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Abstract   

 Molecular imaging of cancer features is a critical part of advancing better tools 

for oncology management and drug discovery, yet it is still evolving as a useful tool. 

Diffuse Fluorescence Tomography (FT) is one approach to molecular imaging, used for 

excitation and detection of emitted light signals, which uses spatial reconstruction of the 

location of the fluorescence distribution to map a selected molecular species within 

biological tissue. These maps can provide a powerful in vivo tool to monitor molecular 

processes of health and disease or predict efficacy of targeted cancer therapies.  The 

injected fluorescence tracers used in FT emit light at near-infrared wavelengths where  

absorption by tissue is low and so imaging through many centimeters of tissue is possible.  

Applications involve use of targeting biological molecules, such as cancer receptors 

overexpressed on cell surfaces. Specific targeted ligands injected as intravenous tracers 

then ideally show where the corresponding receptor molecules are present through in vivo 

binding and localization.   

 The main goal of this project was to move toward a clinically relevant, automated, 

quantitative form of FT imaging, with multiple independent advances to the technique.  

First, a method of geometric system optimization is proposed and confirmed based on 

establishing a uniform detection sensitivity map.  Second, analysis of data processing 

techniques and time domain methods show that time domain imaging techniques can 

improve imaging accuracy while lowering imaging time, but is largely not worth the 

additional cost and does not provide as much improvement as structural hybrid imaging.  

A review of previously proposed anatomical prior information was performed, followed 

by a proposed technique which automates the inclusion of anatomical prior data by the 
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construction of a regularization functional based on an anatomical image.  In an 

application example, multispectral techniques are used to resolve more than one tracer 

simultaneously, which allows quantification of a tracer targeted to the epidermal growth 

factor receptor on cancer cells.  Finally, in an application of these tomographic methods 

in radiation oncology, a method is demonstrated to measure oxygenation of human brain 

tumors during external beam radiation therapy using an oxygen sensitive phosphorescent 

agent with FT recovery of the signal.  
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1. Introduction  
 Effective forms of functional medical imaging could be one of the most valuable 

emerging tools in monitoring cancer therapy, especially in the drug evaluation 

pipelines(1-7).  Functional medical imaging is an umbrella term for a medical imaging 

modality that provides physiological/biochemical, rather than structural, information, and 

in small animal models, nuclear medicine has been the standard modality of choice(8-10).  

In recent years, there has been increasing interest in collecting functional information 

from alternative sources, such as fluorescence tomography (FT).  FT is also variously 

known as fluorescence molecular tomography (FMT), fluorescence mediated tomography 

(also FMT), and diffuse fluorescence tomography (DFT).  Established nuclear medicine 

imaging techniques, such as positron emission tomography (PET) or single photon 

emission computed tomography (SPECT), are all associated with distinct limitations and 

high costs.  These methods rely on the injection of radioactive tracers, which are 

preferentially taken up in the tumor regions in order to provide contrast.  These 

radioactive tracers are expensive to make, transport, and store(11), and the temporal 

throughput of imaging subjects is relatively slow.   

FT is a burgeoning functional imaging modality, typically used to collect dynamic 

or biological information, rather than structural information, because of its advantages 

over established methods.  In this relatively low-cost imaging modality, contrast is 

provided by the injection of fluorophores constructed to preferentially accumulate at a 

site of interest, typically a tumor if used in oncology.  These shelf-stable, non-toxic 

fluorescence contrast agents are stimulated by an excitation laser at a red or near infrared 

(NIR) wavelength, chosen due to the low absorption of light in biological tissue at these 

wavelengths.  The emitted fluorescent light is collected at the surface of the subject and 
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used to recover a map of the fluorescent contrast in the imaging domain.  This form of 

imaging is capable of being synthesized with additional, structural forms of information 

such as x-ray computed tomography (x-ray CT), magnetic resonance imaging (MRI), or 

ultrasound(4, 12-15).  The most important advantage of FT is that there is no ionizing 

radiation being used for the formation of a functional image, and the range of optical 

detectors available is significantly broader and less expensive as compared to x-ray and 

gamma ray ranges.  This means that a subject can be imaged longitudinally without 

undue radiation dose from the imaging process, which might interfere with drug testing 

by accidentally giving a tumor radiation therapy.  Further, this lack of ionizing radiation 

means that it is possible to image multiple subjects relatively inexpensively, quickly, and 

safely.  There is a great deal of established work in recovering a fluorescence contrast 

map, but there has been relatively little work specifically regarding the optimization of 

this modality.   

While powerful, the tradeoff with going to FT, as compared to nuclear medicine, 

is a significant loss of information due to the high scatter of NIR light in biological tissue.  

This causes the inverse image formation problem, governing the recovery of contrast 

agent distribution, to lack a unique solution and be highly sensitive to noise, meaning it is 

both ill-posed and often ill-conditioned (16).  The current standard approach to 

recovering fluorescent contrast agents using a tomographic approach starts with exciting 

the fluorophores using a laser in the near-infrared range.  The imaging domain is 

discretized into voxels in order to model light propagation using the finite element 

method(17).  The mathematical kernel used to model the light propagation in this 

standard approach is typically the diffusion approximation to the radiative transport 
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equation, known to be a valid approximation in high scattering, low absorption media(18-

23).   

1.1 Fluorescence and Fluorescent Tracers 
Fluorescence is a property of some molecules and atoms that causes them to emit 

light when excited by an external light source.  The phenomenon is quantum mechanical 

in nature, and is moderated by the electron sublevel configuration in the valence bands of 

the interrogated fluorophore.  Electrons excited to higher energy states by an external 

light source (such as a laser) typically lose energy thermally until they are in the lowest 

energy state of the excited energy level with characteristic time scale on the order of 

picoseconds.  Then the excited electron will return to the ground state with an expected 

lifetime on the order of picoseconds up to nanoseconds typically for high yield 

fluorophores.  Due to the Frank-Condon principle, some excitation light energy is lost 

thermally because the optical emissions occurs to higher vibrational levels, leaving 

excess energy in the ground state to be lost to vibrational de-excitation.  This means that 

fluoresced light is always red-shifted with respect to the light used for excitation.  

Fluorescent molecules, which absorb and emit in the far red and near-infrared, are the 

most suitable fluorophores for good transmission through mammalian tissue.   
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Figure 1: Jablonski energy level diagram with fluorescence transitions labeled between 
the ground states, S0 and the first excited singlet state S1. Each state has multiple 
vibrational modes which lead to energy losses from non-radiative transition. 

 It is possible to make fluorescent molecules which are biocompatible and 

nontoxic, therefore making them suitable for injection into living subjects.  Due to the 

poor vascular structure inherent in many tumors, dyes will accumulate there as they get 

stuck.  This is the enhanced permeability and retention (EPR) effect.  This effect is not 

unique to fluorescent tracers and is known to affect contrast agents used in other forms of 

medical imaging.  However, relying only on the EPR effect to provide large contrast can 

be problematic because for untargeted fluorescent tracers, the expected contrast to 

background ratio is typically somewhere between 1 and 3(24), which can be prohibitively 

low for accurate recovery in FT and also provides little in the way of useful molecular 

information about the tumor.   

 In order to increase the contrast level of fluorescent tracers, characteristics of the 

tumor other than vasculature can be exploited.  Many tumors are known to overexpress 
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surface membrane proteins due to their altered genetic expression as compared to normal 

tissue in the same organ.  A common example used in this work is the U251 human 

xenograft glioma tumor line, which is known to express the cell surface receptor 

molecule epidermal growth factor receptor (EGFR) (25).  It is possible to affix a 

fluorescent signaling molecule to a ligand which, in turn, will uniquely and specifically 

bind to this EGFR molecule.  This conjugate molecule (signal and ligand) is known as a 

targeted tracer.  In this way, it is possible to increase the expected contrast ratio 

significantly when targeting a receptor that is highly overexpressed on a particular 

malignancy.  This approach to specific molecular FT imaging will be used in applications 

demonstrated in this thesis.  

  

1.2 Previous Applications 
 FT development has benefitted from a broad series of developments in the field of 

diffuse optical tomography (DOT) of tissue(26-37).  DOT imaging seeks to recover 

intrinsic optical absorption and scattering maps by tomographic imaging using 

transmitted light signals through the tissue.  DOT has been extensively used for breast 

imaging(28, 37-48), prostate imaging(49-52),  small animal imaging(53-58), and is 

widely used for clinical brain imaging(59-65).  As we shall see, the addition of 

fluorescence can be a powerful tool in medical imaging.  FT has previously been used for 

breast imaging (37, 41, 66, 67), and is currently being used in a host of small animal 

imaging work (see Imaging Systems section).  It has been used in conjunction with 

ultrasound (68, 69), MRI (70-73), and x-ray CT (74-79) for anatomical support.  In the 

developments of FT described and further developed here in this thesis, the tools of DOT 
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will be referenced as they are related to both the forward light transport problem and the 

inverse image recovery problem to be solved.  

  

1.3 Organization of this Document 
 Chapter 2 of this document serves as an introduction to the theoretical support of 

the methods used throughout the rest of the document.  Analytical and computational 

light transport modeling is discussed.  A development for image recovery for FT is given, 

including a section on regularization schemes.  Chapter 3 begins with a review of the FT 

instruments that are currently being used in both the academic and private sectors.  It 

continues by discussing the methods by which anatomical a priori information can be 

introduced into image recovery.  Chapter 3 finishes by discussing the specific workflow 

for co-registration and imaging for an x-ray CT-guided fluorescence tomography 

instrument.  

 Chapter 4 summarizes time domain methods in fluorescence tomography.  There 

is a phantom study performed using the fluorescence instrument described in detail in 

Chapter 3.  This chapter shows that it is possible to more sparsely sample tissue without 

sabotaging image fidelity if time domain methods are used.  It is also demonstrated in this 

phantom study that time domain methods can improve imaging resolution.   

 Chapter 5 discusses the optimization of data subsampling and imaging geometry 

via uniformity of the detection sensitivity.  A family of simulation results shows that 

uniformity in detection sensitivity is indicative of higher accuracy in image recovery.  A 

technique is then presented which demonstrates that image recovery using a fixed number 

of measurements can be improved using a Nelder-Meade scheme to optimize the 

uniformity of the detection sensitivity. 
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 Chapter 6 presents a new form of regularization using anatomical guidance in FT.  

The proposed method, known as direct regularization using images in fluorescence 

tomography (DRIFT), incorporates anatomical prior information directly into image 

recovery with minimal human interaction.  This streamlines the workflow in FT, 

maximizing information content in FT while minimizing error and human influence. 

 Chapter 7 discusses the use of two fluorescent tracers simultaneously to improve 

and quantify the specific binding of the targeted tracer in FT.  It is demonstrated that 

using a targeted and an untargeted tracer in tandem can be used to improve recovery in 

low-contrast targets, allowing low contrast targets to be recovered where they were 

previously unavailable.  This is followed by an in vivo study demonstrating that a dual-

tracer technique is powerful and necessary for quantitative imaging in FT.  In this section, 

a series of mice with implanted gliomas are imaged with dual tracer techniques over the 

course of several weeks to examine tumor growth.  

 Chapter 8 shows an application of image guidance in radiation therapy molecular 

sensing.  The Cherenkov-excited phosphorescence oxygenation (CEPhOx) method is 

presented, showing that it is possible to perform image-guided tomography during 

external beam radiation therapy to recover the level of oxygenation within tumors.  This 

method provides valuable information without significantly changing the established 

radiation therapy workflow.   

 Chapter 9 contains the conclusions arrived at from the work presented here.  It 

concludes with recommendations for future work. 

 Much of the work presented here has been previously published in, or is currently 

awaiting review from, peer-reviewed journals.  Consequently, some of the text is drawn 
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from these documents.  Although these documents are cited in each chapter, the chapters 

contained herein utilize components of the following papers: 

Chapter 3 
Robert W Holt, Fadi El-Ghussein, Kenneth M Tichauer, Frederic Leblond, Brian W Pogue. A 
hybrid approach combining microCT and fluorescence tomography: imaging workflow and 
system of coordinate registration. Proceedings of SPIE, 7892, 789213, 2011. 

Chapter 4: 
Robert W. Holt, Kenneth M. Tichauer, Hamid Dehghani, Brian W. Pogue, and Frederic Leblond. 
Multiple-gate time domain diffuse fluorescence tomography allows more sparse tissue sampling 
without compromising image quality, Optics Letters 37, 2559-2561 (2012)  

Chapter 5: 
Robert W. Holt, Frederic L. Leblond, Brian W. Pogue. Methodology to optimize detector 
geometry in fluorescence tomography of tissue using the minimized curvature of the summed 
diffuse sensitivity projections. Journal of the Optical Society of America A, 30, 1613-1619 (2013).  
Robert W Holt, Brian W Pogue. Toward Ideal Imaging Geometry for Recovery Independence in 
Fluorescence Molecular Tomography.  Proceedings of SPIE, 8574-3, 2013. 

Chapter 6: 
Robert W. Holt, Scott Davis, Brian W. Pogue. Regularization functional semi-automated 
incorporation of anatomical prior information in image-guided fluorescence tomography, Optics 
Letters, 38, 2407-2409 (2013). 

Chapter 8: 
Robert W. Holt, Rongxiao Zhang, Tatiana V. Esipova, Sergei A. Vinogradov, Adam K. Glaser, 
David J. Gladstone, Brian W. Pogue. “Cherenkov Excited Phosphorescence-based pO2 Estimation 
during Multi-beam Radiation Therapy: Phantom and Simulation Studies of Brain Tumors.” 
Submitted to Physics in Medicine and Biology, March 2014. 
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2. Introduction to Theory 

2.1 Tomography 
 Tomography is the process of using a series of measurements made outside of a 

domain to build a map of the interior of the domain.  The most widely accessible example 

is that of x-ray computed tomography (x-ray CT), where a series of two dimensional 

projection x-ray images are used to construct a three dimensional structural rendering of 

the x-ray attenuation in the imaging domain.  In the case of FT, fluorescent light is 

measured at the surface of the subject and used to recover a volumetric rendering of the 

fluorescent contrast agent(s) distribution.  The choice of reconstruction algorithm is 

critically dependent upon the radiation transport model, so the next sections explore 

possible forward transport models.  In a few select cases, the forward model can be 

linearized, greatly simplifying the inversion tomography process; however, this is not 

always true.   

2.2 Light Transport Modeled Analytically 
Assuming that scattering events are dominated by elastic interactions, the 

propagation of light in biological tissue is considered to be most accurately modeled by 

the radiative transport equation (RTE): 

 

    ⃗  ̂     

  
   ̂      ⃗  ̂         ⃗  ̂       ∫    ⃗  ̂      ̂   ̂     

  
   ⃗  ̂   ,    

( 1 ) 

 
where    ⃗  ̂   is the radiance of the light at position  ⃗,   is the velocity of light in the 

tissue (     , where n is the refractive index), and           is called the 

extinction coefficient. We say    is the scattering coefficient and is the effective the 

scattering cross section area per volume of the medium.  The parameter    is the 
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absorption coefficient, which are the inverse of the expected path lengths between 

absorption events.     ̂   ̂  is called the scattering phase function and is the probability 

that, in a scattering event, if the incoming angular direction of the photon is  ̂, that the 

final angular direction will be  ̂ .     ⃗  ̂    is a source term, capable of varying in space, 

time, and direction. 

 The RTE is taken to be the most accurate representation of the propagation of 

light in biological tissue, but is not typically used because of its computational burden(22, 

80) and the inability to solve it analytically for arbitrary geometries.  The RTE is an 

integro-differential equation that relies on many parameters and must be simplified to be 

reasonably tractable for application without relying on Monte Carlo methods. In Monte 

Carlo methods, simulations would rely on repeated stochastically computed 

measurements based on the fundamental interaction parameters of the tissue (  , 

  ,    ̂   ̂ ) for prediction(81-83). 

 In the limit that the light traveling through the medium will experience far more 

scattering than absorption events, it is possible to expand the radiance into a power 

expansion of spherical harmonics, which can be simplified into a linearly anisotropic 

assumption, with just an isotropic and a single anisotropic term.  This approach to 

simplifying the equation is the common derivation of the so-called diffusion 

approximation (DA) to the RTE (84): 

    ⃗   

  
      ⃗       [     ⃗   ]     ⃗   .                                ( 2 ) 

The fluence,    ⃗   , is defined to be the isotropic first term of the spherical harmonic 

expansion of the radiance, and   [       
  ]   to be the diffusion coefficient.  The 
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reduced scattering coefficient   
         , where   is the average cosine of the 

scattering angle from the scattering phase function: 

   ∫   ̂   ̂    ̂   ̂   
  

.                                                         ( 3 ) 

Here   is commonly referred to as the scattering anisotropy parameter.  It is a 

measurement of how directional a single scattering event is expected to be.  A scattering 

anisotropy of one, for example, means that after every scattering event, a photon will 

continue moving in the same direction.  On the other end of the spectrum,     

indicates that the scattering is completely anisotropic; there is no predicting in which 

direction scatter will occur.  In biological tissue,   is known to be approximately 0.9, 

based upon measured data(85-87). 

 The reduced scattering coefficient,   
 , encompasses both the scattering cross 

section (embedded in   ) and the anisotropy of the scattering events.  The reduced 

scattering coefficient will always be less than or equal to the scattering coefficient, 

meaning that its inverse (some kind of expected path length) will be larger by a factor of 

       : approximately 10 in biological tissue.  What this parameter represents, then, 

is the effective distance between scattering events in a medium, under the assumption that 

scatter was isotropic. 

 The DA to the RTE is a differential equation and is much less complicated to 

solve directly than the RTE because of the removal of the angular components.  For 

simple geometries such as a homogeneous infinite medium, slab geometry, or a cylinder, 

the DA has an exact solution(88), although for small animal imaging, such solutions are 

still limiting.  The DA is known to suffer from some predictive inaccuracy for the 

propagation of light within a few millimeters of the modeled source position, because of 
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the severe limitations imposed by assuming the fluence is only linearly anisotropic.  

However, for the studies contained herein, most measurements are made at distances that 

are generally accepted to be reasonably accurate (81, 89).   

 

2.3 Diffusion Approximation in FT:  A Coupled System 
 Typically, the source term is governed by a laser exciting the imaging domain.  

When there is a fluorescent distribution present in the imaging domain, it follows that 

some excitation light will interact and be fluoresced.  But this means that a slightly 

different form of the DA will govern the propagation of the fluoresced light with the 

excitation fluence field as a source term.  The coupled system of equations for 

fluorescence is: 

{

      ⃗   

  
    

        
    ⃗       [         ⃗   ]     ⃗   

      ⃗   

  
   

       ⃗       [         ⃗   ]  
 

 
    

    ⃗         
             ( 4 ) 

where the superscripts    and    refer to properties or fields at the excitation and 

emission  wavelengths, respectively.  Specifically,      ⃗    is the fluence at the 

excitation wavelength, and      ⃗    is the fluence due to fluoresced light due to the 

fluorophore, often called the emission field.  The quantum efficiency,  , is a unitless 

measure of the fraction of photons absorbed by the fluorophore that are then emitted in 

the fluorescence process. The average time a specific species of fluorophore remains in 

its excited state is defined as the fluorescence lifetime,  .  Finally,     is the optical 

absorption due to the presence of fluorescent molecules. The quantity      is known as 

the quantum yield.  It is the value of the quantum yield that we attempt to recover 
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spatially.  The source term    ⃗    can be modeled specifically for a known source 

function, but it is typically modeled as a   pulse in time and space. 

 

2.4 Construction of a Forward Model Matrix 
 The forward problem of calculating surface fluence measurements in biological 

tissue with given optical properties and source distribution is well understood and is often 

solved in a finite element paradigm.  That is, the domain is discretized into spatial voxels, 

here in the form of 3D tetrahedral elements, each vertex of which (a “node”) is capable of 

being modeled with distinct optical properties (see section 2.9.1 Finite Elements).  The 

inverse problem surrounding the reconstruction of optical properties when optical 

measurements are made is a much more difficult problem.  First, the problem is often 

underdetermined because the imaging space is discretized into a few hundred or a few 

thousand spatial nodes, each of which can carry its own optical properties, and there are 

often far fewer measurements made than nodes.  Second, the high scattering of light in 

tissue means that as photons scatter in the medium they lose significant amounts of 

information.  Third, much of the data collection is in a single plane, whereas the tissue 

optical properties are 3 dimensional in nature and not easily recovered by limited 2D data.  

The low number of data points relative to the number of nodes means that the problem is 

often ill-conditioned.  The high scatter and loss of information means that the inverse 

problem is very sensitive to noise and thus ill-posed.  The problem being ill-posed means, 

in part, that there is not a single unique optical properties map for a given set of optical 

measurements at the surface of a subject because too much information is lost due to 

scatter, and at best, it may be possible to find a global minimum solution, but there could 

be many local minima which are possible as well.  This type of problem must be solved 



 30 

in a regularized manner, as will be discussed. This is also why we do not recover 

structural information per se.  What we get is a map of distribution which suggests the 

location of fluorescent contrast rather than recovering the definite location of the contrast 

agents (see, for example, Figure 2, (90)). 

 

 

Figure 2.  Diffuse fluorescence tomographic reconstruction in rat body model from 
tomographically measured data of light transmitted through the head. 

 

 In the limit where the absorption due to the fluorophore is much smaller than that 

due to endogenous agents, we can model the predictive measurement of fluoresced light 

by a single linear matrix, the Jacobian  , which maps differential changes in the 

fluorophore concentration to differential changes in collected light amplitude at the 

emission wavelength at the surface of the subject.  Using the Green’s function 

formulation in a finite element scheme, we define this matrix at time   as (5, 91-95): 

   
   

      ⃗    

   
   ∫    (∫          ⃗       

           )      ⃗   ⃗   
            ( 5 ) 
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where    is the quantum yield at finite element node  ,   corresponds to a detection 

location,     is an excitation field calculated using the FEM, and   is an emission 

Green’s function.  In the perturbative limit of the above differential equation, for a given 

time   

       ,                                                            ( 6 ) 

where    is the data vector for time  .  This is the linear system to be inverted to recover 

fluorescence contrast.   

 The de facto standard on which to reconstruct fluorescence distributions is 

currently the continuous wave (CW) formulation of this problem, where all temporal 

information is integrated out due to simplicity in the acquisition(5, 92-94, 96).  In this 

case, the above system is no longer associated with any kind of temporal information, 

simplifying equation 5.  However, in order to exploit the use of the time domain 

information, it is possible to simultaneously combine the temporal information at 

multiple time points.  To this end, new parameters   and   are defined such that 

   [
  

 
  

]      and      [
  

 
  

],                                                  ( 7 ) 

where   is the maximum number of time bins through electronic gating of the signals(78).  

Combining all these time domain bins simultaneously, taking into account that the 

fluorescent distribution is time invariant, then 

    .                                                                      ( 8 ) 

 This forward model matrix already takes into account the fluorescent lifetime, but 

not the intrinsic differences caused by the measurement process.  This effect caused by 

the instrument, known as the instrument response function (IRF), smears out the temporal 

characteristics of pulse measurements.  It is measured as a distinct characteristic of every 
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instrument and convolved into the Jacobian matrix to bring the ideal model closer to the 

measured reality.   

  

2.5 Construction of a Data Vector 
The construction of the data vector is also non-trivial.  A point in the data vector   is 

formed by taking a ratio of the measured emission fluence over the time-integrated 

measured excitation fluence at a given source detector pair.  This is often described as the 

Born ratio in FT(97-99).  This ratio is then multiplied by time-integrated excitation field 

data modeled by setting the optical properties of the mesh on which we do reconstruction 

to be homogeneous.  Thus, 

  
   

     
    ⃗     

∫     
    ⃗        

  ∫     
    ⃗        .                                   ( 9 ) 

 The Born ratio approach to FT has proven to be a valuable tool in the ability to 

accurately recover fluorescence distributions.  The most obvious consequence of this 

technique is that it is no longer necessary to know the absolute intensity calibration for 

each detector in an FT system.  Instead, it is only necessary to calibrate the ratio of the 

fluorescent and transmission detection channels.  A more subtle (but more useful) aspect 

of using this ratio technique is that it mitigates some effect of optical properties mismatch 

between the simulated model and reality.  If there are regions on non-uniformity in the 

imaging domain, the fluoresced light and the non-fluoresced light will be similarly 

affected because the optical properties are not typically significantly different at relevant 

wavelengths – typically the difference between the excitation wavelengths and the 

fluorescent wavelengths is a few dozen nanometers at most.  When the ratio of the two 

light signals is taken, these domain effects are approximately divided out.  Multiplying by 
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simulated transmission light, as in the above equation, then creates a pseudo-fluorescence 

signal for image recovery. 

 

2.6 Levenberg-Marquardt Regularization 
 In principle, it is nearly possible to construct or measure a data vector which is 

free of noise, but practically this is not the case given the current technological 

limitations.  Additionally, because it is a diffusion problem, the inversion matrix is highly 

ill-posed, so small fluctuations in data from noise lead to very large perturbations in the 

resulting image field.  Further, there is no way to avoid machine precision errors because 

we are discretizing the imaging domain.  In addition, since we are performing image 

reconstructions based on the DA, we know a priori that there will be data-model 

mismatch, which mathematically can be considered as part of the noise.  To find an 

approximate solution to the system, we construct a cost function to be minimized.  We 

begin by producing a basic term with a norm residual of the form 

      ‖    ‖                                                        ( 10 ) 

Strictly minimizing this cost function in the least squares sense will produce major 

artifacts in the image reconstruction because we would fit directly to the noise, so we 

consider a perturbation of the form 

        ‖        ‖ .                                             ( 11 ) 

If we wish to minimize this cost functional, we consider a matrix derivative with respect 

to the data vector   and set it equal to zero. 

    [         ]                                                       ( 12 ) 

Rearranging the above, we get 

                                                                   ( 13 ) 
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We wish to calculate the perturbation  , which will minimize the cost function, but a 

strict inversion of the matrix     will severely propagate any noise in the        vector.  

This is the manifestation of the ill-posedness of the matrix  .  For this reason, we add a 

diagonal term onto this ill-posed matrix to stabilize the diagonal prior to inversion.  This 

gives an iterative update to the data vector of the form 

             [        ].                                            ( 14 ) 

The parameter   is called the regularization parameter and can be determined ideally if 

the data and model have fully characterized noise.  Since this is not the case, a posteriori 

estimates are often used to determine the ideal value.  This is the Levenberg-Marquardt 

(LM) algorithm.  There are many methods to find regularized solutions of ill-posed linear 

systems, but to date we have found this to be the most versatile and accurate. 

 

2.7 Tikhonov Regularization 
A similar development to the LM form of regularization is Tikhonov regularization, 

which is a form of regularization applied to a wide class of ill-posed problems(100-102).  

If the forward model   of an unknown parameter   is known, we still want to minimize 

the residual ‖      ‖, in the case of FT given by ‖    ‖.  Once more, since the 

problem is ill-posed and poorly conditioned, minimizing this functional directly will 

preferentially fit to the inherent noise of the system.  The LM regularization algorithm 

determines an absolute step in the regularized free parameter space, which will 

(hopefully) minimize the residual on repetition.  However, it is difficult to include any 

kind of a priori information directly into this algorithm.  To that end, it is common to 

seek to minimize a functional of the form: 

      ‖    ‖    ‖  ‖ ,                                             ( 15 ) 
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where λ is the regularization parameter and Γ is a regularization operator used to encode 

desirable, non-noise dominated traits in the free parameters. When this operator is chosen 

to be identity, LM regularization is recovered.  It will be shown in a later chapter that 

these regularization operators can include anatomical prior information.  Under a similar 

development to determine the update step in LM, it is possible to determine an update of 

the form: 

               [        ].                                      ( 16 ) 

 

2.8 Logarithm Transform to System 
 Light in tissue generally does not follow a simple Beer’s Law type decay; there is 

a nearly exponential decay component in the Green’s function with depth into the subject 

to be imaged, although this is only one part of the signal attenuation and only really 

applies as an approximation in the very far field. For the purposes of optical tomography, 

the signals used can be approximated as exponentially attenuated en route to the target 

site, as well as exiting before being measured.  The resulting measurement signal is 

therefore heavily dependent on the depth of the target, which in turn causes image 

recovery to be highly surface-weighted.  To help mitigate this problem, it is beneficial to 

perform image recovery on the logarithm of the data, which has a more linear response to 

target depth.   

 To do this, it is necessary to construct a new forward model matrix which maps 

differential changes in fluorescence concentration to differential changes in the logarithm 

of the data at the surface.  It can be constructed based off the previously discussed 

forward model matrix by using the chain rule: 

   
   

  
        

   

   
                                                              (    ) 
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For the update steps in the LM algorithm, if   is replaced with        , then   will be 

replaced with  

       ,                                                                ( 18 ) 

where   

       
 

  
  ,                                                         ( 19 ) 

and     is the Kronecker delta.  The   
   which populate   can be formed using the 

forward model matrix   and the current guess of the fluorescence yield distribution  .  

Since these values change with each iteration, it is also necessary to update      with each 

iteration.  This logarithm transform is a standard method in optical tomography and is 

used in every iterative FT reconstruction in this document. 

 

2.9 Computational Models 

2.9.1 Finite Elements 
 Computational tools that model physical objects typically require that the object 

be discretized into finite pieces.  While it is tempting (and relatively simple) to break a 

domain into a Cartesian grid or distribution of points, this is not always possible for 

realistic scenarios for several reasons.  First, rectangular (or rectangular prism) pieces are 

not the ideal basis with which to model curves and other complicated shapes (such as 

those appearing in living creatures).  Second, in order to model detail, it is necessary to 

use small pieces.  This means that if a domain is heterogeneous, with both large uniform 

fields and some regions with small details, it is necessary to model the large, uniform 

regions with the same small sized pieces sized pieces that are necessary to accurately 
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model the regions with detail.  This increases the computational burden and memory 

requirements for modeling.  Third, this approach also requires that areas with small 

amounts of change be discretized in the same way as areas with larger levels of change, 

specifically regions which experience locally small forcing functions or where small 

waves are expected. 

 For these reasons, it is beneficial to be able to discretize an imaging domain by 

using arbitrary basis shapes.  It is possible to use many different small discretizations, but 

for simplicity we shall consider the use of triangles or tetrahedra (depending on whether 

the problem is solved in 2D or 3D) because they can uniquely connect an unstructured 

field of points.  This is the most basic premise used in the application of the Finite 

Elements Method (FEM) discretization as applied in this work (103-106), as already 

briefly introduced. 

 It is outside of the scope of this document to fully develop the FEM.  In short, in 

linear approximations for the FEM, each node is given a basis “tent” function which is 

unity at the node site, falls to zero for adjacent nodes, and remains zero everywhere else 

on the domain.  This basis can be used to estimate any function on the domain.  There is a 

complete algebra for the differentiation or integration of functions in FEM, in the context 

of this document allowing us to model the propagation of light.  The FEM software used 

in this document is the NIRFAST package, an open source light modeling package 

developed at Dartmouth (47, 107, 108) and available at www.nirfast.org. 

 

2.9.2 Monte Carlo 
The FEM is a deterministic model used to approximate a known system of equations and 

imaging domain.  When examining light transport, however, the DA to the RTE can be 
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too large of a simplification, as it is known to be inaccurate near light sources.  Monte 

Carlo (MC) methods, on the other hand, use repeated stochastic modeling to find 

solutions.  The RTE is difficult to solve directly, but we do know the rules for how 

photons are likely to move in an imaging domain.  For example, we know the most 

probable distance between scattering and absorption events (determined by the scattering 

and absorption coefficients, respectively), and the probability density for the scattering 

angle (the phase function).  Repeated sampling and tracking of photon packets allow us 

to build a probability map of the likely photon distribution given a source location and 

the optical properties of the domain(81, 86, 87, 109-111).   

 MC methods typically require more operations and are more time consuming than 

FEM methods, although they do not necessarily require as large a computational 

footprint; one photon packet at a time can be tracked rather than inverting FEM matrices 

on an entire imaging domain.  Since the method is stochastic, it requires the repeated 

sampling of photon packets in order to build up a statistically significant history.  It is 

typically necessary to use millions, or even billions, of photon packets per source position 

to have reasonable results.  This problem is only amplified on relatively large domains 

such as those used in optical tomography.  Moreover, since optical tomography typically 

uses many source locations, and since many reconstruction methods are iterative and 

require the calculation of many forward models, this method can often take a 

prohibitively long time.  Thus, throughout most of this work, Monte Carlo modeling was 

not used as a main tool for forward computation.  
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2.10 Singular Value Analysis and Condition Number 
 For any m-by-n matrix   that maps data from its data space to its image space, it 

is possible to construct a decomposition of the form 

      ,                                                                ( 20 ) 

where   is an m-by-m unitary matrix whose columns form a basis of what is called the 

data space of  ,   is an n-by-n unitary matrix whose columns form a basis of what is the 

image space of  , and   is an m-by-n diagonal matrix with positive semi-definite values.  

The elements on the diagonal of   are known as the singular values of the matrix  , and 

are the magnitudes with which   maps the basis elements of the image space to the basis 

elements of its data space.  If the matrix   is square, this process reduces to an eigenvalue 

decomposition. 

 Figure 3 shows representative modes from a sample Jacobian used in FT.  The 

Jacobian is built on a round, 15mm diameter imaging domain using 32 source positions 

equally spaced in the geometry of the x-ray CT guided fluorescence imaging instrument 

in Chapter 3.  Similar to the Fourier transform, the largest singular values correspond to 

the lowest frequency components of both the data and image space – that is, most 

functions are dominated by low frequency components.  Figure 4 similarly shows the 

data space modes which are mapped from the image space modes in Figure 3.  As the 

mode number increases, so does the high-frequency information.  Figure 5 shows the 

singular value spectra for the same sample Jacobian.  The amount of decay in this 

spectrum indicates that the matrix is rank deficient.  Further, this significant decay 

indicates that the inverse problem is sensitive to noise. 
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Figure 3: Typical image space singular value modes for a fluorescence tomography 
Jacobian on a round imaging domain with 32 equally spaced source locations and 5 
transmission detector locations. 

 
 

 

Figure 4: Typical data space singular value modes for a fluorescence tomography 
Jacobian on a round imaging domain. 
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Figure 5: Normalized singular value spectrum for a fluorescence tomography Jacobian on 
a round imaging domain as shown in previous figures. 

 

 To more closely examine the sensitivity of the inverse problem to noise, consider 

the system     , where   is a known model matrix,   is a known set of measurements 

and   is the image vector which we wish to recover.  Since   and   are unitary and   is 

diagonal, an inverse can quickly be defined using  

         ,                                                          ( 21 ) 

meaning 

              .                                                  ( 22 ) 

The matrix     is a diagonal matrix populated by the inverse of the singular values of  .  

This means that when taking a strict inverse of  , the high frequency components of the 

data vector will be amplified into the recovered image.  For this reason, the ratio of the 

largest singular value to the smallest one, a quantity known as the condition number of a 

matrix, can be a useful estimate of the sensitivity of a system to noise.  Condition 

numbers of FT Jacobians is approximately 1016.  Since no measured data vector is 

without noise, and since we know in the case of FT that there is inherent noise due to a 
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model mismatch, inverting this system will always be extremely sensitive to noise.  This 

is the basis for the need of regularization. 

 

2.11 Ill-Posedness of the FT Inverse Problem 
 For a problem to be well-posed in the Hadamard sense, it must fit three conditions.  

First, a solution must exist.  Second, the solution must be unique.  Third, the solution’s 

behavior must change continuously with continuous changes in the initial conditions.  

The inverse problem surrounding FT is widely considered to be ill-posed, and definitely 

will be in every diffuse recovery presented in this document.  Typically, the image space 

of the Jacobian operator is sized in the hundreds or thousands, due to the number of finite 

elements nodes chosen to discretize that space.  The data space is typically much smaller, 

often by an order of magnitude.  Since the system is vastly underdetermined, there cannot 

be a unique mapping from the data space to the image space, shown in a schematic form 

in Figure 6. 

 

Figure 6: Schematic diagram of the relative dimensions of the image and data space in FT. 

 
 The clear rank deficiencies visible in the singular value spectra of Jacobians only 

serve to augment this issue.  Due to the diffuse nature of light in tissue, there are typically 

many measurements that probe the same regions.  While this can serve to improve 

imaging characteristics by improving noise, it means that many of the measurements in 
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FT carry redundant information.  This redundant information also causes non-uniqueness 

in inversion.  
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3. Imaging Systems for Hybrid Imaging 

3.1 Overview of Current Small Animal Imaging Technology 

  

The use of optical imaging methods for biomedical research in small animals is an 

established but ever-growing field. Many researchers choose to get functional or 

molecular information via optical methods due to its high specificity, relatively low cost, 

and ability to be integrated with multiple imaging types to maximize recovered 

information content. With a growing library of optical probes and the perpetual 

advancement of technology, optical methods are poised to see continued interest and 

improvement in the coming years. 

 
Figure 7.  Conceptual drawing of common imaging geometries. (a)Epi-illumination, with 
single light source and single detector [distribution] located on the same side of the 
subject, where light has scattered out of the subject.  (b) Trans-illumination, with light 
source and detector located on opposite sides of the subject, where light must traverse the 
subject.  (c) Tomographic, with multiple optical projections measured.  Relative source 
and detector positions may vary, changing the nature of the light collected. 

 There are three main forms of commercial imaging geometries used for optical 

imaging of small animals: epi-illimination, trans-illumination, and tomographic imaging. 

Epi-illumination describes an imaging geometry where the optical source and the 

detection device are on the same side of the sample to be imaged. Trans-illumination has 
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the detector placed opposite the light source with respect to the sample being imaged. 

Both of these methods are typically used to create a planar (2d) image. They can be 

coupled to structural imaging for various forms of spatial correction, but are intrinsically 

more limited than tomographic methods. Optical tomography is the process of taking 

optical projection data from the surface of a subject and using it to recover the 

distribution of interior optical properties. Of the three main forms of optical imaging, this 

is the most accurate and quantitative because it is not as restricted by depth as the other 

forms. 

 

Figure 8:  Representative diagram showing the relative merits and shortcomings of epi-
illumination, transillimunation, and tomographic imaging techniques in small animals. 

 Anatomical information is often useful for depth correction in planar imaging. 

However, due to the lack of inherent structural information provided by highly scattered 

light, at least some form of surface profiling is absolutely necessary in tomographic 
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imaging. This can be done using multiple methods, including laser range finding, but is 

often done with established structural imaging modalities such as MRI, x-ray CT, or 

ultrasound. Finding the surface shape of a subject using these modalities is relatively 

straightforward and can be automated in a commercial imaging system. It is possible to 

include anatomical a priori information about the interior of a subject, but this requires 

human feedback to segment the imaging domain. 

 Historically, optical imaging times for small animals have ranged from a few 

seconds to hours. In recent years, there has been a push to perform more rapid 

measurements. This push closer to real time imaging is two-fold. First, faster imaging 

means higher throughput for large scale studies. Another reason for low integration time 

is to accurately examine pharmacokinetic properties. To date, much of the field of optical 

imaging has been used to measure strictly the optical properties of an imaging domain, 

typically optical scattering and absorption. As the utility and sophistication of 

pharmacokinetic models increases, the corresponding instrumentation must accommodate 

the demand. This is a trend which can be seen in the industrial sector, although it is not 

currently a selling point of many instruments. 

 Optical imaging techniques have been used to measure endogenous optical 

properties, but are by no means limited to this application. There is an expanding library 

of optical probes and dyes to provide contrast in imaging and target specific biological 

processes. 

 A major movement in both the private and academic sectors is the ascent of light-

sound coupling, known by both photoacoustic tomography (PAT) and optoacoustic 

tomography (OAT). This method of imaging measures thermally excited acoustic waves 
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provided by the absorption of excitation light. The measurement of these acoustic signals 

facilitates the reconstruction of the distribution of optical absorbers. Photoacoustics are 

highly versatile, and have been applied over several orders of magnitude for imaging 

depths, from microscopy to bulk tomography. This method can also be performed 

multispectrally, increasing the possibilities of application. 

 

3.1.1 Commercial Sector 
 There are two categories of detectors which are currently most often used for 

optical imaging. The first and most prominent is the charged couple device (CCD) based 

camera. This is a useful tool for capturing a wide field of data simultaneously. CCD 

detectors can also be attached to fibers, which are directly coupled to the surface of a 

subject. Wide-field detection can pose a problem for tomographic reconstructions if the 

data set results in too large a computational load. The other main form of detection is 

based on photomultiplier tubes (PMTs). Currently, the ART Optix (www.art.ca) is the 

only widely available imaging system that uses PMT detection, where it relies on raster 

scanning of the imaging domain for detection. PMT detection is widely considered to 

have better sensitivity and lower noise, although CCDs can be cooled in order to quell 

this issue somewhat. PMTs are also associated with a single optical projection location, 

and thus will have a much more significant cost per data point. PMT based detection is 

also more widely associated with time domain imaging. 

 By far the most widely available method of imaging from commercially available 

systems is CCD-based planar imaging. Typically this is due to relatively low cost and 

high versatility. If a single CCD camera is used, it is possible to use a multitude of filters 

for spectroscopic detection. The main distinction between many of these planar systems 
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is the way in which excitation light is produced. As a light source, broad beam lamps 

offer the most wavelength options via filtration but are associated with cost constraints. 

For example, the PhotonImager from Biospace Labs (www.biospacelab.com), the iBox 

Scientia from UVP LLC (www.uvp.com), and the NightOWL II from Berthold 

Technologies (www.berthold.com) all use Halogen lamps of varying intensity. Similarly, 

the IVIS imager from Perkin Elmer (www.perkinelmer.com) uses a 150W Tungsten lamp 

and the Xtreme from Carestream (www.carestream.us) uses a 400W Xenon illuminator. 

On the other hand, laser diodes offer reliable and repeatable excitation at a known 

wavelength. Multiple LED’s can be (and usually are) mounted on an imaging system. 

 Another major point of separation between the various systems is the use of 

hybrid structural imaging for anatomical a priori information. Systems that have 

integrated structural imaging, or are capable of being integrated with existing structural 

imaging modalities, yield the possibility of meaningful structural co-registration with 

established spatial imaging methods. This is valuable since it improves the accuracy in 

diffuse imaging, and because it allows the user to examine optical reconstructions with 

respect to structural landmarks. Those systems with planar x-ray capability are shown in 

the table, for example. All tomographic imagers have some sort of structural imaging 

method, notably x-ray CT as in the BioFLECT/CT from Bioscan (www.bio-scan.com).  

 High throughput studies are limited by two major factors in optical imaging. The 

first is the amount of subjects which can be imaged in a single scan; not every instrument 

allows for the simultaneous imaging of multiple subjects. For example, tomographic 

imaging with multiple subjects simultaneously is simply not considered. The ART Optix, 

the Berthold NightOWL II, and the IVIS from Perkin Elmer, on the other hand, are 
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capable of simultaneous imaging of five subjects. The second limiting factor is the time 

taken to capture a single image. Currently, this value ranges anywhere from milliseconds 

to hours depending on the desired accuracy and the type of imaging which is being 

performed. It is difficult to say that these are strict bottlenecks because they are so 

entwined with the parameters of the problem. Epi-illumination might be sufficient for 

some longitudinal studies, whereas tomographic techniques are absolutely necessary to 

reliably image at depth.  

 Tomographic methods appear to be the most accurate and quantitative, but can 

suffer from much longer scan times than planar methods. However, as computational 

power increases and the noise characteristics of instrumentation become more favorable 

to fast imaging times, this will be less of a problem. As tomographic methods become 

faster and more reliable, they will be applied more and more with instrumentation 

available in the private sector. 

 There are several new commercially available systems which are capable of 

performing PAT. The Vevo from Visualsonics (www.visualsonics.com), for example, has 

multiple sonic transducers to engage multiple depths.  The Mustispectral Optoacoustic 

Tomographic imager series from iThera Medical (www.ithera-medical.com) is capable of 

150 um in-plane resolution and claims real-time whole body imaging capability.  The 

Nexus from Endra (www.endrainc.com) images in 3D and is x-ray CT coupled.  The 

TomoWave prototype (www.tomowave.com) uses combined Nd:Yag and Ti:Sapphire 

lasers for imaging.  This form of imaging is gaining significant interest because many of 

the systems are capable of real-time imaging.  



 50 

Table 1: Review of Commercial Imaging Systems 

 

3.1.2 Academic Sector 
 There is a great deal of interest in the academic sector for using tomographic 

approaches to improve quantification over planar methods, since planar methods are most 

effective for surface measurements. Specifically, planar methods are incapable of 

recovery for intraperitoneal or cranial targets. Most of the developing systems rely on 

tomographic imaging techniques. While PAT is certainly rising, fluorescent molecular 

tomography is by far the most used method for up-and-coming instruments. 

 The ideal goal in optical imaging would be to provide a fully rendered three 

dimensional recovery of the optical properties of interest. In order to acquire the most 

accurate image recovery, and in order to give it anatomical context, it is necessary to 

Instrument PhotonImager Spectral Ami Lago BioFLECT/CT iBox Scientia Optix IVIS

Company Biospace Labs Spectral Instruments ImagingSpectral Instruments ImagingBioscan UVP LLC ART Perkin Elmer

Versions RT  or  Optima Ami or Ami X Lago and Lago X BioFLECT/CT OptiChemi 600 , BioChemi HR 500MX3 200, Lumina, Kinetic

Applications Planar Y Y Y N Y Scanning Y

Multi-fluorophore separation Y Y  - Y Y

Bioluminescence Y Y Y N N N Y

Surface profiling  -  - N N Y Y

Tomographic N N N Y N N Y

Illumination Light Source 150W Halogen LEDs LED  - 150W Halogen or 150W Xenon1-4 diode lasers 150W Tungsten

Wavelengths selectable 10 wavelengths 14 wavelengths  - various filters 470, 635, 665, 735, 785nm4 -12 wavlengths

Epi-illumination Y Y Y N Y Y Y

Transillumination N N N Y Y N Y

Detection Sensor ICCD  (18/25mm) back thinned CCD back thinned CCD APDs CCD PMT back thinned CCD

Temperature  -25C  -90C  -90C  -60C 20-26C  -90C

Wavelengths 6 or 10 Vis/NIR 20 Vis/NIR 20 Vis/NIR multispectral 5 Vis/NIR, UV 12 Vis/NIR 28 Vis/NIR

Dynamic range (logs) 5  6-7  16 bit DAQ 16 bit 90dB (30 bit equiv) 16 bit

Imaging time microsec-sec sec-min  - 1-60 minutes sec-min minutes sec-min

Multi-modal White light imaging  - Y  - N Y Y Y

x-ray included CT Planar Planar CT N N Planar

Multimodal Coupling capable  - N  - MRS, SPECT, X-CT, PET, SONICN Y Y

Animal Handling Anesthesia Hookup Y  - Y  - Y Y Y

Temperature Control Y  - Y  - Y Y Y

Number of Animals Capable  -  -  - 1 1 or 2 5 5

Instrument IVIS FMT Maestro Pearl NightOWL II Xtreme

Company Perkin Elmer Perkin Elmer Perkin Elmer LI-COR Berthold Technologies Carestream

Versions Spectrum, SpectrumCT 1000, 2000, 4000 Maestro EX & 2 Pearl Imager, Pearl ImpulseLB 983 Back-illumated 4MP or fron-illuminated 16MP

Applications Planar Y Y Y Y Y Y

Multi-fluorophore separation Y Y Y Y Y Y

Bioluminescence Y Y Y N  - N

Surface profiling Y Y Y  -  - N

Tomographic Y Y N N N N

Illumination Light Source 150W Tungsten 4 laser diodes 2 LEDs 75W Halogen 400W Xenon Illuminator

Wavelengths 28 wavelengths 635, 670, 745, 785 nm 340-750 nm 28 wavelengths 410-760 nm

Epi-illumination Y Y Y Y Y Y

Transillumination Y Y N N N N

Detection Sensor back thinned CCD back thinned CCD CCD CCD CCD CCD

Temperature  -90C  -55C 0C  -90C  -29C

Wavelengths 28 Vis/NIR 4 Red/IR wavelengths 500-950 nm, tunable 2 Red/NIR 520-820 nm, based on filters4 Vis/NIR 535-830 nm

Dynamic range (logs) 16 bit 16 bit ? 12 bit  - 16 bit 16 bit

Imaging time sec-min minutes seconds sec-min msec-hours minutes

Multi-modal White light imaging Y Y Y Y Y Y

x-ray included N Planar N N N Planar

Multimodal Coupling capable Y Y N N N N

Animal Handling Anesthesia Hookup Y Y Y Y Y Y

Temperature Control Y Y Y Y Y Y

Number of Animals Capable 1 1 3 1 5 5
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bolster the optical data with structural imaging. Lin (112-115), Tichauer (78, 116), 

Kepshire (117, 118), and Schulz (119-121) have all examined the support of fluorescence 

tomographic data with x-ray CT. However, it is often difficult to get accurate structural 

tumor contrast with x-ray CT, meaning a reliable image segmentation of a soft tissue 

region of interest can be difficult. In order to gain better soft tissue contrast, it is more 

appropriate to image using MRI. Davis (14, 122) and Ghijsen (72, 123, 124) coupled 

fluorescence systems with 4T MRI in order to gain soft tissue a priori information. The 

resolution recovery of these structurally-supported imaging methods is certainly 

improved over diffuse methods since the ill-posedness of the recovery problem decreases. 

That is, since the diffuse recovery is informed by steadfast structural information, the 

amount of uncertainty allowed in the recovered solution will decrease. It is not 

uncommon to see image reconstruction algorithms which assume virtually no information 

about the interior of a subject. If information about the interior of an imaging domain is 

unavailable or unknown, it is useful to gather information about the exterior surface 

shape of a subject. In order to gain exterior surface shape only, Guggenhein (125) and 

Lapointe (53) both employ the use of surface capture techniques. 

 Lapointe (53), Tichauer (78, 116), Kepshire(117, 118), and Valim (126, 127) use 

PMTs coupled to time correlated single photon counting (TCSPC, Becker and Hickl) 

boards for optical tomography. Kepshire /Tichauer use two picosecond-pulsed 80-MHz 

multimode laser diodes (PicoQuant Photonics North America Inc. Westfield, MA). Valim 

excites with a custom laser at 80 MHz (Koheras SuperK Power, NKT Photonics, 

Birkenrod, Denmark) and uses filtration techniques to reduce the pulse width to 30 ps. 

Lapointe uses a mode-locked Ti:sapphire laser (Tsunami, Spectra-Physics, USA), which 
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produces 4ps pulse width. Venugopal (128, 129) uses an ultrafast gated intensified CCD 

(Picostar HR, LaVision GmbH, Germany) for time-resolved spectroscopy. The system 

excitation is also provided by a tunable Ti-Sapphire laser (Mai Tai HP, Spectra-Physics, 

CA, USA), which produces 100fs pulses. There is currently significant work being done 

on the use of time domain methods in optical tomography, but the relatively high cost of 

the necessary equipment is not yet entirely justified by the improvements provided by 

time domain data.  

 It should be noted that some systems are constructed and advanced with specific 

functional goals in mind. Lin and Ghijsen (72, 123, 124, 130) have both put forth systems 

constructed to target ICG. Davis is working on pharmokinetic measurements using 

tomographic techniques (131). Vinegoni is using optical projection tomography (OPT) to 

map molecular agent distributions in hearts (132). In Zettergren(133, 134), molecular 

flow imaging is performed using dual 642nm lasers (DL640-050-O, CrystaLaser, Inc., 

Reno, NV). The resolution is known to not be very high, but the sensitivity is maximal 

due to fiber-coupled (Chroma Technologies), PMT-based (H9530-01, Hamamatsu 

Photonics, Japan) detection. There is no need for high resolution in this case since the 

goal is to get molecular data.   

Leaps are also being made in photoacoustics. Mattison, et. al. have shown that on 

zebrafish, PAT can perform with higher resolution than CT or MR (135). Buehler 

showed a system whose frame rate was limited mostly by the repetition rate of the laser, 

to 10 Hz in real time(136, 137). Several groups have explored the use of carbon 

nanotubes as contrast agents for PAT (138-140), as well as the use of capacitive 
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micromachined ultrasonic transducer (CMUT) technology to improve measurement (141-

143). Rajian et al used PAT to measure inflammation due to arthritis(144-146).  

Table 2: Review of Academic Imaging Systems 

 

3.1.3 Conclusion 
 To date, there has been little research done with respect to the limits of what 

quantification can be achieved using optical methods. It has been established that trans-

illumination imaging is likely more accurate than epi-illumination and that tomographic 

methods are likely more accurate than basic trans-illumination imaging. Many individual 

imaging systems have been characterized to show the limits of their capability. However, 

to the author’s knowledge, there has been no work published on the fundamental limits of 

optical methods with respect to quantitative accuracy and resolution as a function of 

imaging system geometry and subject size.  

The use of structural prior information to date has always involved an image 

segmentation of some kind. Most often, this segmentation is used to perform optical 

reconstructions whose regularization is region-based, where there is a penalty term for 

having non-uniform regions. However, in order to minimize errors caused by 

segmentation and human interaction, it would be desirable that segmentation would not 

be necessary. A method of regularization which encodes structural images without 

segmentation would be a significant advance. 

First Author Application Structure Illumination Make / Company Detection Make / Company

Vinegoni OPT - Wide-field  - CCD  - 

Bjorn FMT US/XCT pumped solid-state laser CNI, Changchun, China CCD Hamamatsu Photonics

Schulz FMT XCT 2X Diode Laser B&W Tek, Newark, DE CCD Pixis 512B, Princeton Instruments

Davis FMT MRI Diode Laser Applied Optronics, South Plainfield, NJ CCD Pixis 400F, Princeton Instruments

Tichauer FMT XCT 2X Diode Laser PicoQuant Photonics PMT H7422P-50, Hamamatsu Photonics

TCSPC Becker & Hickl

Guggenheim DOT / BLT Surface  -  - CCD ImagEM, Hamamatsu

Venugopal FMT / DOT - tunable Ti-Sapphire laser Mai Tai HP, Spectra-Physics gated CCD  - 

Zettergren FMT None 2X Solid State Lasers DL640-050-O, CrystaLaser, Inc. PMT H9530-01, Hamamatsu Photonics

Lin FMT/DOT XCT 2X Laser 75 mW, Thorlabs; 150 mW, Intelite.Inc CCD  Cold Blue, Perkin Elmer

Ghijsen FMT MRI Laser Diode  - PMT  R7400-20, Hamamatsu Photonics

Lapointe DOT/FMT Surface Ti:sapphire laser Tsunami, SpectraPhysics, USA PMT PMC-100-20, Becker & Hickl

TCSPC Becker & Hickl

Valim DOT - Supercontinuum Laser Koheras SuperK Power, NKT Photonics PMT PML-16-C, Becker and Hickl

TCSPC  SPC-130, Becker and Hickl
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The library of available probes for optical tomography in small animals is 

constantly growing, but the information surrounding the utility of these probes is 

incomplete. It would be very useful for the field to have a complete study of a dye or 

probe to make sure that the accumulation occurs where it is expected and at the expected 

concentration. This can be accomplished using injection and cryoslicing, but would not 

necessarily be a small study. On a related note, there is room for improvement in 

pharmacokinetic imaging using diffuse optical methods (specifically FMT).  The 

hallmark of useful data for this sort of study is the speedy acquisition of accurate 

measurements, which is the goal of in vivo imaging in the first place.  

  Many of the CCD-based data systems provide thousands of optical projection data 

points per imaging session. For a tomographic reconstruction, this can increase the 

computational load to levels which are no longer tractable. A proven, reliable method of 

down-sampling large fields of data would be useful for the community to decrease the 

computational burden in reconstruction. If a maximum number of data points which 

could be handled by the computation software were known beforehand, it would also be 

useful to have a method which isolates that subset ideally. 

The utility of time domain techniques is not yet fully supported. It is entirely 

possible that as time domain detection improves, that time domain data will become more 

valuable, especially weakly scattered (or “early”) photons, a form of imaging which has 

not seen significant work in the past few years outside of Valim, et. al. Time domain 

information offers another dimension of rich data which can be used for imaging, but the 

application of this technology has not yet shown significant improvements over 

conventional methods in vivo. 
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One question that must be addressed by the community is the question over what 

constitutes a valuable figure of merit. There is often a disconnect between the figures of 

merit used by the academic imaging research community and the target researchers using 

the methods and instrumentation developed by the imaging research community. For 

example, some research methods have been supported by the consistency with which a 

diffuse optical reconstruction has a full width at half maximum (FWHM) intensity which 

corresponds to the actual target size. The diffuse image recovery problem is known to be 

affected by regularization parameter and data processing, indicating that this may not be a 

reliable figure. Moreover, optical methods are often supported by structural imaging 

modalities, where the target size is often known a priori. Optical imaging methods are 

meant to be functional or molecular in nature. The research community should be 

emphasizing accuracy in functional information or contrast values, not necessarily 

accuracy in size. 
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3.2 Anatomical A Priori Information Included in Regularization Operators 

3.2.1 Diffuse Priors  
As mentioned in the Chapter 2 of this document, it is possible to include anatomical prior 

information, such as that obtained by structural imaging modalities like x-ray CT, MRI, 

or ultrasound, into fluorescent recovery.  This is performed in the Tikhonov 

regularization paradigm by constructing an operator to include into the regularization 

term of the objective functional to be minimized,       ‖    ‖    ‖  ‖ .  This 

operator is constructed to encode favorable characteristics in the reconstruction of x from 

data set d, given a calculated Jacobian matrix,  .  For example, if the regularization 

operator,  , is taken to be the identity matrix, then it enforces that the 2-norm of the 

recovered solution (the resulting second term of the functional) be preferentially 

minimized.  As the value of   increases, this has the effect of smoothing out the 

recovered solution and avoiding large changes in  .  This is known as “diffuse recovery,” 

or a “no-priors approach,” and is typically required for all problems where the forward 

transport problem is diffuse, leading to a   matrix with high condition number.  

 Anatomical information can be included in a regularization operator   by first 

performing image segmentation to create a structured parameter, which can be encoded 

into  .  Image segmentation is the process of assigning every pixel in an image to be part 

of a distinct region.  For an example, see the segmentation in Figure 9.  In anatomical 

images, this often takes the form of assigning regions of kidney, lung, brain, tumor, etc.   
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Figure 9. (a) MRI image of mouse torso with Gadolinium-enhanced contrast in target. (b) 
Sample segmentation of image. (c) Finite elements node discretization and co-located 
source-detection locations. 

3.2.2 Soft Priors 
Once the segmentation is performed, a finite elements mesh can be created 

(Figure 9c).  Then each finite element node can be assigned to belong to one of the 

distinct regions in the image.  Since each region is assumed to be composed of somewhat 

uniform tissue, it is a reasonable assumption that the regions will have somewhat uniform 

fluorescence recovery.  The inclusion of anatomical priors to enforce regional uniformity 

can be done in two forms.  The first is called “soft priors” and involves a slight 

modification to equation 15.  A soft priors regularization matrix   can be constructed to 

promote uniformity by region using: 

    {

                                                           

 
 

  
                                        

                                                       

,                                ( 23 ) 

where    is the number of nodes in region  .  This is called Laplacian soft priors 

regularization because the expansion of ‖  ‖  looks somewhat like the effect of a 

Laplacian smoothing kernel. 
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3.2.3 Hard Priors 
The other method used to include anatomical information to encode regional uniformity 

is known as “hard priors,” and consists of strictly assigning every node in a particular 

region to have uniform value.  This is accomplished by constructing a matrix operator   

which maps the individual node space into a region space of diminished dimension(147).  

We define it as follows: 

    {
                                
                                       

 .                                       ( 24 ) 

The operator   has dimensions n-by-r, where r is the number of distinct regions.  

Equations of the form of the Levenberg Marquardt update will now have     , and 

   ̃, where  ̃ is an r-by-one vector containing one uniform value for every region.  

Otherwise, the algorithm is unchanged. 

 

3.2.4 Representative Simulation for Prior Information 
 The finite elements mesh of Figure 9 was used in a representative fluorescence 

recovery example.  For this simulation, eight co-located source detector positions were 

placed with regular angular distribution about the subject. For each source excitation, 

data was sampled at all locations except the excitation location. This results in seven 

optical projection measurements per excitation and fifty-six total optical projections. A 

fluorescent target was constructed in the region corresponding to highest grayscale value, 

so that the contrast to background ratio of the inclusion was three (Figure 10a). One 

percent Gaussian noise was added to the simulated data before the construction of a 

Born-normalized data vector used to recover the fluorescence distribution. 
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Figure 10. (a) The target image used for simulation with the line profile location seen in 
figure (3). (b) Hard priors reconstruction of the simulated data. (c) Image reconstruction 
with no structural anatomical knowledge other than outer edge location. (d) 
Reconstruction using the grayscale regularization method DRIFT. (e) Reconstruction 
using soft priors and the segmentation from Figure 9. 

 Fluorescence recovery was performed using each of the regularization schemes 

described above.  In addition, a scheme proposed in a later section was used.  Since it has 

a dedicated chapter, the full development will not be shown here.  In short, this 

experimental scheme uses the anatomical image directly without an image segmentation 

being performed.  Here, it is labeled “grayscale priors,” but is known more readily as 

DRIFT (as described previously).  A line profile for each recovery method is shown in 

Figure 11 for the line shown in Figure 10a. 
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Figure 11. Reconstruction series profile plots of fluorescence sampled along the line 
shown in Figure 2a.  

 The line profiles and recovery images show that in this case, the stricter the 

regional recovery is, the more accurate the recovered result will be.  Why, then, would 

anyone bother using a soft priors approach?  The reason why the soft priors approach is 

still valuable is that hard priors can be too strict depending on how much is known about 

the imaging domain.  For example, suppose that a subject is known to have a brain tumor, 

and image guidance is available, but the tumor is not visible on an anatomical image.  If a 

hard priors approach is used, then the brain region will be assigned a single uniform value.  

On the other hand, if a soft priors approach is used, the tumor still will show contrast with 

respect to the rest of the brain.    

 

3.3 Imaging Workflow and Calibration Methods for Time Domain Diffuse Optical 

Tomography 
 
 In order to collect time domain fluorescence tomographic data, an optical imager 

was constructed at Dartmouth in conjunction with Advance Research Technologies (ART, 
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Montreal)(117).  The system is non-contact, meaning that there are no errors associated 

with poor fiber placement.  The detection of light used single photon counting 

photomultiplier tubes (PMT, Hamamatsu, Japan) and associated electronics.  In order to 

have the best time-domain capabilities for sub-nanosecond resolution, the PMTs are 

coupled to time correlated single photon counting (TCSPC) boards (Beckr & Hickl, 

Berlin), which systematically keep track of when each photon is detected, and bin the 

individual data spikes into a histogram of temporal bins.  The system is currently capable 

of simultaneously exciting with lasers of two different wavelengths, 635nm and 755nm, 

to resolve multiple fluorescent tracers.   

 The system was fully coregistered to an eXplore Locus microCT (GE Healthcare, 

UK), which is an x-ray CT constructed for small animal imaging as part of this thesis 

work.  Coregistration means that an algorithm was developed for rigid translation 

between the local coordinates of both instruments.  This allows the use of anatomical 

prior information in the reconstruction process, but also means that it is possible to 

automatically place source and detector locations on the surface of the finite elements 

mesh used in reconstruction. 

 The purpose of this study was to find the optimal way to calibrate this imaging 

system to collect time domain data and to provide an early algorithm for reconstruction 

which is described in the theory section.  The calibration can be outlined in a few steps, 

but a full description of the procedure is available in the manuscript(78): 

1. Measure the instrument response function by means of pulsed laser and a line 
diffuser to send light equally to all detection channels. 

2. Change optical filtration until the intensity in all detection channels is known to 
be equal, and use the resulting measurements to calibrate the born ratio to unity 
on the detection side. 
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3. Calibrate measured data to accommodate for intensity changes and drift in the 
laser reference channel. 

4. Use microCT image to create a finite elements mesh on which to reconstruct. 
5. Use microCT coregistration algorithm to place source and detector locations on 

the surface of the finite elements mesh. 
6. Use microCT coregistration and image to remove data which is corrupted by the 

location of the support rods of the imaging cradle. 
7. Perform optical reconstruction. 

 

3.3.1 Imaging Workflow for X-Ray CT Guided Imaging 
 The PMTs in the fluorescence instrument produce a temporal resolution of 

nearly 12.5 ps and provide an enormous dynamic range regulated by automatic laser 

exposure control. Time-domain detection is acquired at 5 locations on a rotating gantry 

that are separated by 22.5° and are arranged directly opposite an illumination source.  The 

dual fluorescence and transmission channels can collect data simultaneously, meaning 

that Born-ratio data is uncorrupted by artifacts caused by making fluorescence and 

transmission measurements at different times. 

 

Figure 12: Schematic diagram of the fluorescence imager from (90), illustrating the laser 
source launch from one location, with the pickup of emission in the transmission 
geometry through the head of the animal.  The ring gantry rotates around the animal. 

 The ability to recover low-contrast targets is limited in fluorescence 

tomography, and the spatial resolution is well known to be modest at best.  As a result, a 

great deal of effort has gone into improving the conditioning of the system by use of 
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anatomical priors as a spatial template for recovery.  In particular, we have used the 

spatial information provided by a GE Healthcare eXplore Locus microCT (Figure 13). 

 

Figure 13:GE eXplore Locus MicroCT (left).  Non-contact fluorescence imager gantry 
with optical phantom (right), where the subject bed can be moved from one to the other 
without disturbing the animal lying on it. 

 

 In order to use the structural information gathered by x-ray CT imaging, it is 

necessary to co-register the microCT and the fluorescence imager. Co-registration (short 

for coordinate registration) is the process of determining a translation/rotation 

mathematical operator to transform spatial information from the local coordinates of one 

instrument to those of another.  Here, this is accomplished by determining the location of 

a point of interest in both local coordinates, as well as exploiting the symmetrical 

geometry of the fluorescence imager. 

 The co-registration of the two instruments is a preliminary step of the 

workflow from imaging to reconstruction.  After the registration steps, imaging is 

performed on both the microCT and the fluorescence imager.  A finite elements method 

(FEM) mesh is created from a three-dimensional reconstruction of structural information 
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from the microCT.  This mesh and the Born-normalized fluorescence data are used in 

NIRFAST to perform fluorescence recovery.  Tools have been developed to automate 

this process in order to facilitate ease of use by people of diverse academic backgrounds.   

 

3.3.2 Co-registration Principles 
 The microCT used in this work is capable of producing three-dimensional 

reconstructions of spatial information with sub-millimeter resolution.  Images produced 

from this reconstructed volume can be exported in digital imaging and communications 

in medicine (DICOM) format.  This format is used in our work because it carries its own 

native coordinate system for the image information (see appendix).  The coordinate 

system in the microCT is oriented such that the z axis is parallel to the path of the linear 

stage which holds the imaging cradle, and the x and y axes are horizontal and vertical, 

respectively, in the lab frame.  At the beginning of this study, the fluorescence imager 

was not associated with local coordinates. 

 In principle there are six degrees of freedom to transform between two three-

dimensional coordinate systems if we assume an affine transform: three rotational 

degrees and three translational degrees.  In this study, the rotational degrees of freedom 

are neglected because the coordinate system for the fluorescence imager is assumed to 

have the same spatial orientation as the microCT: the z axis is parallel to the translation 

stage of the imaging cradle/bed with x and y axes defined similarly.  The origin was 

assumed to be at the geometrical center of the rotating gantry in the same plane as the 

laser and detectors because this could be adjusted in the initial hardware calibration.  

Only the three translational degrees of freedom were focused on here, as a fixed map 

translation between the two systems. 
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3.3.3 X-Y Translation 
 The x-y translations were determined by exploiting the rotational symmetry of 

the fluorescence imager's rotating gantry, and relied on knowing the location of a point of 

interest in both coordinate systems.  An imaging phantom that exhibited rotational 

symmetry was physically determined to be at the geometrical center of the fluorescence 

imager [the point (0,0) in the Cartesian coordinates of the x-y plane].  The phantom was 

then imaged in the microCT.  We applied binary thresholding to the gray-scale data of an 

x-y slice and used moment analysis to determine the "average" location of the pixels, 

which was assumed to be the geometrical center.  Since we knew the location of the 

geometrical center of the phantom in the x-y plane of both coordinate systems, it 

followed that is was possible to determine the x-y translation.  It should be noted that 

while this translation may have to be periodically calibrated, it is essentially constant 

since the hardware design of both systems have a fixed geometry between source-

detector and animal cradle/bed. 

 

Figure 14:  A discretized cross-sectional image of a cylindrical phantom with the 
geometric center marked in red. 
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3.3.4 Z Translation 
 Determining the translation in the z direction was not as straightforward.  The 

subject to be imaged rests on an imaging bed, which is mounted on an arm.  This whole 

apparatus can be moved from one instrument to the next to avoid as many motion 

artifacts as possible.  However, the location of the arm in both systems relies on the 

movement of a linear stage to place the subject within the field of view of the imager.  

For both systems, multiple linear stage positions are always used, which introduces a 

non-constant parameter into the translation.  This hurdle was overcome by making a few 

assumptions about the local coordinate systems. 

 We began by assuming that there is a constant finite length associated with 

the z axis in both the microCT and the fluorescence tomography imager, defined as LCT 

and LFT, respectively.  That is, it is known that the linear stage positions in both 

instruments can only take on a limited range of values.  Similar to before, it was 

necessary to find the location of a point of interest in both coordinate systems and then 

produce a translation equation.  The point of interest, whose location we determined in 

both systems, was the end of the rotationally symmetric imaging phantom.  We similarly 

assigned zCT and zFT to be the z-coordinate of this location of interest.  This phantom, 

which has length Lph, is mounted on the imaging arm that can be translated between the 

two instruments.  The arm has length Larm. The position of the linear stage that governs 

the motion of the imaging arm was defined for both systems as LSPFT and LSPCT.    So, 

accounting for all lengths inside either system, we know 

LCT = LSPCT + Larm + Lph + zCT                                                                      (25) 

and 
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LFT = LSPFT + Larm + Lph + zFT.                                             (26) 

We placed the phantom on the arm in the fluorescence imager so that the end was located 

at the center of the gantry.  Thus, we know that the point of interest was at the origin in 

fluorescence imager coordinates zFT = 0.   After manipulating the above equations we 

find 

zCT =  LSPFT -  LSPCT + (LCT – LFT).                                           (27) 

 We do not know LCT or LFT, but we know that they were both constants.  Thus 

we know that their difference (the term in parentheses) is constant. The numerical value 

of this term was then determined empirically by repeated careful measurements of the 

imaging phantom in both systems and was discovered to be approximately 48 mm. Thus, 

if we record the linear stage position in both instruments, we are able to determine the z-

coordinate translation at any point of interest. 

 

3.3.5 Additional Translation Correction due to use of GE eXplore Locus MicroCT 
 The translation algorithms up to this point are transferable to other pairs of 

instruments.  However, there are two additional considerations which are necessary to 

introduce when using the GE eXplore Locus microCT.  First, there is the translation to 

get from the 3D volume file exported by the microCT software (the .vff file extension) to 

the DICOM stack that it produces; the coordinates of both are not the same.  The most 

notable difference is that the reconstructed volume has a right-handed coordinate system, 

and the DICOM stack has a left-handed coordinate system.  To go from the volume z-

coordinate to the stack z-coordinate, it was necessary to subtract the volume z-coordinate 

from the maximum field of view length which was associated with the volume and, in our 

case, was approximately 82 mm. 
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Figure 15: Demonstration of the effect of local GE-based field of view coordinate 
correction. Rectangles show the field of view of the sub-volume while the colored 
distributions represent the discretization of the cross-sectional image of a mouse phantom. 
 
 There is also a shift in the local coordinates going from the full field-of-view 

in the CT volume reconstruction to a sub-volume reconstruction.  That is, in order to be 

able to reconstruct a small volume with high-resolution, reconstruction of the entire field 

of view inside the microCT with low resolution is needed in order to choose an 

appropriate sub-volume.  Then a three-dimensional sub-volume is chosen using the 

region of interest tool in the proprietary GE software associated with the scanner.  Then 

the program to reconstruct only that smaller volume is used because choosing a small 

field of view also decreases reconstruction time and memory use.  In the process, 

however, a shift in the coordinate system was observed, i.e. the location of a point of 

interest in the full field of view in CT coordinates did not necessarily match with its 

coordinates in the sub-volume.  The method used to rectify this situation was to translate 

the x-coordinate of the sub-volume reconstruction by a distance equal to twice the 

distance from the center of the sub-volume reconstruction to the center of the full-volume 

reconstruction, meaning the center of the sub-volume was translated about the center of 
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the full field-of-view.  It should be noted that this is not a reflection.  The effects of such 

a correction can be seen in Figure 15.  In Figure 16a, display of the layout for 

determining all coordinate transformations is shown. 

 

Figure 16: Conceptual flow of determining all co-registration values. 

 

Figure 17: Pictorial representation of co-registration is shown, with data from the CT 
(left) and the optical sytem (right). 
 



 70 

3.3.6 Imaging Workflow 
 A streamlined workflow has been derived for the microCT-coupled 

fluorescence imager to allow users to perform image-guided FT.  The process begins by 

performing a scan in both instruments, making sure to record both linear stage positions.  

The x-ray projection data is tomographically reconstructed into a structural volume map, 

which is exported as a stack of DICOMs using the GE MicroView software package. 

 A software package has been developed to interface with NIRFAST to create 

an FEM mesh from these DICOM images and perform a fluorescence reconstruction.  

The software begins by taking the linear stage positions of both instruments as input.  It 

uses this information to calculate the z-coordinate in the microCT of the plane imaged in 

the fluorescence imager (the zCT of equation 27).  It then pulls the z-coordinate associated 

with every DICOM image in the exported stack and isolates the one closest to the desired 

z position. 

 NIRFAST is capable of producing an FEM mesh from a binary mask (a map 

of which pixels belong to the imaged subject).  Our software takes the DICOM image and 

utilizes user-guided thresholding to create such a mask.  The mask is made continuous by 

applying hole-filling algorithms and noise removal and is then meshed using embedded 

NIRFAST tools.  The software then calibrates the fluorescence data and uses NIRFAST 

to reconstruct a map of the fluorophore concentration.  Figure 18 depicts the full 

workflow.   
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Figure 18: Flowchart of the full x-ray CT guided FT workflow starting with input 
data/images (green bubbles) through processing steps (blue squares), to get images (red 
bubbles). 

3.3.7 Removal of Background in Temporal Signals  

 

Figure 19: (a) Original time domain signals from TSCPC output, and (b) the time domain 
signal after background subtraction.  The referenced background region is highlighted in 
red. 
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 Every measured signal is associated with some amount of noise.  The time 

domain signals measured with the x-ray CT guided fluorescence imager mentioned above 

are clearly noisy (Figure 19a) due to the process of single photon counting with detectors, 

which have some associated dark current and electronics that can add in additional 

background noise.  Since some binning is always performed, it is not necessary to remove 

the shot noise and the Poisson counting noise associated with the signal.  However, it is 

valuable to remove the uniform background in the signal, which results from thermal 

noise, light corruption from room lights, and other electronic or local sources of current, 

because the magnitude of this background signal can change between successive imaging 

acquisitions.   This time changing signal can be due to room lights being turned off and 

on, blinking LEDs in the room or on the instrument’s computers, or the system warming 

up(78).    

 It is easy to think that the end of the temporal signal will be composed entirely of 

background.  For this reason, preliminary tests used a specific stretch of time (i.e. the 

4ns-5ns window) to represent a background region for all signals.  However, since the 

signal can drift in time, a robust background removal algorithm is difficult to isolate.  

Specifically, if the signal starts to drift off the maximum time span, the late times will not 

represent the background as much as the leading part of the signal.  However, if the 

signal drifts early, it is impossible to isolate the background that comes before the 

temporal pulse.   

 In order to robustly isolate a background region, the signal was convolved with a 

mean filter.  The default width of the filter was 0.7ns, but could be user defined.  The 

background level was taken to be the minimum value returned by this mean filtration – 
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that is, the noise level was taken to be the minimum mean value for a window of some 

user-defined size.  This means that the time span which is used for background can come 

from any part of the time signal, and can be attained automatically.  Figure 19 shows the 

results of a background subtraction, as well as the window used to get the background 

value. 

 

3.3.8 New Imaging Bed and Removal of Bed-Corrupted Data 
 An imaging bed (also called an imaging cradle) is a necessary piece of equipment 

to hold a living subject while it is being imaged in the fluorescence instrument.  Previous 

incarnations of this imaging bed have been completely rigid, with different beds for rats 

and mice.  In all cases, previous beds have been plastic or carbon fiber cylinder sections.  

These previous beds had holes cut in them to prevent optical data loss.  It would be 

tempting to think that a clear imaging bed would prevent this data loss, but light piping 

and refraction effects might occur, which result in corrupted data.  An ideal imaging bed 

must be able to accommodate subjects of multiple sizes, be transferrable between the 

microCT and the fluorescence imager, and subtend the smallest angle possible to prevent 

data loss. 
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Figure 20. New imaging bed. (a) Mouse phantom on fiberglass rods. (b) Phantom mount 
and multiple holes to mount fiberglass rods in a versatile fashion. (c) Bed after blacking 
and vertical translation stage. 

 With these ideas in mind, a new imaging bed was designed using fiberglass rods 

to support the subject (Figure 20).  The ability to mount multiple fiberglass rods 

simultaneously accommodates a range of sizes for small animals; typically three rods 

were used for rats and two were used for mice.    A phantom mount was added (Figure 

20b) to the imaging cradle to allow a phantom to be mounted for coregistration.  The bed 

was blacked (Figure 20c) to avoid noise due to optical reflections.  Figure 20c also shows 

a vertical translation stage (Thorlabs Inc.), which was mounted to the bed, since the 

fluorescence imager only allows for translations into and out of the rotating gantry 

without allowing for vertical positioning.  The use of this vertical stage allows a new 

range of motion to accurately place a subject to be imaged. 
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 Although the rods on which the subject rests will block much less than previous 

generations of imaging beds, they will still corrupt some of the signal.  However, because 

the fluorescence imager is co-registered with the microCT, it is possible to remove the 

data which is corrupted if the rods can be isolated.  Fiberglass rods were chosen for 

support partly for their strength, but primarily because they have a significantly different 

CT signal than tissue.  This allows the user to locate the rods using simple image 

segmentation tools.  Since the angular location of all of the optical data is known, and 

since the rod locations are known, the co-registration of the systems allows us to both 

remove the rods from the image segmentation used to make the finite elements mesh and 

to also remove the corrupted data as a result (Figure 21). 

 

Figure 21:  The effects of rod removal.  (a) A naïve segmentation will include the support 
rods, corrupting the signal. (b) Body and rods are segmented separately with minimal 
user feedback. (c) Naïve FEM mesh with all data sampling locations in tact. (d) Rods and 
corrupted data have been removed. 
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3.3.9 Representative Results 
As described in reference (116), a mouse was inoculated with a U251 orthotopic glioma 

tumor orthotopically in the brain through needle injection of cells.  After several days, 

when the cells had grown into a solid tumor, the mouse was injected with 1 nmol of 

IRDye 800CW-EGF (LI-COR Biosciences, Nebraska, USA) and 1 nmol of Alexa Fluor 

647 (life Technologies, New York, USA) in 100 uL of phosphate buffer solution 12 hours 

prior to fluorescence imaging.  The IRDye 800 is targeted to epidermal growth factor 

(EGF) due to the known overexpression of that protein in U251 tumors.  The subject was 

imaged with Gadolinium enhancement on an MRI in order to clearly establish the size 

and location of the tumor and was then later imaged on the microCT, and subsequently 

on the fluorescence tomography imager (Figure 22).  The dual tracer technique used for 

contrast enhancement outlined in the dual tracer chapter of this document was used to 

further process the data.  Otherwise, the fluorescence recovery was performed using the 

methods outlined in this chapter. 

 

Figure 22. (a) Gd-enhanced MRI image of the mouse.  Arrow identifies tumor site. (b) 
Fluorescence recovery overlay with x-ray CT image used for guidance. 
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3.4 Summary 

The first section of this chapter presented an overview of small animal imaging systems 

that are currently being used in academics, as well as those currently available for 

purchase commercially.   This section provides an important level of context for the state 

of luminescence imaging.  Different forms of luminescence tomography are discussed 

along with their corresponding imaging systems.  The second section extends the 

discussion of the state of luminescence tomography by expounding on the various forms 

of established anatomical-guidance schemes.  This section also lays the groundwork for 

Chapter 6, in which a semi-automated anatomical regularization scheme is introduced.  

The last section of this chapter describes a specific fluorescence instrument with greater 

depth for future reference.  The calibration and data processing methods are transferrable 

to other imaging systems.  This section also provides the background for the data 

processing in the rest of this document. 
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4.  Time Domain Fluorescence Tomography 

4.1 Introduction 

 Current diffuse fluorescence tomography (FT) methods have significant design 

tradeoffs between the choices in imaging hardware design and the resulting quantitative 

accuracy. Fluorescence acquisition systems using charged coupled devices (CCDs) 

provide high imaging throughput by recording many laser projection measurements 

simultaneously with high sensitivity. However, systems using photomultiplier tubes 

(PMTs) are also highly sensitive and are favored when increase temporal photon 

sensitivity is beneficial. Albeit this comes at the cost of significantly increased imaging 

time because PMTs usually have more limited numbers of optical projections that can be 

measured per detector, and the buildup of temporal data often requires added time. An FT 

reconstruction scheme is presented that uses discrete time gates (or temporal windows) 

from a temporal point spread function (TPSF, Figure 25a) to exploit the low noise 

characteristics and sub-nanosecond time resolution of PMT-based time-correlated single 

photon counting (TCSPC), but with the added benefit of acquiring data in larger blocks 

of time, which expedites acquisition and can potentially reduce cost of the system 

implementation. The ability to use less temporal data in exchange for more CW data is 

examined, with the concept that equivalent reconstructions might be obtained with fewer 

sampling points, if the data quality was substantially more informative. 

 In time domain acquisition systems, the earliest arriving signal, the so-called 

“early photons,” carry information from a more direct line of sight between the source 

and detector (Figure 23). As time increases, the laser pulse becomes more spread out in 

the tissue, due to scattering, meaning that a larger area is being probed by the detector, 

carrying additional (but more diffuse) information from a different region.  Much of the 
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established work in FT has focused on increasing the quality of fluorescent image 

reconstruction by introducing additional data, by using more detectors(113, 148-

153).  However in recent years there has been significant development in using time 

domain (TD) TCSPC data instead of continuous wave (CW, or intensity) data(5, 53, 66, 

77, 78, 111, 116, 154-162).    This temporal data has been shown to produce better 

localization, although the costs of implementing many of these TCSPC channels in a 

small animal imager is prohibitive for widespread adoption. In this work, the proposed  

reduction in measurement complexity could come through lower cost and slower 

electronics, which might not require TCSPC, but rather simply temporal binning circuitry. 

  In order to maximize the information content used in fluorescence reconstruction, 

a method was developed that uses the entire measured pulse: the temporal point spread 

function (TPSF), discretized by binning the signal in time. The binning reduces timing 

resolution and here allows a systematic examination of the benefits of the different 

temporal windows in the signal in terms of image recovery.  

 

4.2 Forward Model Matrix Construction 

 
The image reconstruction method used was a modified Levenberg-Marquardt algorithm, 

which will be omitted here as it has been described previously.  For a single time bin  , 

the equation to be solved is: 

      ,                                                          ( 28 ) 

where    is the Jacobian matrix of the forward problem,    is a Born-normalized data 

vector,         is the fluorescent yield, where   is the quantum efficiency of the 
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fluorophore and      is the absorption map due to the fluorophore.  When combining data 

from multiple time gates, these vectors are: 

                [
  
 
  

] ,                  [
  

 
  

],                                                      ( 29 ) 

 
where   is the number of time bins used.  We attempt to use finite elements to solve the 

linear system      , for the image, x. 

 

4.3 Spatial Considerations of Forward Model Matrix 
 

Figure 23 shows that the full width half max (FWHM) of the Jacobian values changes 

significantly as a function of time.  This is a valuable point when considering how rich 

time domain information can be.  Figure 23 indicates that time domain reconstructions 

could potentially carry more spatial information than CW: since the lateral resolution of 

the sensitivity function changes over time, it follows that different time gates will carry 

with them unique spatial information.  This suggests that reconstructions using time 

gating, rather than using a temporally integrated signal, could provide a significant 

improvement in resolution if weighted property in the inversion of  . 
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Figure 23.  (top)  A display of the Jacobian estimates for multiple time gates, as well as a 
continuous wave Jacobian, on normalized scale, for a single source-detector pair on 
opposite sides of the circle. (bottom) The line profile of the Jacobian values laterally 
through the center of the domain.  Different time bins are shown to probe different 
regions of the domain. 

 

4.4 SVD Metrics Suggest Improved Imaging Fidelity 
 

 
Figure 24. (left) Singular value  versus mode number of specific time bins.  (right) 
Singular value estimates for two different source number positions (32 or 64 sources 
evenly spaced around the circle), comparing 20 bins of time domain and CW. 
 

 In order to bolster the idea that time domain data will provide quantifiable 

improvements, SVD metrics were used to examine the matrix formed by the 
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discretization of the forward problem(163).  The singular value spectrum of the matrix   

governing the forward model of an inverse problem can be used to gauge the 

conditioning of the inverse problem (e.g., relative amount of linear dependencies, 

sensitivity to shot noise propagation in the images)(164). The singular value curves for 

both temporal snapshots of the Jacobian were plotted and of the concatenation of 

Jacobians for multiple time bins (Figure 24) analyzed.  The curves show that the early 

photon signal has the most favorable conditioning, and the condition number of the 

Jacobian decreases with temporal bins.  The curves also demonstrate that the condition 

number of the summed Jacobian values, using 20 time bins, shows significant 

improvements over CW methods.  It is also estimated that based upon similar condition 

numbers, using TD methods with half as many sources could provide comparable results 

with some given noise. 

 Figure 25b shows an expanded version of the singular value spectra in Figure 24, 

showing the singular value curves for the relevant TD and CW imaging schemes in the 

following phantom study.  The TD spectra in this case correspond to 10 time bins.  Figure 

25b shows the singular value spectra for several Jacobians representing both TD and CW 

formulations for a various number of optical projections. The figure demonstrates that the 

use of TD information provides a significant improvement over CW for a given imaging 

geometry. In fact, the figure shows that for comparable levels of signal-to-noise 

(corresponding, as shown in (164), to a fixed singular value threshold), the TD Jacobians 

typically allow the inclusion of as much as twice as many singular modes in a 

reconstructed image. 
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Figure 25. (a) Sample experimental TPSF, to be binned into the 10 time gates shown by 
dotted lines bounding each time gate, (b) singular value spectra for the time domain (TD, 
blue) and continuous wave (CW, red) Jacobians. Shown are 320, 160, 80, 40, and 20 
optical projections of data used in the Jacobian spectra in order of decreasing opacity. 

 

4.5 Phantom Experiments 
 A microcomputed tomography (micro-CT) guided, noncontact, TCSPC PMT-

based imaging system (78) was used to collect the TD fluorescence and transmittance 

normalization data about a 30 mm-diameter cylindrical phantom with two fluorescent 

inclusions. The polymer structure of the phantom had an absorption coefficient,   = 

0.018mm−1, a reduced scattering coefficient,    = 1.07mm−1, and a refractive index,   = 

1.4, at the excitation wavelength of imaging (760 nm). These values were computed 

using a TD phantom characterization system by fitting TPSFs against a light transport 

solution computed using Monte Carlo simulations (INO, Quebec City, Canada). To create 

fluorescent inclusions in the phantom, two 3 mm-diameter cylindrical holes were drilled 

into the circular face of the phantom (Figure 4). One inclusion was drilled parallel to the 

axis of the cylinder, 4.5 mm from its closest edge. The other hole was drilled at an angle 

of 12° away from the axis of the cylinder starting from a position symmetrically opposite 
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to the first hole, and therefore approaching the first hole, allowing the spatial resolution 

of the imaging system to be tested [Figure 26 depicts two computed-tomography (CT) 

images of the holes at different axial positions of the phantom]. Each hole was filled with 

a 100 nM concentration of IRDye-800CW (LI-COR Biosciences, Lincoln, NE) in 1% 

Intralipid and water. As depicted in Figure 26, the phantom was imaged at two axial 

slices with edge-to-edge inclusion separations of 16.0 mm (slice A) and 1.6 mm (slice B). 

For each slice, fluorescence and transmittance TD data was collected simultaneously for 

320 optical projections.  

 

Figure 26. X-ray CT image slice of the phantom showing the domain imaged with FT. 

 

All TPSFs (fluorescence and transmittance) were intensity-calibrated to account for inter-

detector sensitivity variations and time-referenced with respect to the system impulse 

response functions (IRFs) (78). The fluorescence curves were then binned into 10 time 

gates from 4 to 9 ns, each with a temporal length of 0.5 ns, as shown in Figure 25a. Ten 

equally spaced time gates were used here because this provided optimal inverse problem 

solutions for the level of signal-to-noise present in the data. Each fluorescence time-gate 
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was normalized through division by the area under the transmittance TPSF collected at 

the corresponding data projection [i.e., Born-normalization with respect to the total 

transmitted photon count (165)] to mitigate forward model-data mismatch in the 

reconstruction process. In order for the comparison between TD and CW reconstructions 

to be as fair as possible, the comparative CW dataset was formed by integrating each TD 

signal into a single intensity value that was subsequently Born-normalized by the total 

transmitted photon count.   

 The forward model was constructed from a TD implementation of a finite-

elements model (FEM) DA algorithm (166). Briefly, the Born-normalized data vector   

was equated to the forward model  in equation (28), where   is the vector of interest 

(fluorescence image) and   is built from the time-gated sensitivity functions 

approximated by the forward model (also known as the FT Jacobian). The parameter of 

interest in this study was the vector  . Each TPSF simulated using equation 28 was 

convolved with a lifetime exponential decay curve of the form         ⁄  , where   = 

0.3ns is the average lifetime computed by fitting the late gates of all TPFS curves with a 

single exponential curve. The expression in equation 28 was solved using a modified 

Levenberg–Marquardt algorithm with a regularization parameter      and nonnegative 

projection at each iteration, with the goal of minimizing the two-norm objective function 

‖    ‖ 
 . This resulted in the iterative update scheme: 

Step 1 

                        

Step 2 

    〈     〉 , where 〈 〉  is defined by  
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   〈 〉    {
                          
                         

. 

 An objective criterion had to be used in order to automatically find the optimal 

number of iterations. In order to compare TD and CW methods in the best-case scenario 

and avoid bias to either method in the choice of stopping criterion, the reported result in 

Figure 27 was the iteration that minimized the spatial error of the reconstruction with 

respect to the known fluorescence distribution. The spatial error was evaluated by 

iteratively computing the overlap between the reconstructed image (at each iteration) and 

the CT-derived target image Figure 26.  
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Figure 27: FT image reconstructions of the tissue phantom for slices A and B, with 
increasing numbers of projections (listed at left). 

 

 A detailed analysis is provided comparing TD and CW methods to determine the 

extent to which parsing the TPSFs into individual time gates can—because of the 
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different tissue information they convey—alleviate the need for a large number of laser 

projections in FT and, therefore, increase the imaging throughput of single photon 

detection tomography techniques. The analysis was based on down-sampling the original 

dataset (composed of 320 TPSFs acquired in 90 minutes) in order to mimic datasets that 

would have been acquired with reduced scan times. Five data signals were created: from 

every second projection for the 160 projection dataset, from every fourth projection for 

the 80 projection data set, and so on, down to 20 projections. The TD and CW results of 

these experimental data reconstructions are shown in Figure 27. The stopping criterion 

described above was used in all cases except for the 20 projection images of slice B, 

where the number of iterations was determined to be that leading to the smallest number 

of image artifacts. Inspection of Figure 27 revealed that TD reconstructions outperformed 

CW for all source-detector configurations when the imaging time was kept constant for 

both methods. Slice B, in particular, showed that the spatial resolution capability for the 

system was significantly improved by the use of TD methods. This was evidenced by the 

fact that the two inclusions in slice B could not be discriminated using CW but could be 

using TD data. 

 A quantitative comparison analysis of TD and CW reconstructions was performed 

using four figures of merit. The first one, with a target value of 100%, was the percentage 

of the total reconstructed fluorescence that was found within the confines of the known 

locations of the fluorescent inclusions. The second figure of merit was the contrast 

recovery (target value of 1), namely the ratio of the mean recovered fluorescence in the 

top inclusion divided by the mean recovered fluorescence in the bottom inclusion. The 

third figure of merit was the recovered centroid error (target value of 0 mm), 
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corresponding to the distance between the center of mass of each recovered fluorescent 

inclusion and the position of the corresponding known location of the inclusion. Finally, 

a receiver operating characteristic (ROC) analysis was applied to each reconstruction 

based on a variable binary threshold of the image reconstruction compared to the known 

spatial distribution of the fluorophores. For each image, 100 fluorescence intensity 

thresholds were considered (between zero and the maximum pixel value) corresponding 

to different points on the ROC curve. For each threshold, every pixel was categorized as 

one of the following: a true positive (value was larger than the threshold and within an 

inclusion), a false positive (value was larger than the threshold and outside an inclusion), 

a true negative (value was less than the threshold and outside an inclusion), or a false 

negative (value was less than the threshold and within an inclusion). The area-under-the-

curve (AUC) of each ROC curve was used to estimate the accuracy of each 

reconstruction. The optimal value, for a perfect imaging system, is AUC 1, corresponding 

to both sensitivity and specificity being 100%.  

 The results of these figures of merit are displayed in Table 3 for images 

reconstructed associated with slice A of the tissue phantom. As shown in Table 3, the 

figures of merit for slice A showed a clear and distinct trend confirming the qualitative 

observation derived from the images in Figure 27: the TD method offered significant 

improvements in every category. In other words, FT reconstructions using time gates 

afford significant benefits compared to the CW technique when the number of optical 

projections is kept constant. Perhaps the most striking conclusion derived from Table 3 is 

that the 20- and 40-projection TD reconstructions were generally superior to the 320-

projection CW reconstructions. However, only in the case of 40 projections or more were 
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the results independent of which symmetric measurements subset was used (out of the 

320 detected TPSF), thereby illustrating that there is a limit associated with decreasing 

spatial tissue sampling. These results suggest that it is possible to truncate the number of 

optical projections in TD by about 1 order of magnitude and still retain the same 

analytical power associated with using conventional CW methods. The same conclusion 

was reached qualitatively by inspection of Figure 27, and by the singular value analysis 

presented in Figure 25b.  

 

Table 3: Figures of Merit Used to Compare the Performance of TD and CW Image 

Reconstructions for Slice A of the Phantom Shown in Figure 26. 

 Number 

of projections 

Data 

type 

Image 

overlap 

(%) 

Contrast 

recovery  

(no units) 

 

Centroid error 

(mm) 

 

AUC 

(no 

units) 

 
Target 

#1 

Target 

#2 

320 
Time 
gates 31.6 1.13 0.884 0.987 0.986 

CW 15.2 1.35 1.07 1.07 0.909 

160 
Time 
gates 31.1 1.14 0.0855 0.990 0.986 

CW 15.4 1.36 1.05 1.06 0.911 

80 
Time 
gates 31.6 1.11 0.912 0.937 0.988 

CW 12.1 1.43 1.50 1.35 0.861 

40 
Time 
Gates 28.9 0.986 0.898 0.921 0.984 

CW 10.7 1.01 1.37 1.41 0.818 

20 Time 
gates 28.7 0.808 0.0857 1.22 0.945 

 CW 16.9 0.92 1.28 1.31 0.874 
 

4.6 Discussion 
Experimental results collected in tissue phantoms demonstrated a substantial 

improvement in the accuracy of time-domain (TD) reconstructed fluorescence images 
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compared to continuous-wave (CW) reconstructions, which is the data type most 

commonly used in CCD-based FT applications. In fact, it is demonstrated in a following 

phantom experiment that discrepancies are so substantial that a 40 data projection TD 

dataset outperformed a 320 data projection CW dataset in terms of reconstructed image 

quality and quantitative figures of merit, such as contrast recovery and centroid 

localization error. This demonstrates that FT using highly sensitive time-resolved single-

photon detection (90) can be used with 1 order of magnitude fewer optical projections 

when compared with CW imaging without any compromise in terms of image fidelity. 

The dramatic decrease in required imaging time that results from using time gates is 

important because it hints to the possibility that single photon counting TD FT could be 

amenable to high throughput imaging of animal models of disease.  

 

4.7 Conclusions 

 Significant quantitative improvements have been demonstrated using TD methods 

over CW. In fact, all qualitative and quantitative figures of merit in this study show that 

TD methods are superior to CW. This TD method can be exploited to improve spatial 

resolution in a manner that is akin to early-photon imaging, but it can also be used to 

lower scan time with little loss in image quality (if any) because fewer optical projections 

are required due to the improved conditioning of the corresponding inverse problem. This 

can be useful for high throughput specimen imaging and simultaneously has the potential 

to reduce motion-based imaging artifacts. 
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5. Methodology to Optimize Detector Geometry in Fluorescence 

Tomography of Tissue using the Minimized Curvature of the 

Summed Diffuse Sensitivity Projections 

5.1 Introduction 

It would be desirable to have a mechanism by which to predict the resulting accuracy of image 

recovery for a given configuration of sources and detectors in an imaging system.  This would be 

useful in the design phase of the system, and it would allow performance optimization studies for 

existing system configurations. There have been studies to gauge source-detector distribution 

quality in diffuse imaging, including methods such as singular value analysis(163, 164, 167, 168), 

and an examination of the orthogonality of the measurements made on an imaging domain(169).  

However, while these methods are useful in basic construction and data processing schemes, they 

do not lend themselves to an analytic interpretation where continuous deformation of the imaging 

geometry is sought to improve the choice of measurement points.  Additionally, empirically-

derived illumination patterns have been proposed to optimize acquisition in a manner which 

improves efficiency and optimally samples the tissue, yet it is likely possible to find a theoretical 

construct which optimizes these patterns for a given geometry(120, 170).  In this work we 

hypothesized that the net curvature of the summed diffuse sensitivity function for fluorescence 

tomography is a sufficient figure of merit by which to compare different imaging geometries.  

Further, we demonstrate that the continuous nature of this parameter with respect to source and 

detector position allows its numerical minimization and can be used for optimization of imaging 

for a detection task using receiver operating characteristic analysis.  This approach would provide 

a more widely distributable methodology for improvement in reconstructed image accuracy 

based upon optimization of the source-detector array for any geometry. 
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 The most commonly used systems for FT have low-level light detection either from 

inherently parallel array devices such as charged-coupled-devices (CCDs) or discrete high gain 

detectors such as avalanche photodiodes (APDs) or photomultiplier tubes (PMTs), where both 

designs allow single photon counting or shot noise limited detection(4).  These two approaches to 

instrumentation present tradeoffs – most notably in the amount of data provided and the monetary 

and computational costs per data point.  PMT/APD based imaging systems typically provide a 

limited amount of optical projection data, depending upon how they are set up to multiplex the 

acquisition, but are usually on the order of a few hundred data points at most.  This amount of 

data is definitely computationally tractable, with the computational load often depending mostly 

on the resolution chosen for the discretization of image space.  The cost per data point using 

PMT/APDs is definitely higher than that of using CCDs, and so cost is often a limiting factor in 

the amount of data gathered using discrete detector-based systems.  For this reason, if a discrete 

detector-based system is to be constructed, it is important to optimize the placement of data 

collection channels to maximize performance for the limited number of sampling locations.   

 In comparison, array-type (i.e. CCD-based) systems typically collect tens of thousands of 

data points per scan, which raises two important issues.  First, that two adjacent measurement 

locations (i.e. the intensity measured on adjacent pixels) collected using the same excitation 

source will have probed almost the same regions inside the diffuse imaging domain and will carry 

largely redundant information; depending upon the depth of sampling, these measurements likely 

would not have unique information.  Second, there is often an overabundance of data collected 

using high pixel number CCDs, which can make the computational cost of image recovery high 

in a matrix inversion process.  More data is typically better, but there is a limit to how much data 

can be processed simultaneously.  An objective method of subsampling the available data in an 
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intelligent way would maximize performance as a function of computational cost, and if decided 

prior to the readout of the data, would minimize image acquisition time. 

 For a given imaging geometry and domain, the differential changes in fluorescence 

measurements with respect to changes in the optical properties is called the forward model 

sensitivity matrix, or the Jacobian matrix, defined as 

    
   

   
  ∫       |    |  

  |    |       ,                            ( 30 ) 

where    is the light intensity measured due to optical projection  ,     is the optical absorption 

due to fluorescence at spatial location  ,    is the quantum efficiency of the fluorophore,     and 

    are the spatial location of the excitation source and detector, respectively, for optical 

projection  , and    and      are the Greens functions for light propagation at the excitation and 

emission wavelengths, respectively. 
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Figure 28. Diagrammatic representation of a “banana-shaped” diffuse sensitivity 
function from source to detector is shown.  Each line of the Jacobian matrix 
represents the intensity values from such an image. (a) Function overlay on a 
representative x-ray CT of a rodent cranium. (b) Function with corresponding 
source location and detector location showing the intensity color scale. (c) The 
accumulative addition of sensitivity functions, which are estimated by lines of the 
Jacobian (top) results in a more uniform summed sensitivity function (bottom). 

 

 It is possible to visualize the lines of this matrix on the imaging domain, where each line 

appears to be a diffuse banana or projection shape (Figure 28b).  If, for example, the imaging 

domain is discretized from x-ray CT, it is possible to overlay the banana shape onto the original 

medical image (Figure 28a)(78). The sum of all of the measurement defined diffuse projection 
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shapes shows the bulk distribution of where an imaging geometry is sensitive and is referred to as 

the summed sensitivity function.  A correlation of sensitivity uniformity with image 

reconstruction quality will show that an ideal imaging geometry will have a uniform sensitivity 

function, as this will mitigate artifacts based on the redundant probing of certain areas of the 

subject (i.e. highly surface weighted reflection measurements).  Figure 29 shows a comparison of 

the sensitivity maps for two common imaging geometries using 16 uniformly spaced source 

locations on a circular imaging domain.  The first is the “full tomographic” geometry, where for 

each source, an optical projection is measured at every other source location.  The other is the 

“transmission” geometry, where for each source location, some data is collected opposing the 

source. In both cases, the sensitivity functions have been calculated using the NIRFAST software 

package(17). 

 In order to have a fast, reliable measurement of the uniformity of the sensitivity map, a 

Laplacian-type operator is constructed on the imaging domain, defined as 

                     {
                           

 
 

   
           

                                                 ( 31 ) 

where   is the number of finite element nodes in the imaging domain.  We define the summed 

sensitivity map S at finite element node j using  

         ∑    
 
   ,                                                          ( 32 ) 

where m is the number of optical projections.  This summation process is visualized in Figure 

28c.  In order to measure the curvature of a sensitivity map, we define the “curvature parameter” 

   using: 

                                     ‖   ‖.                                                               ( 33 ) 

 A completely flat and uniform sensitivity will have    , with   increasing as   

becomes less flat with no upper bound.  This parameter does not encode local spatial  non-
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uniformity (unlike, for example, a Total Variation parameter which is defined using gradients 

(171)), only global non-uniformity over the whole imaging domain.  While the value is not 

necessarily instructive to examine on its own merit, it is a valuable quantity for comparing 

multiple sensitivities. 

 

Figure 29. Sample sensitivity functions. (a) The optical projection connection between an 
excitation source and detection location for full tomographic imaging scheme. (b) The 
summed sensitivity function for a full tomographic imaging scheme. (c) The optical 
projection connection between an excitation source and detector location for a 
transmission imaging scheme(78). (d) The summed sensitivity function for a transmission 
imaging scheme.  

 The method presented for constructing the Jacobian is a spatial integration over two 

Green’s functions because we are making the assumption that the light sources and detection 

points can be approximated as point sources when solving the diffusion equation.  It is clear that 

small changes in the location of a single detector will provide only minor changes in the Jacobian; 

certainly the change is continuous.  Correspondingly, the sensitivity map will have only 

differential changes with respect to differential changes in the location of a given detector, 

suggesting that the curvature parameter will also be continuous with respect to changing imaging 

geometry configuration.  This is a valuable piece of information because if true, it implies that the 

curvature parameter can be minimized as a function of source and detector distribution using 

standard minimization routines such as gradient descent or Nelder-Mead (172-174).  

 In this study, it was assumed that continuity of the parameter   exists and was shown that 

a distinct correlation exists between image recovery accuracy and decreasing parameter values, 
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by performing a comparison study of a wide range of detection configurations in silico.  As a 

corollary of this study, it is shown that transmission and semi-reflectance measurements are the 

most important detection locations for murine cranium studies.  Finally, it was demonstrated that 

a minimization routine, using objective parameter   and varying with respect to the angular 

distribution of detectors, while keeping fixed excitation source positions, can be used to find the 

ideal detection configuration of the same imaging domain. This approach provided 

improvements over the full tomographic geometry using the same number of optical projections. 

 

5.2 Methods 

The imaging domain chosen for this study was a two dimensional finite elements method mesh 

made from an x-ray CT image of a mouse head.  It was chosen to be two-dimensional due to the 

high volume of imaging reconstructions to be performed (several thousand), but the methods 

proposed in this work will also apply to three-dimensional spaces.  The domain was 

approximately 12mm in diameter and formed by 1547 finite element nodes, corresponding to 

2977 elements.  Two inclusions, each with 1mm radius and 5:1 fluorescence contrast to 

background ratio, were placed in the imaging domain.  One inclusion was placed off center and 

one was placed near the surface so that depth dependence was embedded in the reconstruction 

without having to examine multiple test fluorescence distributions.  In this way, a single 

characteristic reconstruction could include depth dependence. 
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Figure 30. (a) Characteristic imaging domain from x-ray CT of a mouse cranium, 
showing the skull and brain regions at top center. (b) Finite element node discretization 
(blue) and source placement locations (red) are shown. (c) Test fluorescent target 
locations are shown in the binary image, used to test sensitivity to depth dependence for 
the method. 

 The imaging domain was assigned 32 fixed source locations (Figure 30), with 10 

detection locations associated with each source, for a total of 320 optical projection 

measurements.  If each detector location was allowed to vary freely, the system as stated would 

have 320 continuous degrees of freedom, making trends difficult to isolate.  In order to make the 

problem more tractable to examine, it was necessary to decrease the number of available degrees 

of freedom using constraints (Figure 31).  First, it was enforced that no two detectors could be co-

located, and the location of every detector was assigned to be at the center of one of 128 

uniformly spaced bins around the periphery of the imaging domain (i.e. detectors would 

definitely be at least 2.8 degrees apart).  Since the position of the detectors was no longer allowed 

to vary continuously, there were then a distinct number of possible configurations using this 

architecture.  However, since there were approximately 10440 possible configurations, it was 

necessary to further limit the degrees of freedom examined.  Five optical projection locations 

were randomly assigned for a given excitation location, and the angular distribution of the 

detectors with respect to each source location was taken to be symmetric with respect to the line 
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passing through the source point and  the origin. This had the desired effect of halving the number 

of degrees of freedom, meaning there were approximately 10220 possible configurations.  In 

addition, the angular distribution of detectors was forced to be the same for each source, 

decreasing the number of degrees of freedom by a factor of the number of sources.  Thus, for 320 

measurements (10 detectors for 32 sources), there were only five degrees of freedom.  However, 

even with all of this truncation of the possible variability in detection distribution, there were 

7,624,512 possible configurations, a computationally unreasonable number of designs to 

examine.  In order to isolate trends only, rather than strictly rank all configurations, the five 

degrees of freedom were randomly assigned thousands of times, yielding thousands of possible 

imaging geometries.  Each examined configuration was recorded along with its own image 

reconstruction, sensitivity map, and parameter  .  In addition, for completeness and comparison 

to an established metric of uniformity, the total variation of the summed sensitivity map was also 

calculated(171).  The NIRFAST software package was used to perform the forward data 

simulations and the reconstructions(17).  Using the NIRFAST architecture, the Tikhonov 

regularization parameter was kept at 1.  The figure of merit used to determine the utility of these 

reconstructions was the area-under-the-curve (AUC) of a receiver operating characteristic (ROC) 

analysis (175).  This was a robust calculation of the accuracy of a reconstruction based on the 

accuracy of using a series of two-class, one threshold level-sets, to determine the location of a 

fluorescent inclusion.  It would be unity for a perfect image reconstruction and would decrease 

with decreasing accuracy.  
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Figure 31. Process of randomly assigning an imaging scheme as chosen: (a) Assign the 
source locations. (b) Randomly distribute detection locations and force to center of 2.8 
degree bins. (c) Enforce that the detection is symmetric with respect to the source 
location. (d) Assign the same angular detection distribution to all sources as the source 
sequentially rotates around the periphery. 

 The aforementioned study was performed to show that the parameter   is a valuable 

figure of merit to predict the accuracy of a given imaging configuration. Another study was 

performed on the same imaging domain to show that the strict minimization of parameter   is 

possible and provides improvement, showing that   is useful both in prediction and in 

construction.  The source positions were kept fixed, and it remained that there were ten detection 

locations associated with every excitation source, but the location of every detector with respect 

to every source was allowed to vary freely, increasing the available degrees of freedom to 320.  A 

Nelder-Mead routine (172-174), using a downhill simplex-type approach, was used to minimize 

the parameter   by updating the detection configuration, i.e. finding         
      , where 

   is the array containing all of the angular locations of detection.  Nelder-Mead has been used 

previously in FT, but this application was relegated to determining the unknown optical 

properties of an imaging domain and was not applied to imaging geometry (176). 

 The specifics of the Nelder-Mead routine is a valuable minimization scheme because it 

does not rely on the calculation of gradients.  Instead, the use of an (n+1) dimensional simplex is 
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used to minimize an objective, in this case      , where n is the number of free parameters in the 

system.  In this example the number of free detection locations contained in   .  The routine was 

initialized by calculating the value of the objective for n+1 initial guesses and would propagate as 

given in references  (172-174) until the stopping criteria was reached. This downhill approach to 

minimization was achieved by performing reflection of the least-favorable current guess about 

the center of gravity of the remaining points of the simplex (the size of the reflection is governed 

by a reflection coefficient) and deforming the simplex to a more favorable orientation. This 

deformation could be accomplished by expanding the reflected point further (an action governed 

by the expansion coefficient), contracting a sample point (governed by the contraction 

coefficient), or uniformly reducing the size of the simplex about the center of gravity of all except 

the least-favorable simplex points (governed by the reduction coefficient). In this application of 

the method, the stopping criteria was chosen to be when mean angular change was less than half 

a degree. In keeping with the standard application of this routine, a reflection coefficient of 1, an 

expansion coefficient of 2, contraction coefficient of -0.5, and a reduction coefficient of 0.5 were 

used. 

 An image reconstruction was performed using the resulting configuration of this process.  

For comparison, an additional reconstruction was performed using the full tomographic imaging 

geometry.  This imaging geometry (shown in Figure 29) has the same distribution of excitation 

locations and the same amount of optical projection data, but has uniformly angularly distributed 

measurement locations.  For both imaging geometries, 2% Gaussian noise was added to the 

simulated forward data vectors before the born ratio (97) was taken and reconstructions were 

performed using NIRFAST software(17).  A series of regularization parameters ranging from 0.1 

to 10,000 were used in reconstructions, but the reported reconstruction for both imaging 
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geometries is the one which minimized the mean square error of the reconstruction with respect 

to the target map (Figure 32), to remove any bias but that provided by imaging geometry.   

 

5.3 Numerical Results 

Figure 32 shows two characteristic reconstructions of the simulation series.  The figure shows a 

reconstruction with a low parameter   (highly homogenous summed sensitivity function) 

resulting in high accuracy (AUC = 0.95), as well as a reconstruction with high   (heterogeneous 

summed sensitivity function) and low accuracy (AUC = 0.33).   

 

Figure 32. Sample reconstructions comparing various   and AUC values. (a) The 
fluorescent target map. (b) The fluorescent recovery and (c) summed sensitivity function 
for the imaging scheme with the lowest measured curvature parameter. In comparison, 
(d) the fluorescent recovery and (e) the summed sensitivity are shown for a less favorable 
imaging scheme. 
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 Figure 33 shows the bulk results of all the sampled imaging configurations described in 

the Methods section.  The data for the reconstruction series was separated into bins due to the 

large number of reconstructions.  The figure shows the logarithm of the number of 

reconstructions which fell in those bins for both   versus AUC (Figure 33a) and total variation 

versus AUC (Figure 33b).  

 Figure 34 shows a corollary result of the approximately 21,500 imaging schemes 

examined in the first numerical experiment.  Since the distribution of detection angles was 

enforced to be the same for every excitation location in a given imaging scheme, it was possible 

to say something about the importance of having a detector at a given location with respect to the 

source.  Figure 34a shows the mean value for the accuracy of the image recovery as measured by 

AUC for all imaging schemes for which a detector was placed at that angle with respect to the 

excitation location.  In other words, it shows the importance of placing a detector as a function of 

angle with respect to the excitation location.  Figure 34b shows this function, renormalized to its 

minimum, as a polar plot where the excitation location is located at zero degrees. Figure 36 

shows a comparison of the minimized-u-geometry reconstruction with a full tomographic 

geometry reconstruction using the same number of optical projection measurements.   
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Figure 33.  A log-scale bin plot of the relationship between the accuracy of the 
reconstruction as measured by AUC and (a) curvature parameter or (b) total variation for 
a series of imaging schemes.  The color bar correlates to the log of the number of 
reconstructions which fall into each bin. 

 

Figure 34. (a) The average area-under-the-curve for a receiver operating characteristic 
analysis for imaging schemes as a function of detection angle with respect to source. (b) 
Relative angular detection importance density based on (a). 
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Figure 35. Representative geometric results of minimized curvature using Nelder-Meade 
minimization, as compared to the imaging scheme with full tomographic geometry. (a-d) 
Comparison of imaging geometry for the two schemes is shown for a given subset of 
excitation locations to illustrate the variation in the minimum configuration as well as the 
similarity in the need for forward data, and small angle backward data where possible. 

 

Figure 36. Image reconstructions based on (a) imaging scheme with minimized curvature 
parameter and (b) full tomographic imaging scheme with the same number of optical 
projections. (c) shows the initial test target map use for forward simulation. 

 

 Figure 35 shows a sample of the imaging scheme resulting from the Nelder-Meade 

operation to optimize the detection geometry.  It also shows a comparison to the “full 

tomographic” geometry.  Figure 36 shows a comparison of the resulting representative image 

recovery.  For the full tomographic geometry, the recovered centroid location error for the surface 

inclusion was 0.44 mm, whereas for the deeper inclusion it was 0.15mm.  For the minimized-u 
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geometry, the centroid location errors were 0.48mm and 0.08mm for the surface and deep 

inclusions, respectively.  The accuracy using an AUC metric improved from 0.97 for the full 

tomographic geometry to 0.98 for the minimized-  geometry. 

 

5.4 Discussion and Conclusion 

Figure 32 and Figure 33 show the link between reconstruction accuracy and parameter u: having 

an imaging configuration with relatively small parameter   suggests that the reconstruction will 

be accurate based on AUC metrics, although the reverse is not necessarily true.  For comparison, 

Figure 33 also shows the correlation between AUC and total variation of the summed sensitivity 

function.  The highest accuracy did not correlate directly with a minimized total variation, while it 

did correlate with minimized curvature.  This supports the link between   and accuracy.  Figure 

34 suggests that near-reflection and transmission source locations are the most important 

sampling locations for accurate murine head imaging, whereas measurements taken 90 degrees 

away from the source do not necessarily support accurate reconstructions.  These figures show 

that the parameter   is a sufficient figure of merit to predict the ability of an imaging setup to 

accurately perform image reconstructions. 

 Figure 35 and Figure 36 show a comparison of a minimized-u imaging scheme 

compared to a full tomographic scheme.  It is clear that the full tomographic scheme more 

accurately recovers the superficial inclusion, as is expected based on the surface-weighted 

sensitivity of such an imaging geometry (similar to Figure 29b).  The minimized-u reconstruction 

recovered the deep inclusion with more accuracy while still recovering the superficial inclusion.  

This was a demonstration of the improved consistency as a function of depth of the minimized-  

geometry. 
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 It should be noted that while it should always be possible, the minimization of the 

parameter   will be situation-specific.  There may be local spatial constraints to provide to the 

minimization algorithm, for example if there is only a certain interval where it is possible to place 

detectors.  If a system will always be measuring objects of nearly the same shape (such as slabs), 

then a long-term characterization would be possible, but in general, this process will be unique to 

an imaging subject.  If this process is used in the system design phase, then the type of detector to 

be used will affect the way that the algorithm will be applied.  If PMTs are used, this method will 

be used to tell where to place them.  If CCDs are used, this method would guide the user on both 

where to place the CCDs, mirrors and lenses, and how to down-sample the data to avoid the 

computational burden of redundant data.  In addition, this minimization procedure can be applied 

to variations in the excitation locations with minor extensions to what is shown here.  This 

methodology can also be used for existing systems, as many FT instruments allow the user to 

change the number and position of excitation locations.  In addition, it can be used to choose a 

subset of a wide field of sampled data if the maximum amount of data which can be processed is 

known.   

 Another consideration is the incorporation of existing anatomical data.  The operator L as 

defined in Equation 33 can be redefined to include information about segmentation data.  For 

example, if uniformity in region r only is desired, then we can define a new operator 

       {

                                              

 
 

    
                                   

                                               

,                                           ( 34 ) 

where    is the number of members of region r.  Otherwise, the method is unchanged.  The 

methodology presented here is versatile. 
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In this section, a new figure of merit was presented, based on the uniformity of detection 

sensitivity in FT, to predict the efficacy of a given imaging configuration.  The minimization of 

this parameter is possible using standard computational techniques such as the simplex method 

used here.   
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6. Proposed Implicit Approach to Hybrid Imaging: DRIFT  
6.1 Introduction 

 As previously discussed, there are many established forms of anatomical guidance in 

fluorescence tomography.  However, most of these methods require that image segmentation be 

performed on the anatomical image used for guidance.  This can be time consuming for the user, 

and is prone to errors.  Therefore, it is valuable to be able to regularize the inverse problem 

surrounding fluorescence recovery without segmenting an image and without making undue 

assumptions about the imaging domain.  This section proposes and demonstrates a method to 

inform fluorescence recovery based directly on the available anatomical contrast in the image 

rather than on segmentation by the user.  The proposed method is based on Direct Regularization 

with Images in Fluorescence Tomography (DRIFT). 

 It has been established that characteristic length scales can be encoded in regularization 

operators(177). In addition, it is possible to incorporate anatomical information with optical data 

to guide and improve fluorescence recovery at depth (14, 120, 178-181). This is typically done by 

gathering anatomical information using structural imaging modalities such as x-ray CT, 

ultrasound, or MRI. The anatomical information is segmented into distinct regions based on the 

contrast provided in the structural image, and the fluorescence recovery is informed using this 

regional information. If the contrast within each region is enforced to be uniform, this is 

commonly referred to as “region-based image recovery” or “hard priors.” If the regions are 

allowed to have local variations, but each region is regularized to be preferentially uniform, this 

has been called “soft” or “Laplacian” priors(14).  Alternatively, it is possible to assume that the 

grayscale values of the anatomical images represent a combination of a given number of tissue 

types, but this requires an assumption about the tissue composition(181). 
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The process of segmenting anatomical images into tissue-types is prone to errors and can be 

extremely time consuming, requiring anywhere from a few minutes to over an hour, depending 

on the users expertise, the size of the anatomical image stack, the contrast to noise level in the 

image and the desired level of detail and accuracy(108). Without sufficient radiological or 

anatomical training, it can be difficult to identify tumor boundaries accurately and errors in image 

segmentation are known to produce errors in recovered values of fluorescence yield. A robust 

automated approach that eliminates user interpretation of the anatomical images would 

dramatically reduce processing time and expand the technologies accessibility to non-expert 

users.  

 

6.2 Mathematical Formulation of Operator 

Regularization of the optical inverse problem is often performed using a Tikhonov method, 

minimizing a functional   of the form  

      ‖      ‖ 
   ‖  ‖ 

 ,                                          ( 35 )                                                                            

where   is an array of free parameters, f is the model governing the behavior of a system, d is the 

measured data, λ is a regularization parameter, and   is some regularization matrix. The 

regularization matrix is formulated to allow the second term in Equation 35 to decrease as 

favorable characteristics in the recovered image are obtained, but is often chosen to be identity for 

simplicity. 

 A typical workflow for image-guided FT involves gathering both optical and structural 

data. The structural data is first segmented into distinct regions. Using the finite elements method 

(FEM) formulation, the imaging domain is separated into discrete tetrahedral elements, with 

finite element nodes located at each vertex. The optical reconstructions can be constrained via the 

inclusion of segmentation data into the regularization matrix, although periodically the only 
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structural data which is used is the exterior shape of the object. Since the FEM mesh and the 

anatomical data are often already spatially co-registered, it is possible to assign a grayscale value 

based on the corresponding anatomical image to every finite element node. 

 Here a regularization scheme is proposed which directly encodes information about 

structural images, rather than encoding uniformity in manually-segmented regions or making 

assumptions about tissue populations. The scheme is known as DRIFT and enforces that FEM 

nodes which are within some grayscale value difference,   , will preferentially have similar 

fluorophore recovery. The regularization operator is defined using: 

    {

                          

 
 

  
   (

|     |
 

   
 )            

                                   (    ) 

where    is the anatomical image grayscale value which correlates to FEM node   (for the sake of 

simplicity in this work, all grayscale values are normalized to be between zero and unity),    is 

the characteristic grayscale difference over which to apply regularization, and    is a 

normalization factor chosen for each row so that ∑    
 
             , where n is the 

number of finite element nodes. 

 The anatomical-prior operator encodes uniformity by penalizing similarly-gray locations 

in the finite element nodes to have significantly similar fluorescence update values at each 

iteration. This does not mean that all features with the same grayscale intensity will necessarily 

have the same recovered fluorescent yield.  It is true that the second term of the functional in 

Equation 35  only contains information about the grayscale intensity of the imaging domain.  

However, this works in tandem with the first term in the functional, which contains all of the 

spatial information based on the measurement geometry.  If a fluorescent feature on an 
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anatomical image displays sufficient contrast (i.e. Gadolinium contrast-enhanced MRI), then all 

of the necessary spatial information will be encoded by the forward problem only. 

 

6.3 First In Vivo Experiment 

To demonstrate the performance of DRIFT in vivo, previously reported data (73, 131) from two 

mouse subjects was re-analyzed using the automated regularization technique (Figure 37). Both 

subjects were implanted with a U251 tumor model and injected with 1 nmol of Licor IRDye 

800CW EGF (Licor Biosciences, Lincoln, Nebraska). The subjects were administered 

gadolinium as an MRI contrast agent and were each imaged simultaneously using a hybrid 

optical-MRI imager (73) 48 hours after the injection of the fluorescent dye. A Born-normalized 

data vector was constructed from the optical data and used for fluorescence recovery.  

The discretization and optical properties estimate of the imaging domains was reported in 

previous work(73). The imaging domain for each subject was divided into 2d finite elements 

based on the boundary location, 2199 finite element nodes corresponding to 4181 triangular 

elements for subject 1, and 2204 nodes corresponding to 4108 elements for subject 2. The 

grayscale regularization parameter,   , was chosen to be 0.05 for both subjects (Figure 38). 

Image recovery was also performed using a standard “no priors” diffuse recovery scheme, as well 

as Laplacian regularization (Figure 38) using the segmented regions shown in Figure 37. The 

automated technique produced images that were significantly improved over a non-priors 

approach, though slightly less accurate than the standard Laplacian-type implementation. 

However, implementing Laplacian regularization requires image segmentation, often by an 

expert user, which takes time (20 minutes in this case) and is prone to errors.  
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Figure 37: Structural images from Gadolinium-enhanced MRI images of the coronal 
mouse head slice, showing characteristic ring enhancement in the periphery of the glioma 
tumors, for (a) subject 1 and (b) subject 2. Segmented regions are shown in (c) and (d) 
and define the head (black), brain (red), Gd-enhanced region (orange) surrounding a 
probable necrotic region (white).   
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Figure 38: Fluorescent recovery using only the surface shape of the subjects (top row), 
Laplacian regularization using the regions in Figure 37(row 2), and the proposed method 
using the structural image information directly (third row), for subject one (left column) 
and subject 2 (right column). 

 
 In Figure 38, the reconstructions for grayscale parameter of 0.05 for both subjects are 

reported to demonstrate consistency. The choice of grayscale parameter    remains an active area 

of research. The proposed method shows practical improvements and continuous changes in 

image recovery when the grayscale parameter takes values between approximately 0.03 and 0.3. 

If the grayscale parameter is too small, then fluorescence recovery will suffer because no region is 

completely uniform, and the image recovery will be constrained by local image noise.  This is 

analogous to having the regularization parameter in Equation 35 prohibitively small, where poor 
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image recovery results from over fitting data noise. If the parameter is too large, then the diffuse 

reconstruction is recovered because there is no longer any appreciable image information 

encoded in the operator. A visualization of the effect of grayscale parameter on image recovery is 

shown in Figure 39 .   

 

Figure 39: Comparison of fluorescence recovery with changing grayscale parameter 
using the proposed method. Too small of a parameter will create artifacts due to the 
inherent inhomogeneity of medical images. As the parameter grows, the no priors case is 
recovered. 

 

6.4 Contrast Difference Images can be used to Improve Fluorescence Recovery with 

DRIFT 

 The motivation behind the use of contrast difference images over using contrast 

enhanced images is clear from examining a relevant set of anatomical images themselves 

and their corresponding histograms (Figure 40 and Figure 41).  A contrast difference 

image will have a larger contrast between the target site and the surrounding tissue, 

causing the exponential in the DRIFT operator to evaluate to a smaller number.  This 

means that the surrounding tissue and the target site will influence each other less using 

the difference image than when using the post contrast image.  This reduced spatial cross-

talk allows for a better local recovery. 
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 To demonstrate the performance of contrast-difference DRIFT in vivo, we have 

reevaluated the data from the two mouse subjects examined above(73) using diffuse 

fluorescence, soft priors, DRIFT, and contrast-difference DRIFT.  In this case, grayscale 

parameter        was used for the DRIFT and contrast-difference DRIFT 

reconstructions.  Figure 40 shows a series of MRI images for the subjects, as well as the 

image segmentations resulting from these methods.    Figure 41 shows a comparison of 

the histograms for the Gd contrast and contrast difference images for mouse 1 in Figure 

40.  Figure 42 has a visual comparison of the recovered fluorescent maps for the various 

forms of regularization.   

 

Figure 40: Gadolinium-enhanced MRI images (first column) and contrast difference 
images (second column) for subjects 1 and 2.  Column three shows an image 
segmentation with tumor regions (white), brain tissue (orange), and bulk remaining tissue 
(black). 

 



 118 

 

Figure 41.  A histogram comparison of contrast difference (b) and contrast enhanced 
images (a) for mouse 1 of Figure 40.  In both cases, the tumor site will be represented as 
one of the highest grayscale values in the image.  The contrast difference histogram 
shows that the tumor region will have less crosstalk with adjacent regions. 

 

 

Figure 3 

Figure 42:  Comparison of the 4 reconstruction method results (in each column) with 
overlays on contrast-difference Gd-enhanced MRI images, for both subjects.  
Reconstruction methods include diffuse priors, soft priors, contrast-enhanced DRIFT, and 
contrast difference DRIFT. 
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 Figure 41 shows a comparison of histograms, which shows why the contrast-

difference images are a better source of anatomical information for DRIFT.  In both 

images, the tumor site has nearly the highest grayscale values of the image.  However, in 

the difference image, the tumor site is farther removed from the background in histogram 

space, making the exponential in the DRIFT operator evaluate to a smaller number when 

comparing the tumor site and adjacent brain tissue.  This significantly lowers the 

crosstalk between these regions of the image, which brings this form of regularization 

closer to the soft priors approach without having to perform an image segmentation. 

 Using DRIFT with the contrast difference images (column 4 of Figure 42) shows 

results which are much closer to the soft priors results (column two of Figure 42) 

compared to using only contrast-enhanced images for DRIFT (column three of Figure 42).  

For mouse 1, this is demonstrated by the lowered contrast recovery in the brain region.  

Since the tracer is targeted and a fluorescent background removal operation was 

performed on the data, it is expected that there will be no recovered fluorescence in the 

brain.  In mouse 2, the improvement in imaging is shown by the reduction of the surface 

artifact at the bottom of the image, again making the difference DRIFT image much 

closer to the soft priors image than the contrast enhanced DRIFT image. 

 We have shown that using contrast-difference images with DRIFT regularization 

shows significant improvement over using contrast-enhanced images.  Using this 

framework, we have constructed a method to perform FT without image segmentation, 

which is comparable a soft priors approach, that is widely used as a standard method.   
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6.5 Distance-Based DRIFT 
DRIFT requires that the region of interest contains distinct contrast, positive or negative, in the 

structural images. However, many cases arise for which this does not hold true.  Small animal CT 

imaging is particularly insensitive to soft tissue contrast and tumor tissue, even with exogenous 

contrast. This limitation can be addressed by introducing a distance term into the regularization 

operator:  

    {
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                         ( 37 ) 

where    is a characteristic desired distance of spatial regularization, and      is the Heaviside 

step function.  The enforcement of local spatial uniformity is performed by the Heaviside 

function, which only regularizes over a characteristic length scale. This formulation does not 

force a particular shape on recovered objects, but enforces features which have uniform contrast 

in the anatomical images to preferentially have uniform fluorescence recovery over the 

characteristic length scale. When    is larger than the imaging domain, the step function 

evaluates to unity and the operator in equation 33 is recovered. 
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Figure 43: Image series comparing the effects of the proposed regularization scheme. (a) 
An x-ray CT image of the subject. (b) A gadolinium contrast-enhanced MRI image of the 
subject with tumor site marked. (c) Fluorescence yield image recovered using a no-priors 
reconstruction and overlaid on the CT image. (d) Fluorescence yield image recovered 
using the proposed method and overlaid on the CT image.  

 

 This approach was applied to a multi-modal data set which had no tumor-to-background 

contrast from a recent publication(182). In short, the fluorescence data set was formed by 

performing a special differencing scheme on the intensity signals due to two fluorescent tracers. 

The anatomical a priori images were gathered using x-ray CT, where the target of interest is not 

visible due to the generally poor soft-tissue contrast provided by this modality. As shown in Fig. 

3, the proposed method improves the ability to recover fluorescent activity in the tumor, even 
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without tumor-to-background contrast in the anatomical prior data. These reconstructions used 

  = 0.05 and   = 0.75 mm, and were recovered using L-curve analysis, which further automates 

the image recovery process. Without anatomical image contrast, a standard region-based 

reconstruction would have been infeasible.  

  

6.6 Conclusions 

DRIFT requires that the region of interest contain distinct contrast, positive or negative, in the 

structural images, but maximizes information use while minimizing the necessary processing, 

and is also versatile and can be applied to integrate any spatially defined data. Thus, the grayscale 

value maps used herein could be replaced by any co-registered data set, such as data which is 

continuous and not necessarily able to be segmented. This might include functional or kinetic a 

priori information, such as fMRI data or perfusion maps.  Further, the DRIFT approach is not 

required to be used exclusively with FT.  It is capable of being applied to any form of imaging 

which has a similar mathematical formalism.  It could, with only minor algorithmic changes, be 

applied to diffuse optical tomography, electrical impedance tomography, or even positron 

emission tomography, if the systems are anatomically guided. 

DRIFT may enable a wider user base for image-guided FT by reducing both the expertise and 

time requirements for accurate recovery of fluorescence activity.  Further, contrast-enhanced 

DRIFT shows results which are similar to a standard soft priors approach, indicating that 

automated regularization approaches do not necessarily have to compromise image fidelity. 
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7. Application in Molecular Binding Imaging in vivo:  Dual 

tracer methods  

7.1 Introduction 
As it has already been discussed in this document, fluorescence tomography (FT) is 

plagued with problems due to unfavorable mathematical circumstances; the poor 

conditioning and ill-posedness of the recovery problem severely limits resolution without 

structural guidance.  Many fluorescent tracers do not have a high target-background 

contrast value in vivo, especially shortly after their injection, which only exacerbates this 

problem.  It is possible to get contrast enhancement through the development of better 

targeted tracers or by allowing tracers to accumulate at a target site over the course of 

many hours.  However, in order to perform animal imaging studies with the highest 

throughput, it would be beneficial and convenient to perform imaging shortly after the 

injection of the tracer.  To this end, a method of contrast enhancement through the use of 

two tracers, one targeted and one with non-specific binding, is discussed.   

 Another shortcoming of FT is that the reported results are often entirely non-

quantitative.  All of the fluorescence recovery results presented outside of this chapter 

carry units of mm-1, but this does not necessarily reflect the actual value of the 

fluorescence distributions.  There are several reasons why this quantitative information is 

lost.  First, the Born Ratio processing of the data can remove the intensity information 

embedded in the optical signals, which is indicative of the fluorescence concentration.  

Moreover, the fluorescence recovery problem is known to have significant non-linearities 

with changing depth.  In order to have a well-quantified value for the fluorescence 

concentration, it would be necessary to know the optical properties of the imaging 

domain very well.  It would also be necessary to perform an intensity and depth 
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calibration study to build a library of fluorescence concentration distributions for 

comparison.  Another option would be to know the quantum efficiency of the detection 

systems well in order to know the absolute light intensity emitted from the surface.  

These efficiencies can change over time and as the detection systems warm, and would 

need to be calibrated further. 

 It is often valuable to know the relative fluorescence distribution over a whole 

imaging domain; a contrast ratio can be sufficient to see if protein targeting is successful, 

for example. However, it would be more valuable to be able to report a quantitative, 

clinically relevant number.  To that end, a longitudinal study was performed using time 

course information to calculate the binding potential (BP) of brain tumors in small 

animals.   

 

7.2 Dual Tracer Techniques for Contrast Enhancement 

 

Figure 44:  The effect of increasing background contrast on image recovery.  The contrast 
difference between inclusions and background is kept constant, with the background 
value increasing incrementally.  The increasing Roman Numerals correspond to 
increasing background, with contrast to background ratio decreasing from infinite to 
unity. 
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Figure 44 shows the effect of an increasing background level on fluorescence recovery.  

Clearly, higher background values corrupt the ability to recovery fluorescent targets with 

fidelity.  The large backgrounds corrupt the fluorescence recovery in both the recovered 

location and the recovered contrast value.  It is obviously unreasonable to remove this 

fluorescent background after reconstruction is performed, so it is necessary to remove the 

effect of having a large background signal from the data itself.  Previous methods have 

been proposed to remove the effects of background in FT using constraint-based 

reconstruction algorithms (183-187), spectral and lifetime removal of 

autofluorescence(41, 188, 189), pre-injection image subtraction(190, 191), and analytical 

modeling of background fluorescence (191-193).  However, while many of these 

approaches work well for autofluorescence removal or removal of homogeneously 

distributed fluorescent backgrounds, they are not ideal if the background is heterogeneous 

and predominantly comprised of nonspecific fluorescent tracer uptake, which may be 

expected in molecularly targeted FT studies at earlier time points after targeted tracer 

injection(194). FT has some untapped advantages, which it is possible to exploit in order 

to remove the effect of background and improve the fluorescence recovery for low-

contrast targets. 
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Figure 45:  Visualization of the linearity of the fluorescence tomography problem, 
showing the imaging domains as concentration maps above, and the measurements of 
projection data below. 

 

 The first important advantage in FT is that recovery is linear with respect to 

fluorescence distributions in the perturbative limit.  Take, for example, the imaging 

domain in Figure 45.  The full fluorescent map can be constructed as a linear combination 

of a target region with zero background, and a background map.  Since the problem is 

linear, the data resulting from the full fluorescence map can be broken down into a linear 

combination of the contribution due to a background region and the contribution due only 

to the target.  As we have seen, removing the effect of the background allows for more 

fidelity in reconstruction.  The second important advantage in FT is that it can be 

sensitive to multiple fluorescent tracers simultaneously because it is possible to spectrally 

process the fluorescence data.  It is a common technique to separate fluorescent signals 

by notch filtering (182), or by least-squares basis fitting on the measured spectra (70).  

Thus, if it were possible to find a surrogate for the background signal by way of a second 



 127 

tracer, then it could be used to remove the effect of background for a known targeted 

signal.   

 Such an arrangement can be found using two different fluorescent tracers, one 

targeted to a molecule of interest, and one which does not bind to specific targets.  It is 

necessary that these two tracers have similar pharmacokinetics, and that they are able to 

be spectrally resolved.  Figure 46 shows an epi-illumation example of such a pair of 

tracers.  This pair of images is taken from the unpublished data from (195) and shows the 

tracer distribution for a U251 tumor, which is known to overexpress epidermal growth 

factor (EGF).  The targeted tracer is thus IRdye 800CW-EGF (Licor Biosciences, Lincoln, 

NE), and the untargeted tracer is IRDye 700DX NHS Ester (Licor Biosciences, Lincoln, 

NE).  Upon inspection of Figure 46, it is clear that the fluorescence distribution is 

roughly the same everywhere except at the target site, at least up to a scaling factor.  This 

allows the use of the untargeted tracer as a background surrogate for the targeted tracer. 

 

Figure 46:  Epi-illumination fluorescence images of a U251 tumor from a subject injected 
with IRDye 800CW-EGF as a targeted tracer and IRDye 700DX NHS Ester for an 
untargeted dye.  The fluorescent distributions are approximately the same everywhere 
except at the targeting site. 
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7.2.1 Mathematical Formulation 
 A mathematical explanation for why this works is presented here in order to 

support this idea more concretely. A method to perform the data processing is also 

presented.  This method was originally established in (182).  To begin, recall the linear 

fluorescence tomography problem: 

       ,                                                        ( 38 ) 

where   is the n-by-m forward model matrix, n is the population number of the spatial 

discretization, m is the number of measurements, x is the fluorescence yield, and d is a 

data vector.  The placeholder   can be either   or  , referring to the targeted or 

untargeted problem.  Strictly speaking, the forward model matrix    is a function of the 

optical properties of the imaging domain at   .  This list of the optical properties, 

including scattering, absorption, etc., is given by   .   

 As shown in Figure 46, the fluorescence distribution maps    and    can be 

represented as a linear combination of their components, i.e. 

                 

              
,                                              (39) 

where        is the map of the targeted fluorophore which is bound to the target of 

interest,     is the distribution of the background signal of the targeted fluorescence (i.e. 

the unbound component), and    is the autofluorescence of the domain.  The vectors 

      and       are the corresponding background and autofluorescence values, 

respectively, for the untargeted tracer.  Since the untargeted tracer is unable to bind to 

specific molecules, there is no          term.   

 If the delivery characteristics of the two tracers are similar, and they are 

administered simultaneously, then the background components of the respective tracer 
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distributions will be approximately the same up to a scaling factor which embodies the 

scalar effects of the quantum efficiency and injected concentration difference of the two 

tracers.  Let us define this scalar value using              for the background signal 

and             for the autofluorescence signals. In principle, it is possible to know 

these values, but in practice it is difficult to measure and calibrate properly.  As we shall 

see, it will not be necessary to know these values a priori, as they can be approximated 

from the data. 

 If we insert these substitutions into the forward model matrix equation, we can 

rewrite the problem using 

  (              )    

  (
   

  
 

   

  
)     

                                      (  ) 

 The fluorescence due to the tracers will wash out the effects of autofluorescence 

up to a day after injection(24).  Therefore, we add the assumption that        .  In 

order to account for the difference in the forward model matrices    and   , we suggest 

that it is possible to use an “average” model matrix  ,̅ constructed using the mean values 

of    and   .  This is a reasonable substitution because the wavelengths     and    are 

typically not separated by more than a few dozen nm, meaning that the optical properties 

of the domain do not significantly change in the wavelength range of interest.  Further, 

since the imaging domain is typically modeled with homogeneous optical properties, and 

since the optical properties are not exactly known, this is adding only a minor additional 

assumption.  

 Adding these effects, and taking the difference of the above linear system, we get  

  ̅             .                                                 (41) 
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The scaling coefficient   , henceforth known simply as   for simplicity, is known to 

contain the effects of the quantum efficiency of the two fluorophores.  However, since it 

is clear that this coefficient is necessary for data scaling, it will also contain the effects of 

differing detection efficiency at    and   , further complicating its calculation.  Instead, 

we can approximate what this scaling value must be by directly comparing the two data 

vectors.  The proposed method to calculate this scaling factor relies on one last 

assumption: there is only a limited distribution of sites where binding occurs, and that at 

least one element of    comes from a source-detector pair which does not probe the 

targeting site.  Since most applications of targeted tracers in FT are used to image local 

tumors, this is a valid assumption(192, 196). 

 The crux of this last assumption is that there is some source-detector pair which 

does not appreciably probe any targeting site.  What this means is that there is some 

measurement in    which does not propagate the        term forward, and therefore 

does not represent any data contribution due to the bound fluorescence. Therefore, if we 

are looking to isolate only the data contribution due to the bound fluorescence, that signal 

will have at least one nearly-zero element.  With these ideas in mind, the following 

procedure has been suggested to estimate the scaling parameter  : 

1. Find    such that                      . 

2. Define                  , where   is a positive integer. 

3. Find the maximum   such that    (          )   . 

4. Take          . 
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Now there is a library of tools and a mathematical motivation for this form of dual tracer 

imaging.  It only remains to recover the bound component of the targeted tracer 

distribution. 

7.2.2 Phantom Experiment 
In order to test this method in a controlled environment, a polymer phantom (INO, 

Quebec City, Canada) was constructed with tissue-mimicking optical properties for NIR 

wavelengths.  The refractive index was 1.4. At the excitation wavelength 755nm, the 

absorption    was 0.018mm-1, and the reduced scattering coefficient     was 1.07mm-1.  

The phantom was formed into a cylinder and was processed by drilling with three axial 

holes, one of 8mm diameter and two of 4mm diameter (Figure 47).  The large inclusion 

will provide a characteristic background for this model, the bottom inclusion provides an 

additional source of contrast, and the right hole plays the role of a target of interest. 

 

Figure 47: (a) Known targeted dye distribution. (b) Known untargeted dye distribution. 
(c) Expected difference result. 

 

 The inclusions were filled with a mixture of two fluorescent dyes, with the ratio 

of the dye concentrations in the mixture being different for each inclusion (Figure 47).  

The dye playing the role of the targeted dye was IRDye 800CW (Licor Biosciences, 

Lincoln, NE), while the “untargeted” dye was Alexa Fluor 647 (Life Technologies, 
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Grand Island, NY).  The targeted dye was mixed so that the ratio of the concentrations in 

the bottom and right inclusions to that in the background inclusion was 8:1.  The 

untargeted dye was mixed so that the ratio of the concentration in the bottom inclusion to 

that in the background inclusion was 4:1, while the ratio of the concentration in the right 

inclusion to that of the background inclusion was 8:1.  The phantom was imaged using 

the fluorescence imager described in (78), and a Born-normalized data vector was 

constructed for each dye.  The data differencing procedure outlined above was used to 

construct a contrast-enhanced data vector.  All of the phantom data is visible in Figure 48.  

Finally, diffuse reconstructions were performed for each data vector as outlined in 

previous chapters, with results shown in Figure 49. 

 
Figure 48.  Result of dual-tracer contrast enhancement algorithm on phantom study data 
set.  The calculated difference signal has diminished background and enhanced contrast. 
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Figure 49: (a) The targeted tracer recovery. (b) Untargeted tracer recovery. (c) Contrast-
enhanced diffuse recovery. 

 

7.2.3 Homogeneous Background Subtraction 

 
 
Figure 50.  Effect of intelligent background subtraction on increasing background level.  
The series of reconstructions shown here is based on the same data set used to perform 
the reconstructions shown in Figure 44. 

 

 If the fluorescent background is known or assumed to be relatively homogeneous, 

it is not necessary to use a dual tracer technique.  Instead, a simulated data vector formed 

from using a forward model on a homogeneous imaging domain can be used in place of 

the untargeted data.  To demonstrate the effect of a homogeneous background subtraction 

using a simulated data set, a circular imaging domain was constructed using the same 

specifications as in Figure 44.  The 30mm-diameter 2D domain was discretized into 2969 
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finite element nodes corresponding to 5797 triangular elements.  Reconstructions were 

performed using the same basic data set Figure 44; the effective background data was 

formed using simulation.  One percent Gaussian noise was added to the data before 

processing.  The scaling and differencing was performed using the no-priors approach 

mentioned above.  The regions formed by the 6mm diameter inclusions were not included 

as prior information in the reconstructions.   

 

7.2.4 Removing Effects of Filtration Organs 
Liver and kidneys can cause significant difficulties when performing torso imaging 

because they take up much of the dye as they filter it out of the blood.  The bladder too 

can accumulate significant fluorescent signal before excretion.  This dual tracer technique 

does not necessarily require that the target of interest be the location of the highest 

concentration of the targeted dye, and thus can be used to mitigate the effects of having a 

large, bright background region, such as those due to an organ of filtration.  To 

demonstrate this concept in vivo, a mouse was implanted with an AsPC-1 human 

pancreas adenocarcinoma.  It was injected with targeted IRDye 800CW-EGF (LI-COR 

Biosciences, Lincoln, NE), Alexa Fluor 647 (Life Technologies, Grand Island, NY) 24 

hours prior to scanning, and 200µL of Omnipaque 10 minutes prior to imaging on a 

microCT (eXplore Locus, GE Healthcare) to gather anatomical prior information.  The 

imaging domain was segmented into three regions: liver, tumor, and bulk tissue based on 

this scan in order to perform a hard priors reconstruction.  The subject was imaged on a 

fluorescence instrument using two pulsed excitation wavelengths, 635 to excite the Alexa 

Fluor and 755 to excite the IRDye, for simultaneous dual wavelength imaging as in (116, 

182).  The optical data was Born-normalized, and a series of reconstructions were 
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performed using the dual tracer contrast-enhancement method (Figure 51).  Hard priors 

were chosen in this case to demonstrate that the corruption of image recovery is still 

present with high background signals even when fluorescence recovery is heavily 

constrained. 

 

Figure 51. (a) Omnipaque-enhanced x-ray CT image used for segmentation. (b) 
Segmentation of imaging domain. (c) Reconstruction of targeted IR800 distribution. (d) 
Reconstruction of untargeted AF 647 distribution. (e) Reconstruction of difference vector 
which enhances contrast in the region of interest. 

 

7.2.5 Additional Animal Experiments 
To test out the ability to recover low-contrast targets in vivo with minimal image 

guidance, six mice were implanted in their left hemisphere with U251 tumors, known to 

over express epidermal growth factor receptor (EGFR).  The targeted tracer used for this 

study was IRDye 800CW-EGF, and the untargeted dye was Alexafluor 647.  One tumor 

mouse and both controls were imaged 4 hours after injection of 2nmol of each dye, with 
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an additional tumor mouse being imaged at 24 hours to allow for a comparison to long-

term dye accumulation.  The last four mice were imaged one hour after being injected 

with 0.2 nmol of each dye.  The mice were imaged on the fluorescence imager from (78).  

In addition, Gadolinium contrast-enhanced MRI images were also taken one day prior to 

fluorescence imaging on a Philips 3T Achieva MRI scanner (Philips Medical Systems, 

Andover, Massachusetts).  The results of this study are shown in Figure 52.  The study 

and Figure 52 are also available in (182). 

 
Figure 52: Fluorescence recovery overlays shown on x-ray CT images are shown in (a)-
(c) for a control mouse, (h)-(j) for a 4-hour mouse, and (l)-(n) for a mouse imaged 24 
hours after tracer injection.  Contrast enhanced MRI was used to produce the images 
shown in (g), (k), and (o), where the tumor is indicated with a red arrow.  The targeted 
tracer recovery is shown in (a), (d), (h), and (l), the untargeted tracer recovery is shown in 
(b), (e),(i), and (m), while the difference imaging result is shown in (c), (f), (j), and (n). 
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7.2.6 Discussion and Conclusions 
The phantom study, the simulation study, and the in vivo studies show that the contrast 

enhancement must be done by data processing instead of image processing after 

reconstruction is performed.  However, these results show low contrast recovery where it 

was previously apparently impossible.  The reconstruction series in Figure 50 shows that 

the simulated background difference approach is an appropriate extension of established 

background subtraction methods.  Figure 52 shows in simulations that the dual-tracer 

recovery approach can significantly enhance the ability to recover low-contrast targets 

with fidelity without having to wait a prohibitively long time for the dyes to accumulate 

at the target site.     

 Figure 51 shows the ability of the region-based dual tracer reconstruction method 

to remove the effect of large fluorescent concentrations in organs of filtration.  In this 

case, the recovered tumor uptake for the targeted fluorescence is dramatically improved 

and actually goes from being less than the background to being eight times the 

background.  The presence of the liver in the field has a major perturbative effect in 

diffuse tomography, and the fact that the untargeted and targeted uptakes are similar in 

this excretion organ is critically important and can be used to benefit the image recovery.  

Thus, this application illustrates the profound effect that large contrast interference near a 

region of interest can be removed using an untargeted reference tracer for normalization 

and contrast enhancement.   

 It is possible that this differencing technique could be extended to more than dual 

tracer or simulated homogeneous model background removal.  Since the rate of 

accumulation of targeted dye will be higher at a target site than in the background, it 

seems reasonable that using an early time point as a background surrogate would perform 
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well.  However, the techniques as stated have the significant advantage that the targeted 

and untargeted data vectors can be collected simultaneously, minimizing motion artifacts. 

 

7.3 In Vivo Dual Tracer Pharmacokinetic Imaging  

7.3.1 Introduction 
It has previously been discussed that fluorescence tomography is not inherently 

quantitative without significant calibration, and even despite significant steps in 

instrument and numerical optimization, the diffuse nature of the image recovery problem 

limits the accuracy of the resulting values.  For example, even if the distribution of 

fluorescence were known exactly, it would not necessarily provide a meaningful number 

for uptake in a given volume.  However, using dual tracer methods, the relative 

contribution of one tracer relative to another can be considerably more accurate in 

recovery.  To validate this concept, a mouse study (n=30) was developed to measure and 

track the binding potential (BP) of a U251 tumor line over time using dual tracer 

injection methods combined with image-guided fluorescence tomography (IGFT).  The 

mice were imaged in vivo using IGFT and ex vivo using epi-illumination methods for 

more direct confirmation. 

 

7.3.2 Theory 
Binding potential is a dimensionless number that is indicative of the number of available 

receptors for a targeted tracer or drug (195, 197-200), and is derived from compartment 

model analysis of tracer kinetics in the body.  The background to this compartment model 

approach is shown in the following figure.     
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Figure 53. Schematic diagram of the compartment model of tracer exchange.  The first 
‘targeted’ tracer reaches 3 compartments with 4 kinetic rate parameters.  The second 
‘non-targeted’ tracer is chosen to have matched K1 and k2 parameters, but only is 
partitioned into two of the compartments. By combining the known values, the non-
targeted tracer provides a reference which can allow estimation of the k3 & k4 parameters 
for the targeted tracer.  

 It is possible to model the time-changing distribution of a tracer injected into a 

body if assumptions are made about the structural components which dominate the tracer 

flow inside the subject.  (Figure 53)(201).  An assumption is made that the temporal 

exchange is governed by linear exchange rates  , and that the time changing 

concentrations in each compartment are driven by linear processes.  Since these processes 

are largely convection and diffusion driven, these assumptions are thought to be 

reasonably accurate.  Thus, the concentrations of the targeted tracer dye in each 

compartment are governed by the following coupled ordinary differential equations: 
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And for the second untargeted tracer, the equations are simpler: 

      

  
                 

      

  
                

                                      ( 43 ) 

where    is the concentration of dye in the blood/plasma,    is the concentration of the 

targeted tracer in the interstitial fluid,    is the targeted tracer which is bound to the 

target of interest.  Note that the secondary subscripts T, and UT on the concentrations 

denote targeted dye and untargeted dye, respectively.  The binding potential, BP, is 

defined as the ratio, BP =      , and increases with the increasing amount of available 

targets.  With the rise of targeted therapeutic agents in the treatment of cancer, BP is a 

thus potentially clinically relevant parameter which can either inform about the binding 

affinity of a new targeted drug to a model cancer tumor, or used for receptor 

concentration estimation of a tumor using a known affinity targeted drug. 

 The first single targeted tracer compartment model cannot really be solved 

without sufficient input data because there are four unknown rate constants (K1-k4).  So 

the value of the untargeted tracer, it can be assumed that the plasma pharmacokinetics of 

the two dyes are the same, and that exchange rates with the blood concentration are the 

same for both dyes (i.e. k1 and k2 are the same for both dyes).  Since these rates can be 

known before injection, this is a valid assumption because two dyes can be chosen which 

have comparable  vascular permeability and plasma pharmacokinetic values. These are 

largely determined by molecule size, charge and lipophilicity, which can all be chosen a 

priori.  It is also assumed that the number of target sites which are available for the 

targeted tracer are very small compared to the number of tracer molecules, meaning that 

the existence of targets does not appreciable affect the blood or interstitial concentrations 
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of the targeted dye.  This is feasible by simply injecting tracer doses such that the 

concentration in the tumor is much less than the receptor concentration, which is 

reasonable for tumors with high receptor expression.  This can also be validated by 

ensuring that as higher doses are used that the uptake does not saturate. 

 Under these assumptions, it is possible to use the untargeted tracer as a point of 

reference to isolate the effects of the targeted tracer binding to targets; the differences in 

the uptakes of the two tracers will be due entirely to the existence of targets.  Using a 

reference tracer also allows the removal of non-specific binding effects (i.e. the targeted 

tracer localizing where there are no targets), since the reference tracer will accumulate 

similarly.  This system of equations, relevant proofs, resulting solutions, and applications 

have been studied extensively (195, 200-204), and thus will not be reproduced here.  It is 

possible to linearize the convolution solution to these reference models under the above 

assumptions to produce a solution without convolution which is easily invertible (205) : 

        (
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where    is the measured bulk concentration of the targeted tracer (i.e. the local sum of 

all compartmental contributions),    is the concentration of the untargeted tracer, and   

is some final time.  The concentrations    are typically measured using epi-illiumination 

schemes, but can also be recovered tomographically.  They represent observed or 

apparent bulk concentrations, and are thus composed of a linear combination of the 

concentrations shown in Figure 53.  Using temporal measurements of the fluorescence 

concentrations, the above equation can be inverted to recover the kinetic parameters.  

This linearized reference model will be used to recover BP from the tomographic and 

temporal data signals in this animal study. 
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 However, it is not always possible to isolate temporally changing signals in order 

to quantify these pharmacokinetic parameters.  For example, in the current animal study, 

ex vivo analysis is performed to support the in vivo parameters recovered using 

tomographic methods.  Fortunately, it is possible to estimate the binding potential using a 

time-independent ratio, which we describe as a “snapshot” method (206), where the 

binding potential can be approximated using: 

   
     

  
.                                                                    ( 45 ) 

This snapshot method is used to calculate BP maps in the ex vivo slice imaging section of 

this study, using data several minutes after injection when the transient changes in Q are 

dominated by permeability into the the tumor and not affected by plasma uptake or 

clearance significantly. 

 

7.3.3 Methods 
A series of athymic mice (n=30) were each implanted orthotopically with 1 million cells 

of a U251-GFP human glioma tumor line (supplied by Dr. Mark Israel, Norris Cotton 

Cancer Center, Dartmouth-Hitchcock Medical Center).  This tumor line was chosen 

because it is known to overexpress EGFR, which will be targeted(207, 208).  It was also 

chosen because the green fluorescent protein (GFP) signal can be measured ex vivo to 

provide tumor localization(209, 210).  The growth of the tumors was monitored using 

gadolinium-enhanced T1-weighted MRI, which was also the method used to gather 

anatomical priors for fluorescence tomography.  The general imaging scheme was to 

gather MRI images, perform fluorescence imaging, sacrifice, and finally perform planar 

imaging. 
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 The subjects were imaged in a staggered fashion to provide some sort of 

longitudinal data.  Some of the subjects were imaged tomographically 5, 8, 11, 14, 18, 

and 21 days after tumor implantation.  A dual tracer method was used for fluorescence 

imaging, with the targeted tracer IR800 (Licor Biosciences, Lincoln, NE, USA), which 

was conjugated to EGFR affibodies following the procedure described in Sexton et al 

(211).   The reference tracer used in this study was IR680 (Licor), which was conjugated 

to a scrambled affibody.  The mice to be imaged were injected via tail vein with 0.1nmol 

of each dye and imaged constantly over the course of approximately one hour, at which 

time the animal was sacrificed.  The instrument used for imaging has been previously 

described(188). 

 

Figure 54.  Imaging timeline of dual-tracer study.  A tomographic data set was acquired 
for each post-injection (“post”) imaging frame. 
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 For each imaging frame, the fluorescence data collected from each mouse was 

spectrally processed and Born normalized to produce a fluorescent signal due to the 

presence of each dye, corresponding to 56 optical projections per frame for 10 frames.  

The anatomical structural information was segmented using the NirView software 

package. A 3D finite elements method mesh was then produced for each mouse.  Each 

mesh was assigned three regions: tumor, non-tumor brain, and bulk tissue, and a uniform 

region-based recovery was performed for each frame.  The binding potential was 

calculated for every target site from the resulting time-course fluorescence recovery 

(Figure 55).  In addition, binding potential fitting was performed on the single optical 

projection which most appreciable probed the tumor.   

 

Figure 55.  Schematic diagram demonstrating conceptual workflow from measurements 
to binding potential calculation.  The optical projection data is used in tandem with 3D 
anatomical data to recover anatomically-guided binding potential maps. 

 Following imaging and sacrifice, the subjects were frozen.  The head was later 

sectioned into slices of approximately 2mm thickness on an in-house cryoslicing 

instrument.  These slices were then imaged on a Pearl Impulse (Licor)  using an epi-

illumination scheme to isolate the signal due to the targeted and untargeted dyes.  Finally, 

these slices were imaged on a Typhoon (GE Healthcare) to localize the GFP signal. 
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7.3.4 Results 

 

Figure 56. A single cross-sectional slice of the entire mouse head is shown with brain 
region in the upper mid-half.  In (a) characteristic untargeted tracer slice image; (b) 
Characteristic targeted tracer slice image; (c) Binding potential image resulting from 
snapshot processing of (a) and (b);  (d) Green fluorescent protein (GFP) highlighting 
image; (e) Segmentation of tumor site from GFP image; (f) RGB overlay with the 
targeted image in the red channel, the GFP image in the green channel, and the 
untargeted image in the blue channel. 

 Figure 56 shows a characteristic series of slice images from the Pearl and 

Typhoon epi-illumination fluorescence imaging systems.  It also shows a characteristic 

binding potential map recovered from these images.  The tumor segmentation resulting 

from the GFP-weighted image is used in subsequent processing of the dye uptake values, 

as it defines the boundaries of the glioma tumor surrounded  by normal brain. 
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Figure 57.  Tumor volume over time is shown for each of the mice imaged, illustrating 
how on average the glioma tumor expands with time after implantation, as expected.  An 
exponential fit is also applied. 

Figure 57 charts the tumor size, as measured from the segmented volumes from NirView, 

versus days after tumor implantation.  A series of images showing the tumor size 

distribution is also shown in Figure 58.As expected, the growth of the tumor can be 

modeled exponentially.  A fit is shown which suggests that the tumor volume for a 

million-cell injection of U251-GFP can be modeled using  

                         ,                                           ( 46 ) 

where   is the volume in cubic millimeters, and   is the time after tumor implantation in 

days, indicating a characteristic growth time of k=0.25 d-1, or 1/k = 4 days. 
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Figure 58.  Typhoon images showing the GFP distribution within cryosectioned samples.  
Each image belongs to a different subject which was studied, and shows the diversity 
among tumor sizes used for this study. 

 Figure 59 shows a comparison between the tomographically recovered binding 

potential values of the mice versus direct temporal curve fitting of the source detector 

pair which best probed the tumor.  Tumors whose summed sensitivity was below 5% of 

the total sensitivity have been removed, as they are expected to be corrupted data.    
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Figure 59.  Comparison of Binding Potential recovery from post-processing of 
tomographic image recovery (vertical axis) and analysis directly on the raw tomographic 
data source-detector pairs which best probed the tumor site.  A line of best fit is also 
shown for the data. 
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Figure 60.  Comparison of planar and tomographic binding potential calculations.  The 
top figure shows a comparison of the binding potential of all sections which had visible 
tumor on the GFP images, comparing to the tomographically recovered binding potential.  
The bottom figure shows the tomographic binding potential compared to the median 
value recovered for all slices for which there was a visible tumor.  In both figures a unity 
line is shown. 

 Figure 60 shows a comparison of the tomographically recovered binding potential 

of the tumors with the snapshot binding potential calculated from planar imaging.  The 

top of the figure shows the mean BP for all slices which appear to have tumor based on 

the GFP images taken on the Typhoon.  The bottom of the figure compares the 

tomographic BP to the mouse-wise median value of all slices which had tumor. Figure 61 

shows a comparison of the tumor size versus the tumor binding potential calculated from 

tomography, as well as a line of best fit (R squared value of 0.18). 
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Figure 61.  A comparison of the tomographically recovered tumor BP values versus 
tumor volume is shown.  A line of best fit is also shown, with R squared value of 0.18, 
indicating that the correlation is not statistically significant. 

 

7.3.5 Discussion 
The overall thrust of this work was to verify that EGFR-targeted imaging of a tracer 

could be done with dual-tracer tomography, in a range of glioma tumors at different 

stages of growth.   BP imaging has been studied in a limited number of animals in a 

previous study(70), but has not been confirmed in an uncontrolled range of tumors with 

varying size.  The particular importance of this is that as tumor size changes the 

permeability conditions and vascular perfusion conditions change considerably, and so it 

is not obvious how well the assumptions in the dual tracer approach would hold up.   

Much of the data confirmation in this work has focused on epi-illumination 

fluorescence from the Pearl imager, because it provides a direct probe of sliced brain 

tissues without much in the way of partial volume averaging, as is seen in tomography.  

The Pearl system isolates fluorescence intensity information through notch filtering – 

integrating all fluorescence signal in a given wavelength range.  This can be useful as a 
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form of processing which is extremely simple and robust, but it is also prone to 

autofluorescence effects, especially with such low concentrations of injected dye.  The 

fluorescence intensities which were isolated from the tomographic images, however, 

were gathered through least squares fitting of the spectral data forced to known sets of 

basis spectra.  For this reason, it might be expected that the fluorescence tomography 

intensity data has less bias error than the Pearl data.  Overall, the goal was to compare the 

BP values generated ex vivo to the in vivo tomographically recovered values. There 

appears to be reasonable agreement in the binding potential calculations, as seen in the 

processed data in Figure 60, although limited in terms of numbers of animals what were 

able to be successfully processed in both methods. 

Perhaps more useful is the plot in Figure 59, showing that imaging of animals 

with a range of BP values shows similar values no matter if the calculation is done on the 

raw tomographic data sampling the tumor, or on the recovered tomography image data. 

The correlation in this graph on the set of mice successfully tomographically imaged is a 

useful testament to both using projection data and inverting it with the tomographic 

algorithm.  

 The planar imaging techniques show another example of the importance and 

power of dual tracer methods.  The distribution of the two tracers in the planar images is 

far from ideal for tumor localization, although clearly visible above the level in the 

normal brain.  Skin is well known to express large amounts of EGFR, so the whole head 

slices show this signal is strongly present in the surrounding skin.  The processed images 

of binding potential, although somewhat noisy, provides a clear localization of the 
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binding in the brain tumor, which would not be apparent from simply inspecting the 

individual two tracer images.   

 The tomographic results of all the animals needed to be carefully inspected due to 

the wide range of tumor locations of growth in the brain, and the fact that many tumor 

sites were being poorly probed by the system as currently configured.  Every tumor 

which was not directly probed with larger than 5% of the summed sensitivity of the 

imaging system was removed from this analysis because it meant that the tumor region 

was out of the plane of the light paths covering the cranium.  This is important because 

the current optical tomography system is limited to a single plane around the head, and 

yet it is unreasonable to assume this will always image the regions of the brain accurately 

given that the tumor localization is approximate when positioning the mouse in the array. 

But since the MRI scans could show the location of the mouse and the fibers after the 

scan, we were able to choose mice which had tumors within the field of imaging of the 

system. 

 The fit of tumor size versus days of growth shown in Figure 57 is a useful tool to 

estimate the average wait until an implanted tumor reaches a desired size.  The 

demonstration that fitting kinetic parameters at the surface of a subject shows significant 

agreement to fitting after tomographic recovery might be unexpected at first glance 

(Figure 59).  This effect is due to the large contribution of the signal from the tumor in 

each specific subset of data chosen, which is composed of projections which maximally 

overlap the tumor region.  The measurement location which is used for the fit is sensitive 

largely to the tumor – it is the optical projection which has the largest contribution due to 

the dye accumulation at the tumor site.  Further, the differences provided in the two data 
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channels over time are due only to the contribution of targeting, and this is the 

measurement which best probes the targeting site.  Thus kinetic fitting for this 

measurement is still thought to provide the most accurate estimation in the tumor site 

without having to go through the process of tomographic recovery. 

 The binding potential values recovered in this study reflect comparable values 

found elsewhere for the U251 tumor line (70, 195, 203, 206, 212).  Perhaps the most 

important part of the results here is the fact that the binding potential was not apparently 

altered by tumor size, indicating that the vascular and cellular stage of the tumor does not 

have an apparent measureable effect upon the observed bulk receptor density.  It seems 

unlikely that this is true at the microscopic level; however at this bulk tumor macroscopic 

level, it is an interesting finding. This suggests that receptor imaging can be a valuable 

tool because the receptor density is a distinct property of an individual tumor.  

Consequently animals can be studied at a range of tumor growth stages for receptor 

desnity.  Knowing the receptor density at a tumor site can help guide treatment since it 

correlates to an appropriate dose of targeted drug, and can be used to validate if the drug 

is binding in the tumor.  This has particular relevance to assessing the value of new 

targeted therapeutics in drug discovery studies.  Alternatively if this type of imaging was 

done on individual subjects, it would be feasible to use this to determine or track the 

efficacy of a targeted therapeutic to each individual tumor, as a way to better personalize 

medical therapy.  

 

7.3.6 Conclusion 
This study was used to further validate the ability of dual tracer methods to quantify BP 

values in a range of tumor sizes in vivo.  It has been shown that based upon the range of 
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tumors imaged here, that binding potential is invariant with tumor size, and is thus like a 

property of the individual tumor.  It should be stated that this is only established for this 

U251 tumor line, but seems plausible that this would hold for other tumors.  This fact 

demonstrates the value of imaging receptor density and that it should be stable to size 

variations and perhaps further used for drug discovery research or to assess or monitor 

individual patient response to targeted therapies.  Finally, in terms of the logistics of 

measurement of the signal, it was shown that directly sampled optical projections across 

the tumor regions might be equally valuable for assessing BP, as is full tomographic 

recovery.  This is an important verification which was observed in single molecule 

imaging (131) but is important to verify in dual tracer BP imaging, because it could 

greatly simply the data analysis and reduce the need for the computational cost of 

tomographic inversion.  
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8. Application in Radiation Therapy Molecular Sensing: 

CEPhOx 

8.1 Introduction 
 Tissue partial pressure of oxygen (pO2) is well known to affect the efficacy of 

radiation therapy because radiation-induced reactive oxygen species are the dominant 

mediator of the biological tissue damage (213-215).  The ratio of cell killing efficacy by 

radiation in tissue varies about 3 fold with and without oxygen (213, 214), while tumors 

are known to frequently contain highly hypoxic regions.  Therefore, the ability to 

quantify tissue pO2 in tumors could benefit tumor treatment and dose delivery planning. 

However, all currently existing methods of tissue oxygen measurements have significant 

limitations. The most established method relies on needle-type oxygen electrodes to 

acquire point measurements at multiple locations (215). Unfortunately, such invasive 

probing is not feasible during the course of a standard radiation therapy treatment, while 

non-invasive methods, such as reflectance spectroscopy (216) or pulse oximetry, relay 

information about tissue oxygenation via oxygen saturation of hemoglobin. In normal 

tissue, under steady state conditions, average tissue pO2 and hemoglobin (Hb) saturation 

are usually correlated.  However, in diseased tissue the balance between the hemoglobin-

(Hb) bound oxygen and oxygen that is seen directly by the cells can be compromised due 

to impaired delivery and/or consumption. Furthermore, Hb-based measurements are 

limited by the excitation light delivery, which may be inefficient for relatively deep-

seated tumors. 

 Here we present our efforts to develop a new non-invasive method to 

quantitatively image regional tissue pO2 during routine application of external beam 
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radiation therapy with multiple beam treatment.  This method is referred to as Cherenkov 

Excited Phosphorescence Oxygen (CEPhOx) imaging. It is based on phosphorescence 

lifetime imaging (217, 218) with probes whose phosphorescence lifetimes report on local 

oxygen concentration. 

8.2 Radiation Therapy and Cherekov Radiation 
 Radiation therapy is performed by directing ionizing radiation to a prescribed 

volume.  In order to maximize the radiation dose in the tumor region and to minimize the 

dose to benign tissue, multiple crossing beams at different incident angles are used 

(Figure 62). This treatment occurs by moving the beam of a linear accelerator or rotating 

the patient bed, or both.  CEPhOx imaging makes use of these multiple beams to perform 

tomographic recovery of the pO2 in the targeted region relative to the surrounding tissue. 

 

Figure 62: A schematic of a multi-beam radiation treatment plan for a brain tumor is 
shown. 

 

 Cherenkov radiation occurs when charged particles move in a dielectric medium 

(such as water or biological tissue) at a phase velocity greater than the speed of light in 

that medium, and it is regularly emitted throughout the volume of tissue subjected to 

therapeutic beams of even relatively low intensities (tens of nW/cm3) (219-227).   As the 
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charged particle moves through the dielectric medium, its electric field mechanically 

disturbs the medium, which in turn will radiate energy as it returns to equilibrium.  If the 

particle is traveling slower than the phase velocity of light in the medium, this return to 

equilibrium will be mechanical.  However, if the particle is traveling faster than the phase 

velocity of light in the medium, it will leave a shockwave-like disturbance which 

manifests as electromagnetic radiation.  The spectrum of the emission is given by the 

Frank-Tamm formula: the differential energy    emitted by a particle of charge   in a 

distance    per angular frequency    is given by 

   
  

  
     (  

  

       
)    ,                                            ( 47 ) 

where      is the frequency-dependent permeability of the medium,      is the 

frequency-dependent index of refraction,   is the speed of the particle and   is the speed 

of light in a vacuum.   The formula requires that   
 

    
, i.e. the particle is traveling 

faster than the phase velocity of light in the medium.  The energy spectrum is 

proportional to the angular frequency, meaning it is inversely proportional to the 

wavelength.  Thus the Cherenkov spectrum will be highly weighted to the ultraviolet/blue 

spectral region.  

 Cherenkov radiation is analogous to the shockwave created by a plane traveling 

through air faster than the speed at which the disturbance can propagate (a sonic boom).  

Similarly, Cherenkov radiation emits in a cone trailing the particle at angle   with respect 

to the direction of propagation (Figure 63).  Provided that the emitted light travels at the 

phase velocity of light in the medium and the particle is traveling at speed  , drawing 

similar triangles over time can be used to show that the propagation angle is given by 

      (
 

  
).  This angle will be a function of the frequency of the light due to the 
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frequency dependence of the index of refraction, but in water it is approximately 40 

degrees.   

 

Figure 63: Schematic of Cherenkov emission of a charged particle. 

 
 Due to the high absorption of UV/blue light in biological tissue, it is challenging 

to detect Cherenkov photons directly, especially when emanating from deep tissue.  In 

the past, we have shown that Cherenkov light can be used to excite fluorescent and 

phosphorescent probes that emit in the near infrared (NIR) region.  The endogenous 

absorption of biological tissue is much lower in this region (228, 229), which allows 

detection of optical signals originating from larger depths (228).  The key concept of 

CEPhOx imaging is to utilize multiple angles of the incident radiation beams to facilitate 

tomographic reconstruction of phosphorescence as a function of location.  Through 

inclusion of prior information about the beam direction, object (e.g. tumor) location, and 

the exponential decay of phosphorescence, it is possible to solve the inverse 

phosphorescence lifetime problem (218) and thus obtain oxygen distribution in the tumor 

region. 
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8.3 Formulation of Forward Model 
 Platinum(II)-G4 (PtG4) was used in our CEPhOx experiments as a 

phosphorescent probe (230-232). The relationship between the phosphorescence lifetime 

of PtG4 and the local oxygen concentration is described by the Stern-Volmer equation: 

 

 
 

 

  
       ,                                                         ( 48 ) 

where    is the  phosphorescence lifetime at partial oxygen pressure pO2,    is the 

phosphorescence lifetime in a deoxygenated medium, and    is the oxygen quenching 

constant. For PtG4,    and kq are well suited for the measurements in the biologically 

relevant range of oxygen concentrations (0-160 mmHg) and they do not change when the 

probe is placed in a biological environment. 

 Previously, Cherenkov emission from megavoltage beams has been used to excite 

and tomographically recover fluorescent or phosphorescent targets (228, 229, 233-235). 

However, only the simplest situation with irradiation of the entire phantom by a single 

radiation beam has been investigated to date. CEPhOx has also been investigated in a 

previous study using a fiber bundle-based system by combining conventional diffuse 

optical tomography (DOT) (229, 236) with phosphorescence lifetime tomography (218, 

237, 238). Since conventional DOT does not make use of any prior anatomical 

information, defining the location of a tumor is less accurate than image-guided image 

recovery. Following our previous studies, the CEPhOx imaging scheme proposed here is 

different because it utilizes multiple radiation beams and a fixed imaging system, which 

consists of an intensified charge couple device (ICCD) camera and a standard optical 

macro lens.  The theoretical and experimental approach presented here is similar to that 

employed in X-ray induced fluorescence imaging, previously described by Pratx and 
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Carpenter (239, 240). However, here this approach is adapted specifically for the case of 

targeted beams and is applied to emission lifetime recovery, rather than just intensity. 

 In this paradigm, the measured phosphorescent light intensity is modeled as a 

function of time as: 

          ∫ ∫                    
  

                  
 

 
,                       ( 49 ) 

where             is the Cherenkov light profile for beam location    at time  , r denotes 

the vector coordinate throughout the volume,      is the probe distribution,  (r) is the 

phosphorescence lifetime map,         is the sensitivity of the detection at location   

and time  ,   is a constant proportional to the probe's extinction coefficient and quantum 

yield of formation of the phosphorescent triplet state, and    is the efficiency of the 

detector.  The characteristic time of the propagation of the light through the tissue (on the 

order of ns) is much shorter than the phosphorescence lifetime of the probe 

(microseconds,   ).  Therefore, the characteristic time change of     and    is much 

less than that of the exponential term, meaning that on the time scale of phosphorescent 

measurement these functions can be treated using steady state approximation, and the 

additional constants from the integration will be rolled into     (218, 241).  Using this 

model, we can define a forward model operator for measurement   at position  : 

        ∫          
       .                                          ( 50 ) 

Characteristic representations of the fields and the resulting operator from equation 48 are 

shown in Figure 64.  The spatially integrated datum, corresponding to a measurement 

resulting from a beam at    at moment tk can then be modeled as : 

   ∑       
      

                                                          ( 51 ) 
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where   is an index denoting the spatial location and   is the number of voxels or finite 

element nodes in the model.  This equation can be represented in a more compact form 

as: 

    ,                                                                  ( 52 ) 

where          
      is the weighted phosphorescence emission distribution. 

 

Figure 64: Visual representations of the components of the forward model matrix.  (a) 
Monte Carlo-derived Cherenkov emission profile,    . (b) Optical detection sensitivity 
  . (c) Resulting forward model sensitivity distribution. 

 The inverse problem in tomographic optical imaging, including phosphorescence 

lifetime imaging, is severely ill-posed.  In order to improve the accuracy of image 

recovery, it is possible to use an  -by-  mapping matrix to reduce the number of free 

parameters in the problem to the number of distinct regions (with the number of regions 

given by  ).  The matrix elements are defined as: 

    {

 

  
                         

                                     
,                                                ( 53 ) 

where    is the number of elements in region  .These distinct regions are typically 

segmented from structural medical images, such as ultrasound, x-ray CT, or MRI.  
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Typically, anatomical medical imaging is performed prior to radiation treatment planning.  

Using the information from these images, the system may be reduced to: 

   ̃   ,                                                                  ( 54 ) 

where  ̃ is the  -by-  vector representing mean phosphorescence light emission density 

in each region.  

8.4 Phantom Experiments 
 Two phantom experiments were performed to verify the validity of the? CEPhOx 

image recovery scheme outlined above.  A cylindrical liquid phantom 65 mm in diameter 

and 50 mm-tall was filled with 1% v/v solution of intralipid, containing 0.0025% v/v 

Indian ink and a 1  M concentration of PtG4 (Figure 65). The solution was fully 

oxygenated (i.e. with pO2~160 mmHg) by being equilibrated with air. A 25 mm diameter 

cylindrical inclusion was placed inside the vial such that the edge of the inclusion was 5 

mm away from the external boundary of the phantom. The inclusion contained 1% v/v 

solution of intralipid, 0.002%v/v Indian ink, and a 5  M concentration of PtG4.  The 

concentration of the probe was higher in the inclusion than in the background to reflect 

realistic clinical conditions: the macromolecular probe PtG4 will accumulate at a tumor 

site due to the Enhanced Permeability and Retention (EPR) effect. For the first 

experiment, the inclusion was fully oxygenated.  For the second experiment, the inclusion 

was fully deoxygenated using a glucose/glucose oxidase/catalase enzymatic system (242). 
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Figure 65: Schematic diagram of imaging experiments. (a) Diagram of imaging system 
with camera and time gating. (b) Overhead schematic of phantom geometry and beam 
locations with respect to the camera. (c) Cherenkov radiation profile from Monte Carlo 
Simulations. (d) Composite map of summed Cherenkov radiation for all beam locations, 
which is known to be a surrogate of the radiation dose map. 

 In both experiments, to simulate the situation typically encountered in the 

established stereotactic tumor treatment, the phantom was irradiated by 20 uniquely-

placed radiation beams along the central arc of the cylindrical phantom, covering an 

angle range of 95o. The resulting phosphorescence was measured by gated ICCD camera 

(PI-MAX3, Princeton Instrument) with a commercial lens (f = 2.0) trained at the side 

surface of the phantom. The linear accelerator delivers 3.25 µs radiation pulses at 200 Hz. 

The camera operation was synchronized with the radiation pulses (234). Collection of the 

phosphorescence began at delays varying from 3.25 µs (right after the radiation pulse) to 

203.25 µs with 5 µs increments. For each delay, phosphorescence from 100 radiation 

pulses was accumulated and stored as one image frame.  Thus, 40 images with different 
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initial delays were acquired for each incident angle, with a total of 20 incident angles. As 

a benchmark for recovery accuracy, the bulk phosphorescent lifetime was calculated 

based on the integrated intensity measurements without performing tomographic 

reconstruction.  These values are shown in Table 4. 

Table 4: Bulk Properties Estimates 

Inclusion 

Type 

Recovered Volume-

Averaged Phosphorescent 

Lifetime (µs) 

Recovered Volume-

Averaged pO2 (mmHg) 

Aerated 24.6 107 
Deoxygenated  36.1 34.8 
 

 The imaging domain was separated into two regions: the bulk of the phantom and 

the inclusion (Figure 65).  This separation improved the conditioning of the problem 

sufficiently, so that a simple least-squares method could be used to reconstruct the image.  

For each frame, the normal system of equations (equation 52) was inverted using QR 

decomposition and Gaussian elimination to recover the volumetric phosphorescence 

distribution.  The lifetime values were then used to calculate the phosphorescence 

lifetime map, which in turn allowed recovery of the pO2 distribution using the Stern-

Volmer model (equation 48). 

 The phantom was discretized into 1440 nodes corresponding to 2789 2-D 

triangular finite elements.  Based on the concentration of intralipid, the optical absorption 

at 780 nm (the wavelength of the phosphoresced light) was set to be 0.0025 mm-1, while 

the reduced scattering coefficient was set to 1.033mm-1.  The orientation of the camera 

with respect to the phantom was known, allowing for the construction of an optical 

sensitivity profile.  The NIRFAST software package was used to build the integrated-

field ICCD sensitivity function (Figure 64) (17, 47).  The gamma ray excitation profiles 
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and subsequent Cherenkov photons were simulated using GAMOS, a Geant4-based 

Monte Carlo toolbox (243, 244).  For the purposes of this simulation, the phantom was 

discretized into a set of uniform voxels with an edge size of 0.2 mm and modeled using 

water-equivalent energy response values in GAMOS. For each simulated beam location, 

one hundred million primary photons were injected into the phantom and tracked.  In 

order to exploit the cylindrical symmetry of the imaging domain, and in order to be 

expressed on the 2-D finite elements representation of the phantom, all the 3-D 

Cherenkov profiles from GAMOS were summed into a 2-D distribution.  These are the 2-

D Cherenkov profiles referred to in equation 54 (Figure 65). 

 

Figure 66:  Phosphorescence intensity recovered for both the inclusion and background 
regions for: (a) the oxygenated inclusion experiment and (b) the deoxygenated inclusion 
experiment. 

 

 The recovered phosphorescence intensity values for are shown in Figure 66, and 

the pO2 values recovered using the proposed framework are shown in Table 5. 
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Table 5: Tomographic Recovery of Oxygen Distribution 

Inclusion 

Type 

Recovered 

Phosphorescent 

Lifetime in 

Inclusion (µs) 

Recovered 

Phosphorescent 

Lifetime in 

Background (µs) 

Recovered 

pO2 in 

Inclusion 

(mmHg) 

Recovered 

pO2 in 

Background 

(mmHg) 

Aerated  23.9 26.3 113 92.4 
Deoxygenated  41.2 21.3 15.4 142 
 

 In the current implementation, the method was only capable of distinguishing 

high versus low oxygenation.  However, image guidance permitted the use of far fewer 

data points.  Table 6 shows the oxygenation recovery when the results from only four 

beam excitations are used, indicating how robust this approach is to sparse data. 

 

Table 6: Tomographic Recovery of Oxygen Distribution: Reduced Number of 

Measurements 

Inclusion 

Type 

Recovered 

Phosphorescent 

Lifetime in 

Inclusion (µs) 

Recovered 

Phosphorescent 

Lifetime in 

Background (µs) 

Recovered 

pO2 in 

Inclusion 

(mmHg) 

Recovered 

pO2 in 

Background 

(mmHg) 

Aerated 21.3 28.1 141 78.6 
Deoxygenated  42.8 21.2 10.5 143 
 

 The intensity of the recovered phosphorescence signal is linear with respect to the 

concentration of the phosphorescent probe in a given location, based on equation 54. A 

higher concentration of the probe would improve the fidelity of the signal. The 

concentration of PtG4 used in this phantom study is 1 and 5 µM, while higher 

concentrations of over 10 µM has been shown to be safe for in vivo studies (230, 245, 

246). However, recovery of oxygenation in principle only requires the presence of the 

probe, since it is the lifetime of the phosphorescence, but not the intensity, that is used for 

pO2 recovery. Thus, it is not necessary to calibrate the intensity measurements of the 
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imaging system, but only to make sure that the system response is consistent throughout 

the experiment.  Similarly, it is not necessary that the phosphor be uniformly distributed. 

However, the intensity and hence the probe concentration define the signal-to-noise ratio 

(SNR) in the data. 

 For each incident angle, the data acquisition time was approximately 20 s, which 

is similar to the irradiation time for each beam in an actual medical setting, although dose 

per beam varies considerably with different treatment plans. For each incident angle, the 

data was acquired at 40 different time points. However, it has been shown that 5 to 10 

time points should be sufficient for the? fitting of a single-exponential decay, provided 

sufficient SNR in the data (218). Thus, the data acquisition time could be easily reduced 

to be within 5 s without affecting the normal treatment process. 

8.5 Feasibility Study of Human Brain Tumor Imaging with CEPhOx 
 A simulation study was also performed to examine the possibility of CEPhOx 

monitoring during the treatment of human brain cancer with EBRT.  A representative 

human head MRI from the NIRFAST software package release was segmented into five 

regions (Figure 67a) and assigned realistic optical properties (47).  An elliptical ‘tumor 

site’ was added to the imaging domain as a target region (Figure 67a).  For the purposes 

of this simulation study, the imaging domain was further divided into three regions of 

interest: tumor region, scalp, and the remaining normal brain tissue.  The tumor was 

assigned lateral axis sizes ranging from 5mm to 20mm in steps of 1mm and proximal axis 

sizes ranging from 7.5mm to 30mm in steps of 1.5mm. The tumor was also assigned an 

array of edge depths from 5mm to 25mm in steps of 1mm.  The ratio of the probe 

concentration at the tumor site to that in the normal brain was assumed to be 4:1 and the 

corresponding scalp to brain ratio 5:1.  These numbers reflect the expected in vivo probe 
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partitioning as follows from the preliminary animal studies (230) and available 

information about the blood-brain barrier. The imaging domain was discretized into a 

finite element mesh with 21,974 nodes corresponding to 43,533 triangular elements.  The 

same targeted EBRT treatment, which was previously applied to the phantom, was 

applied to this domain, using the same integrated surface data collection method.  Thus, 

obtained data were used to recover the phosphorescence distribution as a function of time 

on a finite element mesh with 5169 nodes corresponding to 10910 triangular elements, 

which were further mapped onto the previously described four regions with the same 

approach that was used in the phantom study.  The recovered pO2 values for the scalp and 

bulk tissue did not show significant errors.  However, the recovered pO2 values for the 

tumor region were found to be dependent upon the tumor size, depth, and oxygenation. 

 

Figure 67:  (a) A sample head CT scan used for image testing with skull (dark) grey and 
white matter, and with target irradiation site is shown (white). In (b) the targeted region 
oxygenation recovery absolute error (mmHg) is shown for a well-oxygenated region. In 
(c) the region oxygenation recovery error is shown, for the case of a deoxygenated target 
region. 

 The results of the simulation study (Figure 67) indicate that CEPhOx recovery 

could be an effective means for pO2 estimation in tumors of all sizes, as long as they are 

located at depths less than 10-20mm, depending upon the oxygenation value.  It is 

possible that the efficacy of this form of imaging can be improved by varying locations 
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and angles of the excitation beams. A deoxygenated tumor will produce a longer and a 

stronger decay than a normoxic one, due to the effect of phosphorescence quenching by 

oxygen.  At late time points, the overall signal will be greatly dominated by the hypoxic 

tumor, thereby improving the accuracy of recovery (218). 

8.6 In Vivo Mouse Data 

 
In order to show that this technique is applicable in vivo, PtG4 was injected into a mouse 

brain (Figure 68a) and irradiated with several beams from a medical linear accelerator.  

The resulting Cherenkov light signal was integrated and is shown in Figure 68b.  An 

intensified CCD was gated to integrate frames of length 4   out to 200   resulting in 50 

frames to examine.  The camera was placed 1m form the subject.  In future iterations this 

experiment will have optimized geometry to reduce noise.     

 
Figure 68:  (a, top) Image of the mouse brain tumor, containing the phosphorescent agent 
PtG4. (a, bottom) Integrated Cherenkov signal resulting from EBRT overlain on image 
from (a, top) illustrating the strength of the excitation signal in vivo. (b) Phosphorescent 
signal from mouse experiment. (c)  Fitted lifetime of signals.  Different lifetimes indicate 
that there are regions of different oxygenation in the imaging domain. 

 
 The phosphorescence is much longer lived than the Cherenkov signal, so it can be 

isolated for every beam (Figure 68b) and its lifetime can be recovered (Figure 68c, with 

fits shown in Figure 68b).  The recovered bulk phosphorescence lifetimes are biologically 
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relevant, and show distinct differences with different beam locations, indicating that there 

are regions of the tissue which have different pO2 values. 

8.7 Discussion  
 Traditional optical excitation fields are generally delivered from outside of the 

object and have limited penetration depth, due to the high optical absorption of tissue.  In 

contrast, Cherenkov emission is generated locally by the beam radiation and can serve as 

internal excitation source even when the region of interest is deeply seated.  Additionally, 

it has been shown that the intensity of local Cherenkov emission is proportional to the 

delivered radiation dose (220, 222, 223).  Since the dose map calculation is a significant 

part of the treatment planning, and the treatment is constructed to maximize the dose at 

the target site, the Cherenkov light will maximize the signal emanating from the target. 

 The use of image guidance in the recovery of phosphorescence greatly improves 

accuracy, based on the comparison of the bulk characteristics in Table 4 to the region-

based characteristics in Table 5, but also allows for the use of fewer beam excitations. If a 

diffuse recovery is used, every time point will have a number of free parameters equal to 

the number of discretized nodes in the imaging domain.  However, when region-based 

recovery is used, the number of free parameters is decreased to the distinct number of 

regions. Since a great deal of spatial information is encoded in the Cherenkov profiles, 

and since the image recovery is mapped into uniform regions, it is no longer necessary to 

discretize the optical measurements at the surface; an integrated signal is now sufficient 

for accurate recovery.  Furthermore, since the optical signal can be integrated, this vastly 

improves the quality of the data for reconstruction.  In effect, each data point was 

constructed by summing thousands of pixels, thus lowering the noise significantly. 
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8.8 Conclusion 
 In summary, we have proposed the CEPhOx method to perform monitoring of 

oxygenation in tumors during external radiation beam therapy. Our method only requires 

the addition of a non-toxic, biologically compatible, excretable phosphorescent tracer 

PtG4 and the presence of a camera in the treatment room.  It is, therefore, a minimally 

invasive method and is compatible with the established work flow of radiation therapy in 

situations where tumor pO2 measurement is a pertinent dosimetric need. 
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9. Conclusions and Recommendations for Future Work 
This document outlines a series of methods to optimize and quantify fluorescence 

tomography.  The automated regularization schemes proposed in chapter 6 are valuable 

because they have the capacity to reduce error and remove some of the human element 

from fluorescence recovery.  The DRIFT method removes the need for segmentation, and 

by corollary a large part of the necessary anatomical training.  This method is also 

versatile since it is not limited strictly to anatomical structural prior information; it is 

possible that functional maps can be used as well, as long as they are assumed to 

correlate with fluorescence.  The DRIFT method automates fluorescence recovery, 

opening this imaging modality to users of diverse backgrounds.  The dual tracer methods 

are demonstrably useful because they can be used to enhance contrast.  The dual-tracer 

contrast enhancement scheme presented in this document allows for the recovery of 

fluorescent distributions which were previously unavailable due to prohibitively low 

signal.  Perhaps more importantly, dual tracer methods can produce objective, clinically 

relevant values in a robust fashion. The time domain fluorescence tomography method 

proposed in chapter 4 shows marked improvements over continuous wave methods.  This 

result extends to the case of using far fewer optical projections, allowing much more 

sparse spatial sampling with comparable resolution.  The work in chapter 5 shows that 

more uniform summed sensitivity functions imply a more accurate recovery.  This can be 

a useful rule of thumb for constructing imaging systems.  It can also be a valuable tool for 

subsampling large data sets if only limited computational tools are available.   

 However, the methods presented in chapters 4 and 5, concerning time domain 

methods and geometrical imaging optimization respectively, may not necessarily be 

useful in practice.  In chapter 5, for example, the optimization technique proposed to 
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improve the sampling geometry only provides minor improvement in the simulated 

mouse head example.  Similarly, the time domain method proposed in chapter 4 is only 

of limited utility.  Time domain methods can be difficult to calibrate properly, and require 

equipment which is much more expensive than continuous wave or even spectrally 

resolved methods.  The proposed method is fine for phantom imaging due to the lack of 

background.  In animal subjects, the autofluorescence can introduce an additional 

fluorescent lifetime into the fluorescent signal which can be difficult to remove.  Even if 

the resolution improvement suggested by these time domain methods were translatable to 

animals, the gains would be overshadowed by image guidance.  Even basic image 

guidance is much easier to implement and provides at least comparably good 

improvement to resolution compared to the proposed time domain methods. 

 On the other hand, this document provides some methods which can robustly 

provide meaningful improvement to fluorescence tomography.  It has been demonstrated 

that the dual tracer contrast enhancement method can recover targeted signals which were 

previously unavailable.  The in vivo dual tracer study demonstrates that the binding 

potential can be a valuable, quantitative, clinically relevant number to report.  It is 

demonstrated that tomographic recovery might not even be necessary if the source-

detector pair information which best probes the target site can be isolated.  Finally, a 

burgeoning imaging method has been shown to be able to recover oxygen levels by 

tomographic imaging during radiation therapy; the CEPhOx imaging scheme also 

provides a clinically relevant number which can be useful in guiding radiation therapy. 

 There has not been a method presented which would be detrimental to image 

recovery; any method presented in this document is, at worst, benign.  In fact, except for 
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the CEPhOx chapter, all of the main methods which I have proposed could be used at the 

same time.  It is entirely possible that future work may include the construction of a time 

domain, image-guided, geometrically versatile fluorescence tomography instrument.  It is 

possible that the detection geometry could be automatically optimized after an anatomical 

scan, and before the fluorescence scan, in order to minimize fluorescence scanning time.  

If the subject is catheterized and a targeted and an untargeted tracer are loaded 

simultaneously, then they could be injected automatically just before the fluorescence 

scan starts.  Then the DRIFT method could be used in pharmacokinetic image recovery 

after the injection of two tracers.  In this way, it is possible to envision a quantitative, 

hands-off fluorescence tomography system. 
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10. Appendices 
 

Appendix A-The DICOM Image Format 
 
The Digital Imaging and Communications in Medicine (DICOM) format has become an 

industry standard for medical imaging due to its versatility and ability to carry more than 

just image information in a single file.  It is a file format which has been used in hospitals 

for two decades to save and transport imaging data from all major forms of structural 

medical imaging, including, but not limited to, MRI, ultrasound, projection x-ray and x-

ray CT.  DICOM files (often appended *.dcm) contain a block of image information, as 

well as a significant amount of metadata.  These standard bocks of metadata are what 

provide the real value for the format, since it is no longer necessary to include a text file 

with additional scan parameters along with an image file.  While metadata is standard for 

many imaging formats (for example Exif data in on TIFF or JPEG images), the metadata 

included with DICOM images contains standard blocks identifying the imaging modality, 

the patient, and the scan parameters of interest, for example the imaging sequence used if 

it is an image from an MR, the pixel value to CT number translation if the image is x-ray 

CT, and in all cases the type of instrument on which the image was taken.  DICOMS also 

have space for the notes of the person taking the image, and it is possible to include 

proprietary metadata fields. 

 The most important aspect of DICOM files for the purposes of this document is 

that every DICOM image carries with it a coordinate system.  DICOM metadata fields 

contain the pixel or voxel dimensions and the location of the origin of a coordinate 

system, which allows the use of coregistration algorithms.  Further, and more importantly, 
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this dimensional information allows accurate creation of finite element meshes. 
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Appendix B-Derivation of the Diffusion Approximation of the Radiative Transport 
Equation 
 
Assume the RTE to be valid: 

 

 

    ⃗  ̂   

  
   ̂      ⃗  ̂         ⃗  ̂       ∫    ⃗  ̂       ̂   ̂     

  
   ⃗  ̂   , 

where: 
  ⃗ is a location in 3-space 
  ̂ is a directional unit vector 
   is the radiance and carries units of          ,  
           is the extinction coefficient and has units of inverse length. 
   is the speed of light in the medium with units     
    ̂   ̂  is the phase function; it is the probability of light scattering into direction 
 ̂  if    the incoming direction is  ̂. 
    ⃗  ̂    is a source term with units of            
 
Let us also define some additional quantities which will be useful in the following 
derivation: 
   ∫   ̂   ̂    ̂   ̂   

  
 is the scattering anisotropy 

   ∫    ⃗  ̂     
  

 is the fluence, with units of      

  ⃗   ∫   ̂
  

   ⃗  ̂      is the current density in units of      
   

          is the reduced scattering coefficient 
 
The diffusion approximation relies on the assumption that the medium is high albedo, i.e. 
     .  Physically, the corollary of this main assumption is that the current density 
change is small on timescales of one mean free path length traveled.   
 
Approximate    using a spherical harmonics expansion using: 
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where the      are the expansion coefficients of the radiance and     are the spherical 
harmonics.  Exploiting the orthogonality relationship for spherical harmonics, 

∫   
   

 
  

         , 
where     is the Kronecker delta, the     term can be isolated by multiplying by      
and integrating: 
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Putting     back into the right hand side,  
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Replacing for the fluence, we find 
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To get the     terms, let us begin by multiplying the above expression for   by     , 
and exploiting orthogonality:  
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Now let us examine the expression including the     terms: 
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Truncating after these terms, we can approximate the radiance by  
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Replacing this expression into the RTE, we get 
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Multiplying by    and distributing, we get  
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If we isolate the scalar and vector components of this equation separately, we get 
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for the vector components. 
Removing the scalar product and dividing by three for the vector equation, we get  
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If we say that  
 

 

  
  is negligible compared to other terms (one of the listed assumptions), 

then we recover a Fick’s law type diffusion 
 ⃗  

 

 (     
 )
  . 

If we define the diffusion coefficient  

  
 

       
  

 

and sub the above expression for   into the scalar equation, we get 
 

 

  

  
              , 

the diffusion approximation to the RTE. 
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Appendix C-Pertinent Matlab Code 
 
This function performs the necessary data differencing for dual tracer contrast 

enhancement. 
 
function [out c]= diffmaker(rhsa,rhsb) 
  
rhsbo = rhsb; 
% rhsb = 1e-2*rhsb*mean(rhsa(~isnan(rhsa)))./mean(rhsb(~isnan(rhsb))); 
c = 1e-2*mean(rhsa(~isnan(rhsa)))./mean(rhsb(~isnan(rhsb))); 
rhsb = c*rhsb; 
test = true; 
goodrb = rhsbo; 
  
while test 
    if test 
        goodrb = rhsb; 
    end 
    c = 1.01*c; 
    rhsb = c*rhsbo; 
    rhs1 = rhsa-rhsb; 
    test = min(rhs1(~isnan(rhs1)))>0;% & min(rhs2(~isnan(rhs2)))>0; 
     
end 
  
out = rhsa-goodrb; 
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This is the log-transformed Levenberg-Marquardt algorithm used in all diffuse and 

hard priors recovery in this document.   
 
function [xh errors] = LevMarLog(J,y,lam,tol,maxiters,guess,mesh) 
% function to do levenberg marquardt regularized solution to the system 
% J*x = y 
% J:          coefficient matrix 
% y:          data vector 
% lam:        regularization value 
% tol:        a maximum tolerance on the error used as a stopping 
%                  condition, this is a percent value of the error change 
%                  from the previos step to the current one 
% maxiters:   the maximum number of iterations the loop will run (optional,  
%                  default 100) 
% guess:      an initial guess of the solution (optional, default automatic guess) 
% 
% Method: 
%(JT*J + lam*(max(diag(JT*J)))*eye(size(JT*J)))*delta = JT(y - J*(current guess)) 
% delta is guess update 
% L*delta = JT*y - JTJ*guess, abbreviated 
  
% also see 
% http://en.wikipedia.org/wiki/Levenberg%E2%80%93Marquardt_algorithm 
  
  
% check to see if there is a maximum iterations field, if not set to 100 
if exist('maxiters','var')==0 
    maxiters = 100; 
end 
  
if exist('guess','var')==0 
    guess = 1e-5*ones(size(J,2),1); 
end 
  
  
if exist('mesh','var')==0; 
    meshplotflag = false; 
else 
    meshplotflag = true; 
end 
  
meshplotflag = false; 
  
counter = 2; %always have a counter 
errors = []; 
  
  
satisfied = false;  %have we converged? 
x = guess; 
xh = x; 
% errors(1) = norm(J*x-y); 
errors(1) = norm(log(J*x)-log(y)); 
xo = x;  % old x 
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gooderr = errors(1); 
  
C = eye(size(J,2)); 
  
while ~satisfied 
         
    f = J*x;  %forward data guess 
     
    C = diag(x); 
%     C = diag(1./sum(J)); 
%     C = diag(sum(J)); 
%     C = -diag(x./abs(x)); 
%     C = eye(size(J,2)); 
%     C = diag(x)*diag(1./sum(J)); 
     
    Jm = diag(1./f)*J;                       %reassign J in case we want to modify it 
    Jm = Jm*C;                               %NIRFAST step 
    H = Jm'*Jm;                              % Hessian matrix 
    L = (H + lam*max(diag(H))*eye(size(H))); %this can be done outside of the loop if there is no 
NIRFAST step and if the regularization is not updated 
%     L = (H + lam*eye(size(H))); %this can be done outside of the loop if there is no NIRFAST step and if 
the regularization is not updated 
    R = Jm'*(log(y)-log(f));                           % Right hand side 
    delta = L\R;                             % x update 
    delta = delta.*diag(C); %the other NIRFAST step to cancel out the last one 
    x = x + delta;  %update x 
     
    %filter if desired 
%     x = mf(mesh.elements,x,2); 
%     x = mf(mesh.elements,x,1); 
     
    % Que? 
    x(x<0) = 0; 
     
%     errors = [errors norm(J*x-y)]; 
    errors = [errors norm(log(J*x)-log(y))]; 
     
%     disp(errors(end)); 
    xh = [xh x]; 
     
    %see if we have converged 
    if counter == 1 
        error_converged = false; 
    else 
        error_converged = abs(errors(counter)-errors(counter-1))/errors(counter-1)*100<tol; 
    end 
     
    %see if it's time to go 
    counter_reached = counter >= maxiters; 
     
%     if counter_reached 
%         disp('counter reached'); 
%     elseif error_converged 
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%         disp('converged'); 
%     end 
     
    %are we satisfied with this loop? 
    satisfied = counter_reached | error_converged; 
    lamfac = 0.01; 
    if errors(end)>gooderr && counter>2%  && 3==4 
        lam = lam*(1+lamfac); 
        x = xo; 
    else 
        lam = lam*(1-lamfac); 
        xo = x; 
        gooderr = norm(J*x-y); 
    end 
     
    if meshplotflag 
%         subplot(211) 
%             meshplot(mesh,x);%caxis([0 max(x)]); 
%             title(num2str(lam)); 
%         subplot(212) 
            plot(y,'b');hold on 
            plot(f,'r');hold off;drawnow; 
%             pd(md(unblank(y,mesh)),'b');hold on 
%             pd(md(unblank(f,mesh)),'r');hold off;drawnow; 
%             plot(md(unblank(y,mesh)),'b');hold on 
%             plot(md(unblank(f,mesh)),'r');hold off;drawnow; 
%             pd(md(y),'b');hold on 
%             pd(md(f),'r');hold off;drawnow; 
             
%              
%         subplot(311) 
%             meshplot(mesh,x);%caxis([0 max(x)]); 
%             title(num2str(lam)); 
%         subplot(312) 
%             pd(md(unblank(y,mesh)),'b');hold on 
%             pd(md(unblank(f,mesh)),'r');hold off;drawnow; 
%         subplot(313) 
%             semilogy(errors);drawnow 
    end 
  
     
%     if counter>4 
%         y = datascaler(y,mesh,x,J); 
%     end 
     
    counter = counter+1; 
end 
  
% if counter_reached 
%     disp('did not converge to tolerance'); 
% end 
% if error_converged 
%     disp('exited successfully'); 
% end 
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% if satisfied 
%     disp('Rob is awesome'); 
% end 
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This function provides a regularized solution using the Tikhonov regularization 

scheme.  The input matrix L is the Tikhonov regularization matrix, able to be 

formulated using multiple methods. 
 
function [xh errors lamlist] = LevMarLogSP(J,L,y,lam,tol,maxiters,guess,mesh) 
% function to do levenberg marquardt regularized solution to the system 
% J*x = y 
% J:          coefficient matrix 
% L is soft priors regularization matrix 
% y:          data vector 
% lam:        regularization value 
% tol:        a maximum tolerance on the error used as a stopping 
%                  condition, this is a percent value of the error change 
%                  from the previos step to the current one 
% maxiters:   the maximum number of iterations the loop will run (optional,  
%                  default 100) 
% guess:      an initial guess of the solution (optional, default automatic guess) 
% 
% Method: 
%(JT*J + lam*(max(diag(JT*J)))*eye(size(JT*J)))*delta = JT(y - J*(current guess)) 
% delta is guess update 
% L*delta = JT*y - JTJ*guess, abbreviated 
  
% also see 
% http://en.wikipedia.org/wiki/Levenberg%E2%80%93Marquardt_algorithm 
  
  
% check to see if there is a maximum iterations field, if not set to 100 
if exist('maxiters','var')==0 
    maxiters = 100; 
end 
  
if exist('guess','var')==0 
    guess = 1e-5*ones(size(J,2),1); 
end 
  
  
if exist('mesh','var')==0; 
    meshplotflag = false; 
else 
    meshplotflag = true; 
end 
meshplotflag = false; 
  
LtL = L'*L; 
counter = 2; %always have a counter 
errors = []; 
lamlist = []; 
  
  
satisfied = false;  %have we converged? 
x = guess; 
xh = x; 
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% errors(1) = norm(J*x-y); 
errors(1) = norm(log(J*x)-log(y)); 
xo = x;  % old x 
gooderr = inf; 
  
% C = eye(size(J,2)); 
  
  
while ~satisfied 
     
    f = J*x;  %forward data guess 
    C = diag(x); 
  
    Jt = diag(1./f)*J*C; 
    H = Jt'*Jt; 
    mdh = max(diag(H)); 
    H = H+LtL*lam*mdh; 
     
% delta = H\(Jt'*rhs-H*x); 
% delta = H\(Jt'*log(y)-H*x); 
delta = H\(Jt'*log(y)-Jt'*log(f)-lam*mdh*LtL*x); 
% delta = H\(Jt'*log(y)-Jt'*log(f)); 
  
delta = delta.*diag(C); 
x = x+delta; 
  
lamlist = [lamlist lam]; 
  
  
%     thiserr = norm(J*x-y)^2 + lam*norm(L*x).^2; 
%     thiserr = norm(J*x-y)^2 + lam^2*norm(L*x).^2; 
%     thiserr = norm(J*x-y);%^2; 
    thiserr = norm(log(J*x)-log(y)); 
  
%     errors = [errors norm(J*x-y)]; 
    errors = [errors thiserr]; 
  
    %filter if desired 
%     x = mf(mesh.elements,x,2); 
    x = mf(mesh.elements,x,1); 
     
    x(x<0) = 0; 
  
    xh = [xh x]; 
     
    %see if we have converged 
    if counter == 1 
        error_converged = false; 
    else 
        error_converged = abs(errors(counter)-errors(counter-1))/errors(counter)*100<tol; 
    end 
     
    %see if it's time to go 
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    counter_reached = counter >= maxiters; 
         
    %are we satisfied with this loop? 
    satisfied = counter_reached | error_converged; 
%     satisfied = counter_reached; 
    lamfac = 0.01; 
    if thiserr>gooderr && counter>2 && 3==4 
        lam = lam*(1+lamfac); 
        x = xo; 
    else 
        lam = lam*(1-lamfac); 
        xo = x; 
        gooderr = thiserr; 
    end 
    counter = counter+1; 
end 
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This function overlays a function defined on a mesh (e.g. a fluorescence recovery 

map) on a DICOM.  This function requires co-registration of the coordinate 

systems.  The coordinate registration is embedded in the mat file called by this 

function. 
 
function value_display(varargin) 
% function to overlay a mesh field on a co-registered DICOM 
  
%values, mesh,dicomfile, colormap 
  
% clc 
% % clear all 
% close all 
  
  
values = varargin{1}; 
meshname = varargin{2}; 
dicomfile = varargin{3}; 
  
if nargin==3 
    z = zeros(size(bone,1),1); 
    c = linspace(0,1,size(bone,1))'; 
    one_color_map = [sqrt(c) z (1-c.^2)*0.5];%fav so far 
else 
    one_color_map = varargin{4};%fav so far 
end 
  
if ischar(meshname) 
    mesh = meshload(meshname); 
elseif isstruct(meshname); 
    mesh = meshname; 
else 
    error('please enter a real mesh, jerk'); 
end 
im = abs(dicomread(dicomfile)); 
  
  
% sols = get_sol_matrix(solname); 
% values = sols(12,:)'; 
% values = get_sol(solname); 
  
% make sure values are a column vector 
if size(values,2)~=1 
    values = values'; 
end 
  
values_orig = values; 
%get some nodes 
nodes = mesh.nodes; 
elems = mesh.elements; 
%% 
info = dicominfo(dicomfile); 
im = double(im); %can't do math to unsigned integers 
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im = (im-min(min((im))))/(max(max(im))-min(min(im))); 
rows = double(info.Rows); 
cols = double(info.Columns); 
pixel_size = double(info.SliceThickness); 
origin = info.ImagePositionPatient; 
max_x = (cols-1)*pixel_size+origin(1); 
max_y = (rows-1)*pixel_size+origin(2); 
x = origin(1):pixel_size:max_x; 
y = origin(2):pixel_size:max_y; 
max_CT_value_x = 81.8939;   %maximm value of CT FOV x coord in mm 
size_of_pic = [double(info.Columns) double(info.Rows)].*info.SliceThickness; 
CT2meshx = max_CT_value_x - origin(1) - size_of_pic(1); %X translation 
CT2meshy = origin(2); 
load translation_variables 
x = max_CT_value_x + x - FT2CTx -2*origin(1) - size_of_pic(1); 
y = y - FT2CTy; 
y = y(end:-1:1); 
%% 
%plot 
axis_lims = [x(1) x(end) y(end) y(1)]; 
  
%DICOM 
[X,Y] = meshgrid(x,y); 
h1 = surf(X,Y,im./max(im(:))*0.9); 
shading interp; 
axis(axis_lims) 
  
hold on 
  
%meshstuff 
values = values-min(values);values = values./max(values)+1; 
F = TriScatteredInterp(nodes(:,1),nodes(:,2),values); 
values2 = F(X,Y); 
scaler = (values2-1).^(0.9)+1; 
surf(X,Y,values2,... 
    'FaceAlpha','flat',... 
    'AlphaDataMapping','scaled',... 
    'AlphaData',scaler); 
shading interp; 
axis(axis_lims) 
  
axis off; 
% z = zeros(size(bone,1),1); 
% c = linspace(0,1,size(bone,1))'; 
  
% one_color_map = [c z z]; 
% one_color_map = [sqrt(c) 0.5*sqrt(c) 0.2*c]; 
% one_color_map = flipud(autumn); 
% one_color_map = [sqrt(c) z (1-c.^2)*0.5];%fav so far 
% one_color_map = [z sqrt(c) (1-c.^2)*0.5];%fav so far 
% one_color_map = [sqrt(c) ones(size(c))*0.4 (1-c.^2)*0.5]; 
% colormap([bone;hot]); 
colormap([bone;one_color_map]); 
%  
% close figure 
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% trisurf(elems,nodes(:,1),nodes(:,2),values_orig); 
% shading interp; 
% axis(axis_lims) 
% colormap(one_color_map); 
% colorbar 
hold off; 
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This function provides an overlay for two images of the same size.  It was originally 

written for a structural background image and a fluorescence foreground image, 

but is not limited to this application.  The alphaMapper function handle is a user-

defined opacity transfer function used for the foreground image. 
 
function imageOverlayer(bgim,flim,bgcmap,flcmap,alphaMapper) 
  
% bgim        is the background image 
% flim        is the foreground image 
% bgcmap      is the colormap to be used for the background 
% flcmap      is the colormap to be used for the foreground 
% alphaMapper is a function used to map the normalized fluorescence 
%               intensity to opacity, must take input from zero to one and 
%               map to zero to one.  A sample function is given below. 
% 
% notes:  images must be the same size 
%         last three arguments are optional, but if you don't put them in, 
%           you'll be taking the default values 
%         colormaps must be the same size 
%    
  
  
%% make sure they're not RGB, and if so, make them not RGB 
if size(bgim,3) ==3 
    bgim = rgb2gray(bgim); 
end 
if size(flim,3) ==3 
    flim = rgb2gray(flim); 
end 
  
%% make sure both images are doubles for the sake of processing 
flim = double(flim); 
bgim = double(bgim); 
  
%% re-scale background image to be from zero to one  
bgim = bgim-min(bgim(:)) + 0.01*max(bgim(:)); 
bgim = bgim./max(bgim(:))*0.99; 
  
%% rescale foreground image to be from one to two 
flim = flim-min(flim(:)) + 0.01*max(flim(:)); 
flim = flim./max(flim(:)) + 1.01; 
  
%% make the new colormap by stacking the old ones 
if exist('bgcmap','var')==0 
    bgcmap = bone; 
end 
  
if exist('flcmap','var')==0 
    flcmap = hot; 
end 
  
newColorMap = [bgcmap;flcmap]; 
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%% flip images because how we are going to display them 
bgim = flipud(bgim); 
flim = flipud(flim); 
  
%% surf the background image in a clean way 
surf(bgim);hold on; 
view(2); 
axis off  
shading flat; 
  
%% make a transparency map 
if exist('alphaMapper','var')==0 
    alphaMapper = @(x) x.^0.9; 
end 
  
%% surf the overlay image with some transparency options set 
hold on; 
surf(flim, 'FaceAlpha','flat',... 
           'AlphaDataMapping','scaled',... 
           'AlphaData', alphaMapper((flim-min(flim(:)))./(max(flim(:))-min(flim(:))))); 
shading flat 
  
colormap(newColorMap); 
  
axis off equal 
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This function is meant to be used specifically with the data configuration and 

structural images provided by the co-registered MicroCT-FT system at Dartmouth. 

It contains imaging bed removal and user-defined thresholding for segmentation.  

This function in particular is meant ot fit into a streamlined package. 
 
function 
dicom2whole_package_with_gui_rod_region_fn(LSP_FT,LSP_CT,edge_size,tri_area,num_sources,num_r
ods,angular_tolerance,output_directory,dicompath) 
path = output_directory; 
path = fix_dirname(path); 
dicompath = fix_dirname(dicompath); 
% almost the same as before, but it keeps all the sources and only retains 
% a blank list 
% angular tolerance is in degrees 
%TO DO:  add stuff to the file info 
  
circle_radius_source   = 100; 
circle_radius_detector = 100; 
  
angular_tolerance = angular_tolerance/180*pi;  %make it radians 
  
  
%Get the z-value for CT coordinates -- use this value to find what DICOM to 
%mesh 
z = get_z_value(LSP_FT,LSP_CT); 
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%get dicom file and make final output path 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
  
disp('Getting proper DICOM file') 
[dicomfile,throwaway_path,z_dicom] = get_that_dicom_file(z,dicompath); 
  
dicom = double(dicomread([dicompath,dicomfile])); 
dicom = abs(abs(dicom)-max(abs(dicom(:)))); 
info  = dicominfo([dicompath,dicomfile]); 
  
%make a save directory from the final path 
newname = ['LSP_FT_',num2str(LSP_FT)]; 
mkdir(path,newname); 
final_path = fix_dirname([path,newname]); 
  
  
%move dicom to new directory 
copyfile([dicompath,dicomfile],final_path); 
  
%make an info file to write all of the system info to 
outfile = [final_path,'info.txt']; 
out_id = fopen(outfile,'w'); 
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%write some stuff to it 
% for i=1:numel(answers) 
%     fprintf(out_id, [prompt{i},' : ','%f \n\n'],str2double(answers{i})); 
% end 
fprintf(out_id,'Desired z value in CT coordinates (mm) :  %f \n\n',z); 
fprintf(out_id,'Actual z coodinate of DICOM used (mm)  :  %f \n',z_dicom); 
fprintf(out_id,'   (z value from volume file, not DICOM stack)\n\n'); 
  
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%Get pixel dimension from DICOM info 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
pixel_dim   = info.PixelSpacing(1); 
fprintf(out_id,'Pixel dimension (mm): %f \n\n',pixel_dim); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%make a mask and save it to the final path 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
im = make_a_better_mask([dicompath,dicomfile]); 
im = double(im); 
im = im./max(im(:)); 
mask_name = [newname,'_mask.bmp']; 
bmpfile = [final_path,mask_name]; 
imwrite(im,bmpfile,'bmp'); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%make a mesh and save it to the same place 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
% mask2mesh_2D(bmpfile,pixel_dim,edge_size,tri_area,[final_path,newname],'stnd') 
mask2mesh_2D(bmpfile,pixel_dim,edge_size,tri_area,[final_path,newname],'fluor') 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%translate that mesh to FT coordinates and rewrite over the old one 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
nodefile = [final_path,newname,'.node']; 
translate(nodefile,[dicompath,dicomfile]); 
nodes = load(nodefile); 
num_nodes = size(nodes,1); 
clear nodes 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%brute force the param file 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
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param_id = fopen([final_path,newname,'.param'],'w'); 
for i = 1:num_nodes 
%     fprintf(param_id,'0.01000 0.33670 1.33000 0.01000 0.33670 0.00020 0.00010 0.00000\n'); 
    fprintf(param_id,'0.02  0.3268  1.33000 0.02    0.3268  0.00020 0.00010 0.00000\n'); 
end 
fclose(param_id); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%make source, detector, and link files and save to same place 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
generate_source([final_path,newname],num_sources,2,circle_radius_source); 
generate_detector_and_link([final_path,newname],circle_radius_detector); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%while you're looking, get the distance file (which also rewrites the 
%source and detectors locations 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
get_distance_file2([newname,'.node'],final_path) 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%  Process rods 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
close all 
if num_rods>0 
    rod_image = get_rods(dicom,num_rods);  %binary image of rod location 
    rod_nodes = get_discretized_rods(rod_image,info);%bottom left is imagepositionpatient, don't forget 
pixelspacing 
    rod_nodes_trans = translate_rod_nodes(rod_nodes,[dicompath,dicomfile]); 
%     blank_out_link(rod_nodes_trans,[final_path,newname],angular_tolerance); 
    blank_col = make_blank_list(rod_nodes_trans,[final_path,newname],angular_tolerance); 
end 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%take a look 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
close all 
view_it(nodefile) 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%That's enough 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
drawnow 
fclose all; 
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
% put mesh in new format 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
S = load([final_path,newname,'.source']); 
  
mesh = load_mesh([final_path,newname]); 
  
mesh.source.coord = S; 
  
if num_rods>0 
    mesh.link(:,3) = double(~logical(blank_col)); 
end 
  
% fix sources 
mesh.source.fixed = 1; 
  
save_mesh(mesh,[final_path,newname]); 
  
end 
  
function im = make_a_mask(im,info) 
%function to take an image matrix and make it a binary mask 
im = get_bin(im); 
  
end 
  
function translate(nodefile,dicomfile) 
%function to translate a mesh to FT coordinates 
nodes = load(nodefile); 
  
% FT2CTx = 43.0265;  %origin of FT has these coords in CT (units are mm) 
% FT2CTy = 38.3140; 
  
% FT2CTx = 39.0;  %origin of FT has these coords in CT (units are mm) 
% FT2CTy = 38.9; 
  
% FT2CTx = 41.6;  %origin of FT has these coords in CT (units are mm) 
% FT2CTy = 46.5; 
  
% FT2CTx = 40.1235;  %origin of FT has these coords in CT (units are mm) 
% FT2CTy = 44.9178; 
  
load translation_variables 
  
trans = get_CT2mesh_translation(dicomfile); 
CT2meshx = trans(1); 
CT2meshy = trans(2); 
  
nodes(:,2) = nodes(:,2) - FT2CTx + CT2meshx; 
nodes(:,3) = nodes(:,3) - FT2CTy + CT2meshy; 



 198 

  
%rewrite over old node file 
dlmwrite(nodefile,nodes,'\t'); 
end 
  
function generate_detector_and_link(fn,circle_radius) 
  
%You must cretae a sources file before doing this, using the same covention 
%about being placed on a circle.  This is a ham-handed construction for use 
%in placing sources and detectors for the FT 
% num_detectors is the (ODD!!!) 
% number of detectors you have per source.  This is 5 for the FT.  Detector 
% spacing the the angular separation of the detectors.  Dimension is the 
% desired dimension of the output (eith 2 or three dimensional) 
% function to write detector loactions as a .meas nirfast file 
  
% circle_radius = 100;  %placed on a circle of this radius 
num_detectors = 5; 
detector_spacing = 22.5/180*pi;  %in radians, people 
desired_angle_differences = zeros(num_detectors,1); 
  
for i=1:num_detectors 
    angl = (-1*floor(num_detectors/2)+(i-1))*detector_spacing; 
    desired_angle_differences(i) = angl; 
end 
     
S = load([fn,'.source']); %load sources to get placement 
num_sources = length(S(:,1)); 
  
%Go to polar 
[th_s r_s] = cart2pol(S(:,1),S(:,2)); %source positions in polar 
%declare some memory 
th_d = zeros(num_sources*num_detectors,1);%detector location in polar 
r_d = circle_radius*ones(num_sources*num_detectors,1);%make these radii the same as the radius of the 
sources 
  
middle_detector_number = round(num_detectors/2); 
  
for i = 1:num_sources 
    theta = zeros(num_detectors,1); 
    theta(middle_detector_number) = th_s(i)+pi; 
    for j = 1:(num_detectors-middle_detector_number) 
        theta(middle_detector_number-j) = theta(middle_detector_number)-detector_spacing*j; 
        theta(middle_detector_number+j) = theta(middle_detector_number)+detector_spacing*j; 
    end 
    th_d((i-1)*5*ones(5,1)+double([1:5]')) = theta; 
    clear theta 
end 
  
  
  
%save only unique detector locations 
angle_tol = 1*pi/180; 
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th_d = mod(th_d,2*pi); 
th_d = sort(th_d); 
repeat_index = abs(th_d(1:end-1)-th_d(2:end))<angle_tol; 
th_d(repeat_index) = []; 
%special case for the end and first elements 
if min(abs(th_d(1)-th_d(end)),abs(2*pi-abs(th_d(1)-th_d(end))))<angle_tol 
    th_d(end) = []; 
end 
r_d = r_d(1:numel(th_d)); 
  
number_of_distinct_detectors = numel(th_d); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%EXPERIMENTAL%%%%%%%%%%%%%%%%%
%%%%%%%%%%% 
th_d = mod(th_d - pi/2,2*pi); 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%% 
  
%back to cartesian 
[M(:,1) M(:,2)] = pol2cart(th_d,r_d); 
%write it up 
dlmwrite([fn,'.meas'],M,'\t'); 
  
  
%create link file 
L = zeros(num_sources,num_detectors); 
  
for i=1:num_sources 
    other_side_of_source = mod(th_s(i)+pi,2*pi); 
%     ang_sep = abs(th_d - other_side_of_source);      
%     ang_sep = min(ang_sep,abs(360-ang_sep)); 
  
    ang_sep = th_d - other_side_of_source;      
    %bounds of angular separation should be centered about 0, elements of 
    %[-pi,pi] 
    too_low = ang_sep < -pi; 
    too_hi  = ang_sep >  pi; 
    ang_sep(too_low) = 2*pi + ang_sep(too_low); 
    ang_sep(too_hi)  = ang_sep(too_hi) - 2*pi; 
     
     
    %find detectors with desired angular separation from the point across 
    %from the source 
  
    grab_these_detectors = zeros(1,num_detectors); 
    for ii=1:num_detectors 
        abs_diffs = abs(ang_sep - desired_angle_differences(ii)); 
        ind = abs_diffs == min(abs_diffs); 
        grab_these_detectors(ii) = find(ang_sep==ang_sep(ind));  
    end 
     
    %reverse order? 
%     grab_these_detectors = wrev(grab_these_detectors); 
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    L(i,:) = grab_these_detectors; 
     
     
end %of populating link loop 
  
  
dlmwrite([fn,'.link'],L,'\t'); 
end 
  
function generate_source(fn,num_sources,dimension,circle_radius) 
  
% Funtion to generate location of sources.  This function takes the input 
% of whatever name stem you'd like (fn) as well as the number of sources.   
% Dimension is the desired dimension of the output. These 
% will be evenly placed on a circle coplanar with the z=0 plane.  Writes 
% the standard NIRFAST source file 
% 
% .source file: line number is source number, columns are x,y,z location of 
% source 
  
if ~(dimension==2 || dimension==3) 
    error('please enter eith 2 or 3 for dimensions') 
end 
  
% circle_radius = 100;  %radius of circle in mm 
  
A = zeros(num_sources,dimension); 
if dimension == 3 
    A(:,3) = zeros(num_sources,1); %all sources placed at detector 
end 
  
%go to polar 
r = circle_radius*ones(num_sources,1); 
theta_step = 2*pi/num_sources; 
th = [0:theta_step:(2*pi-theta_step)]'; 
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%THIS MAY HAVE TO BE CHANGED%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%put first source on bottom of gantry 
th = th - pi/2; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%back to cartesian 
[A(:,1),A(:,2)] = pol2cart(th,r); 
  
%Write source file 
dlmwrite([fn,'.source'],A,'\t'); 
end 
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function view_it(nodefile) 
%function to plot FEM mesh as well as sources and detectors 
nodes = load(nodefile); 
namestem = strrep(nodefile,'.node',''); 
D = load([namestem,'.meas']); 
S = load([namestem,'.source']); 
  
figure(1) 
hold on 
plot(nodes(:,2),nodes(:,3),'.','markersize',1); 
plot(S(:,1),S(:,2),'.r','markersize',30); 
plot(D(:,1),D(:,2),'.g'); 
  
legend('FEM nodes','sources','detectors') 
  
hold off 
  
%create axis limits a little farther out than the maxes and mins, but how 
%much farther? 
this_much_farther = .1*(max(S(:,1))-min(S(:,1))); 
  
% if numel(S(:,1))>1 
    axis([min(min(S(:,1)),min(D(:,1)))-this_much_farther... 
          max(max(S(:,1)),max(D(:,1)))+this_much_farther... 
          min(min(S(:,2)),min(D(:,2)))-this_much_farther... 
          max(max(S(:,2)),min(D(:,2)))+this_much_farther]); 
% end 
  
%square up those axes 
axis equal 
end 
  
function get_distance_file2(node_file,path) 
  
% Function to get the distances for Instrument Response Functions (IRFs). 
% Requires nodes, source, detector (meas) and link files.  Outputs all of 
% the distances from source to detector excluding path in mesh, in order of 
% the link file. 
%  
% Program prompts user for a node file and automatically reads from the 
% name stem the other files necessary 
  
% [node_file, path] = uigetfile('*.node','Choose NODE file'); 
name_stem = strrep(node_file,'.node',''); 
  
%check to see everything is there 
  
if exist([path,name_stem,'.source'])==0 
    error('no source file present') 
elseif exist([path,name_stem,'.meas'])==0 
    error('no detector file present') 
elseif exist([path,name_stem,'.link'])==0 
    error('no link file present') 
end 
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
% mov_obj = avifile('this_movie.avi'); 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
  
  
  
  
  
% load system data 
N = load([path,name_stem,'.node']); %load nodes 
S = load([path,name_stem,'.source']); %load source locations 
D = load([path,name_stem,'.meas']); %load detector locations 
L = load([path,name_stem,'.link']); %load link file 
  
num_sources = length(S(:,1)); 
num_detectors = length(D(:,1)); 
  
%make sure that the only nodes examined are SURFACE NODES 
surface_index = N(:,1)==1; 
N = N(surface_index,:); 
  
  
%get source distances 
source_dist = zeros(num_sources,1); 
for i=1:num_sources 
    dist_info = get_distance(S(i,1),S(i,2),0,N(:,2),N(:,3),0); 
    source_dist(i) = dist_info(1); 
    S(i,1) = dist_info(2); 
    S(i,2) = dist_info(3); 
     
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%     title(['source number ',num2str(i)]); 
%     F = getframe(gcf); 
%     mov_obj = addframe(mov_obj,F); 
%      
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
end 
  
%rewrite source file 
dlmwrite([path,name_stem,'.source'],S,'\t'); 
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% mov_obj = close(mov_obj); 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
clear S 
%get detector distances 
detector_dist = zeros(num_detectors,1); 
for i = 1:num_detectors 
    dist_info = get_distance(D(i,1),D(i,2),0,N(:,2),N(:,3),0); 
    detector_dist(i) = dist_info(1); 
    D(i,1) = dist_info(2);  %move once more the source locations 
    D(i,2) = dist_info(3); 
end 
  
%rewrite Detector file 
dlmwrite([path,name_stem,'.meas'],D,'\t'); 
  
clear D N 
total_distances = zeros(size(L)); 
max_row = length(L(:,1)); 
max_col = length(L(1,:)); 
for i=1:max_row 
    for j=1:max_col 
        source_number = i; 
        detector_number = uint32(L(i,j)); 
        total_distances(i,j) = source_dist(source_number) + detector_dist(detector_number); 
    end 
end 
clear L 
dlmwrite([path,name_stem,'.dist'],total_distances,'\t'); 
  
end 
  
function out = get_distance(xs,ys,zs,xn,yn,zn) 
    mtol = 1e10; %slopes beyond this value require special treatment 
    msmall = 1e-10;  %slopes beyond this value require special treatment 
    m = ys/xs; %slope guess 
     
    if abs(m)<msmall %slope is effectively zero 
        y2 = ys; 
        d = sqrt( (yn).^2+(zs-zn).^2); 
  
        %get only distances for the closer side of the nodes 
        ind = get_close_index(xs,ys,xn,yn,d); 
         
        x2 = xn(ind); 
         
    elseif abs(m)<mtol %if m is manageable -- i.e. no vertical lines 
        b = ys-m*xs; 
        d = sqrt((yn-m.*xn-b).^2./(m^2+1)+(zs-zn).^2);  %distances to all nodes 
        %use min distance as a marker for what point to grab, then use that 
        %point to get the distance from the source to the mesh 
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        %get only distances for the closer side of the nodes 
        ind = get_close_index(xs,ys,xn,yn,d); 
         
        x1 = xn(ind); 
        y1 = yn(ind); 
        b2 = y1+1/m*x1; 
        x2 = (b2-b)/(m+1/m); 
        y2 = m*x2+b; 
    else %slope is very large 
        x2 = xs; 
        d = sqrt((xn).^2+(zs-zn).^2); 
         
        ind = get_close_index(xs,ys,xn,yn,d); 
%                  
        y2 = yn(ind); 
    end 
%     out(1) = sqrt((x2-xs)^2+(y2-ys)^2); %this is the distance from the source to the mesh   
    out(1) = sqrt(x2^2+y2^2); %this is the distance from the mesh to the center of geometry 
    out(2) = x2; 
    out(3) = y2; 
     
     
     
    %%%%%%%%%%%%%%%FOR TESTING PURPOSES ONLY%%%%%%%%%%%%%% 
%         angle_diff = abs(atan2(ys,xs) - atan2(yn,xn)); 
%         angle_diff = min(angle_diff,2*pi-angle_diff); 
%         good_angle = angle_diff<pi/4; 
%     plot3(xn,yn,zn,'.k','markersize',1) 
%         hold on 
%     plot3(xn(good_angle),yn(good_angle),zn(good_angle),'.','markersize',1) 
%     plot3(xs,ys,zs,'ok','markerfacecolor','r','markersize',10); 
%     plot3(x2,y2,zs,'og','markerfacecolor','c','markersize',10); 
%     hold off 
%     axis([-100 100 -100 100 -30 30]) 
% %     title(['m is ',num2str(m)]) 
%     drawnow 
%      
%     pause(.1) 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%% 
     
end 
     
function ind = get_close_index(xs,ys,xn,yn,d) 
    angle_diff = abs(atan2(ys,xs) - atan2(yn,xn)); 
    angle_diff = min(angle_diff,2*pi-angle_diff); 
    good_angle = angle_diff<pi/4; 
    dists = d(good_angle);  
    dind = find(dists==min(dists)); 
    if length(dind)>1 
        dind = dind(1); 
    end 
    ind = find(d==dists(dind) & good_angle); 
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    if length(ind)>1 
        ind = ind(1); 
    end 
end 
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This function forms automated spatial regularization matrices for DRIFT.  

Typically the images used to form this matrix are structural, but do not need to be. 

 
function L = grayRegMaker(mesh,graylist,sigmag,sigmad,varsmat) 
% function to construct a regularization matrix for DRIFT 
graylist = graylist - min(graylist); 
graylist = graylist./max(graylist); 
  
x = mesh.nodes(:,1); 
y = mesh.nodes(:,2); 
  
n = numel(x); 
  
% make the gray and dist matrices in pure form 
graymat = zeros(n); 
distmat = zeros(n); 
  
for i=1:n 
    for j=1:(i-1) 
        graymat(i,j) = abs(graylist(i) - graylist(j)); 
        distmat(i,j) = sqrt((x(i)-x(j)).^2 + (y(i)-y(j)).^2); 
    end 
end 
  
graymat = graymat + graymat'; 
distmat = distmat + distmat'; 
  
distmat = distmat./max(distmat(:)); 
  
  
  
% construct the regularization operator 
  
graymat = exp(-graymat.^2./(2*sigmag^2)); 
% graymat = exp(-graymat); 
% graymat = double(graymat<sigmag); 
  
  
  
if exist('varsmat','var')==1 
  
    varsmat = varsmat./max(varsmat(:)); 
     
%     logMat = log(1+1./varsmat); 
%     logMat(isinf(logMat)) = max(logMat(~isinf(logMat))); 
%     graymat = graymat.*logMat; 
  
%     graymat = graymat.*(1+1./(varsmat+mean(graymat(:)))); 
%     graymat = graymat.*(1./(varsmat+mean(graymat(:)))); 
%     graymat = graymat.*(1./(varsmat+median(varsmat(:)))); 
%     graymat = graymat./varsmat; 
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%     graymat = graymat./log(varsmat); 
%     graymat = graymat.*(max(varsmat(:))-varsmat).^10; 
    graymat = graymat.*exp(-varsmat); 
     
end 
  
distmat = double(distmat<sigmad); 
L =  graymat.*distmat; 
   
% remove values which are too large 
L(isinf(L(:))) = max(L(~isinf(L(:)))); 
% L(isinf(L(:))) = 0; 
  
for i=1:n; L(i,i) = 0;end 
  
theSum = sum(L'); 
% theSum = sum(L); 
theSum(theSum==0) = 1; 
  
L = -(diag(1./theSum)*L); 
% L = -(L*diag(1./theSum)); 
  
L = L + eye(n); 
  
end 
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This function performs automated background subtraction on temporal point 

spread functions. 
 
function [out background background_index] = background_subtract(f,test_range) 
% function to perform background subtraction on a tpsf.  There are a few 
% obstacles to overcome.  One is that the tpsf will have solid zero regions 
% on either side of the tpsf for electronics reasons.  Obviously we don't 
% want to consider this part of the signal.   
% This program will find where the real signal begins and ends, then 
% isolate the "real" signal.  It will determine the range where there 
% exists a background signal, and subtract the mean value from the "real" 
% signal.   
  
% background is the reported level of background noise 
% background index is the index from where the background was calculated 
%% Set up output 
out = zeros(size(f)); 
%% Isolate the earliest and latest times when we see a good signal. 
% Output first_real:last_real will be populated by the background subtracted 
% "real"signal 
first_real = find(f~=0,1,'first'); 
last_real  =  find(f~=0,1,'last'); 
%% The "real" signal 
rf = f(first_real:last_real); 
  
%% Establish test range 
if exist('test_range','var')~=1 
    test_range = 70;   %the amount of points on both ends that we use to test 
end 
%% Isolate the background values 
  
%filter the signal 
% rf_filt = filter(ones(1,test_range)/test_range,1,rf); 
h = ones(1,test_range)/test_range; 
rf_filt = conv(rf,h,'valid'); 
  
%the guessed background level 
[background background_spot] = min(rf_filt); 
  
%% Construct output 
  
out(first_real:last_real) = rf - background; 
  
%% make the background index 
  
background_index = (background_spot-round(test_range/2)):(background_spot+round(test_range/2)); 
background_index = background_index + first_real + round(test_range/2)- 1; 
  
% make the background index into a logical index 
temp = background_index; 
background_index = false(size(f)); 
background_index(temp) = true; 
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end 
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This function isolates a line profile with user-defined location of a value defined on a 

2d mesh. 
 
function [vals,xi,yi] = get_line_val(mesh,input_vals,num_pts,xc,yc) 
%function where you send in a mesh or a mesh name and a set of values 
% on the mesh, and you get in return values interpolated to a line (vals) 
% along with the interpolation points (xi,yi) 
% 
%num_pts is the number of points to interpolate to (optional, default 1000) 
% 
%xc and yc (optional) are 2x1 or 1x2 arrays representing the points on a line to which 
%   you want to interpolate, if they are known.  They can't be passed in 
%   without also specifiying num_pts.  If these are not included, user 
%   input will be requested to get them 
% 
%NOTE:  this has only been tested on meshes near the origin.  It might work 
%   away from the origin, but hasn't been tested 
% 
%Requires:  meshplot.m, get_sol.m 
  
%number of points to which we will interpolate 
%if it's not included, set equal to 1000 
if exist('num_pts','var')~=1 
    num_pts = 1000; 
end 
  
  
%load the mesh if it's not already loaded 
if ischar(mesh) 
    mesh = load_mesh(mesh); 
end 
  
%set up known data 
x = mesh.nodes(:,1); 
y = mesh.nodes(:,2); 
  
% check for proper dimension and orientation 
if size(input_vals,2)~=1 
    input_vals = input_vals'; 
end 
if numel(input_vals)~=numel(x) 
    error('the input values must have values for all nodes -- make sure the number of elements matches'); 
end 
  
  
%begin interpolation by setting up interpolation object 
F = TriScatteredInterp(x,y,input_vals,'natural'); 
  
  
%gather a line to interpolate on 
if exist('xc','var')~=1 && exist('yc','var')~=1 
    meshplot(mesh,input_vals); 
    title('click two points to get data line'); 
    [xc,yc] = ginput(2); 
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end 
  
%get the angle on which this line lies 
angle = atan2(yc(2)-yc(1),xc(2)-xc(1)); 
  
  
%Two line cases based on the angle of the line we want; don't want any 
%infinities 
if 3*pi/4>abs(angle) && abs(angle)>pi/4 
    m = (xc(2)-xc(1))/(yc(2)-yc(1)); 
    b = xc(1) - m*(yc(1)); 
    yi = linspace(max(yc),min(yc),num_pts); 
    xi = m*yi+b; 
else 
    m = (yc(2)-yc(1))/(xc(2)-xc(1)); 
    b = yc(1) - m*(xc(1)); 
    xi = linspace(min(xc),max(xc),num_pts); 
    yi = m*xi+b; 
end 
vals = F(xi,yi); 
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This functions recovers kinetic parameters of interest using a dual-tracer approach. 
 
function [R1 k2 BP] = paramAnalysis(CT,CR,t) 
% CT and CR image stacks as matrices,  
%           dimensions row X col X time point 
% t is the time vector associated with each image, does not have to be 
%           uniformly sampled 
% 
% outputs are the image maps for R1, k2, and BP 
% integrations are done using trapezoidal rule 
  
  
% if matlabpool isn't open, this will open one for you (this you might want 
% to take out) 
  
% if matlabpool('size') == 0 
%     matlabpool open 
% end 
  
% assuming the CR and CT are the same size, get the size 
[m n k] = size(CR); 
  
% make the integrations, 
% since time is not necessarily regularly sampled 
% this may not be so straightforward 
  
% trapezoidal integration because, you know, it's getting late 
dt = diff(t); 
dtmat = zeros(m,n,k-1); 
for i=1:(k-1) 
    dtmat(:,:,i) = dt(i); 
end 
  
intCT = cumsum(dtmat./2.*(CT(:,:,1:(end-1)) + CT(:,:,2:end)),3); 
intCR = cumsum(dtmat./2.*(CR(:,:,1:(end-1)) + CR(:,:,2:end)),3); 
  
% make C mats to be centerpoints so the dimensionality matches to the 
% integrals 
CTmat = (CT(:,:,1:(end-1)) + CT(:,:,2:end))/2; 
CRmat = (CR(:,:,1:(end-1)) + CR(:,:,2:end))/2; 
  
% declare some space 
R1 = zeros(m,n); 
k2 = zeros(m,n); 
BP = zeros(m,n); 
  
% take this, Matlab 
parfor i=1:m 
     
%     fprintf('%d of %d\n',i,m); 
     
    for j=1:n 
        % each of these are columns 
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        coeffMat = [squeeze(intCT(i,j,:))... 
                    squeeze(intCR(i,j,:))... 
                    squeeze(CRmat(i,j,:))]; 
         
        vec = coeffMat\squeeze(CTmat(i,j,:)); 
        R1(i,j) = vec(3); 
        k2(i,j) = vec(2); 
        BP(i,j) = 1./(-vec(1)/vec(2))-1; 
         
    end 
end 
  
  
  
% close the matlabpool  
% matlabpool close 
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