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ABSTRACT 

Image reconstruction and data collection in optical tomography can be achieved in a number of different ways. This paper 
explores the limitations of using assumptions of linearity, particularly in the case where image data is acquired before and 
after a change in optical properties within an object with heterogeneous optical properties. The effects of using a 2 
dimensional (2D) reconstruction scheme for changes in 3D measurements are also demonstrated. Problems are a direct result 
of the inherent non-linearity of optical tomographic image reconstruction. We show how these assumptions affect images of 
changes in absorption in the presence of a) heterogeneous background scatter, and b) heterogeneous background absorption 
using both simulations and time-resolved experimental data. Comparisons of results using non-linear and linear image 
reconstruction techniques are included throughout. The origin and dependence of the error are investigated. Methods to 
improve results by using estimates of background structure from baseline images are shown to improve quantitation and 
object localization in simple images. The potential significance of this error is discussed in relation to successful, reliable 
clinical imaging of the neonatal brain.  

Keywords: Optical tomography, differential imaging, non-linear image reconstruction, linear image reconstruction 

1 INTRODUCTION 

Optical tomography involves the use of near-infrared light to produce cross sectional images of living tissue. Images of the 
newborn infant brain revealing internal distributions of scatter and absorption values at near-infrared wavelengths would 
allow continuous monitoring of regional oxygenation status, hemorrhage or tissue degeneration at the cotside. The 32 channel 
time resolved imaging system 1 and a corresponding three-dimensional (3D) finite element method (FEM) based iterative 
reconstruction algorithm for image reconstruction 2, developed at University College London provide tools for performing 
assessment of the potential, constraints and practical limitations of optical tomography in general.  

The 32-channel instrument obtains a tomographic set of time-resolved measurements through a 3D volume by delivering 
laser pulses to the surface of the head via optical fibers. Fiber bundles at a number of positions on the head allow the 
temporal broadening of the light pulses to be measured via single photon counting electronics. However, the clinical 
environment imposes multiple constraints on calibration, data acquisition and image reconstruction techniques. Subject 
variability and the complex structures involved require consideration of situations where structures do not conform to the 
assumptions required for imaging methods shown to be successful for simple phantom studies. This paper demonstrates the 
limitations of using linear and non-linear image reconstructions, when modeling the exact state of the object is not possible.   

2 LINEAR AND NON-LINEAR RECONSTRUCTION SCHEMES. 

Image reconstruction in optical tomography is generally achieved by evaluating the most probable distribution of optical 
properties within an object that correspond to a set of measurements made on the object’s surface. The most common model 
of light propagation used is the diffusion approximation to the radiative transfer equation: 
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and ma = absorption coefficient, m¢s = reduced scattering coefficient, � (r,w) is the photon density at position r and angular 
frequency w of the source Q0,  and c is the speed of light in the medium. 
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 Solutions to the diffusion equation can be found using the Green’s operator � � acting on the source function Q0 (r,w):  
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Often Q0 (r,w) is taken to be a delta function in space, in which case the measured photon density is equal to the Green©s 
function for the given geometry and ma, k distribution. The sensitivity of a measurement yn,m(x(r),w) made using source m and 
detector n, to changes in optical properties Dx(r) can be evaluated from a Taylor series expansion: 
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We can express the first derivative in terms of the Green’s function solution to Equation 1, using the assumption of 
reciprocity, where Gm

+(r,w) and Gm(r,w) are the forward and adjoint Green’s function solutions 3: 
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For simple geometries and distributions of optical properties, G(r,w) and thus Jm,n(x0(r),w) can be derived analytically 4, 5, for 
example for 3D infinite space, the Green©s function solution to Equation 1 is: 
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For more complex geometries, an FEM approach can be used to derive a discrete representation of the Green’s operator 6 and 
thus Jn,m(x0(r)), other methods of evaluating Jn,m(x0(r) include using Monte Carlo simulations 7 and empirical measurement 8. 
Equation 5 can be generalized for any measurement type, such as integrated intensity or meantime, by applying a suitable 
operator to both sides: Mn,m(x0(r)) = � � [yn,m(x0(r),w)], such that � � [Jn,m(x0(r),w)] = Jn,m

M (x0(r)).� Evaluating and plotting  
Jn,m

M (x(r)) onto r for a single source-detector pair, datatype M and state x(r), will yield a photon measurement density 
function (PMDF) 6. Rearranging Equation 4 we get: 

                                                  )]()())[(( 010,,
)0(

,
)1( rxrxrxJ M

mnmnmn -=- MM                                                        (7) 

Perturbations in the optical properties of an object can be calculated from the differences between experimental 
measurements M n,m

(1) - M n,m
(0) using linear inversion of Equation 7, assuming some given x0(r) is known to correspond to a 

reference state M n,m
(0) and that x1(r) - x0(r) is small. Figure 1 shows how Equation 7 assumes that the change in measurement 

is linearly related to optical property changes, as long as the changes are small. The importance of calculating Jn,m
M(x0(r)) as a 

function of the initial state x0(r) is also clear. 

x0 x1

M (0)

M (1)
J M(x0)

x1(linear)

Optical
Properties

Measurement                     Non-linear function:
                M (x(r)) = � (y(x(r)),w)

 
Figure 1 If the change in optical properties is small, and over this small range we can assume our function is linear, by evaluating the 

derivative of the function Jn,m
M(x0(r)) at x0, we will calculate x1(linear) 

Amongst other methods, a one-step linear inversion reconstruction can be achieved by solving Equation 7 using:   
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where Dx is the matrix of nodal optical properties sought, DM is the matrix of changes in measurement, J is the sensitivity 
matrix calculated from JM

n,m(x0(r)) for a given numerical model, the datatype M and initial state x0(r). In the reconstructions 
presented in this paper, l

~= l Fmax where Fmax is the maximum main diagonal element value of the matrix JTJ and l  is a 
regularization parameter 9. 



However, in cases where the perturbation is large, e.g. an initial distribution x0(r), close to x1(r), has not been measured, 
linear inversion of Equation 7 will not yield a solution close to x1(r). Non-linear image reconstruction methods utilize an 
iterative procedure to allow updates to the derivative JM

n,m(x(r)) based on the previously derived perturbations Dx(r). So 
starting from an initial guess of the optical properties xg(r) and measurement values calculated from that guess M(g)

n,m, the 
optical properties x1(r) represented by a single absolute measurement M n,m

(1) can be found using:   
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where sn,m is the standard deviation on  the measurement. Figure 2 demonstrates that by repeatedly evaluating the derivative for each step, 
it should be possible to iteratively reach a true solution x1(r), and that the starting point (or initial guess) does not have to be as close to 
x1(r) as is required for linear inversion (Figure 1). 

xg+2xg+1 x1

M (1)
J M(xg)

Optical
Properties
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xg x1

M (1) J M(xg+1)
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M (g)

M (g+1)

xg+1  
Figure 2 Starting from an initial guess means that a reference measurement is not required, and by re-evaluating the derivative at each 

guess of x it is possible to eventually arrive at a true value of x1 corresponding to M (1). 

If a second data set M n,m
(0) is used (e.g. for calibration see 10) then its properties must be known (as is the requirement for the 

linear inversion method) such that: 
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is the starting equation used for iterative image reconstruction. Note that if the model is perfect then M(0)
n,m= M (0)

n,m and 
Equation 9 and Equation 11 are equal, if the model is not perfect, this method will cancel model errors to some extent. The 
non-linear approach allows larger perturbations to be adequately modeled, since it accounts for the effect of inhomogeneities 
in optical properties on the accuracy of the sensitivity matrix for the measurements made. This also allows ‘absolute’  images 
to be derived without the need for a well-characterized reference medium, whose optical properties are close enough to those 
of the object being imaged to comply with Equation 7.  

3 BASELINE IMAGING  

Imaging relative to a known baseline can be achieved via linear (if the perturbations are small) or non-linear reconstruction 
techniques. Figure 3 shows absorption and scatter images produced from experimental measurements of mean flight time 
made using the 32 channel time resolved imaging system described in 1. Data was acquired on two conical resin phantoms, 
one which contained three 10 mm high, 10 mm diameter cylinders: one with twice background ma, one with twice 
background m¢s and one with twice both ma and m¢s. The other conical phantom was made from the same batch of resin, but 
was homogeneous. Since the phantom was manufactured according to a recipe 11, the background optical properties are fairly 
well known, and the perturbations are discrete and quite small, so in this simple case x0(r) is known, and Dx(r) is small. Both 
linear and non-linear image reconstruction methods could be expected to provide good results (if adequate scatter - 
absorption separation is achieved). The images in Figure 3 were reconstructed using the FEM based iterative reconstruction 
algorithm described in 2, using the approach shown in Equation 11 and 32 �  22 measurements made in a planar geometry. A 
2D FEM mesh (with 3403 nodes, 6615 linear elements, 82mm in diameter) was used in the reconstruction (the effect of this 
2D approximation is discussed later in Section 4.3 ). The images correspond to the 10th iteration. 
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Figure 3 Baseline imaging between a homogeneous phantom and a phantom with three discrete inhomogeneities. Meantime differences 

(D<t>) only were used, and a non-linear solver used to reconstruct for both ma and m¢s simultaneously.  

Much of the validation of optical tomographic methods has been done using phantoms and simulations of this type, 
particularly since a further advantage of using experimental reference measurements is that they aid instrument calibration in 
most cases 10.  

4 DIFFERENCE IMAGING 

A common approach to  imaging is to assess physiological changes in a live subject by initiating or monitoring some change 
in optical properties. This is both clinically useful, and provides a DM n,m without the use of a reference object. A reference 
object for the brain (for example) would have to have optical properties close enough to the subject for linear inversion to be 
valid, in the clinical environment and given inter-patient variability this would not be practical. However the lack of reference 
measurement means that no value of x0(r) is available. Even for non-linear image production, if only DM n,m = M (1)

n,m - M (0)
n,m 

is measured, information about x0(r) is lost. In both cases, some initial guess xi(r) will have to be used to generate JM
n,m(xi(r)), 

as shown in Equation 12. Figure 4 shows why no value of Dx(r) found using Equation 12 would be the solution of Equation 
7, since only knowing DM, the difference x1 difference - xi does not have to equal x1 - x0.  
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x0 x1

DDDDM (1,0)

J M(xi)
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Properties
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xi x1 difference (linear)
 

Figure 4 If only DM (1,0) (between states x1 and x0) is known, and  M
(0) and x0  are not known, an estimate xi  used as the starting condition 

may result in the solution Dxdifference = x1 difference- xi  being quite far from the true Dx = x1 - x0. 

Solving Equation 12 using a non-linear scheme would involve iteratively solving:  

)]()())[(( 1,,
)(

,
)(

,
)0(

,
)1( rxrxrxJ iggmn

M
mn

g
mn

i
mnmn MM -=-+- +MM                                    (13) 

such that xg+N(r) minimizes         � �
�
�

�
�
�
�

� +-- +

mn mn

mn
Ng

mn
i

mnmn MM

,

2

,

,
)(

,
)(

,
)0(

,
)1(

s
MM

                                                        (14)  

The problem of not knowing the initial conditions means that the sensitivity matrix calculated using JM
n,m(xi(r)) will not truly 

represent the data set, and that the perturbation in xi(r) which minimizes Equation 14 may not represent the true change in 
optical properties. x0(r) is contributed to by both background scatter values and background absorption values. 



4.1  Background scatter  
In cases where only changes in absorption are being considered, it is often assumed that knowledge of the scatter coefficient, 
and its spatial variability is of little consequence. However, clearly Equation 1 has a strong dependence on scatter values, 
which will affect derived absorption values if a solution is sought with an incorrect scatter distribution. This would be the 
case if absorption changes in the brain were being examined, without any knowledge of the structure of the skull, brain, and 
other gross features that will affect light propagation. Figure 5 shows the ratio of the photon density within an object with 
scatter structure that is 150% of the background m¢s, compared to the photon density within a homogeneous object. Plots were 
derived using an FEM model 12, solving for photon density at each node in a 2D mesh in response to a given source position. 
The mesh had 1459 nodes and 2808 linear elements and was 70 mm in diameter. 

1

2

3

4
Background m¢s = 1mm-1, ma= 0.01mm-1   (70mm diameter)
Structure m¢s = 1.5mm-1  (10mm� 40mm and 22� 10mm)

1 2 3 4

0.375                             1.093
 

Figure 5 Photon density maps showing the ratio of photon density within a 2D object with scatter inhomogeneities, relative to the same 
object without the inhomogeneities, for four different source positions. 

Figure 5 shows that there are regions in the object with scattering structure that are sampled by only a fraction of the photons 
that would otherwise have contributed to a measurement. Two cases are considered in Figure 6: Case 1 (top row) shows the 
ratio of the photon density in a simulated example of a m¢s homogeneous 2D model with two ma perturbations (2� ma 
background, top: 11mm, bottom: 9mm average diameter), relative to the same model without the perturbations. Case 2 
(middle row) shows the ratio between two models with a constant scatter structure (1.5� m¢s background as shown in Figure 
5), with and without the two ma perturbations. Although the photon density plots look quite similar, examining the ratio of 
case 1: case 2 shows that there is > 10% change in the photon density between the cases with inhomogeneous and 
homogeneous background scatter. The features of the scatter structure are discernable in the plots in the bottom row.  

ma perturbations = 0.02mm-1

ma background = 0.01mm-1

m¢s perturbation = 1.5mm-1

m¢s background = 1mm-1
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Figure 6 (Top) Case 1: The ratio of photon densities between an object with two absorbing perturbations relative to homogeneous, (Middle) 

Case 2: the ratio of photon densities between an object with two absorbing perturbations relative to one without, in the presence of 
(constant) scattering inhomogeneity, (Bottom) the ratio: (case 1)/(case 2) (The dot shows the source position for each image) 

To assess whether lack of knowledge about the scattering structure will affect images reconstructed from the changes in 
measurement, we assume xi(r) is homogeneous, which is true for case 1, but not for case 2. Figure 7a shows the 50th iterations 
of non-linear FEM image reconstructions of (noiseless) simulated meantime data (top row) and intensity data (bottom row) of 
the two cases shown in Figure 6. Both reconstructions assumed that xi(r) was homogeneous; ma = 0.01mm-1 and m¢s = 1mm-1, 



the scatter solution was held fixed at this value while ma was allowed to vary. 704 data values were simulated for a planar 
tomographic distribution of 32 evenly spaced sources illuminating a fan beam of 22 out of 32 evenly spaced detectors. Figure 
7b shows corresponding one-step linear image reconstructions, performed by inverting Equation 7 using l  = 0.01 as the 
regularization parameter in Equation 8. The sensitivity matrices for meantime and intensity were evaluated using FEM-
derived values of JM

n,m(xi(r)) with xi(r) homogeneous (as for the non-linear reconstruction). Only changes in ma were 
considered as if m¢s was constant and homogeneous. The images are displayed as absolute ma values xi(r)+Dx(r), for 
comparison with the non-linear results. Clearly, for both types of image reconstruction, the images reconstructed from the 
difference in measurements for case 2 have been distorted by the inapplicability of the approximation that xi(r) = x0(r). The 
differences between the ma values found for cases 1 and 2 are also shown, demonstrating that values vary by up to 36% for 
meantime data and 23% for intensity between the two cases for the non-linear reconstruction and 11% and 9% respectively 
for the linear reconstruction. (Note however that the quantitative results are 100% contrast for the non-linear images 
compared to 10% contrast for the linear results). 
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Figure 7 Images reconstructed using a non-linear solver (a) and a linear solver (b) from D<t> (top) and intensity ratio (bottom), for objects 
with heterogeneous background m¢s and two ma perturbations, relative to the same object without the ma perturbations (Case 2), for an object 
with homogenous m¢s, with and without the ma perturbations (Case 1), and the difference between the case 1 and case 2 images  (Dma (Case 2 - 

Case 1)). Case 1 and case 2 reconstructions assumed no knowledge of background m¢s structure, and started from x0 (r) = homogeneous ma, m¢s. 

4.2  Background Absorption  
Figure 6 demonstrates that absorption features also affect the areas sampled by photons during a measurement. Therefore 
background absorption structure that is unknown will affect the ability to reconstruct images from measurements taken before 
and after a change, or indeed at different wavelengths. In order to systematically test the affects of an unknown background 
absorption structure, a simulation was used as shown in Figure 8a. Case A considers the difference in meantime and intensity 
measurements between a homogeneous (ma = 0.01mm-1 and m¢s = 1mm-1, 70mm diameter) 2D simulation, and a model with 
two equal ~10mm inhomogeneities with ma = 0.02mm-1. In case B, a region on half of the mesh is given a ma of 0.012mm-1. 
Data simulated on the mesh with this extra region are compared to a model with the same region of increased ma, with the 
inhomogeneity in that region having a ma of 0.022mm-1 (such that Dx(r) for case A = Dx(r) for case B). In case C this 
background region has ma = 0.015mm-1, and a corresponding inhomogeneity with ma = 0.025mm-1  (again so that Dx(r) is the 
same as for cases A and B). Figure 8a shows images reconstructed using a non-linear algorithm assuming no knowledge of 
the constant background absorption variation. Figure 8b shows nodal values of ma along the cross section of each image 
(along the line joining the two small absorbing regions). The effect of the unknown background can be seen to affect the 
positions and relative magnitude of the two perturbations in the images. Intensity and meantime are clearly differently 
affected by the fact that xi(r)�  x0(r) in the image reconstructions. Figure 9a shows corresponding linear reconstructions (l  = 
0.01) of cases A to C. Figure 9b shows corresponding cross sections of the images. Clearly the contrast achieved using one-
step linear reconstructions is around 10% of that achieved via non-linear image reconstruction. Also, the effects on images 
are quite different between non-linear and linear reconstructions. The FEM mesh used throughout had 3781 nodes and 7392 
linear elements, and the same 704 source-detector combinations as described in section 4.1  were used. 



 Case A                          Case B                           Case C

0.0088 mm-1    0.0173mm-1 0.0088 mm-1    0.0167mm-1

0.0091 mm-1    0.0166mm-1 0.0084 mm-1    0.0179mm-1
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-0.0009mm-1   0.0013mm-1 -0.0015mm-1   0.0019mm-1

Meantime
difference

Log(Intensity)
difference

  ma B – ma A                      ma C – ma A

 
Figure 8a Non-linear images reconstructed from data simulated for: Case A, a model with 2 equally sized inhomogeneities (ma=0.02mm-1) 
on a homogeneous background compared to a homogeneous reference (ma = 0.01mm-1 and m¢s= 1mm-1 for both), Case B has a region of 
increased absorption on the lower half of the mesh (ma = 0.012mm-1 ), with the inhomogeneity in that region having ma = 0.022mm-1 , 
compared to a mesh with the same background region but without the small inhomogeneities. Case C has the region of background 

absorption increased to ma=0.015mm-1 and its corresponding small inhomogeneity having ma= 0.025mm-1 . 
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Figure 8b Cross sectional nodal values of the images in Figure 8a: for meantime images (left) and intensity images (right). 

   Case A                          Case B                           Case C
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Figure 9a Linear image reconstructions of cases A to C shown in Figure 8a, the scales have had 0.01 mm-1 added to represent the absolute 

values indicated by the reconstructed Dx(r). 
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Figure 9b, Cross sectional plots of node values of the images shown in Figure 9a (+ 0.01mm-1), meantime images (left) intensity (right). 

Note the expanded scales compared to Figure 8b, due to lower contrast on linear images. 

4.3  Using a 2D image reconstruction with 3D difference data 
Regardless of measurement geometry, necessarily all experimentally acquired data will include photons that have traveled in 
three dimensions. Often, due to computational demands and complexity, if measurements are made within a 2D plane, 
researchers just utilize Jn,m

M(x(r)) calculated in only two dimensions. For absolute image reconstruction (as described by 
Equation 9), use of a 2D model to calculate the “guess”  reference measurement M2D(g)

n,m will result in serious image artifacts 
(as discussed in 10). However if we use a measurement as the reference state (and linear or non-linear image reconstruction), 
DM 3D

n,m will then be the change in 3D measurement, where Dx2D(r) will represent the change in 2D optical properties as if 
the measurements had been made in 2D. So we are assuming that Equation 7 can be approximated by Equation 15:  
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The effects of 3D propagation and the significance of out-of plane structure will depend on the background optical properties 
of the object being examined, although any solution Dx(r) obtained using this method will not represent an exact solution for 
the perturbation in optical properties in the object of interest. Figure 10 shows reconstructions generated from the differences 
in meantime measurements acquired on two simple resin phantoms: one homogeneous and the other containing a single 
scattering and absorbing inhomogeneity. Both sets of images are the 11th iterations of a non-linear reconstruction, one uses a 
70 mm diameter 2D mesh with 3781 nodes and 7392 linear elements, and the other used a 3D cylindrical mesh 140 mm tall 
and 70 mm in diameter with 31525 nodes and 21600 quadratic elements. The 3D mesh had 24 equally spaced layers, each 
with 950 nodes, and the 11 iterations required 23 hours on a 700 MHz Pentium III computer. The 2D images took 6 minutes 
to perform 11 iterations. 

 2� ma

 2� m¢s -

ma background �  0.01 �  0.002mm-1

m¢s background �  1 �  0.1mm-1  
Phantom = 140 mm tall, 70 mm diameter
Perturbation = 10 mm tall, 8 mm diameter

0.0099mm-1      0.0111mm-1 0.752mm-1        1.083mm-1

0.731mm-1        1.139mm-1

ma                               m¢s

Data:

-

-

2D reconstruction

3D reconstruction

0.0099mm-1     0.0111mm-1
 

Figure 10 Non-linear images reconstructed using measured differences in meantime between a phantom with a single ma and m¢s 
perturbation, and a homogeneous phantom. The top images used a 2D FEM mesh for reconstruction, the bottom images used a 3D mesh.  

In this simple case where there is no out of plane structure, and the reference state x2D
0 (r) �  x3D

0 (r), images reconstructed 
from changes in 3D measurement using a 2D model agree both qualitatively and quantitatively with those reconstructed 
using a full 3D model. Calculation of the volume integral of a sphere with the cross sectional ma values found in both images 



yields a good approximation to the volume integral of the true optical properties of the inhomogeneity (e.g. reduction in peak 
values has been caused by blurring of the image over three dimensions). The images in Figure 3 also used changes in 3D data 
reconstructed on a 2D mesh and agree well with the true values (given blurring effects). However the effects of unknown 
background parameters demonstrated in sections 4.1  and 4.2  using 2D simulations, along with out of plane structure will 
clearly degrade images of more complex 3D structures.   

5 COMBINING BASELINE AND DIFFERENCE IMAGING 

Sections 4.1 and 4.2 demonstrated that a lack of knowledge about the initial state x0(r) results in both localization and 
quantitation errors when measurements of Dx(r) are used to reconstruct difference images. The manifestation of these errors 
has been shown to depend on the type of reconstruction used (linear or non-linear), the type of data utilized in the 
reconstruction (meantime or intensity), and the nature of the unknown structure (scatter, absorption and their magnitude). We 
can see the origin of these errors by examining the Taylor series expansion of the Jacobian assuming that the initial state 
chosen xi(r) is equal to the true initial state x0(r) plus some error dx(r). 
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By substituting the first two terms of Equation 16 into Equation 12 we can see that the error introduced by estimating the 
initial optical properties is dependent on the rate of change of the Jacobian (which in turn will depend on the datatype and 
whether ma or m¢s is being considered) and also on the magnitude of both the error in the estimate dx(r) and the size of the 
change in optical properties being reconstructed (Dx(r)). Its affect could be considered as an error on the measurement:   
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Comparing Equation 17 with Equations 12 and 13 the origin of the differences in the error with linear and non-linear 
reconstruction schemes is also clear.  

The reasons for wanting to reconstruct images from such changes in measurement were: 

1) The impracticality of creating reference phantoms that are sufficiently close to the optical properties of the object being 
imaged to allow linear inversion of Equation 7. 

2) The ease of calibration offered by looking at changes in measurement at a single location such that surface coupling and 
time-varying instabilities will cancel.  

Reason 1 can be overcome to some extent through use of a non-linear reconstruction scheme as described by Equation 9. If 
the measurement can be easily calibrated through an independent method (e.g. if meantime is required as a measurement, a 
fairly simple calibration to account for the relative delay in each detector channel), M (1)

n,m can be measured with no reference 
state and x1(r) found using Equation 9. Feasibly also, a reference measurement M (0)

n,m made on a known x0(r) that was quite 
different to the object of interest x1(r) could be used for calibration of data to produce baseline images using the non-linear 
starting condition given by Equation 11 (since the approximation that Dx(r) is small is less important). Repeated absolute 
measurements could be reconstructed as multiple baseline images, allowing changes to be assessed by simply subtracting one 
image from another. However the requirement for absolute calibration measurements to be effective on data acquired over a 
longer period of time will result in image artifacts that will (non-linearly) change with time, resulting in potentially erroneous 
deduction of physiological changes. 

Reason 2 (above) is therefore important, particularly in the clinical environment where equipment will have inherent 
instabilities and the need for quick, simple procedures requires that sources and detectors cannot be very easily removed from 
the subject for baseline calibration. Also baseline calibration is less simple for other types of data such as intensity or 
complex amplitude. In order to baseline calibrate such types of data the coupling coefficients of light to and from the subject 
must be considered 13 since they greatly influence measurements (which is less true for normalized measurements like 
meantime and complex phase). Obviously the effects of these coupling errors would be greatly reduced by looking at changes 
in measurements in situ. The requirement for multiple combinations of data (e.g. amplitude and phase, multiple frequencies, 
or intensity and additional temporal moments), in order to separate ma and m¢s parameters has yet to be quantified. However 
the greater sensitivity of intensity to ma changes, or the better depth sensitivity of meantime data can be shown by plotting 
their PMDFs (Equation 5) 14. 



Ideally we need to ensure that dx(r) is as small as possible to reduce the effect of the error term in Equation 17 while being 
able to take advantage of changes in measurements that are unsuitable for ‘absolute’  calibration. One possible way to do this 
would be to combine both techniques, of baseline and difference imaging. By assuming that at least some baseline data is 
available, we can reconstruct an estimate of xo(r) (from meantime only, for example). Subsequent measurements of changes 
in either meantime, or any other parameter (such as intensity) can then be reconstructed using the approximate baseline image 
as the xo(r). So having some absolute meantime measurement of the initial state <t>(0)

n,m we iteratively solve: 
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yielding the solution x<t>
0(r). Then, either after some time assuming the object has remained fairly stable, or using other 

measurements made simultaneously with <t>(0)
n,m we can use the difference between measurements  M (1)

n,m -M (0’ )
n,m in  
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in the linear inversion scheme, i.e. the baseline image is used to calculate a heterogeneous sensitivity matrix. Alternatively, 
by incrementing (x1(r)-x0

<t>(r)) following Equation 9 a non-linear reconstruction can be performed. This produces a solution 
x1(r), which is the final state of the object. If the change in optical properties is required then x<t>

0 (r) can be subtracted from 
the final image. The inclusion of the estimate of the initial state allows better agreement between the sensitivity matrix used 
to calculate the optical property variation. The ability to use additional types of data (such as intensity) should allow better 
assessment of changes in ma and m¢s, assuming that using the estimate x<t>

0 (r) is more effective than approximating the initial 
condition as homogeneous.  

Figure 11 shows the images originally reconstructed in section 4.1 , Figure 7. However here, instead of assuming x0(r) is 
homogeneous, reconstructions of the difference data for case 2 have utilized an initial guess of x<t>

0(r) from a baseline 
reconstruction of the absolute <t> simulated values for the initial state of case 2. So x<t>

0(r) consisted of the baseline m¢s 
image (50th iteration), and homogenous ma = 0.01mm-1. Although the baseline image is not exactly quantitatively correct, its 
use has improved the difference images reconstructed from both meantime differences and intensity ratios. The error range 
has decreased from 0.0036mm-1 to 0.0021mm-1 for meantime and from 0.0023mm-1 to 0.0007mm-1 for intensity, for the non-
linear image reconstructions (left). For the linear reconstructions (right) the baseline initial state was used to calculate the 
sensitivity matrix used in Equation 8. Qualitatively the linear images have improved compared to those in Figure 7b and for 
intensity the error range has reduced from 0.0009mm-1 to 0.0003mm-1. For meantime, due to a sharp minimum, the error 
range has in fact increased from 0.0011mm-1 to 0.0013mm-1. Note that although the errors on the linear images are smaller 
(comparing case 1 to case 2), the signal to noise is better in the non-linear reconstructions.  

0.916mm-1        1.686mm-1

0.0079mm-1    0.0200mm-1 -0.0011mm-1   0.0010mm-1

0.0195mm-1  

0.0081mm-1    0.0187mm-1 -0.0003mm-1  0.0004mm-1  

(Non-linear) baseline m¢s
image reconstructed from

absolute <t> values

-

Non-linear using baseline m¢s x0(r)
(Case 2 corrected)

D<t>

DLog(intensity)

Dma

(Non-linear case2 - case1)

-0.0002mm-1  0.0001mm-1  0.0093mm-1    0.0121mm-1

-0.0008mm-1  0.0005mm-1  0.0089mm-1    0.0119mm-1

-

Linear using (non-linear) baseline
m¢s x0(r) (Case 2 corrected)

Dma

(Linear case2 - case1)

 
Figure 11 Images reconstructed using a baseline non-linear scatter image reconstructed from absolute <t> as the initial m¢s distribution for 

reconstruction of meantime (top) and intensity (bottom) difference images, using non-linear (left) and linear (right) methods. 



In the case described in section 4.2 , where background absorption caused errors in images where no x0(r) was available, 
again the technique described above can be used to provide a better estimate of the sensitivity matrix, allowing improved 
images to be reconstructed from changes in measurements. In this case the images shown in Figure 8a and Figure 9a were 
reconstructed again, but utilizing a baseline initial ma distribution derived from a non-linear image reconstructed using 
meantime data (and homogenous, fixed m¢s = 1mm-1). In the non-linear images shown in Figure 12, x<t>

0(r) has been 
subtracted from the resulting images to provide equivalent images to those shown in Figure 8a. 

0.0090 mm-1    0.0168mm-1 -0.0002 mm-1  0.0003mm-1 0.0090 mm-1    0.0068mm-1 -0.0003 mm-1  0.0003mm-1

0.0088 mm-1    0.0171mm-1 -0.0003 mm-1  0.0002mm-1 0.0089 mm-1    0.0171mm-1 -0.0006 mm-1  0.0006mm-1

0.0093 mm-1    0.0159mm-1

Baseline ma image
using non-linear
algorithm and

absolute <t> values.

   Non-Linear case B corrected                                          Non-Linear case C corrected                   

                 

                                                                       ma Bnew - ma A                                                                                    ma Cnew - ma A

0.0098 mm-1    0.0123mm-1

Case B

Case C

- -

Meantime

Intensity

 
Figure 12. Non-linear reconstructions using a (non-linear) baseline absorption distribution (far left) as the initial condition for meantime 

(top) and intensity (bottom) difference data for cases B and C as shown without correction in Figure 8a. 

-
Linear case B corrected                                                      Linear case C corrected                   

                                                                 ma Bnew - ma A                                                                               ma Cnew - ma A
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0.0097 mm-1    0.0116mm-1 -0.0001 mm-1  0.0001mm-1 0.0098 mm-1    0.0115mm-1 -0.0001 mm-1  0.0001mm-1

-

Meantime
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Figure 13 Linear reconstructions using the (non-linear) baseline absorption distribution shown in Figure 12 as the initial condition for 

meantime (top) and intensity (bottom) difference data for cases B and C as shown without correction in Figure 9a 

Figure 13 shows images reconstructed using the linear method, but utilizing the non-linear baseline ma distribution to 
calculate the sensitivity matrices for cases B and C. In both the linear and non-linear images, quantitation and object 
localization have been greatly improved by the inclusion of baseline image information. 



6 SUMMARY 

We have demonstrated that the non-linearity of the problem of optical tomography causes images reconstructed from changes 
in measurement to have errors associated with unknown initial conditions. Errors occur using both linear and non-linear 
image reconstruction techniques, and the error depends on the type of data and the magnitude of the error between the 
estimated initial state and the actual state, as well as on the magnitude of the change being monitored. These errors represent 
a major potential problem in the retrieval of true localized quantitative values of oxygenation (for example) in cases where 
only in situ measurements are possible, such that data consists only of changes in measurement (either between different 
states or different wavelengths). The ability to estimate the background initial conditions, and thus improve the accuracy of 
subsequent difference images was demonstrated to be possible using calibrated data of both the same type as the difference 
data, and also of different types (e.g. using a meantime baseline image and intensity changes). Combining these baseline 
images with the measurement changes provided much improved results in simulations. More complex structures, with 
combined absorption and scatter background heterogeneities may require improved baseline image generation techniques, 
using multiple types of data and perhaps regularization methods. However the value of baseline imaging techniques to allow 
optical tomographic imaging of any type seems clear. We intend to continue this work using realistic 3D neonatal brain 
simulations with appropriate optical properties 15 to assess the significance of such sources of error, and the effectiveness of 
the correction method described in Section 5. Where clinical data is readily available (e.g. arm imaging 16) we hope to assess 
the differences between images reconstructed from clinical data using absolute scatter and absorption images as the initial 
state for difference images, compared to those where the initial state is considered to be homogeneous. This would 
demonstrate the accuracy of, for example extracting oxygenation parameters from such measurements.  

ACKNOWLEDGEMENTS 

The authors would like to thank the Wellcome Trust for their generous support of this project. In addition funding for 
elements of this work has been received from Action Research, EPSRC, the UCL Graduate School and Hamamatsu 
Photonics K K. See www.medphys.ucl.ac.uk/research/borg/ for further details.  

REFERENCES 

1. F.E.W. Schmidt, M. E. Fry, E.M.C. Hillman, J.C. Hebden, and D.T. Delpy, "A 32-channel time-resolved instrument for medical 
optical tomography," Rev. Sci. Instrum. 71 pp. 256-265, 2000. 

2. S. R. Arridge, M. Schweiger, "Image reconstruction in optical tomography," Phil. Trans. Royal Soc. B  352 pp. 717-726, 1997 
3. S. R Arridge, "Optical tomography in medical imaging," Inverse Problems, 15 pp. 41-93, 1999. 
4. S. R. Arridge, M. Cope, D. T. Delpy, "The theoretical basis for the determination of optical pathlengths in tissue: temporal and 

frequency analysis," Phys. Med. Biol. 37 pp. 1531-1559, 1992. 
5. S. R Arridge, "Photon-measurement density functions. Part 1: Analytical forms," Appl. Opt.  34 (31): pp. 7395-7409, 1995. 
6. S. R. Arridge, M. Schweiger, "Photon-measurement density functions. Part 2: Finite-element-method calculations," Appl. Opt. 34 

(34): pp. 8026-8037, 1995. 
7. H. L. Graber, J. Chang, J. Lubowsky, R. Aronson, and R. L. Barbour, "Near infrared absorption imaging of dense scattering 

media by steady-state diffusion tomography," Proc. SPIE, 1888 pp. 372-386, 1993. 
8. E. M. Sevick, C. L. Burch, J. K. Frisoli and J. R. Lakowicz, "Localization of absorbers in scattering media by use of frequency-

domain measurements of time-dependent photon migration," Appl. Opt. 33 pp. 3562-3571, 1994. 
9. H. Dehghani, D. C. Barber, I. Basarab-Horwath, "Incorporating a priori anatomical information into image reconstruction in 

electrical impedance tomography.," Physiol. Meas. 20 pp. 87-102, 1999. 
10. E. M. C. Hillman, J. C. Hebden, F. E. W. Schmidt , S. R. Arridge, M. Schweiger, H. Dehghani , D. T. Delpy, "Calibration 

techniques and datatype extraction for time-resolved optical tomography," Rev. Sci. Instrum. 71 (9): pp. 3415-3427, 2000. 
11. M. Firbank, M. Oda, D. T. Delpy, "An improved design for a stable and reproducible phantom material for use in near-infrared 

spectroscopy and imaging," Phys. Med. Biol. 40 pp. 955-960, 1995. 
12. M. Schweiger, S. R Arridge, "A System for Solving the Forward and Inverse Problems in Optical Spectroscopy and Imaging," 

OSA TOPS  "Advances in Optical Imaging and Photon Migration", 2 pp. 263-268, 1996. 
13.           X. Cheng, D. A. Boas, "A model-based calibration method for diffuse optical tomography," Biomedical Topical Meetings, OSA,  

pp. 484-486, 2000. 
14. M. Schweiger, S. R. Arridge, "Near-infrared imaging: Photon measurement density functions," Proc SPIE, 2389 pp. 366-377, 

1995. 
15.         H. Dehghani, E. M. C Hillman, M. Schweiger, A. R. Arridge, D. T. Delpy, "Optical tomography: effects of incomplete structural 

a-prior knowledge in image reconstruction," Proc SPIE, 4250 in press, 2001. 
16. E. M. C. Hillman, J. C .Hebden, M. Schweiger, H. Dehghani, F. E. W. Schmidt, D. T. Delpy, S. R. Arridge, "Time Resolved 

Optical Tomography of the Human Forearm," Phys. Med. Biol. submitted, 2001.  


