) spec: spectroscopy structure 
% --------------------------------------------------------------------- 
% Outputs: 
% 1) out - spectroscopic and optical parameter fit structure 
% 2) Rx - fit modulated reflectance 
% --------------------------------------------------------------------- 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
34. function [param, mod, ph] = load_demodData(data_dir, data_basenm, bin_size, sm_size, 
file01, save01) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Use this function to load data parameters and de-modulated data 
% 
% INPUT 
% data_dir:  base directory where raw data stored 
% data_basenm:  filename of data structure 
% bin_size:  binning used in demodulated (specified in calc structure) 
% sm_size:  spatial smoothing filter (specified in calc structure) 
% file01:  indicates load from file 
% save01:  indicates save to file 
% 
% OUTPUT 
% param:  data acquisition parameters read from file 
% mod:  demodulated data size(nX,nY,nFrequencies, nWavelengths) - Amplitude 
% ph:  demodulated phase data 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
35.  function [R_at_fx, fmua, fmusp] = larsSFD(p,f,n,temp)  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Reflectance as a function of spatial frequency according to  
% Svassand et. al.Phys. Med. Biol 44 (1999) 801-813 
% Inputs: 
% p = [mua musp] - Nx2 absorption and scattering parameters, in 1/mm 
% f = spatial frequency (Mx1 column vector, in MHz) 
% n = index of refraction 
% reim_flag = 2MxN matrix of weights 
% 
% Output: 
% y = Reflectance vs spatial frequency at given optical properties 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
36. function [yhat,beta] = larsSFD_minResid(fx,y,n,calc) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Nested function for nonlinear model, constrained 
% Reflectance as a function of spatial frequency according to  
% Svassand et. al.Phys. Med. Biol 44 (1999) 801-813 
% 
% INPUT: 
% fx = frequencies 
% wv = wavelengths 
% y = data 
% n = refractive index 
% calc data structure 
% 
% OUTPUT:  
% yhat = fit data 
% beta = fit parameters 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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37. function R_at_fx = reflecMCSFD(p,f,n,mother,lut) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Scale-Monte Carlo forward model of transport 
% 
% Inputs: 
% p = [mua musp] - absorption and scattering parameters, in 1/mm 
% f = spatial frequency (Mx1 column vector, in 1/mm) 
% n = index of refraction 
% mother:  Monte Carlo forward simulation data 
% lut: table of forward solutions (30-frequency) 
% 
% Output: 
% y = Reflectance in frequency vs rho at given optical properties and s-d separations 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
38. function [Rx, mua, musp] = reflecMCSFD_lutmin(values,lut) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% 30-frequency LUT of scaled-Monte Carlo forward model of transport 
% Minimize measured-simulated data to fit optical properties 
% 
% INPUT:   
% values - measured data 
% lut - solution structure, R(wavelength, spatial frequency, mua, musp) 
%  
% OUTPUT: 
% Rx - fit reflectance 
% mua - fit mua 
% musp - fit musp 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
39. function [A, b] = miFitPowerLaw(wv,data_vs_wv) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Power law least squares fit for scattering amplitude (A) and power (b) 
% according to the wavelength-dependent reduced scattering coefficient. 
% 
% INPUT:  
% wv - wavelength array 
% data_vs_wv - reduced scattering coefficient per wavelength 
%  
% OUTPUT: 
% A - scattering amplitude 
% b - scattering slope 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

 
40. function spec_out = miSpec(mua_avg, mua_maps, wv, spec) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Main Spectral Analysis Function 
% --------------------------------------------------------------------- 
% First written by: DC 
% Edited: 9/28/10 by AM 
% Edited by Ashley 2011 
% --------------------------------------------------------------------- 
% Inputs:  
% 1) mua_avg:   average absorption coefficient 1/mm 
% 2) mua_maps:  absorption maps 1/mm 
% 3) wv:        wavelengths to be used 
% 4) calc:      calc structure. 
% 5) spec:      spectroscopy input structure 
% --------------------------------------------------------------------- 
% Outputs: 
% 1) spec_out:  Structure with spec average, maps, and fitting parameters. 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

	  
List of example scripts 
 
41. generate_calc_spec 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% GENERATE CALCULATION AND SPECTROSOPY PARAMETER FILES FOR ANALYSIS 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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42. SFDIexample 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% Example of SFDI data analysis 
% Associated datasets available on ThayerFS/NIR/Laughney_Thesis/ 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
 
Table of functions used  
(m-files available on ThayerFS/NIR/Thesis_Laughney) 
Function Name Description 

function rawData = 
miReadData(dir,basename,freq_idx,wv_idx,parameters,type) 

Reads in Modulated Imaging 
data for all repetition 
numbers and phases 

function [zgrid,xgrid,ygrid] = 
gridfit(x,y,z,xnodes,ynodes,varargin) 

	  

Estimates a surface on a 2d 
grid, based on scattered 
data, Gridfit is not an 
interpolant. Its goal is a 
smooth surface that 
approximates your data, but 
allows you to control the 
amount of smoothing. 

function lut = miCreateLUT(freqs, muas, musps, n, type) 

	  

Creates look up table for 
optical property range and 
two frequencies using 
specified forward model. 

function [chrom, spec_wv, spec_wv_idx] = miLoadChromInfo(spec, 
wv) 

	  

Loads chromophore spectra. 

function phRx = miCalcPhase(rawData,phases) 

	  

Function used to calculate 
phase shift from reflectance 
measurements 

function ph_properties_interp = 
miGetPhProperties(phname,wavelengths) 

Loads phantom optical 
properties for wavelengths 
measured 

function ROI = miGetROI(testimage,rectopt, mfsize) 
Gets single ROI from figure 
and draws it on figure 

function rect = miDrawRect(fig, rect) 
Draws and saves rect on 
figure. 

function pixels_per_mm = miGetScale(filename) 
Figures out pixels per mm 
using a scale image 

function parameters = miLoadParametersfromXML(filename) 
Reads basic Acquisition 
Parameters from XML 

function parameters = miLoadParametersfromXML(filename) 
Reads basic Acquisition 
Parameters from XML 

function mod_data = 
miLoadSmoothandDemodData(basename,data,calc,parameters,repnums) 

Load demodulated data and 
smooth 

function [xlength ylength] = 
miReadCameraSettingsfromXML(filename) 

This function assigns camera 
dimensions based on 
acquisition XML. 

function type = miReturnInstrumentType(instrument) 
Determines order which data 
is saved based on instrument. 

function [curv_pixel_anglex, curv_pixel_angley] = 
miGetPixelAngle(mod_z_crop, x_loc, y_loc) 

Calculates angles at surface. 
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function rawData = 
miReadProfileData(basename,repnums,freq_idx,num_phases,wv,type) 

	  

Reads in Modulated Imaging 
data for all repetition 
numbers and phases 

function [mua_actual, damping_factor] = 
miVesselCorrection(mua_measured, vessel_r) 

Implements packing factor 
during spectroscopy to 
account for blood vessels, 
important in Soret band 

function data_out = miSmoothData(data_in,sm_size,type) 
Smooths Modulated Imaging 
images (if ndim>2D it will 
smooth each 2D plane) 

function [curv_fsx, curv_fsy] = 
miGetLocalFrequency(curv_pixel_anglex, curv_pixel_angley,fx) 

Uses angles at surface to 
determine frequency of 
interaction at surface 

function E = miGetExtCoeffs(chrom_wv, chrom_vals, E_wv, 
smooth_type, filter_bandwidth) 

Obtains Extinction 
Coefficients from text file 
and convolves with relevant 
spectra 

function mod = miCalcMod(rawData,phases) 
Function used to demodulate 
data 

function Height = miCalcHeight(phi, type, varargin) 
This function calculates the 
height of a sample using 
phase profilometry  

function fprime = miReadFreqsfromXML(filename) 
Read spatial frequencies 
from xml file 

function out = miReadWaveLengthsfromXML(filename) 
Read wavelengths from xml 
file 

function phases = miReadPhasesfromXML(filename) 
Read phase shifts from xml 
file 

function out = MiReadExpTimesfromXML(filename) 
Read exposure times from 
xml file 

function fprime = miReadProfileFreqsfromXML(filename) 
Read profile spatial 
frequencies from xml file 

	  
	  
_________________________________________________________________________________________________	  

Programs	  and	  scripts	  
_________________________________________________________________________________________________	  
1. 

function [beta,yhat,Rsq] = nonlinOptim(x,y,C,fitOpt) 
  
% FORWARD MODEL 
objFunc = fitOpt.objFunc; 
  
% SPECTRAL PARAMETERS 
wv = x(:); % wavelength 
eHbO2 = C(1,:); % extinction spectra of oxygenated hemoglobin 
eHb = C(2,:); % extinction spectra of deoxygenated hemoglobin 
if(size(C,1) >2) 
    eN = C(3,:); % additional chromophore extinction spectra 
end 
  
% OPTIMIZATION 
[beta,resnorm,resid,exitflag,output,lambda,J]=lsqnonlin(@myNestedMin,fitOpt.betaInt,fitOp
t.betaMin, fitOpt.betaMax, fitOpt.options); 
yhat = myNestedCurve(beta,x); 
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% GOODNESS OF FIT (R-squared)  
Rsq = 1-(sum((yhat(:)-y(:)).^2)/sum((y(:)-mean(y(:))).^2)); 
  
    %%%%% NESTED CURVE %%%%%% 
    function yhat = myNestedCurve(beta,x) 
         
        if (size(beta,1)==1 || size(beta,2)==1) 
            % Optical parameters 
            musp = beta(1)*(wv).^-beta(2); % Dimensionless 
            if(size(C,1) >2) % inverse M 
                mua = log(10)*((beta(3))*(beta(4)*eHbO2+(1-beta(4))*eHb)+beta(5)*eN);  
                mua = abs(mua); mua = mua(:); 
            else % inverse M 
                mua = log(10)*((beta(3))*(beta(4)*eHbO2+(1-beta(4))*eHb)); 
                mua = abs(mua); mua = mua(:); 
            end 
  
        else % calibration absorption and scattering spectral parameters provided 
            % Define optical scattering and absorption 
            wv = x(:,1); wv = wv(:);% wavelength (nm) 
            musp = beta(:,1); 
            mua = beta(:,2); 
        end 
         
        % Evaluate objective function 
        yhat = objFunc(musp,mua); 
             
    end % end of curve fitting sub-function 
     
    %%%%% NESTED MINIMIZATION %%%%%% 
    function resid = myNestedMin(beta) 
         
        % Optical parameters 
        musp = beta(1)*wv.^-beta(2);  
        musp = musp(:); 
         
        if(size(C,1) >2) % inverse M 
            mua = log(10)*((beta(3))*(beta(4)*eHbO2+(1-beta(4))*eHb)+beta(5)*eBC);  
            mua = abs(mua); mua = mua(:); 
        else % inverse M 
            mua = log(10)*((beta(3))*(beta(4)*eHbO2+(1-beta(4))*eHb));  
            mua = abs(mua); mua = mua(:); 
        end; 
         
        % Objective function 
        yhat = objFunc(musp,mua); 
        % Residual for least squares minimization 
        resid = yhat(:)-y(:); 
    end % end of minimization sub-function 
  
end % End of parent function  

2. 

function yhat = limitFarrell(musp,mua) 
  
% SPECTRAL PARAMETERS 
mutr = mua+musp; % total transport coefficient 
mueff = sqrt(3*mua.*mutr); % effective attenuation coefficient 
a = musp./mutr; % reduced albedo 
D = 1./(3*(musp+mua)); % diffusion constant (near source approximation) 
  
% FRACTION OF REFLECTED LIGHT 
% Groenhuis(1983): 
nrel = 1.5/1.33; 
rid = -1.44*nrel^-2 + 0.71*nrel^-1 +0.0636*nrel +0.668; 
kappa = (1+rid)/(1-rid);  
% The fraction of light collected by the objective lens is 
% approximated as the ratio, Rna, of the solid angle subtended by the lens 
% NA to hemispherical collection solid angle pi/2 
n = 1.33; NA = 0.05; 
Rna = asin(NA/n)*2/pi; 
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% DISTANCE PARAMETERS (SEE FARRELL 1992) 
% Source depth 
z0 = 1./musp;% 1/musp, total interaction coefficient 
% Extrapolated boundary so fluence = 0 at boundary 
zb = 2*kappa*D;  
% Radial parameters 
r1 = @(rho) (z0.^2+rho.^2);% r1 squared 
r2 = @(rho) ((z0+2*zb).^2+rho.^2); % r2 squared 
  
% Objective Function :  Evaluate Farrell's analytical reflectance model 
% in limit: rho << z0 (nearly direct backscattering) 
u = mueff; % or sqrt(3*mua.*musp);  
yhat = (a./(2*pi.*z0.^2)).*(u.*z0+1).*exp(-u.*z0); 
  
end % eof 

3. 

function yhat = intFarrell(musp,mua) 
  
% SPECTRAL PARAMETERS 
mutr = mua+musp; % total transport coefficient 
mueff = sqrt(3*mua.*mutr); % effective attenuation coefficient 
a = musp./mutr; % reduced albedo 
D = 1./(3*(musp+mua)); % diffusion constant (near source approximation) 
  
% FRACTION OF REFLECTED LIGHT 
% Groenhuis(1983): 
nrel = 1.5/1.33; 
rid = -1.44*nrel^-2 + 0.71*nrel^-1 +0.0636*nrel +0.668; 
kappa = (1+rid)/(1-rid);  
% The fraction of light collected by the objective lens is 
% approximated as the ratio, Rna, of the solid angle subtended by the lens 
% NA to hemispherical collection solid angle pi/2 
n = 1.33; NA = 0.05; 
Rna = asin(NA/n)*2/pi; 
  
% DISTANCE PARAMETERS (SEE FARRELL 1992) 
% Source depth 
z0 = 1./musp;% 1/musp, total interaction coefficient 
% Extrapolated boundary so fluence = 0 at boundary 
zb = 2*kappa*D;  
% Radial parameters 
r1 = @(rho) (z0.^2+rho.^2);% r1 squared 
r2 = @(rho) ((z0+2*zb).^2+rho.^2); % r2 squared 
  
% Objective Function :  (Taylor Expand Farrell's Analytical Solution  
%(Medical Physics,1992) and Evaluate Integral Analytically) 
% Integral Y dr 
I = @(r) (a./(4*pi*mutr)).*(r./(sqrt(r1(r)).*z0.^2) -(mueff.^2./(2*mutr)).*log(2*(r + 
sqrt(r1(r))))... 
    +(r.*mueff.^3)./(mutr*3) - 
((mueff.^4)./(12*mutr)).*(r.*sqrt(r1(r))+(z0.^2).*log(2*(sqrt(r1(r))+r))))... 
    +(a./(4*pi*(mutr+2*zb))).*(r./(sqrt(r2(r)).*z0.^2) -(mueff.^2./(2*mutr)).*log(2*(r + 
sqrt(r2(r))))... 
    +(r.*mueff.^3)./(mutr*3) - 
((mueff.^4)./(12*mutr)).*(r.*sqrt(r2(r))+(z0.^2).*log(2*(sqrt(r2(r))+r)))); 
% Evaluate integral over diameter of spot size 
yhat = (I(150*10^-6)-I(0*10^-6)); 
  
end % eof 

4.   

function muSp = pIL2optical(pIL,lambda)	  
  
% Make sure pIL is in row 
if(size(pIL,2) < size(pIL,1)) 
    pIL = pIL'; 
end 
  
lambda = lambda(:); 
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% Calculation of muSp for Intralipid-20%(standard stock sln) 
y0 = 8.261E+1; 
a = -1.288E-1; 
b = 6.093E-5; 
muSp20IL = y0+a*lambda+b*lambda.^2; 
muSp20IL = muSp20IL(:); 
  
% Dilute to input percent 
muSp = squeeze(repmat(muSp20IL,1,length(pIL))).*squeeze(repmat(pIL,length(lambda),1)*10^-
2)./0.2; 
  
end 

5. 

function pixel=get_pixel_index(given_lambda,lambda_list) 
    big_list=find(lambda_list>=given_lambda); 
    pixel=big_list(1); 
end % eof 

6. 

function [resnorm, resvar, RSQ, RSQa, AIC, AICa, BIC] = gof(y,yhat,p) 
% Reshape y and yhat to 1D if necessary 
if (length(find(size(y)>1))>1) 
    y = reshape(y,size(y,1)*size(y,2),1); 
    yhat = reshape(yhat,size(yhat,1)*size(yhat,2),1); 
end 
% Residual degrees of freedom 
n = length(y); % number of response values 
v = n-p; % number of independent pieces of information involving n data points 
  
% R-squared (standard) 
RSS = sum((y-yhat).^2); % residual sum of squares 
TSS = sum((y-mean(y(:))).^2); % total sum of squares 
RSQ = 1-(RSS/TSS); 
% R-squared (square of the correlation coefficient) 
Rsq_corr = corrcoef(y,yhat).^2; 
  
% R-squared (adjusted) 
RSQa = 1 - (1-RSQ)*(n-1)/v; 
  
% Akaike information criterion (AIC): 
% Maximum log-likelihood of estimated model in the case of a nonlinear fit 
% with normally distributed erros 
resnorm = sum((y-yhat).^2); % residual sum of squares 
LL = 0.5*[-n*(log(2*pi)+1-log(n)+log(resnorm))]; %log likelihood 
AIC = 2*p-2*LL; 
% Bias-corrected AIC 
AICa = AIC+2*p*(p+1)/(n-p-1); 
  
%Residual variance 
resvar = resnorm/(n-p); 
  
% Bayesian information criterion  
%(gives a higher penalty on number of parameters) 
BIC = p*log(n)-2*LL; 
  
end % eof 

7. 

%% (0) SPECIFY DATA AND FUNCTION DIRECTORIES 
addpath(genpath('/Users/ashleylaughney/Documents/MATLAB/THESIS/')); 
% Baseline directory 
base_dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/EXAMPLE_DATA/'; 
base_fn = 'IL-Blood-matrix-051211'; 
load([base_dir base_fn]) 
 
%% (1) FITTING OPTIONS 
% Forward model 
fitOpt.objFunc = @limit_Farrell; 
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% Spectral waveband 
fitOpt.wvbd = [500 700]; 
wvbd_idx = get_pixel_index(fitOpt.wvbd(1),PH.wv):get_pixel_index(fitOpt.wvbd(2),PH.wv); 
  
% Chromophores to fit{'HbO2'  'Hb'  'bilirubin(bound)'  'beta-carotene'} 
CHROM.to_fit =       [ 1       1      0                   0          ]; 
COEFF= [CHROM.extSpec(wvbd_idx,(CHROM.to_fit==1))]'; % extinction spectra,  /m/M 
  
% Optimization parameters 
fitOpt.options= optimset('MaxIter', 1000000, 'LargeScale', 'off', 'Display', 'off',... 
    'FunValCheck','off','TolFun', 1e-10, 'TolX', 1.e-8,'JacobMult','on'); 
 
%% (2)  ABSOLUTE CALIBRATION 
% PH.ref_data measured relative to 5% Intralipid 
r_musp = pIL2optical(5, PH.wv)'*1000;  r_mua = zeros(size(r_musp)); 
% Model-based calibration 
aREF = repmat(fitOpt.objFunc(r_musp(:),r_mua(:)),[1 size(PH.true_pIL,1) 
size(PH.true_pIL,2)]); aREF = permute(aREF,[2 3 1]); 
PH.abs_data = (PH.ref_data).*(aREF);  
 
%% (3) SPECTRALLY FIT PHANTOM ARRAY 
warning off 
figure(); 
for iHB = 1:6 % varying hemoglobin concentrations 
    for iIL = 1:5 % varying Intralipid concentrations 
  
    X = squeeze(PH.wv(wvbd_idx)); % Wavelength 
    Y = squeeze(PH.abs_data(iHB,iIL,wvbd_idx)); % Spectral data 
     
    % INITIAL GUESS 
    % Optimize initial guess for A,b, using three points 
    p1 = 510; p2 = 650; p3 = 680; 
    x1 = log(get_pixel_index(p1,PH.wv(wvbd_idx)));  x2 = 
log(get_pixel_index(p2,PH.wv(wvbd_idx)));  x3 = log(get_pixel_index(p3,PH.wv(wvbd_idx))); 
    y1 = log(abs(Y(get_pixel_index(p1,PH.wv(wvbd_idx))))); y2 = 
log(abs(Y(get_pixel_index(p2,PH.wv(wvbd_idx))))); y3 = 
log(abs(Y(get_pixel_index(p3,PH.wv(wvbd_idx))))); 
    % Initial guess for the scattering slope 
    m = (2*y3-y2-y1)/(2*x3-x2-x1); 
     
    if(size(COEFF,1)==2) 
        fitOpt.betaKey = {'A',            'b',     'HbT',       'StO2'}; 
        fitOpt.betaMin = [ 0              -4         0             0  ]; 
        fitOpt.betaMax = [ Inf             4       150*10^-6       1  ]; 
        fitOpt.betaInt = [ exp(y1-m*x1)   -m        30*10^-6       0.7]; 
    else % three coefficients 
        ind = find(CHROM.to_fit==1); 
        fitOpt.betaKey = {'A',            'b',     'HbT',       'StO2', 
CHROM.legend{ind(end)}}; 
        fitOpt.betaMin = [ 0               -4         0             0               
0            ]; 
        fitOpt.betaMax = [ Inf               4       150*10^-6       1              
100*10^-6     ]; 
        fitOpt.betaInt = [ exp(y1-m*x1)   -m        30*10^-6       0.7            10*10^-
6      ]; 
    end 
  
    % FIT 
    [PARAM(iHB,iIL,:),YHAT(iHB,iIL,:),RSQ(iHB,iIL)] = nonlinOptim(X,Y,COEFF,fitOpt); 
    PH.meas_musp(iHB,iIL,:) = PARAM(iHB,iIL,1)*PH.wv(wvbd_idx).^-PARAM(iHB,iIL,2); 
    end 
end 
%% (4) MAP EXPERIMENTAL MUSP TO MIE THEORY PARAMETERS 
load('MIE_SLN'); % Mie solution for particle size distribution (diameter, wavelength) 
muspTABLE = MIE.musp; clear musp; 
A_ind = find(strcmp(fitOpt.betaKey,'A')); 
b_ind = find(strcmp(fitOpt.betaKey,'b')); 
  
for iHB = 1:6 
    for pIL = 1:5 
        A = PARAM(iHB,pIL,A_ind); b = PARAM(iHB,pIL,b_ind); 
        [r_avg(iHB,pIL),N(iHB,pIL)] = estimateAN(A,b,muspTABLE,MIE.wv,MIE.r_avg); 
    end 
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end 

8. 

%% SPECIFY DATA AND FUNCTION DIRECTORIES 
addpath(genpath('/Users/ashleylaughney/Documents/MATLAB/THESIS/')); 
% Baseline directory 
base_dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/EXAMPLE_DATA/'; 
base_fn = 'IL-Blood-matrix-051211'; 
load([base_dir base_fn]) 
 
%% TRUE PHANTOM VALUES 
% Compute true reduced scattering coeffient according to Kienel 
% (convert inverse mm to inverse M) 
for iIL = 1:size(PH.true_pIL,2) 
    PH.true_musp(:,iIL) = pIL2optical(PH.true_pIL(1,iIL),PH.wv)'*1000; 
end 
% Replicate for all hemoglobin concentrations 
PH.true_musp = repmat(PH.true_musp,[1 1 size(PH.true_pIL,1)]); 
PH.true_musp = permute(PH.true_musp,[3 2 1]); 
  
% Compute true absorption coefficient, absorption by 100% oxygenated hemoglobin 
% (convert inverse mm to inverse M) 
cind = find(strcmp(CHROM.legend,'HbO2')); 
for iHB = 1:6 
    PH.true_mua(iHB,:) = log(10)*CHROM.extSpec(:,cind)*PH.true_uMHb(iHB,1).*10^-6;   
end 
% Replicate for all scattering values 
PH.true_mua = repmat(PH.true_mua,[1 1 size(PH.true_pIL,2)]); 
PH.true_mua = permute(PH.true_mua,[1 3 2]); 
  
% PH.ref_data normalized to reflectance from 5% Intralipid 
REF.true_pIL = ones(size(PH.true_pIL))*5; 
for iIL = 1:size(PH.ref_data,2) 
    REF.true_musp(:,iIL) = pIL2optical(5, PH.wv)'*1000; % reduced scattering per meter 
end 
REF.true_musp = repmat(REF.true_musp,[1 1 size(PH.ref_data,1)]); 
REF.true_musp = permute(REF.true_musp,[3 2 1]); 
% Negligible absorption in the reference phantom 
REF.true_mua = zeros(size(REF.true_musp)); 
 
%% COMPUTE ABSOLUTE PHANTOM DATA; 
% True optical properties of phantom, per /M 
r_musp = pIL2optical(5, PH.wv)'*1000; % reduced scattering per Meter  
mm =  1; %0.8374;  
aREF = repmat(r_musp(:).^mm,[1 size(PH.true_pIL,1) size(PH.true_pIL,2)]); aREF = 
permute(aREF,[2 3 1]); 
% Calibrate to true reflectance 
PH.abs_data = PH.ref_data.*aREF; % map from reflectance to reduced scattering 
 
%% Linear fit of log (Rx) log(wv) 
clear yhat X Y param 
% Specify waveband of interest and normalization wavelength 
wv = [610 675 700]; % nm [min(lambda) lambda0 max(lambda)] 
wv_idx = get_pixel_index(wv(1),PH.wv):get_pixel_index(wv(end),PH.wv); 
  
for iHB = 1:6 
    for iIL = 1:5   
        % Absolute spectrum 
        X = log10(squeeze(PH.wv(wv_idx))); X = X(:);  
        Y = log10(squeeze(PH.abs_data(iHB,iIL,wv_idx))); Y = Y(:); 
        M = mm*[ones(length(X),1),(X)]; % METER 
        [coef0,bint,r,rint,stats] = regress(Y,M); 
        % Other options for linear regresion include: 
        %(1) coef0 = M\Y;  
        %(2) [coef0,stdx,mse,S] = lscov(M,Y);% use to get error estimates 
        % Negative power law dependence on wavelength 
        bint(2,:) = -bint(2,:); bint(2,:) = sort(bint(2,:)); 
        % Compute modeled reflectance from parameterization 
        yhat(iHB,iIL,:) = 10.^squeeze(M*coef0); 
         
        % Integrated irradiance (Iavg)  
        dim = find(size(PH.ref_data)==length(PH.wv)); 
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        dbin = gradient(PH.wv(wv_idx)); 
        Iavg = trapz(PH.wv(wv_idx),PH.abs_data(iHB,iIL,wv_idx),dim); 
         
        param.label = {'log10A','b','Iavg'}; 
        param.data(iHB,iIL,:) = [coef0(1) -coef0(2) Iavg]; 
        param.ci(iHB,iIL,:,:) = bint'; 
    end 
end 

9. 

function MIE = MieSlnGrid(n_particle,n_med,cosTheta,wv,diameters) 
  
% Optical properties of medium (Intralipid) 
MIE.n_particle = n_particle; 
MIE.n_med = n_med; 
% Complex refractive index (particle relative to medium) 
m = MIE.n_particle/MIE.n_med +0.0i; 
  
% Because detection NA is so low, calculate precisely at -1 
% (detecting direct backscatter) 
MIE.u = cosTheta; % cos<theta> 
  
% Wavelength array -> nm 
MIE.wv = wv(:); %nm 
  
% Diameter array -> dd 
MIE.dd = diameters(:); 
  
% Iteratively compute scattering coefficients per wavelength and per 
% diameter 
for ii = 1:length(wv) 
    for jj = 1:length(dd) 
        wi = wv(ii); % wavelength 
        di = dd(jj); % diameter 
  
        x  = 2*pi*di/(wi/n_med); % dimensionless size parameter 
        A  = (pi*di.^2)/4; % cross-sectional area of particle 
        p        = Mie(m, x)';       % <----- Maetzler's subroutine --- 
        MIE.Qs(ii,jj) = p(5);  % scattering efficiency 
        MIE.Qb(ii,jj) = p(7);  % backscattering efficiency 
        MIE.g(ii,jj)  = p(8); % scattering anisotropy 
         
        S = Mie_S12(m,x,u); % Maetzler's sub-routine, angular dependent scattering matrix 
        MIE.S1(ii,jj) = S(1); MIE.S2(ii,jj) = S(2); 
    end 
end 
  
end % eof 

10. 

function [WV,MUS_P,MUSB_P11,MUSB_PHG,G_TOT] = 
genMieDistributions(dmin,d_max,d_mean,d_num,n_med,u,MIE) 
  
% Store original values 
dd_orig = MIE.dd; % new array of diameters 
Qb_orig = MIE.Qb; 
Qs_orig = MIE.Qs; 
S1_orig = MIE.S1; 
S2_orig = MIE.S2; 
g_orig = MIE.g; 
wv_orig = MIE.wv; 
  
% Update particle size distribution 
Nd = d_num; % diameter discritization number 
for dmaxi = 1:length(d_max) 
    for dmeani = 1:length(d_mean) 
         
        dmax    = d_max(dmaxi);       % nm, diameter of nucleii 
         
        % Restore initial values 
        dd = dd_orig;  
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        Qb = Qb_orig; 
        Qs = Qs_orig; 
        S1 = S1_orig; 
        S2 = S2_orig; 
        g = g_orig; 
        wv = wv_orig; 
         
        ind = get_pixel_index(dmin,dd):get_pixel_index(dmax,dd); 
        % Update matrices for index d values 
        dd = dd(ind); % new array of diameters 
        Qb = Qb(:,ind); 
        Qs = Qs(:,ind); 
        S1 = S1(:,ind); 
        S2 = S2(:,ind); 
        g = g(:,ind); 
         
        % Size parameters, indexed by diameter then wavelength, both in nm 
        dbin = gradient(dd); dbin = repmat(dbin,1,length(wv))'; % bin size, nm 
        d = repmat(dd,1,length(wv))'; w = repmat(wv,1,length(dd)); clear dd wv 
        x = 2*pi*(d/2)./(w/n_med); % dimensionless size coefficient 
        k = 2*pi./w; % wavenumber, inverse nm 
        A = pi*(d.^2)/4; % cross-sectional area of particle with diameter d, nm^2 
        V = pi*(d.^3)/6; % volume of particle with diameter d, nm^3 
         
        % Optical parameters 
        Cs = Qs.*A; % scattering cross-section, nm^2 
 % differential scattering cross section at cos<theta> = u for unpolarized light 
        dCs = (w.^2)/(8*pi^2).*(abs(S1).^2+abs(S2).^2);  
        Cb = Qb.*A; % back-scattering cross-section 
 % intensity component of phase matrix  
        P11 = ((4*pi)./(k.*k.*Cs)).*(0.5*abs(S1).*abs(S1)+0.5*abs(S2).*abs(S2));  
        PHG = (1/4*pi).*(1-g.*g)./((1+g.*g-2*g*u).^3/2); 
         
        % Exponential distribution 
        d_mu = d_mean(dmeani); % nm, center 
        eta0 = (1/d_mu)*exp(-d/d_mu); % exponential distribution 
        A = 1./sum(eta0.*dbin,2); A = A(1)/size(w,1); % normalization constant 
        eta = A*eta0; 
        % check sum(sum(eta0.*dbin))=1; 
        %sum(sum(eta.*dbin)) 
         
        % Volume fraction 
        Vf = 0.01; % tissue 0.3; % Total volume fraction, 1% 
        % Normalize to convert eta into effective particle density and to match the 
        % volume fraction, Vf. 
        Vnorm = sum(eta.*V.*dbin,2)/Vf; Vnorm = Vnorm(1); % normalization constant nm^3 
        densityperbin = eta/Vnorm; % density type per bin 
        % check sum(sum(eta.*V.*dbin))=Vf; 
        %sum(sum(densityperbin(1,:).*V(1,:).*dbin(1,:))) 
         
        % To account for inter-particle correlation, Twersky derived correction factor 
        % Definition:  fraction by which the bulk optical cross section diminishes 
        % as a result of the correlated scattering among spheres. 
 % effective particle distribution 
        eta_eff = densityperbin.*((1-densityperbin).^4)./((1+2*densityperbin).^2);  
        % Reduced scattering coefficient per diameter 
        musi = (eta_eff.*dbin).*Cs; % per nm  
        muspi = (eta_eff.*dbin).*Cs.*(1-g); 
        % Reduced backscattering coefficient per diameter 
        musbiP11 = (eta_eff.*dbin).*Cs.*P11; % per nm 
         
        % Optical parameters of particle distribution 
        clear mus musbP11 musp 
        mus = sum(musi,2)*(10^7); % per mm 
        musp = sum(muspi,2)*(10^7); % per mm 
        musbP11 = sum(musbiP11,2)*(10^7); % per mm 
        gtot    = 1 - musp./mus;% Total anisotropy 
 % Henyey-Greenstein PF 
        PHG = (1/4*pi).*(1-gtot.*gtot)./((1+gtot.*gtot-2*gtot*u).^3/2);  
        PHG = repmat(PHG,1,size(Cs,2)); 
        % Calculate backscattering based on total anisotropy 
        musbiPHG = (eta_eff.*dbin).*Cs.*PHG; 
        musbPHG = sum(musbiPHG,2)*(10^7); % per mm 
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        % Solution arrays 
        WV = w(:,1); 
        MUS_P(dmaxi,dmeani,:) = musp; 
        MUSB_P11(dmaxi,dmeani,:) = musbP11; 
        MUSB_PHG(dmaxi,dmeani,:) = musbPHG; 
        G_TOT(dmaxi,dmeani,:) = gtot; 
         
    end % end dmeani 
end % end dmaxi 

11. 

function [r_avg,N] = estimateAN(A,b,muspTABLE,wv,r_mu) 
  
% Compute error function for normalized spectra 
for ri = 1:length(r_mu) 
    musp_Mie = muspTABLE(ri,:); 
    musp_exp = A*wv.^-b; % get A, b from exponential fit 
    % Normalize both experimental and simulation data at a certain 
    % wavelength  
    wv0 = get_pixel_index(675,wv); 
    % Normalize both experimental and simulation data to integrated 
    % reflectance over waveband. 
    musp_exp_norm = musp_exp/musp_exp(wv0); 
    musp_Mie_norm = musp_Mie/musp_Mie(wv0); 
     
    % Compare the normalized experimental data and simulation data using 
    % the least squares method 
    sum = 0; 
    for wi = 1:length(wv) 
        sum = sum + ((musp_exp_norm(wi) - musp_Mie_norm(wi))/musp_Mie_norm(wi)).^2; 
    end 
    chi(ri) = sqrt((1/length(wv))*sum); 
end 
% Find minimum of chi error 
[C,min_index] = min(chi); 
r_avg = r_mu(min_index); 
  
% Using the already known size estimate, get the number density by dividing 
% the experimental us' data at the normalization wavelength (w0) by the 
% simulation data with the size estimate and N = 1 at w0. 
N = musp_exp(wv0)/muspTABLE(min_index,wv0); % relative to reference N0 (5% IL) 
  
end % function 

12. 

function result = Mie(m, x) 
  
if x==0 % To avoid a singularity at x=0 
    result=[real(m) imag(m) 0 0 0 0 0 0 1.5]; 
elseif x>0 % This is the normal situation 
    % Wiscombe: determine a priori number of terms in Mie series 
    if x >=0.02 && x <=8 
        nmax=round(2+x+4*x^(1/3)); 
    elseif x > 8 && x < 4200 
        nmax=round(x+4.05*x^(1/3)+2); 
    else 
        nmax = round(x+4*x^(1/3)+2); 
    end 
    n1=nmax-1; 
    n=(1:nmax);cn=2*n+1; c1n=n.*(n+2)./(n+1); c2n=cn./n./(n+1); 
    x2=x*x; 
    f=mie_abcd(m,x); 
    anp=(real(f(1,:))); anpp=(imag(f(1,:))); 
    bnp=(real(f(2,:))); bnpp=(imag(f(2,:))); 
    g1(1:4,nmax)=[0; 0; 0; 0]; % displaced numbers used for 
    g1(1,1:n1)=anp(2:nmax); % asymmetry parameter, p. 120 
    g1(2,1:n1)=anpp(2:nmax); 
    g1(3,1:n1)=bnp(2:nmax); 
    g1(4,1:n1)=bnpp(2:nmax); 
    dn=cn.*(anp+bnp); 
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    q=sum(dn); 
    qext=2*q/x2; 
    en=cn.*(anp.*anp+anpp.*anpp+bnp.*bnp+bnpp.*bnpp); 
    q=sum(en); 
    qsca=2*q/x2; 
    qabs=qext-qsca; 
    fn=(f(1,:)-f(2,:)).*cn; 
    gn=(-1).^n; 
    f(3,:)=fn.*gn; 
    q=sum(f(3,:)); 
    qb=q*q'/x2; 
    asy1=c1n.*(anp.*g1(1,:)+anpp.*g1(2,:)+bnp.*g1(3,:)+bnpp.*g1(4,:)); 
    asy2=c2n.*(anp.*bnp+anpp.*bnpp); 
    asy=4/x2*sum(asy1+asy2)/qsca; 
    qratio=qb/qsca; 
    result=[real(m) imag(m) x qext qsca qabs qb asy qratio]; 
end; 

13. 

function result = Mie_S12(m,x,u) 
  
if x >=0.02 && x <=8 
    nmax=round(2+x+4*x^(1/3));  
elseif x > 8 && x < 4200 
    nmax=round(x+4.05*x^(1/3)+2); 
else 
    nmax = round(x+4*x^(1/3)+2); 
end 
abcd = Mie_abcd(m,x); 
an = abcd(1,:); 
bn = abcd(2,:); 
pt = Mie_pt(u,nmax); 
pin = pt(1,:); 
tin = pt(2,:); 
n = 1:nmax; 
n2 = (2*n+1)./(n.*(n+1)); 
pin = n2.*pin; 
tin = n2.*tin; 
S1 = (an*pin'+bn*tin'); 
S2 = (an*tin'+bn*pin'); 
result = [S1;S2]; 

14. 

function result = Mie_Esquare(m,x,nj) 
  
if x >=0.02 && x <=8 
    nmax=round(2+x+4*x^(1/3));  
elseif x > 8 && x < 4200 
    nmax=round(x+4.05*x^(1/3)+2); 
else 
    nmax = round(x+4*x^(1/3)+2); 
end 
n = (1:nmax); nu = (n+0.5); 
m1 = real(m); m2 = imag(m); 
abcd = Mie_abcd(m,x); 
cn = abcd(3,:); dn = abcd(4,:); 
cn2 = abs(cn).^2; 
dn2 = abs(dn).^2; 
dx = x/nj; 
  
for j = 1:nj 
    xj = dx.*j; 
    z = m.*xj; 
    sqz = sqrt(0.5*pi./z); 
    bz = besselj(nu,z).*sqz; % This is jn(z) 
    bz2 = (abs(bz)).^2; 
    b1z = [sin(z)/z, bz(1:nmax-1)]; % Note that sin(z)/z = j0(z) 
    az = b1z-n.*bz./z; 
    az2 = (abs(az)).^2; 
    z2 = (abs(z)).^2; 
    n1 = n.*(n+1); 
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    n2 = 2.*(2.*n+1); 
    mn = real(bz2.*n2); 
    nn1 = az2; 
    nn2 = bz2.*n1./z2; 
    nn = n2.*real(nn1+nn2); 
    en(j) = 0.25*(cn2*mn'+dn2*nn'); 
end 
xxj = [0:dx:xj]; een = [en(1) en]; 
plot(xxj,een); 
legend('Radial dependence of abs(E)^2'); 
title(sprintf('Squared Amplitude E Field in a Sphere, m = %g+%gi, x = %g',m1,m2,x); 
xlabel('r k'); result = een; 

15. 

function result = Mie_abcd(m,x) 
  
if x >=0.02 && x <=8 
    nmax=round(2+x+4*x^(1/3));  
elseif x > 8 && x < 4200 
    nmax=round(x+4.05*x^(1/3)+2); 
else 
    nmax = round(x+4*x^(1/3)+2); 
end 
  
n=(1:nmax); nu = (n+0.5); z=m.*x; m2=m.*m; 
sqx= sqrt(0.5*pi./x); sqz= sqrt(0.5*pi./z); 
bx = besselj(nu, x).*sqx; 
bz = besselj(nu, z).*sqz; 
yx = bessely(nu, x).*sqx; 
hx = bx+i*yx; 
b1x=[sin(x)/x, bx(1:nmax-1)]; 
b1z=[sin(z)/z, bz(1:nmax-1)]; 
y1x=[-cos(x)/x, yx(1:nmax-1)]; 
h1x= b1x+i*y1x; 
ax = x.*b1x-n.*bx; 
az = z.*b1z-n.*bz; 
ahx= x.*h1x-n.*hx; 
an = (m2.*bz.*ax-bx.*az)./(m2.*bz.*ahx-hx.*az); 
bn = (bz.*ax-bx.*az)./(bz.*ahx-hx.*az); 
cn = (bx.*ahx-hx.*ax)./(bz.*ahx-hx.*az); 
dn = m.*(bx.*ahx-hx.*ax)./(m2.*bz.*ahx-hx.*az); 
result=[an; bn; cn; dn]; 

16. 

function result = Mie_abs(m,x) 
  
nj = 5*round(2+x+4*x.^(1/3))+160; 
e2 = imag(m.*m); 
dx = x/nj; 
x2 = x.*x; 
nj1 = nj+1; 
xj = (0:dx:x); 
en = Mie_Esquare(m,x,nj); 
en1 = 0.5*en(nj1).*x2; % end-term correction in integral 
inte = dx.*enx; 
Qabs = 4.*e2.*inte./x2; 
result = Qabs; 

17. 

function result = Mie_pt(u,nmax) 
  
p(1) = 1; 
t(1) = u;  
p(2) = 3*u; 
t(2) = 3*cos(2*acos(u)); 
for n1 = 3:nmax 
    p1 = (2*n1-1)./(n1-1).*p(n1-1).*u; 
    p2 = n1./(n1-1).*p(n1-2); 
    p(n1) = p1-p2; 
    t1 = n1*u.*p(n1); 
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    t2 = (n1+1).*p(n1-1); 
    t(n1)=t1-t2; 
end 
result=[p;t]; 

18. 

function [pstats pshape] = imageFeature(pmap,mask,nL,D,WS) 
  
% Parameter labels (texture and shape) 
pstats.label = 
{'mean','std','skew','kurt','contrast','correlation','energy','homogeneity','entropy'}; 
pshape.label = {'Area','Eccentricitiy','Extent','Euler','Perimeter','FractalDim'}; 
  
% Masked values set to NaN prior to texture/shape computation 
map_sz = size(pmap); 
pmap = reshape(pmap,map_sz(1)*map_sz(2),1); 
mask = reshape(mask,map_sz(1)*map_sz(2),1); 
bad_idx = find(mask==0); pmap(bad_idx) = NaN; 
pmap = reshape(pmap,map_sz); 
% Pre-allocate memory 
pstats.value = zeros([map_sz-WS-1 length(pstats.label)]); 
  
% Co-occurence matrix representation of local texture 
warning off; 
direction = [0 D; -D D; -D 0; -D D];% [0,1]=0deg, [-1,1]=45deg, [-1,0]=90deg, [-1,-
1]=135deg; 
% Compute texture features in window per pixel 
for ri = 0.5*(WS+1):map_sz(1)-0.5*(WS-1) 
    for ci = 0.5*(WS+1):map_sz(2)-0.5*(WS-1) 
         
        % Data in window per parameter 
        wdata = map((ri - 0.5*(WS-1)):(ri+0.5*(WS-1)),... 
            (ci - 0.5*(WS-1)):(ci+0.5*(WS-1))); % data in window 
         
        % Compute first order statistics for new pixel 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),1)=nanmean(wdata(:)); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),2)=nanstd(wdata(:)); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),3)=skewness(wdata(:)); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),4)=kurtosis(wdata(:)); 
         
        % Compute second order statistics for new pixel 
        % (Assuming texture primitives are rotationally invariant, 
        % averaging over all angles) 
        comatrix = 
graycomatrix(wdata,'NumLevels',nL,'Offset',direction,'Symmetric',true); 
        stats = graycoprops(comatrix,{'Contrast','Correlation','Energy','Homogeneity'}); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),5)=nanmean(stats.Contrast); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),6)=nanmean(stats.Correlation); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),7)=nanmean(stats.Energy); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-0.5*(WS+1)+1),8)=nanmean(stats.Homogeneity); 
        pstats.value((ri-0.5*(WS+1)+1),(ci-
0.5*(WS+1)+1),9)=nanmean(entropy_comp(comatrix)); 
     
    end 
end 
  
% Pad with NaNs, so original image size 
padsz = (WS-1)/2; %size of padding 
pstats.value = padarray(pstats.value,[padsz padsz],NaN);  
  
% Generate binary mask from GLCM energy 
mdata = pstats.value(:,:,7); 
bi = ones(size(mdata)); % energy map 
threshind = find(mdata>0.9); bi(threshind) = 0; % threshold to generate binary image 
threshind = find(isnan(mdata)); bi(ind) = 0; 
  
%  Determine the fractal dimension in the ROI 
[n,r] = boxcount(bi,0); 
fD= mean(-diff(log(n))./diff(log(r))); % Fractal dimension 
%  Determine other shape features from binary mask 
rstat = regionprops(bi,'Euler','Extent','Area','Eccentricity','Perimeter'); 
pshape.value = [rstat.Area rstat.Eccentricity rstat.Extent rstat.EulerNumber 
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rstat.Perimeter fD]; 
  
end % eof 

19. 

function [n,r] = boxcount(c,varargin) 
  
% control input argument 
error(nargchk(1,2,nargin)); 
  
% check for true color image (m-by-n-by-3 array) 
if ndims(c)==3 
    if size(c,3)==3 && size(c,1)>=8 && size(c,2)>=8 
        c = sum(c,3); 
    end 
end 
  
warning off 
ind = find(isnan(c)); c(ind) = 10^20; 
c = logical(squeeze(c)); 
warning on 
  
dim = ndims(c); % dim is 2 for a vector or a matrix, 3 for a cube 
if dim>3 
    error('Maximum dimension is 3.'); 
end 
  
% transpose the vector to a 1-by-n vector 
if length(c)==numel(c) 
    dim=1; 
    if size(c,1)~=1    
        c = c'; 
    end    
end 
  
width = max(size(c));    % largest size of the box 
p = log(width)/log(2);   % nbre of generations 
  
% remap the array if the sizes are not all equal, 
% or if they are not power of two 
% (this slows down the computation!) 
if p~=round(p) || any(size(c)~=width) 
    p = ceil(p); 
    width = 2^p; 
    switch dim 
        case 1 
            mz = zeros(1,width); 
            mz(1:length(c)) = c; 
            c = mz; 
        case 2 
            mz = zeros(width, width); 
            mz(1:size(c,1), 1:size(c,2)) = c; 
            c = mz; 
        case 3 
            mz = zeros(width, width, width); 
            mz(1:size(c,1), 1:size(c,2), 1:size(c,3)) = c; 
            c = mz;             
    end 
end 
  
n=zeros(1,p+1); % pre-allocate the number of box of size r 
  
switch dim 
  
    case 1        %------------------- 1D boxcount ---------------------% 
  
        n(p+1) = sum(c); 
        for g=(p-1):-1:0 
            siz = 2^(p-g); 
            siz2 = round(siz/2); 
            for i=1:siz:(width-siz+1) 
                c(i) = ( c(i) || c(i+siz2)); 
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            end 
            n(g+1) = sum(c(1:siz:(width-siz+1))); 
        end 
  
    case 2         %------------------- 2D boxcount ---------------------% 
  
        n(p+1) = sum(c(:)); 
        for g=(p-1):-1:0 
            siz = 2^(p-g); 
            siz2 = round(siz/2); 
            for i=1:siz:(width-siz+1) 
                for j=1:siz:(width-siz+1) 
                    c(i,j) = ( c(i,j) || c(i+siz2,j) || c(i,j+siz2) || 
c(i+siz2,j+siz2) ); 
                end 
            end 
            n(g+1) = sum(sum(c(1:siz:(width-siz+1),1:siz:(width-siz+1)))); 
        end 
  
    case 3         %------------------- 3D boxcount ---------------------% 
  
        n(p+1) = sum(c(:)); 
        for g=(p-1):-1:0 
            siz = 2^(p-g); 
            siz2 = round(siz/2); 
            for i=1:siz:(width-siz+1), 
                for j=1:siz:(width-siz+1), 
                    for k=1:siz:(width-siz+1), 
                        c(i,j,k)=( c(i,j,k) || c(i+siz2,j,k) || c(i,j+siz2,k) ... 
                            || c(i+siz2,j+siz2,k) || c(i,j,k+siz2) || 
c(i+siz2,j,k+siz2) ... 
                            || c(i,j+siz2,k+siz2) || c(i+siz2,j+siz2,k+siz2)); 
                    end 
                end 
            end 
            n(g+1) = sum(sum(sum(c(1:siz:(width-siz+1),1:siz:(width-siz+1),1:siz:(width-
siz+1))))); 
        end 
  
end 
n = n(end:-1:1); 
r = 2.^(0:p); % box size (1, 2, 4, 8...) 
  
if any(strncmpi(varargin,'slope',1)) 
    s=-gradient(log(n))./gradient(log(r)); 
    semilogx(r, s, 's-'); 
    ylim([0 dim]); 
    xlabel('r, box size'); ylabel('- d ln n / d ln r, local dimension'); 
    title([num2str(dim) 'D box-count']); 
elseif nargout==0 || any(strncmpi(varargin,'plot',1)) 
    loglog(r,n,'s-'); 
    xlabel('r, box size'); ylabel('n(r), number of boxes'); 
    title([num2str(dim) 'D box-count']); 
end 
if nargout==0 
    clear r n 
end 

20. 

function c = randcantor(p,n,d,varargin) 
  
error(nargchk(1,4,nargin)); 
  
if nargin==1 
    n = 256; 
    d = 2; 
elseif nargin==2 
    d = 2; 
end 
switch d 
    case 1, c = boxdiv1(true(1,n),p); 
    case 2, c = boxdiv2(true(n,n),p); 
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    case 3, c = boxdiv3(true(n,n,n),p); 
    otherwise, error('Dimension should be 1, 2, or 3.'); 
end 
if nargout==0 || any(strncmpi(varargin,'show',1)) 
    switch d 
        case 1 
            imagesc(~c); 
            set(gca,'PlotBoxAspectRatio',[40 1 1]); 
            set(gca,'TickLength',[0 0]); 
            set(gca,'YTick',[]); 
            colormap gray 
        case 2 
            imagesc(~c); 
            axis image 
            colormap gray 
        case 3 
            warning('No display of 3D sets. Use the syntax C = BOXDIV(...)'); 
    end 
end; 
  
if nargout==0 
    clear c 
end 
  
% -----------------------  1D boxdiv ------------------------------ % 
  
function c=boxdiv1(c,p) 
siz = length(c); 
if siz==1 
    c=true; 
else 
    siz2 = round(siz/2); 
    % sub-line left 
    c(1:siz2) = c(1:siz2) & (rand<p); 
    if c(1) 
        c(1:siz2) = boxdiv1(c(1:siz2),p); 
    end 
  
    % sub-line right 
    c((1+siz2):siz) = c((1+siz2):siz) & (rand<p); 
    if c(1+siz2) 
        c((1+siz2):siz) = boxdiv1(c((1+siz2):siz),p); 
    end 
end 
  
  
% -----------------------  2D boxdiv ------------------------------ % 
  
function c=boxdiv2(c, p) 
siz = length(c); 
if siz==1 
    c=true; 
else 
    siz2 = round(siz/2); 
  
    % sub-square top-left 
    c(1:siz2, 1:siz2) = c(1:siz2, 1:siz2) & (rand<p); 
    if c(1,1) 
        c(1:siz2,1:siz2) = boxdiv2(c(1:siz2,1:siz2),p); 
    end 
  
    % sub-square top-right 
    c((1+siz2):siz,1:siz2) = c((1+siz2):siz,1:siz2) & (rand<p); 
    if c(1+siz2,1) 
        c((1+siz2):siz,1:siz2) = boxdiv2(c((1+siz2):siz,1:siz2),p); 
    end 
  
    % sub-square bottom-left 
    c(1:siz2,(1+siz2):siz) = c(1:siz2,(1+siz2):siz) & (rand<p); 
    if c(1,1+siz2) 
        c(1:siz2,(1+siz2):siz) = boxdiv2(c(1:siz2,(1+siz2):siz),p); 
    end 
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    % sub-square bottom-right 
    c((1+siz2):siz,(1+siz2):siz) = c((1+siz2):siz,(1+siz2):siz) & (rand<p); 
    if c(1+siz2,1+siz2) 
        c((1+siz2):siz,(1+siz2):siz) = boxdiv2(c((1+siz2):siz,(1+siz2):siz),p); 
    end 
end 
  
  
% -----------------------  3D boxdiv ------------------------------ % 
  
function c=boxdiv3(c,p) 
siz = length(c); 
if siz==1 
    c=true; 
else 
    siz2 = round(siz/2); 
  
    % sub-cube top-left  front 
    c(1:siz2,1:siz2,1:siz2) = c(1:siz2,1:siz2,1:siz2) & (rand<p); 
    if c(1,1,1) 
        c(1:siz2,1:siz2,1:siz2) = boxdiv3(c(1:siz2,1:siz2,1:siz2),p); 
    end 
  
    % sub-cube top-right  front 
    c((1+siz2):siz,1:siz2,1:siz2) = c((1+siz2):siz,1:siz2,1:siz2) & (rand<p); 
    if c(1+siz2,1,1) 
        c((1+siz2):siz,1:siz2,1:siz2) = boxdiv3(c((1+siz2):siz,1:siz2,1:siz2),p); 
    end 
  
    % sub-cube bottom-left  front 
    c(1:siz2,(1+siz2):siz,1:siz2) = c(1:siz2,(1+siz2):siz,1:siz2) & (rand<p); 
    if c(1,1+siz2,1) 
        c(1:siz2,(1+siz2):siz,1:siz2) = boxdiv3(c(1:siz2,(1+siz2):siz,1:siz2),p); 
    end 
  
    % sub-cube bottom-right  front 
    c((1+siz2):siz,(1+siz2):siz,1:siz2) = c((1+siz2):siz,(1+siz2):siz,1:siz2) & (rand<p); 
    if c(1+siz2,1+siz2,1) 
        c((1+siz2):siz,(1+siz2):siz,1:siz2) = 
boxdiv3(c((1+siz2):siz,(1+siz2):siz,1:siz2),p); 
    end 
  
    % sub-cube top-left  bottom 
    c(1:siz2,1:siz2,(1+siz2):siz) = c(1:siz2,1:siz2,(1+siz2):siz) & (rand<p); 
    if c(1,1,1+siz2) 
        c(1:siz2,1:siz2,(1+siz2):siz) = boxdiv3(c(1:siz2,1:siz2,(1+siz2):siz),p); 
    end 
  
    % sub-cube top-right  bottom 
    c((1+siz2):siz,1:siz2,(1+siz2):siz) = c((1+siz2):siz,1:siz2,(1+siz2):siz) & (rand<p); 
    if c(1+siz2,1,1+siz2) 
        c((1+siz2):siz,1:siz2,(1+siz2):siz) = 
boxdiv3(c((1+siz2):siz,1:siz2,(1+siz2):siz),p); 
    end 
  
    % sub-cube bottom-left  bottom 
    c(1:siz2,(1+siz2):siz,(1+siz2):siz) = c(1:siz2,(1+siz2):siz,(1+siz2):siz) & (rand<p); 
    if c(1,1+siz2,1+siz2) 
        c(1:siz2,(1+siz2):siz,(1+siz2):siz) = 
boxdiv3(c(1:siz2,(1+siz2):siz,(1+siz2):siz),p); 
    end 
  
    % sub-cube bottom-right  bottom 
    c((1+siz2):siz,(1+siz2):siz,(1+siz2):siz) = c((1+siz2):siz,(1+siz2):siz,(1+siz2):siz) 
& (rand<p); 
    if c(1+siz2,1+siz2,1+siz2) 
        c((1+siz2):siz,(1+siz2):siz,(1+siz2):siz) = 
boxdiv3(c((1+siz2):siz,(1+siz2):siz,(1+siz2):siz),p); 
    end 
end 

21. 
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function dx_knn = kNN_Mahalanobis(training,dx_training,testing,k) 
  
% Initialize solution array 
dx_knn = zeros(1,length(testing)); 
  
% Compute parameter covariance matrix for Mahalanobis distance 
C = cov(training',0);  
  
% Calculate distance of every pixel from pixels in training set 
for indPIX = 1:size(testing,2) 
    % Distance between the query point (M) and all training pixels 
    M = testing(:,indPIX); M = repmat(M,1,length(dx_training)); 
    distance = sum((training-M)'*C.*conj((training-M)'),2); 
    [sorted,inds] = sort(distance); 
    neighbors_ind = inds(1:k); 
    neighbors_class = dx_training(neighbors_ind); 
    dx_knn(indPIX) = mode(neighbors_class); 
end 
  
end % eof 

22. 

function dx_knn = kNN_Euclidean(training,dx_training,testing,K) 
  
IDX = knnsearch(training',testing','K',k);  
dx_knn = mode(dx_training(IDX),2); 
  
end 

23. 

function [S1, S2, S3, D1, D2, D3] = genSet(patterns,targets) 
  
% Classes/Diagnosis 
Dx = unique(targets); 
% Randomized pixels from all samples (so patient data interspersed) 
npix = size(patterns,2); ipix = randperm(npix); 
rtargets = targets(ipix);  
rpatterns = patterns(:,ipix); 
  
% Divide into three groups with equal numbers of pixels per class 
S1 = []; S2 = []; S3 = []; 
D1 = []; D2 = []; D3 = []; 
for iDx = 1:length(Dx) 
    % Indexing the size of the three groups 
    inds = find(rtargets==Dx(iDx)); count = ceil(length(inds)/3); 
    if(mod(length(inds),3)==1) 
        T1 = count; T2 = count*2; T3 = count*3-2;  
    elseif(mod(length(inds),3)==2) 
        T1 = count; T2 = count*2-1; T3 = count*3-1;  
    else 
        T1 = count; T2 = count*2; T3 = count*3;  
    end 
    % Pixels per class equally distributed to three groups 
    Dx_data = rpatterns(:,inds); 
    S1 = [S1 Dx_data(:,1:T1)]; 
    S2 = [S2 Dx_data(:,T1+1:T2)]; 
    S3 = [S3 Dx_data(:,T2+1:T3)]; 
    % Class labels 
    D1 = [D1 ones(1,length(1:T1))*Dx(iDx)]; 
    D2 = [D2 ones(1,length(T1+1:T2))*Dx(iDx)]; 
    D3 = [D3 ones(1,length(T2+1:T3))*Dx(iDx)];   
end 

24. 

function [training, dx_training, numOutlier] = rmvOutlier(training,dx_training,param,pnm) 
[Q] = prctile(training,[25 75],2); 
Q1 = Q(:,1); Q3 = Q(:,2); IQR = Q3-Q1; 
lbound = Q1-1.5*IQR; 
ubound = Q3+1.5*IQR; 
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pind = find(strcmp(param.name,pnm)); 
outlier_idx1 = find(training(pind,:)<lbound(pind)); outlier_idx2 = 
find(training(pind,:)>ubound(pind)); 
training(:,[outlier_idx1 outlier_idx2]) = []; dx_training([outlier_idx1 outlier_idx2]) = 
[]; 
numOutlier = length([outlier_idx1 outlier_idx2]); 
  
end% eof 

25. 

function [CM,PERFORM]=confusionEval(P,T,Dx) 
  
if length(P)~=length(T) 
    error('Outputs and targets are different lengths') 
end 
  
if(size(P,1)~=length(P)) P=P'; end 
if(size(T,1)~=length(T)) T=T'; end 
  
c = unique(T); 
  
for iT = 1:length(c) 
    for iP = 1:length(c) 
        CM(iT,iP) = sum((P==iP).*(T==iT)); 
    end 
end 
  
% Statistics 
accuracy = sum(diag(CM))/sum(CM(:)); 
  
% Performance per class 
for ii = 1:length(c) 
    tp(ii) = CM(ii,ii); % True positives 
    temp = CM; temp(:,ii) = []; temp(ii,:) = []; tn(ii) = sum(temp(:)); % True negatives 
    fp(ii) = sum(CM(:,ii))-CM(ii,ii); % False positives 
    fn(ii) = sum(CM(ii,:))-CM(ii,ii); % False negatives 
    sensitivity(ii) = tp(ii)/sum(CM(ii,:)); 
    specificity(ii) = tn(ii)/(tn(ii)+fp(ii)); 
end 
  
PERFORM.Dx_tp = Dx; % class label 
PERFORM.accuracy = accuracy; 
PERFORM.sensitivity = sensitivity; 
PERFORM.specificity = specificity; 
PERFORM.PPV = tp./(tp+fp); % positive predictive value 
PERFORM.NPV = tn./(tn+fn); % negative predictive value 
PERFORM.tp = tp; % true positives 
PERFORM.tn = tn; % true negatives 
PERFORM.fp = fp; % false positives 
PERFORM.fn = fn; % false negatives 
  
  
end % eof 

26. 

function [new_patterns, train_targets, Aw, means] = Whitening_transform(train_patterns, 
train_targets) 
[r,c]        = size(train_patterns); 
means        = nanmean(train_patterns')'; 
stds         = nanstd(train_patterns')';  
  
new_patterns = train_patterns - means*ones(1,c); % subtract mean 
cov_mat      = nancov(new_patterns',1); 
Aw           = inv(sqrtm(cov_mat)); % normalize to the inverse square of parameter co-
variance 
if(isreal(Aw)) 
    new_patterns = (Aw*new_patterns); 
else 
    new_patterns = new_patterns./repmat(stds,[1 size(new_patterns,2)]); 
end 
end % eof 
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27. 

%% Load Data Structure 
fdir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/EXAMPLE_DATA/'; 
calc_method = 'mc_basic';  
spec_method = 'spec_basic'; 
load([fdir 'MI_T_' calc_method '_' spec_method '.mat']); 
load([fdir 'MI_pathology_correlates']); 
load([fdir 'MI_ERR_' calc_method '_' spec_method '.mat']); 
[patterns, targets, param, ID] = sortData(T,PATH,ERR); clear T PATH ERR 
%% Update classification level 
binaryclass = 1; [targets,patterns,ID,dxlabel,dxorder] = 
genClass(targets,patterns,ID,binaryclass); 
%% Whitening transformation 
[npatterns] = Whitening_transform(patterns); 
%% Three-fold cross validation: generate training and testing sets 
[S1, S2, S3, D1, D2, D3] = genSet(npatterns,targets); 
%% Leave-one-out analysis per patient: generate training and testing sets 
iT = 1;  % index of patient of interest 
tID = ID(1,:)'; % patient ID 
training = npatterns(:,find(tID~=iT)); dx_training = targets(find(tID~=iT)); 
testing = npatterns(:,find(tID==iT)); dx_testing = targets(find(tID==iT)); 
%% K-Nearest Neighbors (Euclidean distance with k-D Tree) 
% Number of nearest neighbors 
k = 11;  
% Specify training and testing datasets 
training = [S1 S3]; dx_training = [D1 D3]; 
testing = S2;  dx_testing = D2; 
% Remove outliers from training dataset (outlier from distribution of all Dx) 
[training, dx_training, numOutlier] = rmvOutlier(training,dx_training,param,'HbT'); 
% Find index of k-nearest neighbors (Euclidean distance, search kD tree) 
IDX = knnsearch(training',testing','K',k);  
dx_knn = mode(dx_training(IDX),2); 
% Evaluate performance 
[CM,pf]=confusionEval(dx_knn,dx_testing',dxlabel); 
  
for ip = 1:3 % permuation index of three-fold cross validation 
    % (1) Specify training/testing (three fold cross validation) 
    if(ip==1)       training = [S1 S3]; dx_training = [D1 D3]; testing = S2;  dx_testing 
= D2; 
    elseif(ip==2)   training = [S1 S2]; dx_training = [D1 D2]; testing = S3;  dx_testing 
= D3; 
    else            training = [S2 S3]; dx_training = [D2 D3]; testing = S1;  dx_testing 
= D1;  
    end 
    % (2) Remove outliers from training dataset according to IQR in HbT 
    [training, dx_training, numOutlier] = rmvOutlier(training,dx_training,param,'HbT'); 
    % (3) Find index of k-nearest neighbors (Euclidean distance, search kD tree) 
    IDX = knnsearch(training',testing','K',k); % nearest neighbor search 
    dim = find(size(dx_training(IDX))==k);     % dimension index 
    KNN(ip).dx_knn = mode(dx_training(IDX),dim); % assigns the majority diagnosis of k-
nearest neighbors 
    KNN(ip).dx_true = dx_testing'; % true diagnosis for performance assessment 
    % (4) Evaluate performance 
    [KNN(ip).CM,KNN(ip).pf]=confusionEval(KNN(ip).dx_knn,KNN(ip).dx_true,dxlabel); 
end 

28. 

function Jglobal = globalBhattacharyya(npatterns,targets,param_idx) 
c = unique(targets); 
for ii = 1:length(c) 
    for jj = 1:length(c) 
        ind1 = find(targets==ii); ind2 = find(targets==jj); 
        P1(ii,jj) = length(ind1)/length(targets); P2(ii,jj) = 
length(ind2)/length(targets); 
        class1 = npatterns(param_idx,ind1); class2 =  npatterns(param_idx,ind2); 
        J(ii,jj) = divergenceBhata(class1,class2); 
    end 
end 
  
Jglobal = sum(sum(P1.*P2.*J)); 
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end % eof 

29. 

function [D]=divergenceBhata(c1,c2) 
  
c1=c1';c2=c2'; 
Covx=cov(c1); 
Covy=cov(c2); 
mx=mean(c1,1); 
my=mean(c2,1); 
a1=det((Covx+Covy)/2); 
a2=sqrt(det(Covx)*det(Covy)); 
D1=0.5*log(a1/a2); 
  
a1=(mx-my); 
a2=inv((Covx+Covy)/2); 
a3=(mx-my)'; 
D2=(a1*a2*a3)/8; 
D=D1+D2; 

30. 

function 
[cLbest,maxJ]=MultiClassSequentialForwardFloatingSelection(patterns,targets,NumFeatComb) 
  
warning('off'); 
m=size(patterns,1); 
if (NumFeatComb>m) NumFeatComb = m; end 
k=2; 
% Initialization 
[X{k},C{k}]=MultiClassSequentialForwardSelection(patterns,targets,2); 
  
while k<=NumFeatComb 
    % Step I 
    Ct=[]; 
    Y{m-k}=setdiff(1:m,X{k}); 
    for i=1:length(Y{m-k}) 
        t=[X{k} Y{m-k}(i)]; 
        Ct = [Ct globalBhattacharyya(patterns,targets,t)]; 
    end 
    [J_of_x,ind]=max(Ct); 
    the_x=Y{m-k}(ind); 
    X{k+1}=[X{k} the_x]; 
     
    % Step II:Test % Check  
    Ct=[]; 
    for i=1:length(X{k+1}) 
        t=setdiff(X{k+1}, X{k+1}(i)); 
        Ct = [Ct globalBhattacharyya(patterns,targets,t)]; 
    end 
    [J,r]=max(Ct); 
    xr=X{k+1}(r); 
    if r==k+1 
        C{k+1}=globalBhattacharyya(patterns,targets,X{k+1}); 
        k=k+1; 
        continue; 
    end 
    if r~=k+1 &  J< C{k} 
        continue; 
    end 
    if k==2 
        X{k}=setdiff(X{k+1},xr); 
        C{k}=J; 
        continue; 
    end 
     
    % Step III: Exclusion 
    flag=1; 
    while flag 
        X_hat{k}=setdiff(X{k+1},xr); 
        Ct=[]; 
        for i=1:length(X_hat{k}) 
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            t=setdiff(X_hat{k}, X_hat{k}(i)); 
            Ct = [Ct globalBhattacharyya(patterns,targets,t)]; 
        end 
        [J,s]=max(Ct); 
        xs=X_hat{k}(s); 
        if J<C{k-1} 
            X{k}=X_hat{k}; 
            C{k}=globalBhattacharyya(patterns,targets,X{k}); 
            flag=0; 
            break; 
        end 
        X_hat{k-1}=setdiff(X_hat{k},xs); 
        k=k-1; 
        if k==2 
            X{k}=X_hat{k}; 
            C{k}=globalBhattacharyya(patterns,targets,X_hat{k}); 
            flag=0; 
        end 
    end 
    if flag==0 
        continue; 
    end 
end 
  
if k>NumFeatComb 
    k=k-1; 
end 
cLbest = X{k}; 
maxJ=C{k}; 

31. 

function [out, Rx] = 
MI_SOLVE(data,calc_fn,spec_fn,mod_from_file,mod_to_file,ROI_from_file) 
  
% Load calculation and spectral fitting parameter files 
load(calc_fn);  
load(spec_fn); 
  
% Load de-modulated phantom data 
[param, mod, ph] = load_demodData([data.dir data.date '/'], data.phname, calc.bin_size, 
calc.sm_size, mod_from_file, mod_to_file); 
data.ph_param = param; data.ph_mod = mod; data.ph_phase = ph; clear param mod ph; 
  
% Load de-modulated sample data 
[param, mod, ph] = load_demodData([data.dir data.date '/'], data.basenames, calc.bin_size, 
calc.sm_size, mod_from_file, mod_to_file); 
data.param = param; data.mod = mod; data.phase = ph; clear param mod; 
  
% LOAD/SELECT ROI 
rectopt = 1;  
if(ROI_from_file==1) 
    load([data.dir data.date '/' data.basenames '/ROI.mat']); 
else 
    ROI = miGetROI(data.mod(:,:,1,1),rectopt); 
    save([data.dir data.date '/' data.basenames '/ROI.mat'],'ROI'); 
end 
  
% Crop phantom and sample data to ROI 
% (AMPLITUDE DATA) 
mod_ph_crop = data.ph_mod(:,:,calc.frange,:); 
mod_ph_crop = bin(crop(mod_ph_crop,ROI),[calc.bin_size calc.bin_size 1 1]); 
mod_crop = data.mod(:,:,calc.frange,:); 
mod_crop = bin(crop(mod_crop,ROI),[calc.bin_size calc.bin_size 1 1]); 
% (PHASE DATA) 
phase_ph_crop = data.ph_phase(:,:,calc.frange,:); 
phase_ph_crop = bin(crop(phase_ph_crop,ROI),[calc.bin_size calc.bin_size 1 1]); 
phase_crop = data.phase(:,:,calc.frange,:); 
phase_crop = bin(crop(phase_crop,ROI),[calc.bin_size calc.bin_size 1 1]); 
  
% Select for frequencies specified by user 
wv = data.param.wavelengths; 
fx = data.param.freqs(calc.frange); 
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ph_fx = data.ph_param.freqs(calc.frange); 
  
% CALIBRATE SYSTEM RESPONSE 
[R_d, Rx.sys_resp] = miCalibrateReflectance2D(mod_crop, mod_ph_crop, ph_fx, wv, data, 
calc); 
  
% ANALYZE 
[out,Rx] = miFIT(R_d, fx, wv, data, calc, spec); 
  
end% end of function 

32. 

function [R_d, sys_resp] = miCalibrateReflectance2D(tismod, phmod, fx, wv, data, calc) 
  
% DATA 
ph_type = data.ph_type; 
model_ph = calc.model_ph; 
cal_type=calc.cal_type; 
theta = calc.phase.theta_proj; 
R_d = zeros(size(tismod)); 
sys_resp = zeros(size(tismod)); 
  
% set correct function name for phantom model-based calibration 
switch model_ph 
    case 'mc', 
        phfunc = @reflecMCSFD; 
    case 'diff', 
        phfunc = @larsSFD; 
end; 
  
if strcmp(cal_type,'average'), 
    h=figure; miImage(phmod(:,:,1,1),3,'gray'); 
    rect = miDrawRect(h); 
    phmod = repmat(mean(mean(crop(phmod,rect))),[size(tismod,1) size(tismod,2) 1 1]); 
end; 
  
% for each wavelength, calculate normalized diffuse reflectance 
for w=1:length(wv) 
    % get phantom optical properties from file 
    ph_properties =  miGetPhProperties(ph_type, wv(w)); 
    [ph_mua, ph_musp, ph_n] = deal(ph_properties(1), ph_properties(2),  
ph_properties(3)); 
     
    % Baseline Monte Carlo Simulation 
    if ph_n <1.4, mc_sim_type = 'motherMC_n1p33_g0p71'; 
    else mc_sim_type = 'motherMC_n1p4_g0p9'; end;  load(mc_sim_type); 
    % Reassign variables to structure (mother) 
    mother.motherR = motherR; mother.rho_MC= rho_MC; mother.rho_interval = rho_interval; 
mother.t_MC = t_MC; mother.t_interval = t_interval; 
    clear motherR rho_MC rho_interval t_MC t_interval; 
     
    % Forward model 
    ph_model_prediction = feval(phfunc,[ph_mua ph_musp],fx,ph_n,mother); 
     
    % System response and modulation amplitude 
    sys_resp(:,:,:,w) = (phmod(:,:,:,w)./repmat(reshape(ph_model_prediction,[1 1 
size(phmod,3)]),[size(phmod,1),size(phmod,2),1])); 
    R_d(:,:,:,w) = tismod(:,:,:,w)./phmod(:,:,:,w).*repmat(reshape(ph_model_prediction,[1 
1 size(phmod,3)]),[size(phmod,1),size(phmod,2),1]); 
end; 

33. 

function [out, Rx] = miFIT(R_d, fx, wv, data, calc, spec) 
  
%  Calculation Method Switch (Constrain Fit) 
n_tis = data.n; 
  
% Load Monte Carlo data if necessary (once) 
if(strcmp(calc.model,'mc')) 
    % Baseline Monte Carlo Simulation  
    if data.n <1.4, mc_sim_type = 'motherMC_n1p33_g0p71'; else mc_sim_type = 
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'motherMC_n1p4_g0p9'; end;  load(mc_sim_type); 
    % Reassign variables to structure (mother) 
    mother.motherR = motherR; mother.rho_MC= rho_MC; mother.rho_interval = rho_interval; 
mother.t_MC = t_MC; mother.t_interval = t_interval; 
    clear motherR rho_MC rho_interval t_MC t_interval; 
    % Load MC LUT 
    if(strcmp(calc.method,'basic')), 
         load(calc.mc_lut); 
    end 
else 
    mother = []; lut = []; 
end 
  
switch lower(calc.method) 
    case 'basic' % (each wavelength separately) 
        calcfn = @miAnalyzePERWV; 
    case 'multispec' % (spectrally constrain mua and musp') 
        calcfn = @miAnalyzeMULTIWVSPEC; 
end; 
  
% Reflectance 
[out,Rx] = feval(calcfn,R_d,fx,wv,data.n,data,calc,spec,lut,mother); 
  
end % eof main function 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%% SWITCH FUNCTIONS %%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
function [out,Rx] = miAnalyzePERWV(R_d,fx, wv, n_tis, data, calc, spec, lut, mother)  
% Spectrally unconstrained fit 
% Measured Data 
Rx.meas = R_d; 
  
if calc.optical_properties, 
    switch lower(calc.model) 
        case 'diff' 
            [fitfunc, optimfunc]=deal(@larsSFD,@larsSFD_minResid); 
        case 'mc' 
            [fitfunc, optimfunc]=deal(@reflecMCSFD, @reflecMCSFD_lutmin); 
    end 
     
    % Write fit function out 
    [out.fitfunc, out.optimfunc]=deal(fitfunc, optimfunc); 
     
    out.param.sf = fx; 
    out.param.wv = wv; 
    out.param.n = n_tis; 
     
    % Optical structure format 
    out.optical.names = {'muA','muSp'}; 
    out.optical.units = {'\mm', '\mm'}; 
     
    %Calculate average optical properties at each wavelengths 
    %Returns mua and musp in [1/mm] 
    if(strcmp(calc.model,'diff')) 
        % Optimization 
        for w = 1:length(wv),[fval,out.optical.avg(w,:)] = 
feval(optimfunc,fx,squeeze(mean(mean(R_d(:,:,:,w)))),n_tis,calc); end 
    else % Monte Carlo LUT 
        for w = 1:length(wv),[fval,out.optical.avg(w,1), out.optical.avg(w,2)] = 
feval(optimfunc,squeeze(mean(mean(R_d(:,:,:,w)))),lut);end 
    end 
     
    % Initialize solution array 
    [sz_x, sz_y, sz_w] = deal(size(R_d,2), size(R_d,1), length(wv)); 
    out.optical.maps = zeros(sz_y, sz_x, sz_w, size(out.optical.avg,2), 'single' ); 
    Rx.fit = zeros(size(Rx.meas)); 
     
    if calc.pixel_by_pixel 
        for w = 1:length(wv), 
            pixelsum = sz_x*sz_y;  voxelsum = pixelsum*sz_w; voxel = 1; t_calc = Inf; 
tic; 
            disp(['Stats: ' int2str(sz_y) 'x' int2str(sz_x) ' pixels, ' int2str(sz_w) ' 
wavelengths']); 
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            t_calc = toc/voxel/60; fraction_calculated = (voxel-1)/voxelsum; 
            if w>1, disp(['Processing wavelength ' int2str(w) ' of ' int2str(sz_w) ', 
estimated time left = ' int2str((1-fraction_calculated)*t_calc*voxelsum) ' minutes.']); 
            else disp(['Processing wavelength ' int2str(w) ' of ' int2str(sz_w)]); end; 
            for xi=1:sz_x, 
                for yi=1:sz_y, 
                    if(strcmp(calc.model,'diff')) 
                        % Optimization 
                        [Rx.fit(yi,xi,:,w) out.optical.maps(yi,xi,w,:)] = 
feval(optimfunc,fx,squeeze(R_d(yi,xi,:,w)),n_tis,calc);  
                    else % Monte Carlo LUT 
                        [Rx.fit(yi,xi,:,w) out.optical.maps(yi,xi,w,1), 
out.optical.maps(yi,xi,w,2)] = feval(optimfunc,squeeze(R_d(yi,xi,:,w)),lut); 
                    end 
                    voxel=voxel+1; 
                end 
            end 
        end 
    end 
     
else % do not calcualte optical properties 
    load([data.savedir data.outname '_out.mat'], 'out'); 
end; 
  
% If unconstrained fit: calculate scattering parameters 
if (length(wv)>1) 
    [out.sspec.A_avg, out.sspec.b_avg] = miFitPowerLaw(wv,out.optical.avg(:,2)); 
    [out.sspec.A_map, out.sspec.b_map] = 
miFitPowerLaw(wv,shiftdim(out.optical.maps(:,:,:,2),2)); 
end 
  
% Spectroscopy 
if spec.on 
    out.chrom = miSpec(out.optical.avg(:,1), out.optical.maps(:,:,:,1), wv, spec); 
end; 
  
end % eof 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
function [out,Rx] = miAnalyzeMULTIWVSPEC(R_d, fx, wv, n_tis, data, calc, spec, lut, 
mother) 
% Spectrally constrained fit 
 
Rx.meas = R_d; 
[chrom_fit, temp, temp] = miLoadChromInfo(spec, wv); 
if calc.optical_properties, 
    switch calc.model 
        case 'diff' 
            [fitfunc, 
optimfunc]=deal(@larsSFD_multiwvspec,@larsSFD_multiwvspec_minResid); 
        case 'mc' 
            [fitfunc, optimfunc]=deal(@reflecMCSFD_multiwvspec, 
@reflecMCSFD_multiwvspec_minResid); 
        case 'phase_diff' 
            [fitfunc, optimfunc]=deal(@andreaSFD,@andreaSFD_minus_exp); 
    end; 
     
    nchrom = length(find(spec.chrom.to_fit==1)); 
    % Write fit function out 
    [out.fitfunc, out.optimfunc]=deal(fitfunc, optimfunc); 
    out.param.sf = fx; 
    out.param.wv = wv; 
    out.param.n = n_tis; 
     
    % Optical structure format 
    out.optical.names = {'muA','muSp'}; 
    out.optical.units = {'\mm', '\mm'}; 
     
    % Calculate average optical properties at all wavelengths together 
    % (constraining mua and musp) 
    [fval,p_avg] = 
feval(optimfunc,fx,wv,squeeze(mean(mean(R_d(:,:,:,:)))),n_tis,spec,chrom_fit,calc,mother)
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; 
    % Reproduce the fit value for posterity 
    [fval,fmua,fmusp,out.chrom] = 
feval(fitfunc,p_avg,fx,wv,n_tis,spec,chrom_fit,calc.phase.theta_proj,mother); 
    fval = fval'; 
    out.optical.avg = [fmua fmusp]; 
    [out.sspec.A_avg,out.sspec.b_avg] = deal(p_avg(1), p_avg(2)); 
    [out.chrom.avg] = p_avg(3:end); 
     
    % If compute HbT and StO2 from Maps of oxy and deoxy hemoglobin 
    if spec.chrom.saton && ~sum(spec.chrom.fix([spec.chrom.hbO2_i spec.chrom.hb_i])), 
        num_chrom = length(p_avg(3:end)); 
        out.chrom.avg(1,num_chrom+1) = out.chrom.avg(spec.chrom.hbO2_i) + 
out.chrom.avg(spec.chrom.hb_i); 
        out.chrom.avg(1,num_chrom+2) = 
out.chrom.avg(spec.chrom.hbO2_i)./sum(out.chrom.avg([spec.chrom.hbO2_i 
spec.chrom.hb_i]))*100; 
        out.chrom.names{num_chrom+1} = 'HbT'; 
        out.chrom.units{num_chrom+1} = out.chrom.units{1}; 
        out.chrom.names{num_chrom+2} = 'S_TO_2'; 
        out.chrom.units{num_chrom+2} = '%'; 
    end; 
     
    [sz_x, sz_y, sz_w] = deal(size(R_d,2), size(R_d,1), length(wv)); 
    [out.sspec.A_map, out.sspec.b_map] = deal(zeros([sz_y sz_x],'single'),zeros([sz_y 
sz_x],'single')); 
    out.optical.maps = zeros(sz_y, sz_x, sz_w, size(out.optical.avg,2), 'single' ); 
    out.chrom.maps = zeros(sz_y,sz_x,length(out.chrom.avg)); 
    Rx.fit = zeros(size(Rx.meas)); 
     
    if calc.pixel_by_pixel 
        pixelsum = sz_x*sz_y; 
        pixel = 1; tic; 
        for xi=1:sz_x, 
            for yi=1:sz_y, 
                % Number of input parameters different for phase model 
                [fval,X] = 
feval(optimfunc,fx,wv,squeeze(R_d(yi,xi,:,:)),n_tis,spec,chrom_fit,calc,mother); 
                [Rx.fit(yi,xi,:,:),fmua,fmusp,temp] = 
feval(fitfunc,X,fx,wv,n_tis,spec,chrom_fit,calc.phase.theta_proj,mother); 
                [out.sspec.A_map(yi,xi), out.sspec.b_map(yi,xi)] = deal(X(1), X(2)); 
                out.optical.maps(yi,xi,:,:) = shiftdim([fmua fmusp],-2); 
                out.chrom.maps(yi,xi,1:length(out.chrom.avg)-2) = X(3:end); 
                % If compute HbT and StO2 from Maps of oxy and deoxy hemoglobin 
                if spec.chrom.saton && ~sum(spec.chrom.fix([spec.chrom.hbO2_i 
spec.chrom.hb_i])), 
                    out.chrom.maps(yi,xi,num_chrom+1) = 
out.chrom.maps(yi,xi,spec.chrom.hbO2_i) + out.chrom.maps(yi,xi,spec.chrom.hb_i); 
                    out.chrom.maps(yi,xi,num_chrom+2) = 
out.chrom.maps(yi,xi,spec.chrom.hbO2_i)./sum(out.chrom.maps(yi,xi,[spec.chrom.hbO2_i 
spec.chrom.hb_i]),3)*100; 
                end; 
                fraction_calculated = pixel/pixelsum; t_calc = toc/pixel/60; 
                pixel=pixel+1; 
            end 
            disp(['Processing row ' int2str(xi) ' of ' int2str(sz_x)]); 
        end 
    end 
     
else % do not calcualte optical properties 
    load([data.savedir data.outname '_out.mat'], 'out'); 
end; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%  
end % eof 

34. 

function [param, mod, ph] = load_demodData(data_dir, data_basenm, bin_size, sm_size, 
file01, save01) 
  
% IMAGING PARAMETERS 
param = miLoadParametersfromXML([data_dir data_basenm '/' data_basenm 
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'_parameters.xml']); 
  
% PHANTOM MODULATED DATA 
if(file01 == 0) 
    % Read in data at one wavelength to initialize size of modulation arrays 
    rawData = miReadData(data_dir,data_basenm,1,1,param,'index_by_wv'); 
    dims=size(rawData); 
    % Set aside memory for modulation array 
    
mod=bin(zeros(dims(1),dims(2),length(param.freqs),length(param.wavelengths)),[bin_size 
bin_size 1 1]); 
    ph=bin(zeros(dims(1),dims(2),length(param.freqs),length(param.wavelengths)),[bin_size 
bin_size 1 1]); 
    % Read in data at all frequencies and wavelengths 
    for freq_idx=1:length(param.freqs) 
        for wv_idx=1:length(param.wavelengths), 
            rawData=miReadData(data_dir,data_basenm,freq_idx,wv_idx,param,'index_by_wv'); 
            rawData = miSmoothData(rawData,sm_size); 
            mod(:,:,freq_idx,wv_idx)=bin(miCalcMod(rawData)./... 
                (param.exposure_times(wv_idx)),[bin_size bin_size 1 1]); 
            ph(:,:,freq_idx,wv_idx) = bin(miCalcPhase(rawData),[bin_size bin_size 1 1]); 
        end; 
    end; 
    % Save demodulated data to file if specified by user 
    if(save01==1) save([data_dir data_basenm '/mod_data.mat'],'mod','param','ph'); end 
else % load from file 
    load([data_dir data_basenm '/mod_data.mat']); 
end 

35. 

function [R_at_fx, fmua, fmusp] = larsSFD(p,f,n,temp,temp2)  
  
if nargin<4, reim_flag=0; end; 
  
nfreq = length(f); nwv = length(p(:,1)); 
R_at_fx = zeros(length(f),length(p(:,1))); 
mua = p(:,1); fmua = mua;    
musp = p(:,2); fmusp = musp; 
mutr=mua+musp;% reduced att. coefficient 
c=300;% light velocity (mm/ns) 
v=c/n; 
Reff=-1.440./n.^2+0.710./n+0.668+0.0636.*n;%assumes air-tissue interface 
ETA=(1-Reff)./2./(1+Reff); 
  
% Vectorize calculation: Ashley 12/20/11 
mua = repmat(mua',nfreq,1); 
musp = repmat(musp',nfreq,1); 
mutr = repmat(mutr',nfreq,1); 
fx = repmat(f',1,nwv); 
mueff = (3*mua.*mutr+(2*pi*fx).^2).^0.5; 
R_at_fx = 
(3*ETA*musp./mutr)./((ones(size(mueff))+mueff./mutr).*(3*ETA*ones(size(mueff))+mueff./mut
r)); 

36. 

function [yhat,beta] = larsSFD_minResid(fx,y,n,calc) 
  
% Coefficients 
nfreq = length(fx); 
Reff=-1.440./n.^2+0.710./n+0.668+0.0636.*n;%assumes air-tissue interface 
ETA=(1-Reff)./2./(1+Reff); 
  
% Fitting Options 
sc = 10; % scale reduced scattering coefficient to magnitude of mua during fit 
fitOpt.options = optimset('TolFun',0.000001,'TolX',0.000001,'display','off'); 
fitOpt.betaInt = [calc.mua_guess*sc calc.musp_guess]; 
fitOpt.betaMin = [zeros(size(fitOpt.betaInt))]; 
fitOpt.betaMax = [0.3*sc 2.5]; 
  
%%%%%%%%%% OPTIMIZATION %%%%%%%%%% 
% LSQCURVEFIT 
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beta = 
lsqcurvefit(@myNestedCurve,fitOpt.betaInt,fx,y,fitOpt.betaMin,fitOpt.betaMax,fitOpt.optio
ns); 
yhat = myNestedCurve(beta,fx); 
beta(1) = beta(1)/sc; 
%%%%% NESTED FUNCTIONS %%%%%% 
    function yhat = myNestedCurve(beta,fx) 
        % Initial parameters 
        mua = beta(1)/sc; musp = beta(2); f = fx; 
        mutr=mua+musp;% reduced att. coefficient 
        mueff = (3*mua.*mutr+(2*pi*f).^2).^0.5; 
        % Objective function 
        yhat = 
(3*ETA*musp./mutr)./((ones(size(mueff))+mueff./mutr).*(3*ETA*ones(size(mueff))+mueff./mut
r)); 
        yhat = yhat'; 
    end % end of curve fitting sufunction 
  
    function resid = myNestedMin(beta) 
        % Initial parameters 
        mua = beta(1)/sc; musp = beta(2);f = fx; 
        mutr=mua+musp;% reduced att. coefficient    
        % Vectorize calculation 
        mueff = (3*mua.*mutr+(2*pi*f).^2).^0.5; 
        % Objective function 
        yhat = 
(3*ETA*musp./mutr)./((ones(size(mueff))+mueff./mutr).*(3*ETA*ones(size(mueff))+mueff./mut
r)); 
        yhat = yhat'; 
        % Residual of fit 
        resid=sum(sum((yhat-y).^2)); 
    end % end of minimization subfunction 
  
  
end % End of parent function 

37. 

function R_at_fx = reflecMCSFD(p,f,n,mother,lut) 
% load MC simulation - > motherR(rho_MC,t_MC) 
%   rho_MC - source-detector separation 
%   rho_interval - thickness of detection ring for corresponding rho_MC 
%   t_MC - time of photon detection 
%   t_interval - detection time interval for corresponding t_MC 
%   mother R - reflectance array (rho_MC down vs t_MC across) 
  
motherR = mother.motherR; rho_MC = mother.rho_MC; rho_interval = mother.rho_interval; 
t_MC = mother.t_MC; t_interval = mother.t_interval; 
  
f=reshape(f,length(f),1); 
c=300; % speed of light in vacuum 
v=c/n;  %  speed through medium in mm/ns 
R_at_fx = zeros([length(f) size(p,1)]); 
R_at_rhoMC = zeros([length(rho_MC) 1]); 
  
for j = 1:size(p,1) 
     
    mua = p(j,1); 
    musp = p(j,2); 
     
    if(exist('lut','var')) 
        idx = find(lut.mua>=mua); imua = idx(1); clear idx; 
        idx = find(lut.musp>=musp); imusp= idx(1); clear idx 
        R_at_fx(:,j) = lut.Rx(imua,imusp,:);    
    else 
        % Scaled monte carlo simulation (real spatial) 
        R_at_rhoMC = sum(motherR.*repmat(exp(-
mua*v*t_MC/musp).*t_interval/musp,length(rho_MC),1), 2)*musp^3; %per mm^2 per s 
        % Apply Spatial Fourier Transform (Hankel) => 
sum[ R(rho)*e^(i*2*pi*f)*2*pi*rho*drho ] 
        R_at_fx(:,j) = sum( repmat(R_at_rhoMC.',[length(f),1]) .* ... 
            besselj( 0, 
repmat(2*pi*f,[1,length(rho_MC)]).*repmat((rho_MC.')./musp,[length(f),1]) ) .* ... 
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            repmat(2*pi*(rho_MC.')./musp,[length(f),1]) .* ... 
            repmat((rho_interval.')/musp,[length(f),1]), 2); 
    end 
end 

38. 

function [Rx, mua, musp] = reflecMCSFD_lutmin(values,lut) 
  
meas = repmat(values',lut.sz(1)*lut.sz(2),1); 
l = length(lut.Rx); 
err = ones(l,1); 
err= sum((lut.Rx-meas).^2,2); 
err = reshape(err,lut.sz(1),lut.sz(2)); 
[r,c] = find(err==min(err(:))); 
mua = lut.mua(r); musp = lut.musp(c); 
ind = sub2ind(size(err), r, c); 
Rx = lut.Rx(ind,:); 
  
end % end of function 

39. 

function [A, b] = miFitPowerLaw(wv,data_vs_wv) 
wv = reshape(wv,[length(wv) 1]); 
if size(data_vs_wv,1) ~= size(wv,1),  
    error('Error: 1st dimension of data_vs_wv is not the same length as wv');  
else 
    sz = size(data_vs_wv); 
    sz_w = sz(1); 
    sz_pixels = prod(sz(2:end)); 
    ln_w = repmat(log(wv),[1 sz_pixels]); 
    ln_y = log(reshape(data_vs_wv,[sz_w sz_pixels])); 
    sum_ln_w = sum(ln_w); 
    sum_ln_y = sum(ln_y);   
     
    % from  Wolfram Mathworld: Probability and Statistics > Regression > Least Squares 
 Fitting--Power Law 
    % http://mathworld.wolfram.com/LeastSquaresFittingPowerLaw.html  
    % (except minus sign in front to indicate A*lambda^(-b) instead of +b) 
    b = real(-(sz_w*sum(ln_w.*ln_y)-sum_ln_w.*sum_ln_y)./(sz_w*sum(ln_w.^2)-
sum_ln_w.^2));  
    A = real(exp((sum_ln_y + b.*sum_ln_w )/sz_w)); 
     
    if sz_pixels>1 
        [A, b] = deal( reshape(A,[sz(2:end) 1]), reshape(b,[sz(2:end) 1]) ); 
    end; 
     
end; 

40. 

function spec_out = miSpec(mua_avg, mua_maps, wv, spec) 
  
[chrom, spec_out.wv, wv_idx] = miLoadChromInfo(spec, wv); 
  
% Calculate average concentration based on average mua values 
mua = mua_avg(wv_idx,1); 
if spec.vessel_correction,  
    correction_factor = (1-exp(-
2*mua_avg(wv_idx)*spec.vessel_r))./(2*mua_avg(wv_idx)*spec.vessel_r); 
    mua = mua./correction_factor; 
end; 
  
% Calculate inverse matrix here so we don't have to do it every time. 
% C = [E^T*E]^-1*E^T*mua 
Einv=inv(chrom.E.'*chrom.E)*chrom.E.';  
  
% subtract off any constant mua from fixed chromophores 
if sum(spec.chrom.fix)>=1,  
    mua = mua-chrom.fix_mua;  
end; 
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% FIT THE AVERAGE SPECTRUM FOR AVERAGE CHROMOPHORES 
chrom_avg = Einv*mua; % DAVID, direct inversion 
fitmua = chrom.E*chrom_avg; 
  
% Add back in the fixed values 
if sum(spec.chrom.fix)>=1,  
    mua = mua+chrom.fix_mua;  
    fitmua = fitmua+chrom.fix_mua; 
end; 
  
% Assign return parameters for avg fits 
spec_out.names = chrom.names; 
spec_out.units = chrom.units; 
spec_out.E = chrom.E; 
spec_out.avg = chrom_avg; 
  
% Allocate memory for pixel-by-pixel spectral fitting 
sz_mua_maps = size(mua_maps); 
if length(sz_mua_maps)<3, sz_mua_maps(3) = 1; end; 
num_chrom = size(chrom.E,2); 
spec_out.maps = zeros( [sz_mua_maps(1:2) num_chrom ], 'single' ); 
  
% do the same fitting procedure as above, but at each separate pixel 
% Reshape dimensions of pixel array [x,y] => [x*y,1] 
mua_maps_row = shiftdim(reshape(mua_maps,[prod(sz_mua_maps(1:2)) sz_mua_maps(3)]),1); 
if sum(spec.chrom.fix)>=1,  
    mua_maps_row = mua_maps_row-repmat(chrom.fix_mua,[1 size(mua_maps_row,2)]);  
end; 
chrom_maps_row = Einv*mua_maps_row;  
  
fitmua_maps = reshape(shiftdim(chrom.E*chrom_maps_row,1), sz_mua_maps); 
% add the mua from fixed chromophores back in 
if sum(spec.chrom.fix)>=1,  
    fitmua_maps = fitmua_maps+repmat(reshape(chrom.fix_mua,[1 1 
sz_mua_maps(3)]),[sz_mua_maps(1:2) 1]);  
end; 
  
spec_out.maps = reshape(shiftdim(chrom_maps_row,1),[sz_mua_maps(1:2) num_chrom]); 
  
if spec.chrom.saton && ~sum(spec.chrom.fix([spec.chrom.hbO2_i spec.chrom.hb_i])),  
    spec_out.avg(num_chrom+1,1) = spec_out.avg(spec.chrom.hbO2_i) + 
spec_out.avg(spec.chrom.hb_i); 
    spec_out.avg(num_chrom+2,1) = 
spec_out.avg(spec.chrom.hbO2_i)./sum(spec_out.avg([spec.chrom.hbO2_i 
spec.chrom.hb_i]))*100; 
    spec_out.maps(:,:,num_chrom+1) = spec_out.maps(:,:,spec.chrom.hbO2_i) + 
spec_out.maps(:,:,spec.chrom.hb_i); 
    spec_out.maps(:,:,num_chrom+2) = 
spec_out.maps(:,:,spec.chrom.hbO2_i)./sum(spec_out.maps(:,:,[spec.chrom.hbO2_i 
spec.chrom.hb_i]),3)*100; 
    spec_out.names{num_chrom+1} = 'HbT'; 
    spec_out.units{num_chrom+1} = chrom.units{1}; 
    spec_out.names{num_chrom+2} = 'S_TO_2'; 
    spec_out.units{num_chrom+2} = '%'; 
end 

41. 

%% CALCULATION OPTIONS 
base_dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/SFDI/'; 
lut_dir = [base_dir 'LUT/']; 
calc_dir = [base_dir 'CALC/']; 
spec_dir = [base_dir 'SPEC/']; 
  
calc.optical_properties =   1; 
calc.sm_size =              1; % smoothing window size (number of pixels) 
calc.method =               'multispec'; % 'basic' (spectral parmaeterization subsequent 
to), 'multispec' (constrain musp and mua) 
calc.cal_type =             'full'; %'full' or 'average'(of ROI) 
  
calc.wv =                   [658 730 850 970]; %wavelengths 
calc.frange =               [1:30];% index of spatial frequencies evaluated 
calc.model =                'diff'; % 'mc': Monte Carlo, 'diff': Diffusion 
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calc.model_ph =             calc.model; % 'mc': Monte Carlo, 'diff': Diffusion 
calc.mc_lut =               [lut_dir 'FINAL_LUT_MC_n1_33']; % n1_33 or n1_40 
calc.pixel_by_pixel =       1; 
calc.bin_size =             1;  
calc.mua_guess =            0.001; % 1/mm 
calc.musp_guess =           1; % 1/mm 
calc.A_guess =              0.8; % inverse mm 
calc.b_guess =              1.5; % dimensionless 
  
% Ancillary (do not use) 
calc.profilometry =         0; 
calc.curv_method =          'Lambertian'; % 'None': None, 'Flat':Flat 'Lambertian': 
Lambertian 
calc.curv_MultipleLUT =     0; % Correction for frequency spread. 0: off, 1: on 
calc.curvLUT =              [1 2]; 
calc.phase.theta_proj =     45*(pi/180); 
  
% SAVE CALC STRUCTURE 
save([calc_dir calc.model '_' calc.method '_calc.mat'],'calc'); 
%% SPECTROSCOPY OPTIONS 
base_dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/SFDI/'; 
spec_dir = [base_dir 'SPEC/']; 
  
spec.on =                   1; 
spec.process =              1; 
spec.wv =                   [658 730 850 970]; 
spec.smooth_spectrum =      0; % 1: equal bandwidths, 2: lctf bandwidths 
spec.filter_bandwidth =     20; 
spec.vessel_correction =    0; 
spec.vessel_r =             0.10;  %avg vessel diameter, in microns 
  
spec.fix_A =                0; % 0 do not fix, 1 to use initial guess, 2 to use average 
image fit 
spec.fix_b =                0; % 0 do not fix, 1 to use initial guess, 2 to use average 
image fit 
spec.max_A =                100000; 
spec.max_b =                4; 
  
% CHROMOPHORE INFORMATION FOR SPECTRAL FITTING 
spec.chrom.filename =            'chromophores_david_060407.txt'; 
spec.chrom.to_fit =              [   1      1      1       0         0         0       0         
0      ]; 
spec.chrom.names =               {'Hb02'  'Hb'   'H20'   'fat'   'melanin'  'CPTA'  
'NapGr'  'baseline' }; % 'Hb-Met' 'Hb-CO' 'evans blue' 'Methylene Blue' 'Cyto_re' 
'Cyto_Ox' 'HiCn' 'HbOF' 'HbRF' 
spec.chrom.mult =                [10^-3  10^-3    10^-2    10^-2     10^0     10^0    
10^0      10^-6    ]; % conversion factor so yields concentration in uM or %0-100 for 
concentraion 
spec.chrom.units =               {'\mm\uM'  '\mm\uM'    '\mm'    '\mm'      '\mm'     
'\mm\uM'   '\mm\uM'    'arb'    }; % units with application of conversion factor 
spec.chrom.fix =                 [  0       0       0       0        0         0        0         
0     ]; % 1 to use initial guess, 2 to use average image fit 
spec.chrom.fix_val =             [ 20      20      60       2        1        20       20         
0     ]; % in uM or % 
spec.chrom.guess =               [ 20      20      60      20        1        20       20         
0    ]; 
spec.chrom.max =                 [400     400     100     100      100       400      400       
100     ]; 
spec.chrom.saton =               1;  
spec.chrom.hbO2_i =              1;  
spec.chrom.hb_i =                2;  
% SAVE SPEC STRUCTURE 
save([spec_dir 'spec_basic.mat'],'spec'); 

42. 

%% Analysis files 
% Function path 
addpath(genpath('/Users/ashleylaughney/Documents/MATLAB/THESIS/SFDI')); 
  
% Data path 
data.dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/EXAMPLE_DATA/DATA/'; 
data.date = '110401'; 
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data.basenames = 'SAMPLE'; 
data.phname = 'MID1_00'; % calibration standard 
data.ph_type = 'MID1'; 
data.n = 1.4; % refractive index of base 
  
% Spectral analysis path 
calc_method = 'diff_multispec'; %diff_basic/diff_multispec/mc_basic(LUT) 
spec_method = 'spec_basic'; 
calc_fn = ['/Users/ashleylaughney/Documents/MATLAB/THESIS/SFDI/CALC/' calc_method 
'_calc.mat']; 
spec_fn = ['/Users/ashleylaughney/Documents/MATLAB/THESIS/SFDI/SPEC/' spec_method 
'.mat']; 
  
% Solution directory 
outname = 'test'; 
sln_dir = '/Users/ashleylaughney/Documents/MATLAB/THESIS/EXAMPLE_DATA/DATA_SOLUTIONS/'; 
sln_folder = [calc_method '/' spec_method '/']; 
data.savedir =          [sln_dir sln_folder]; 
  
% Solve 
modof=1; modtf=0; ROIof=1; 
[out, Rx] = MI_SOLVE(data,calc_fn,spec_fn,modof,modtf,ROIof); 
 
% Save 
if ~isdir(data.savedir) mkdir(data.savedir); end 
save([data.savedir outname '_out.mat'],'out','Rx'); 
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