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The information content of data types in time-domain optical tomography is quantified by studying the detect-
ability of signals in the attenuation and reduced scatter coefficients. Detection in both uniform and structured
backgrounds is considered, and our results show a complex dependence of spatial detectability maps on the
type of signal, data type, and background. In terms of the detectability of lesions, the mean time of arrival of
photons and the total number of counts effectively summarize the information content of the full temporal
waveform. A methodology for quantifying information content prior to reconstruction without assumptions of
linearity is established, and the importance of signal and background characterization is highlighted. © 2006
Optical Society of America
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. INTRODUCTION
ptical tomography uses near-infrared light to estimate

he spatial distribution of the optical parameters of tis-
ue. The optical properties of tissue provide useful physi-
logical information. Applications include the monitoring
f oxygenation in the brain and the detection of breast
ancer.1–3

The data-acquisition systems used in optical tomogra-
hy can be put into two categories: time domain and fre-
uency domain.4–6 Time-domain systems use a short
ulse of light as a source and collect a time-sampled
aveform of the arriving photons at each detector re-

erred to as the temporal point spread function (TPSF).
requency-domain systems use a modulated light source
nd collect amplitude measured in quadrature at each de-
ector. Previous detectability studies in optical tomogra-
hy have been in the frequency domain. They considered
econstructed images and measured detectability using
ontrast-detail diagrams7 or used the mean signal over
he variance of the data.8 This paper addresses the evalu-
tion of data types in time-domain systems prior to recon-
truction by using the task-based assessment of image
uality approach.9–11

Within a task-based approach, one needs to specify the
ask, the object, and the way in which the information
ill be extracted (the observer). In the task of detecting a

hange in the attenuation or reduced scatter coefficient,
ne needs to characterize the sources of randomness. We
onsider two sources of randomness: measurement noise
nd anatomical variation. Measurement noise arises from
he random nature of photon counting. Anatomical varia-
1084-7529/06/122989-8/$15.00 © 2
ion arises from having to detect an inclusion in a struc-
ured background that changes from patient to patient.
e use an optimal linear observer11,12 to determine
hether the inclusion is present or absent.
The TPSF acquired in optical tomography is always

nimodal and positively skewed with exponential decay.
his suggests that the salient information in the curve
ould be summarized by just a few simple statistical mea-
ures such as the total number of photons or the mean
ime of flight. We quantify in a detection-theoretic way
ow much more information is contained in the full TPSF
easurements than in the mean time or total number of

hotons. The information content is measured directly in
he data and is therefore independent of the reconstruc-
ion algorithm used for the inverse problem. Using the
aw data detectability provides an upper bound to the de-
ectability from reconstruction algorithms that do not use
rior information about the object.
In this paper we present the methodology to quantify

he detectability of changes in the attenuation and scatter
sing time-domain data types. Using a 2D model, we
tudy the depth dependence of detectability and the ro-
ustness to the anatomical variation.

. DIFFUSION APPROXIMATION
ear-infrared light transport in tissue is dominated by

cattering. Away from boundaries, under assumptions of
igh scattering, we can model light transport by the dif-
usion approximation to the radiative transport
quation6,13:
006 Optical Society of America



w
t
s
d

W
p

w
T
t

w
s
r
m

3
T
W
r
M
T
3
t
e
t
t
d
a
n

m
s
p
e
v
t
q
s
m

o

o
t
a
s
v

4
W
a
(
i
�
w
e
e
d

w
t
m
l

F
a
d
s
l

2990 J. Opt. Soc. Am. A/Vol. 23, No. 12 /December 2006 Pineda et al.
1

c

���r,t�

�t
− � · k�r� � ��r,t� + �a�r���r,t� = qo�r,t�, �1�

here � is the photon density, qo is the source distribu-
ion, and c is the speed of light in the medium. The diffu-
ion coefficient k is related to the attenuation ��a� and re-
uced scatter ��s�� coefficients by

k�r� =
1

3��a�r� + �s��r��
. �2�

e use Robin boundary conditions for ���� (i.e., every
oint � in the boundary of our domain �),

���,t� + 2k���An̂ · ����,t� = 0, �3�

here A accounts for the refractive index mismatch.13

he measurements at the boundary are proportional to
he photon flux

���m,t� = − ck��m�n̂ · ����m,t�, �4�

here �m is the location of the detector. To numerically
olve this model we use the finite element solver incorpo-
ated in time-resolved optical absorption and scatter to-
ography (TOAST).14

. MEASUREMENT SYSTEM AND DATA
YPES
e consider a 2D domain with a circular boundary with a

adius of 50 mm. We base the measurement setup on the
ulti-channel Opto-electronic Near-infrared System for

ime-resolved Image Reconstruction (MONSTIR)2. The
2 sources and 32 detectors are placed uniformly around
he boundary. Theoretically, the complete data from light
mitted from source q and arriving at detector m are the
emporal waveform of arriving photons �qm�t�. In prac-
ice, to obtain this measurement for any given source-
etector distance, the electronics need to be fast enough
nd have a large enough dynamic range to handle the
umber of photons integrated over each time bin.
The MONSTIR system provides a time-sampled nor-
alized waveform for the source-detector pairs that are

ufficiently apart to have the necessary temporal sam-
ling. For our model, we consider data from all detectors
xcept the nearest five on each side of a given source. A
ariable attenuator fixes the mean total number of pho-
ons collected to 105 for each detector, which limits the re-
uired dynamic range. The output waveforms used in our
imulations have a time bin of 25 ps. A schematic of the
easurement setup is shown in Fig. 1.
The data types are defined based on the theoretically

btained TPSF (the vectors are in bold):

Sampled Waveform: �qm with ��qm�i =�
ti

ti+1

�qm�t�dt,

�5�

Total Number of Photons: Eqm =�
0

�

�qm�t�dt, �6�
Sampled Normalized Waveform: N�qm =
105

Eqm
· �qm,

�7�

Mean Time: �qm =
1

Eqm
�

0

�

t�qm�t�dt. �8�

Even if we restrict ourselves to time-domain systems,
ther data types could be chosen.15 We chose these data
ypes because E and � are the first two moments of ��t�
nd N� is the output of the MONSTIR system. Under-
tanding the information content of these data types pro-
ides an insight into current experimental approaches.5,6

. SIGNAL AND BACKGROUND TYPES
e consider the detection of variations in both the attenu-

tion ��a� and reduced scatter ��s�� coefficients in uniform
flat) and structured (lumpy) backgrounds. Fluctuations
n tissue oxygenation cause a correlated change in �a and

s�.
16 A signal with a correlated increase in both �a and �s�

as considered in a previous paper.17 We begin by consid-
ring signals where �a or �s� is perturbed to study how
ach of the parameters affects the performance of each
ata type. The signals were truncated Gaussians:

�a,+�r� =���a,maxe
−�r − ro�2/2s2 : �r − ro� 	 3s

0 : otherwise
, �9�

�s,+� �r� =���s,max� e−�r − ro�2/2s2 : �r − ro� 	 3s

0 : otherwise
, �10�

here �a,+ and �s,+� are signals with increased attenua-
ion and scatter, respectively, ��a,max and ��s,max� are the
aximum values, r is the 2D spatial coordinate, ro is the

ocation of the signal, and s is the width of the signal. In

ig. 1. Schematic of the experimental setup. The 32 detectors
nd 32 sources are uniformly placed in the boundary of a circular
omain with a radius of 50 mm. One source and 32 detectors are
hown. The 10 detectors nearest to the source (shown with dotted
ines) are not used in our calculations.
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his paper we keep the following parameters constant:
�a,max=0.0001 mm−1, ��s,max� =0.01 mm−1, and s
1.0 mm. These parameters were chosen in order to cre-
te lesions at the threshold of detectability in the raw
ata. While they are much fainter than we are currently
ble to reconstruct, they illustrate the complex depen-
ence on location, signal type, and background.
For applications that study tissue oxygenation,

hanges in �a and �s� are correlated, but in breast cancer
maging the changes can be anticorrelated.18 To study
uch tissue, we introduce a third signal type ��a,+ ,�s,−� �
here we add a �a,+ signal in the attenuation coefficient
ut subtract a �s,+� in the reduced scatter coefficient. From
theoretical perspective, these signals are of interest be-

ause they are similar to the set of functions comprising
he null-space of E, i.e., they result in a change in the to-
al number of photons collected that is close to zero.19

Signal detection is most often considered in a flat back-
round. In this paper we consider flat backgrounds with
a=0.01 mm−1 and �s�=1.0 mm−1. Using a flat background

s appropriate if the background fluctuations are negli-
ible compared to the signal of interest. In practice, it is
ore often the case that there is background structure. To

tudy the effect of background structure on the detection
ask we introduce lumpy backgrounds9,12,20:

b�r� = b0 + �
i=1

N

lump�r − ri�, �11�

here b�r� is the lumpy background, b0 is the spatial
ean (equal to flat background value), N is the Poisson-

istributed number of lumps and ri is the uniformly dis-
ributed location of each lump (with an equal probability
f being placed anywhere in the domain). The lumps have
he following form:

ig. 2. Sample lumpy background (in �a �mm−1�) and signal half
ay from the center to the boundary of the domain. The corre-

ated structure of the background confounds the task of detecting
he signal.
lump�r − ri� = l0e−�r − ri�
2/2w2

−
1

A����
�

l0e−�r − ri�
2/2w2

d2r,

�12�

here lo is the lump strength, w is the lump width, � is
he domain (in our case a disk), and A��� is the area of
he domain. The second term in the expression for the
umps was designed such that the ensemble mean of the
umpy background is the flat background. We consider
umps in the attenuation coefficient. They are similar to
he �a,+ signals but with different amplitudes and widths,
=4 mm, N̄=2000, and lo=0.1·��a,max. Figure 2 shows a

ample lumpy background and signal.

. INFORMATION CONTENT: A
ETECTION-THEORETIC VIEW
e quantify the information of a data set from the per-

pective of statistical detection theory. The task is to de-
ect a signal in the parameter of interest from the mea-
urements. This implies discriminating between the
ollowing two hypotheses:

g0 = 	g�b�
 + n if the signal is absent,

gi = 	g�b + s�
 + n if the signal is present, �13�

here gi are the measurements under the ith hypothesis,
g�b�
 is the noise-free data (averaged both over measure-
ent noise and random backgrounds) from the back-

rounds, 	g�b+s�
 is the noise-free data from the back-
rounds and signals, and n is the noise. The noise term
ill include both the randomness due to the Poisson na-

ure of photon counting and the uncertainty due to back-
round variation.

To quantify the ability to detect signals from the data,
e use the ideal linear (Hotelling) observer9,12:

tHot�g� = �gtKg
−1g, �14�

here

�g = 	g�b + s�
 − 	g�b�
, �15�

nd Kg
−1 is the inverse of the data covariance matrix. Note

hat since the imaging system is nonlinear, in general
g�s�
� 	g�b+s�
− 	g�b�
.

The Hotelling observer maximizes the signal-to-noise
atio �SNRt� among all linear test statistics11 with

SNRt =
	t1
 − 	t0



�t�
, �16�

here 	ti
 is the ensemble average under the ith hypoth-
sis, and 
�t� is the standard deviation of the test statistic
assumed to be the same under both hypotheses owing to
he low contrast signal used). The SNR2 for the Hotelling
bserver �SNRHot

2 � is given by

SNRHot
2 = �gtKg

−1�g. �17�

f the test statistic is Gaussian, the Hotelling observer
lso maximizes the area under the receiver operating
haracteristic (ROC) curve.11,12 For a discussion of mak-
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ng the Gaussian assumption in this application see Ap-
endix A.

. NOISE MODELS
or SNRHot

2 computations, we need to compute the data
ovariance matrix for each of the data types. The noise
odel for our data types assumes we have the output of
ONSTIR and some independent measurement of E. The

nalysis is intended to examine how much would be
ained by adding the information from the total number
f photons collected. For a fixed background, we assume
he dominant noise in the normalized waveform to be
oisson, hence N� for a fixed background is a Poisson
andom vector.2 We consider estimating the mean time
rom the noisy normalized waveform:

� =�
0

�

t�
N��t�

�
0

�

N��t�dt�dt. �18�

n the limit of a large mean number of arriving photons
a (105 in our case) at a given detector, the variance of �,

ased on the diffusion approximation model, is given by21


�
2 =

1

Na
�0

�

t2�
N��t�

�
0

�

N��t�dt�dt − �̄2� . �19�

The measurements of E are assumed to be Poisson with
he variance equal to 105 arriving photons. For the full
aveform computations, we assume N� and E are inde-
endent Poisson measurements and combine them. If
oth of these data types were measured from the same
aveform, they would not be independent. The implica-

ion of this assumption is that there are two measure-
ent systems, one that measures E and another that
easures N�.

. MONTE CARLO ESTIMATE OF SNRHot
2

ITH RANDOM BACKGROUNDS
n a flat background, the noise is independent for every
ource–detector combination, therefore the covariance
atrix due to measurement noise is diagonal. Structured

ackgrounds introduce correlations between measure-
ents from different source–detector pairs. For these

ackgrounds the covariance matrix has a component that
rises from the photon measurement noise and one that
rises from the background variation9:

Kg = 	Kg,meas
b + Kg,lumps, �20�

here Kg,meas is the measurement covariance matrix for a
xed background, 	·
b is the ensemble mean over back-
rounds, and Kg,lumps the lumpy background component
f the covariance matrix
Kg,lumps = 	�ḡ − ḡ̄��ḡ − ḡ̄�t
b, �21�

ith ḡ= 	g
n�b (the mean over the measurement noise for a

xed background) and ḡ̄= 		g
n�b
b (the mean over both the
easurement noise and random backgrounds).
The lumps introduce spatial correlations in the back-

rounds that result in correlations in the data. One of the
oals of this research was to study the robustness of the
ata types to these correlations. To estimate SNRHot

2 for
he lumpy background case we generate noise-free
amples of the data �ḡ� (for individual realizations of the
umpy background). From these samples we estimate
NRHot

2 as a function of sample size N by estimating the
ean data over the ensemble of backgrounds,

ĝ̄̄�N� =
1

N�
i=1

N

ḡi, �22�

he mean signal data,

�g�̂�N� =
1

N�
i=1

N

�gi, �23�

he covariance matrix,

K̂g�N� =
1

N�
i=1

N

Kg,meas�i� +
1

N − 1�
i=1

N

�ḡi − ĝ̄̄�N���ḡi − ĝ̄̄�N��t,

�24�

nd using them to estimate SNRHot
2 :

SNRHot
2 �N� = �g�̂̂ tK̂g

−1�g�̂ . �25�

. RESULTS AND DISCUSSION
e begin by examining the detectability �SNRHot

2 � of sig-
als in a flat background as a function of depth. All plots
top 5 mm from the boundary because of the signal size
nd the limits of the diffusion model near the boundary. A
patial detectability map for the �a,+ lesion and E shows
hat due to symmetry there is little angular dependence
o the detectability at these depths (Fig. 3), so further re-
ults focus on the detectability along the �x ,0� line (from
enter to a source).

Figure 4 shows the detectability of a �a,+ signal in a flat
ackground. The majority of the information of the wave-
orm is contained by E, and the maximum detectability
ccurs away from the boundary. In this situation, the nor-
alized waveform can be summarized by � with little loss

f information. It is also interesting to see that the full
aveform can be summarized by the first two moments
ith little or no information loss.
The figure for the �s,+� lesion (Fig. 5) behaves differ-

ntly. The maximum detectability occurs as the signal ap-
roaches the boundary, � does not encode all the informa-
ion of the normalized waveform, and there are
ifferences close to the boundary. For the �a,+, �s,−� signal
Fig. 6), E, �, and the normalized waveform have compa-
able information close to the boundary, but as the signal
ets deeper in the tissue, E loses its information content
aster than the other two data types.
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In both of the previous results, signals near the bound-
ry produce larger changes in the data. Given the ill-
osedness of the reconstruction problem, solutions would
e biased to contain more structure near the boundary.
patially varying regularization22–24 reduces this bias by
egularizing the reconstructions more at the boundary
han at the center. The work presented here could be used
o provide a detection-theoretic basis for generating re-
onstructions that regularized both �a and �s depending
n their respective spatial detectability.

Throughout this paper we have not used the data from
he five nearest detectors on either side of each source. We
onsider how much would be gained if the electronics al-
owed us to collect data from the excluded detectors. Us-

ig. 3. Detectability of �a,+ signal in a flat background showing
nly a small angular dependence away from the boundary. The
axima in the boundary occur near the detectors. The arrow

ointing into the domain shows the location of one of the sources,
nd the arrow pointing outward shows the location of a detector.
s expected, the detectability is lower in the center of the
omain.

ig. 4. Detectability of �a,+ signal in a flat background. Note
hat the normalized waveform and � plots overlap. For an attenu-
ting inclusion in a flat background, the majority of the informa-
ion is encoded by the total counts. Peak detectability occurs
lose to the boundary.
ng a �a,+ signal and a flat background, Fig. 7 shows that
ear the boundary there is a significant gain in informa-
ion but not so much near the interior. While our analysis
as been tailored for the MONSTIR system, the approach

s generic as is the qualitative behavior.
The degree to which the anatomical fluctuations will af-

ect the detectability of a particular signal will depend on
ow much the lumps resemble the signal in the data. Fig-
re 8 shows the convergence plot for SNRHot

2 �N� with four
ndependent samples of 500 lumpy backgrounds each and
a,+ lesion. For a finite number of samples, SNRHot

2 �N� is
iased high as an estimate of the SNR2 for the entire en-
emble.

As an example of the effect of anatomical variation we
nclude a �a,+ signal in the lumpy background (Fig. 9).
he behavior of E near the boundary with lumpy back-
rounds differs from the behavior in the flat background
lot (Fig. 4). For the lumpy background the detectability

ig. 5. Detectability of �s,+� signal in a flat background. For a
cattering inclusion the total counts contain the majority of the
nformation, and peak detectability occurs at the boundary.

ig. 6. Detectability of �a,+, �s,−� signal in a flat background. For
n inclusion that has an increase in attenuation and scatter, the
ean time contains most of the information, and we see that the

ehavior near the boundary depends on the data type.
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ontinues to increase as the signal gets closer to the
oundary. The background variations also increase the
ate at which the information decreases for E as the sig-
al gets deeper in the tissue. There is an overall decrease

n information for both data types since the lumps add
ncertainty in the data. It seems that E loses more infor-
ation because of the lumps than does �, i.e., it is less ro-

ust to background fluctuations. To quantify this state-
ent we averaged SNRHot

2 over the signal locations

	SNRHot
2 
loc =

1

N�
i=1

N

SNRHot
2 �li�, �26�

here N is the number of lesions and SNRHot
2 �li� is the de-

ectability of a lesion located at location li. For E,
SNRHot

2 
loc�lumpy�=0.09	SNRHot
2 
loc�flat�, where for �,

SNRHot
2 
loc�lumpy�=0.32	SNRHot

2 
loc�flat�. This suggests
hat for this combination of data type and anatomical

ig. 7. Detectability for �a,+ lesion and the E data type in a flat
ackground. Each curve represents exclusion of a different num-
er of detectors at either side of each source. Note that using all
etectors [fan(0)] and only excluding one [fan(1)] produces plots
hat lie on top of each other.

ig. 8. Stability plot for four sets of 500 lumpy backgrounds
ach. We see that for the random backgrounds our detectability
stimate is biased high for a small number of samples but con-
erges as we increase our sample size.
ariation, the mean time has more robustness to anatomi-
al variation than the total counts. This kind of statistical
obustness of certain data types to random backgrounds
as also been explored in the context of time-reversal

maging.25

To take the analysis of the anatomical variation further
ould require a characterization of the statistics of the
ackgrounds26 and signals. Our result on the robustness
f the data type is dependent on the data type and back-
round. If the background were to vary with lumps simi-
ar to the �a,+, �s,−� lesion, the mean time would be more
ffected than the total counts. Such a characterization
ossibly obtained by using a database of optical tomogra-
hy images would allow the incorporation of the anatomi-
al fluctuations into the analysis in a quantitative way
hat would allow analysis applicable to specific systems.
n this paper we have considered the correlations in the
ata caused by the lumpy background, but such correla-
ions can also be caused by modeling error.27,28

For the lumpy background results we exclude the
aveform and normalized waveform because of the com-
utational resources required. The waveform data sets
re 1024 (source–detector pairs) �300 (time samples).
he covariance matrix for such a data set would have

1024�300�2 elements. It might be possible to use a
parse representation under approximations regarding
he amount of correlation between detectors or a different
imensionality reduction. Such an analysis lies beyond
he scope of this paper but there are several approaches
hat can be used for handling large matrices.12,29

The map from the optical parameters to the data is
onlinear. The nonlinearity presents a challenge in gen-
ralizing the results presented in this paper. Much as the
xact form of the photon measurement density functions
epends on the background value30 so will the spatial de-
ectability maps. While the exact shape will vary, the gen-
ral patterns are likely to remain the same.

ig. 9. Detectability of �a,+ signal in a lumpy background. The
andomness in the background reduces the detectability of the
nclusions and affects the behavior close to the boundary. We see
hat the mean time has a lower but more uniform detectability
han the total counts in the presence of random fluctuations in
he background. The overall decrease in detectability for the
ean time was less than that for the total counts when compared

o the flat background.
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. CONCLUSIONS
he information content of each data type depends on the
ype of signal, the location of the signal, and the type of
ackground. For a flat background and �a,+ or �s,+� sig-
als, E contains most of the information in the waveform.
or the �a,+, �s,−� signal, � contains more than E. We also
ee that a combination of E and � summarizes most of the
nformation content of the entire waveform.

The effect of the background variation on the data
ypes is correlated with how similar the lump is to the sig-
al in that data space. The location averaged detectability
uantifies that effect. For the case presented, the mean
ime is more robust to anatomical fluctuations than the
otal number of counts. In general, the result will depend
n the combination of background and the signal being
etected.
We have established a methodology for evaluating the

nformation content of data types for optical tomography
s a nonlinear system using spatial detectability plots
nd Monte Carlo methods.

PPENDIX A: MAKING THE GAUSSIAN
SSUMPTION

he Hotelling observer maximizes SNRt among all linear
bservers. If the test statistic t is Gaussian then there is a
onotonic transformation between SNRt and the area un-

er the receiver operating characteristic (AUC) curve11,12:

AUCG�SNRt� =
1

2
+

1

2
erf�SNRt

2 � , �A1�

here erf�·� is the error function. The AUC can be inter-
reted as the average fraction, correct when making the
ecision of whether the lesion is present. Figure 10 shows
standardized histogram (with N=2000 samples) of tHot
ith a �a,+ signal and lumpy background for the E data

ype. The histogram appears Gaussian, but we check the
alidity of Eq. (A1) by comparing it to the AUC obtained

ig. 10. Histogram of standardized Hotelling test statistic. The
pproximate Gaussianity of the test statistic justifies using
NRHot

2 as our measure of detectability.
y using the Mann–Whitney U-statistic31:

AUCMW =
1

N2�
i=1

N

�
j=1

N

step�tj
1 − ti

0�, �A2�

here tj
1 is the value of the test statistic on the jth back-

round with the signal present and ti
0 value of the test

tatistic on the ith background with the signal absent. We
btained AUCG=0.55 and AUCMW=0.56. It seems that for
his application, SNRHot can be interpreted as a mono-
onic transformation of AUC.
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