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Abstract:  With the emergence of diffuse optical tomography (DOT) as
a non-invasive imaging modality, there is a requirement to evaluate the
performance of the developed DOT systems on clinically relevant tasks.
One such important task is the detection of high-absorption signals in
the tissue. To investigate signal detectability in DOT systems for system
optimization, an appropriate approach isto use the Bayesian ideal observer,
but this observer is computationally very intensive. It has been shown that
the Fisher information can be used as a surrogate figure of merit (SFoM)
that approximates the ideal observer performance. In this paper, we present
a theoretical framework to use the Fisher information for investigating
signal detectability in DOT systems. The usage of Fisher information
requires evaluating the gradient of the photon distribution function with
respect to the absorption coefficients. We derive the expressions to compute
the gradient of the photon distribution function with respect to the scattering
and absorption coefficients. We find that computing these gradients simply
requires executing the radiative transport equation with a different source
term. We then demonstrate the application of the SFoM to investigate signal
detectability in DOT by performing various simulation studies, which help
to validate the proposed framework and also present some insights on signal
detectability in DOT.
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1. Introduction

Diffuse optical tomography (DOT) isemerging asanovel non-invasive medical imaging modal-
ity. The objective in DOT isto probe the tissue with near-infrared (NIR) light to determine the
absorption and scattering properties of the tissue, which can then be used by the physicians for
patient diagnosis [1-4]. DOT has found applications in breast-cancer detection and character-
ization [5, 6], in functional brain imaging [7, 8], in imaging of small joints for early diagnosis
of rheumatoid arthritis [9], and in small-animal imaging for studying physiological processes
and pathologies [10]. Many research groups are engaged in designing novel DOT imaging sys-
tems [11-14], and thus there is a requirement for methods to assess the performance of these
systems in clinically relevant tasks [15, 16]. One such important task in DOT is the detection
of absorptive heterogeneous regions, which we refer to asthe signal, within the tissue. In DOT,
often the anomal ous regions are distinguished by a higher absorption coefficient compared to
the rest of the tissue [17-22]. However, the sensitivity of diffuse-light measurements drops off
quickly with penetration depth due to the high scattering in the tissue, which leads to poor
depth resolution in DOT [23, 24]. Thus, an important design parameter for aDOT system isthe
signal detectability provided by the system at larger penetration depth. Similarly, the variation
in signal detectability as a function of the signal size and contrast are also important design
parameters.

To investigate signal detectability in DOT for system optimization, an appropriate method
is to compute the performance of the Bayesian idea observer on the task of detecting the
signal in the tissue [25, 26]. The Bayesian ideal observer uses the likelihood ratio to compute
atest statistic from the image data and compares it against a threshold. This observer uses all
information available to make decisions, and is optimized by several criteria. For example, the
ideal observer maximizes the area under the receiver operating characteristic (ROC) curve, a
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quantity also known as the area under curve (AUC). Moreover, the ideal observer uses the raw
data, and does not suffer from information loss due to the reconstruction process. However,
determining the AUC of an ideal observer is often computationally complex [19, 26]. Thus, an
approximation to the AUC of the ideal observer that is faster to compute can be very useful for
image quality studies.

The use of Fisher information to determine the information content of measured data when
performing an estimation task is quite well established [25]. For a given estimation task, the
inverse of the Fisher information matrix (FIM) gives the Cramér-Rao bound (CRB), which is
a lower bound on the variance of any unbiased estimator that processes the measured data.
More recently, it has been also shown that when we are trying to detect a small change in the
vector parameter of a parametrized family of probability distribution functions (PDFs), there
is a connection between the Fisher information and the performance of the ideal observer on a
detection task, as measured by the AUC [26, 27]. Therefore, the Fisher information can serve
as a useful surrogate figure of merit (SFoM) that approximates ideal observer performance in
detection tasks. In this paper, our objective is to demonstrate the usage of Fisher information
as a SFoM to evaluate signal detectability in DOT. An important quantity required to evaluate
the Fisher information in DOT is the gradient of the photon distribution function with respect
to the absorption coefficient. We will derive an analytic expression for this purpose, along with
an analytic expression for the gradient of the photon distribution function with respect to the
scattering coefficient. These derived analytic expressions can also be used to perform image
reconstruction in DOT using gradient-based reconstruction schemes.

Currently most methods to evaluate DOT systems or investigate signal detectability in DOT
systems do not use observer studies [16]. Metrics such as contrast-to-noise ratio (CNR) and
positional errors (PE) [17, 18, 24, 28] have been used to evaluate the performance of depth
resolution provided by DOT reconstruction algorithms. The PE metric quantifies the error in
locating a signal, while the CNR gives a measure of the whether the object can be detected
from the background. These metrics are not ideal to investigate signal detectability for DOT
system optimization since they require a reconstruction step that often leads to information
loss from the acquired data. Ziegler et al. [29, 30] have devised a statistical method to use raw
datato evaluate DOT systems, but their method essentially just gives us one point on the ROC
curve, and therefore is not comprehensive. A probabilistic detection theory has been devised
by Morgan et al. [20], which evaluates the detection performance of a system based on the area
of overlap of the signal present and signal absent PDFs of the data. However, this approach
is not suitable for multidimensional data, since it is very complicated to compute area under
multidimensional PDFs, and often, different components of the data vector contribute different
weights to the final test statistic that is used to make a decision about the presence of the
signal. There have been previous studies on using Hotelling observers to evaluate various DOT
system configurations [19, 31].However, a framework to evaluate signal detectability in DOT
systems using ideal observers has not been proposed. It is the objective of this paper to present
a framework that uses the ideal observer, using a easier-to-compute SFoM, to evaluate signal
detectability in DOT. We first derive the framework to evaluate detectability for a general DOT
setup. Using software to simulate photon propagation devel oped by our research group [32,33],
we present the implementation of the proposed method for a specific test DOT system. We then
demonstrate the application of the derived framework to investigate signal detectability in this
DOT system for some simple signal known exactly/background known exactly (SKE/BKE)
tasks.
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2. Methods

2.1. Relation between signal detectability and Fisher information in DOT

In this section, we will analyze the relation between signal detectability and Fisher informa:
tion for a general diffuse optical imaging setup. Let us consider a DOT setup with M detector
elements. Let the flux measured by the m detector element be denoted by g, and the image
acquired using the M detector elements by the M-dimensional vector g. Let us also denote the
signal-absent and the signal-present hypothesis by Hyp and Hy, respectively. The objectivein the
detection task isto determineif g isasample from the signal-absent PDF, denoted by pr(g|Ho),
or the signal-present PDF, denoted by pr(g|H:). The Bayesian ideal observer performs this task
by evaluating the likelihood ratio t(g) and comparing it to a threshold. Thelikelihood ratio t(g)
isgiven by

pr(g[H1)

9= pi(gHo) .

To use this observer inthe DOT context, let us denote the absorption and scattering coefficients

at location r by pa(r) and us(r), respectively. We discreteize this functions using a certain

spatia basis with basis functions given by ¢n(r). The representation of the absorption and
scattering functionsin this basisis given by

N

Ua(r) = ;ua,nqbn(r), o)
N

us(r) =3 tsnén(r), ©)
n=1

where uan and uspn denote the absorption and scattering coefficients in the considered spatial
basis. These basis functions could be the commonly used voxel basis functions. However, we
are not placing any restriction on the spatial support of these basis functions. The basis function
could in fact represent the support of different anatomical structuresin the tissue, where agiven
anatomical structure is characterized by the same absorption and scattering coefficient. It must
be pointed out that in general, the equality in Egs. (2) and (3) holds in the limit of having an
infinite number of basis functions, since we are approximating a continuous function by afinite
basis set. Let us denote the N-dimensional vector of the absorption coefficients by pa and the
vector of scattering coefficients by ps. For notational simplicity, let us denote g = {a, us}-
Also, again for notational simplicity, we define a general coefficient function p(r) that denotes
the absorption/scattering coefficient at location r. The representation of this general coefficient
function in the spatial basisis given by

N
u(r)= ZNn‘Pn(r)v 4
n=1

where U, denotes the absorption/scattering coefficients in the considered spatial basis.

In the detection task we consider, the signal-present hypothesis is distinguished from the
signal-absent hypothesis by a small change in the parameter vector . For the signal-present
hypothesis H; and signal-absent hypothesis Ho, the parameter vectors have value u and po,
respectively. Thus, using Eq. (1), the likelihood ratio is given by

pr(gis)
t = : S
49 briglno) ©
To relate the ideal-observer AUC with the Fisher information, we apply the general framework
proposed in Clarkson et al. [27]. We first define a detectability parameter, which is related to

#192172 - $15.00 USD  Received 12 Jun 2013; revised 21 Aug 2013; accepted 26 Aug 2013; published 9 Sep 2013
(C)2013 OSA 1 October 2013 | Vol. 4, No. 10 | DOI:10.1364/BOE.4.002107 | BIOMEDICAL OPTICS EXPRESS 2111



the ideal-observer AUC as[26]

AUC(u) = % [1+erf (d(zﬂ)ﬂ : (6)

where the ideal-observer AUC and detectability when the parameter vector is u are denoted
by AUC(u) and d(u), respectively. When the change between u and o is small, we obtain a
second-order approximation to the square of the detectability [27]:

d?(p) = (1 — po) "F(po) (1 — o), (7

where F(po) denotes the FIM evaluated at po. Therefore, the detectability, and consequently
the AUC for an ideal observer trying to detect a small change in y, is directly related to the
Fisher information evaluated at 1. We describe the procedure to compute the elements of the
FIM in the next section.

We would like to mention here that in DOT, often the relative change in absorption coeffi-
cient between signal and background could be relatively large, due to the very low value of the
absorption coefficient in the background. However, this change in absorption coefficient still
translates to a very small change in the final image since the absorption coefficient is generally
much lower than the scattering coefficient, and always appears in conjunction with the scatte-
ring coefficient in the equation that describes light propagation in tissue. Thus, even when the
relative change between the background and signal absorption coefficient values is high, when
added with the scattering coefficient, this change is relatively low. As we have also verified,
even alarge relative change in the value of the absorption coefficient does not cause a signifi-
cant relative change in the final image. Therefore, the framework that we suggest is valid even
for arelatively large change in the absorption coefficient between the signal and the rest of the
tissue.

2.2. Computing the Fisher information

To compute the elements of the FIM, we must first obtain the likelihood of the image data as
afunction of the scattering and absorption coefficient vectors. The major noise source in DOT
is often the Poisson-distributed shot noise[19, 34]. Let gm(u) denote the noiseless mean image
data as a function of the scattering and absorption coefficient vectors u = {us, ta}. Since the
Poisson noise in individual detector elements is independent of each other, the PDF for the
acquired image data g in our DOT setup is given by

M 5 m M~
m=1 m-

Taking the logarithm on both sides, we get the log-likelihood of the image data, which we
denote by £(g|u), as

M
£(gle) =logpr(gl) = Y gmloggm(p) — Gm(p) —l0g(gm!). 9
m=1

The (i, j)™ element of the FIM F(u) is given by [25]

9%L
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where angled brackets denote statistical expectations, and where p; denotes the i absorp-
tion/scattering coefficient as defined in Eq. (4). To obtain the elements of the FIM, we take the
derivative of the log-likelihood (Eq. (9)) with respect to the coefficient p;. Thisyields

87[’_ J Om I9m(M)
auiM(gm(u) 1) FT (1)

Further taking the derivative of the above expression with respect to u;, we get
924 _ J (_ _ Om ag—m(“)) Igm(1) 4 (_gm B 1> 9%Gm(M) _ (12)
dujoui =\ Im(m)? i Om(p) pjou

Averaging the above expression over g and using Eg. (10), we obtain
9L 1 99m(u) 0
F.;(u):—<a - > _ Om(K) IGm(M)
Hioli /g m

1 Im(K) a.uj o Ui
since (gm) gju = Om(K). We observe that to eval uate the elements of the FIM, we have to evaluate
the gradient of the mean image data with respect to the absorption and scattering coefficients.
Thisisthe topic of the next section.

<

; (13)

2.3. Evaluating the gradient of the mean image data

To evaluate the gradient of the mean image data, we have developed an analytic expression
based on the integral form of the radiative transport equation (RTE), which is the equation used
to describe photon propagation through any media. The fundamental radiometric quantity that
we describe using the RTE is the photon distribution function w(r,$, €,t). In terms of pho-
tons, w(r,§, £,t)AVAQAE can be interpreted as the number of photons contained in volume AV
centered on the 3D position vector r = (X,Y, ), traveling in a solid angle AQ about direction
§=(6,¢), and having energies between & and € + A€ at timet. Another radiometric quantity
required to describe the RTE isthe emission function Z(r, §, €,t). Like the distribution function,
E(r,5,&,1)AVAQAE can be interpreted as the number of photons injected per second into vol-
ume AV in energy range A&, over solid angle AQ, and at timet. Inthe DOT implementation, we
assume a mono-energetic time-independent emission source, so that the emission function can
be written as Z(r, 5). Also, the dominant scattering mechanism in DOT is elastic scattering and
the scattered photon does not lose any energy. Since there is no other energy-loss mechanism
for the photons, we can completely drop the dependence of the distribution function on energy.
Also, since we consider atime-independent emission source, the dependence of the distribution
function on time is also dropped, and we write the distribution function as w(r, §).

Let X and X denote the scattering and attenuation operatorsin integral form, which represent
the effect of scattering, and the effect of attenuation and propagation of photons, respectively.
The effect of the scattering operator K on the distribution function is given by [25]

KW|(r,8) = is(r)em | dep(& 8w ), (14
4
where ¢, denote the speed of light in the medium, Sand § denote the direction of the outgoing

and incoming photons, respectively, and p(5,8|r) denotes the scattering phase function, which
in biological tissueistypically given by the Henyey-Greenstein function [35, 36]:

1 1-o
3¢r) = —
p(S, |r) A { [1_1_ o2 —2a COS(é' §)]3/2 } ’ (15)
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where the anisotropy factor o characterizes the angular distribution of scattering in the tissue.
The attenuation operator X is the standard attenuated X-ray transform, and its effect on the
distribution function is given by [25]

20w (r,8) — %/:dlw(rfél,é)exp {/O' dl’ytot(rél’)}, (16)

where ot (r) = ta(r) + us(r) isthe total attenuation coefficient. In terms of the defined atten-
uation and scattering operators, for a mono-energetic time-independent source Z(r, §), the RTE
can be written as [25, 32]

w = XZ + XKw. a7

To evaluate the gradient of the mean image with respect to the ni" absorption/scattering
coefficient w,, we note that gm() is computed as

_ / or /dQ hin(r, SW(r ), (18)

where hiy(r,3) denotes the sensitivity of the m" detector pixel to the distribution function. We
can write the above equation in inner product notation as

Im(1) = (hm, w). (19
Taking the gradient of gm(u) with respect to u,, we get
3Gm(1) ( aw)
= hm=—]. 20
It ™ o (20)

Thus, to evaluate the gradient of the mean image data, we have to evaluate the gradient of the
distribution function with respect to u,. Using Eq. (17), we can write the expression for this

gradient as

ow 09X 0X 0K ow
E+ —Kw+X—w+XK-—. 21
Jin Jun ' I dtin Itn’ @

of the four terms in the above equation, the first two terms can be considered as a new oper-
ator 2 S X acting on another distribution function. Let us evaluate the first term. We know from
Eq. (16) that the effect of the attenuated X-ray transform on the source function is given by

=] (r,8) = % /O°°d| Z(r—3,8 exp [_ /; A’ (1 _§')] . 22)

Note that
Peot (1) = Us(r) + ta(r)

N
Z, Usn+ Han)n(r), (23

wherein the last step, we have used Egs. (2) and (3). Using the above representation and taking
the derivative of Eq. (22) with respect to u,, where as mentioned earlier, u, could denote the
absorption/scattering coefficient, we get

X R 1 /= " ")
T (r, s):fa A dZ(r-4, sexp{ /dlutotr— ]Udl On(r } (24)

[1]
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Defining the step function

0,1 <0
step(l) =< 7 ’ 25
ep(l) {1,otherwise, (25)
we can rewrite the integral over |” in Eq. (24) as
X _ . 1
—Z=(r,§ = ——x
dln (r.9) Cm

/dl (r—4d sexp[ /dlutotr— H/ dl”[step(1”) — step(I” — 1)) gn(r :«:1”)]

:_a dI/ dI”[step(1”) — step(1” — )] gn(r —§”)5(r—§,§)exp[—/od|'umt(r—§')}7
(26)

where in the second step, we have done a ssimple rearrangement of terms. Interchanging the
order of integration, we obtain

X _ .
aNn:(r ,5)

1 " 3.5 A g
= " dgn(r — ”)/ distep(1”) — step(1” — ]E(r —¥,8) exp [—/0 dl’ o (r — 8 )}
:_% d"on(r —8") | REEER exp[ /dl Hior(r — 8 )]7 27)

where in the second step, we use the fact that as|” varies from 0 to , step(I”) = 1, and that
1 — step(l” —1) exists only when | > |”. Splitting the exponential integral over I into two
parts, we get

X iy =L
alvlnu B Cm
/dl”q)n exp[ / d utotr—m] KE (r—slsexp[ /dl Lo (r —&")dl’

(28)
This equation is now starting to resemble another attenuation transform, except for the integral
over |. Simplifying thisintegral further by replacing | —1” by I, we get

TdiE(r—4, sexp[ /dl ytotr—sl)}
oo . 174+

:/ dZ(r-8"-4,8exp —/ dl’ et (r —8)
0 I//

_/ di= -39 exp[ /d“-ltot (r—9"— §IA)1, (29)

I//

where in the last step, we do another change of variables in the integral over I” by replacing
I”—1" by |. We recognize that the last term is very similar to the attenuated X-ray transform.
More precisely, using Eqg. (16)

/wdra(r —y"_d 5ep [— /' Al teor (1 —:ej”—:-{)] —on[XE|(r—-8".5.  (30)
0 JO
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Substituting thisin Eq. (28), we get

ax a 1 ~ " an = oA ! / a7
i (r,s):—a A dl” ¢n(r —8")em{[XZ](r —9",8)} exp {/0 dl’ ot (r — 8 )], (3D

[1]

which, using Eqg. (16), can be written in operator notation as

0X
dUn

Thisgivesthefirst termin Eq. (21). The second termin Eq. (21) isvery similar to thefirst term,
and can be written as oo

E = —CmX($nXE). (32

—XwW = —CnX (P XKw). (33)
dUn
Using Egs. (32) and (33) we get
X _,  9X B -

= _me(¢nw)7 (34)

where in the second step, we have used Eq. (17).

The third term in Eq. (21) involves a gradient of the scattering operator. Evaluating this
gradient is easy, since the scattering operator, given by Eq. (14), islinear in us. Using Eq. (4),
the gradient of the scattering operator is obtained as

X d / o a .
—— W= ——Cmus(r) [ dQ'p(58)w(r,§
S V= gy Cmis(r) [ A P& S)w(r.8)

= Bonon(r) [ 22 pEE)w(r.3). @)
where § = 0 when u,, denotes the absorption coefficient and 1 when i, denotes the scattering
coefficient. Defining another operator X1, whose effect on the distribution function is given by

[Kaw](r,8) = cn [ 2 p(& 8)w(r ), (30

we can rewrite Eq. (35) in operator notation as

jffnw — BonKaw (37)

Thus, the third term in Eq. (21) can be written as
X

xaunw =X (BPnXKiw). (38)
Substituting Eq. (34) and (38) in Eqg. (21), we get
ow ow

Comparing with Eq. (17), we realize that the above equation is just the RTE, with the source
term given by
S = —CmPW+ BOnK1W. (40)
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Thus, to evaluate the gradient of the photon distribution function with respect to un,, we just
have to compute each term of the RTE with the source term as —gncmw+ B 9K 1w, i.e. the dis-
tribution function (—cmw-+ BK1w) that exists over the spatial support of the n'" basis function.

To summarize, to eval uate the detectability of the signal at a certain location, we use Eq. (7).
The Fisher information in this equation is computed using Eqg. (13). Computing the Fisher infor-
mation requires determining the gradient of the photon distribution function, which is evaluated
by executing the RTE with a source term that is dependent on the spatial support of the signal.

2.4.  Implementation

We implement the proposed framework to investigate signal detectability in DOT using the C
programming language on a computing system with a 2.27 GHz Intel Xeon quad core E5520
processor as the central processing unit (CPU) running a 64-bit Linux operating system, and
consisting of four NVIDIA Tesla C2050 graphics processing units (GPUSs). To evaluate the de-
tectability, we must compute the mean image data and its gradient. Computing these quantities
requires solving the RTE. We have developed mathematical methods to solve the RTE using
a Neumann-series form [32, 33]. We have also developed software to model light propagation
in completely non-uniform three-dimensional small-geometry anisotropic scattering media for
a DOT setup [33]. The software has been developed on the NVIDIA Tesla C2050 graphics
processing units (GPUs) using the compute unified device architecture (CUDA) programming
framework for computational efficiency, and provides up to two orders of magnitude speedup
compared to a non-GPU implementation. The Neumann-series RTE software is developed to
solve the RTE with a laser beam as the source term, and execution of this software computes
the mean image data for the DOT setup. Using this software, the distribution function in all the
voxelsisaso computed. This quantity is stored, sinceit is required to compute the source term
(Eq. (40)) for the RTE to compute the gradient of the mean image data.

To evaluate the gradient of the mean image data, we first note that the RTE for the gradient
of the photon distribution function given by Eq. (39) can be written in the following form as a
Neumann series [32]:

ow

dpin
where s, isthe source term as given by Eq. (40). To implement this equation, we further rewrite
in aspherical harmonic and voxel basis as below [32, 33]:

Xsh+ XKXsy + XKXsy + .. ., (41)

Wq =AS,+ADAS, +ADADAS, +..., (42)

where A and D denote the attenuation and scatter operators in voxel and spherical harmonic
basis respectively, and S, and W{' are the source term and the derivative of the photon dis-
tribution function in the spherical harmonic and voxel basis, respectively. We have derived the
expressions and implemented the attenuation and scattering operators on the GPU for a non-
uniform anisotropic scattering media [33]. To evaluate the gradient, we need to substitute the
source term by the expression given by Eq. (40) in the spherical harmonic and voxel basis.
This quantity can be easily computed from the distribution function that we had computed and
stored earlier. Following this, an iterative application of the attenuation and scattering operators
until convergence, and a final application of Eq. (20) yields the gradient of the mean image
data[33]. Using the mean image data and its gradient, the Fisher information, and therefore the
detectability, can be evaluated for any spatia support of the scattering or absorptive signal.

2.5.  Methods for the specific SKE/BKE task

To demonstrate the application of the proposed scheme, we consider the task of detecting a
high-absorption region, i.e. the signal, in an otherwise homogeneous background. L et the spatial
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support of the background and the signal be denoted by ¢o(r) and ¢1(r ), respectively. Also, let
the absorption coefficient of the background and signal be denoted by a0 and 4 1, respectively.
The signal and the background are assumed to have the same scattering coefficient. Let us
aso denote the difference between a0 and a1 by Aua. Using Eq. (7), the expression for
detectability in this case will be given by

d*(1) = AuZFaa, (43)
where, using Eq. (13), Fa1.a1 iSgiven by
U1 9Gm
F == e . 44
el .2%9m<9ua) “
Using Eqg. (20), the gradient of the image data with respect to a1 is given by
d0m ( ow )
=(hmn,=—]. 45
dla1 " dla1 (49)

To evaluate the gradient of the photon distribution with respect to 41, in accordance with
Eq. (39) we execute the RTE with the source term as

Sh = —Cm@1W. (46)

Therefore, the mean output image g and the gradient of the mean output image are evaluated
usingthe RTE. To vary thesignal depth, we vary the spatial support of thesignal, given by ¢1(r).
The variation of detectability with other parameters, such as the size and contrast of the signal,
and the scattering coefficient of the background can also be studied using this framework.

Before presenting the simulation studies, we would like to mention that the Neumann-series
method is accurate in many scenarios where the conventionally used diffusion approximation
breaks down, such as DOT setupswith collimated light sources[32,37,38], optically-thin media
[32,39], media with low-scattering void-like regions [33, 40] and media where the absorption
coefficient issimilar to the scattering coefficient [33,41,42]. Investigating signal detectability in
mediawhere the diffusion approximation breaks down isan important research problem [16]. In
our experiments, we simulate DOT setups in which the diffusion approximation breaks down,
and study the variation in signal detectability as we vary the signal and phantom properties.
Thus these studies present some interesting insights on signal detectability in DOT, and also
evaluates phantom configurations where the diffusion approximation breaks down. However,
our main intent behind presenting these experimental results is to demonstrate the validity of
the proposed framework.

3. Experimentsand results

We now demonstrate the application of the proposed framework to investigate signal detectabil-
ity for aparticular test DOT system, as the various properties of the phantom and the signal are
varied. As mentioned earlier, our intent in performing these observer studies is to validate the
proposed framework. Thus, we will be simulating DOT setups where we can predict the ex-
pected observer output, and validate whether the proposed SFoM also computes asimilar result.
Our simulated DOT setup is as shown in Fig. 1, where a collimated 10 mW laser source emits
abeam of NIR light with atransverse circular profile with radius 0.5 mm. The beam isincident
approximately on the center of the entrance face of the scattering medium, where the center of
the beam has x — y coordinates as (0.5 mm, 0.5 mm). The scattering medium isa 3-D phantom
of dimensions 2 x 2 x 2 cm®, characterized by a reduced scattering coefficient u’ = us(1—g).
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The background of the phantom is homogeneous with absorption and scattering coefficients
given by 0.01 cm~1 and 1 cm™1, respectively. Thisis a small-geometry media where the light
source is collimated, which is a case where the diffusion approximation breaks down [37,39].
The experiments are carried out for non-reentry boundary conditions, so the refractive index
of the medium is fixed to unity. The value of the anisotropic coefficient o of the mediais set
to 0, partly because it is easier to predict the expected observer output with such media. The
signal is spherical in shape with aradius of 1.5 mm and has the same scattering coefficient as
the background, but a higher absorption coefficient of 0.011 cm~1. The DOT setup consists of a
pixellated detector in the x—y plane, consisting of 20 x 20 pixels, and of dimensions 2 x 2 cm?,
which isin contact with the entrance face of the tissue and measures the reflected intensity. In
the Neumann-series method, for all the experiments, the highest degree in the spherical har-
monic expansion is 3. For this DOT setup and the specified signal and phantom properties, the
computation time to determine the SFoM was close to a minute.

Scattering

. Medium

z=0 z=H

Fig. 1. The simulated DOT setup for our experiments.

3.1. Sgnal detectability as a function of depth

In the first experiment, the signal is placed approximately at the center of the x —y plane. The
x —y coordinates of the center of the signal are (0.5 mm,0.5 mm), and its location is varied
along the z dimension. We would expect that since we are using only the reflected intensity to
make inferences about the presence of the signal, the detectability would decrease as the signal
depth increases. The detectability is computed using the developed software and plotted as a
function of the signal location in Fig. 2, and we observe the expected trend.

We then shift thelocation of the signal to an off-axis position (x,y) = (5.5 mm,5.5 mm), and
repeat the above experiment. The plot of detectability vs. signal depth is plotted in Fig. 2. As
we would expect, when the depth increases, the signal detectability reduces. Also, we expect
that the detectability should be lower for an off-axis signal compared to an on-axis signal, and
the plot shows this trend.

3.2. Sgnal detectability as a function of the scattering coefficient of the tissue

In the next experiment, we vary the scattering coefficient of the tissue. The signal has the same
scattering coefficient as the background. The object is placed at four different on-axislocations
at 2.5 mm, 7.5 mm, 12.5 mm, and 17.5 mm from the reflected face, respectively. It would be
expected that as the scattering coefficient increases, dueto increased scattering, the detectability
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Fig. 2. The signal detectability as a function of the depth of the signal for on-axis and
off-axis signa locations.

of the signal will decrease. However, the process of scattering also contributes to attenuation,
and thus, an increase in the scattering coefficient also causes an increase in the value of the
attenuation coefficient of the signal, which should lead to increased detectability.

We plot the signal detectability as a function of the scattering coefficient for these four lo-
cations of the signal in Fig. 3. We find that the plot reflects the discussed trade-off. When the
signal depth issmall, scattering has very little effect on detectability. Thus, increasing the scat-
tering coefficient up to a certain value leads to improved detectability. However, as the signal
depth increases, the effect of increase in scattering in the media tends to outweigh the increase
in the attenuation coefficient. At moderate signal-depth values, the detectability is maximized
at an optimal scattering coefficient value. For higher signal-depth values, the scattering effect
dominates and an increase in scattering coefficient leads to a decrease in detectability.

3.3. Sgnal detectability as a function of signal size and signal depth

Due to the poor spatial resolution in DOT, it is important to investigate the variation in de-
tectability as a function of the signal size. To study this variation, in the next experiment, we
vary the radius of the spherical signal from 0.5 to 2 mm, and for each size, vary the depth from
2.5 mmto 16.5 mm. The result of this experiment is plotted in Fig. 4. As expected, an increase
in the size of the signal leads to an increase in detectability, for all values of signal depth.

3.4. Sgnal detectability as a function of signal size and signal contrast

Another important study in DOT is the variation in detectability as a function of the signal
size and signal contrast [16], where signal contrast refersto the difference between the absorp-
tion coefficients of the signal and the background. We can perform this observer study using
the proposed framework, . In our study, we vary the absorption coefficient of a spherical sig-
nal from 0.011 cm~? to 0.05 cm~1. Simultaneously, the radius of the signal is also increased
from 0.5 mm to 2.5 mm. The signal is placed at a depth of 2.5 mm from the exit face of the
tissue. From the results plotted in Fig. 5, we observe that as the signal contrast increases, the
detectability also increases, which is an expected result.
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Fig. 3. The signal detectability as afunction of the scattering coefficient for different signal
depths
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Fig. 4. The signal detectability as afunction of the signal size for different signal depths

4. Discussions and conclusions

In this paper, we have suggested a framework to evaluate signal detectability in DOT using a
SFoM that approximates the performance of the Bayesian ideal observer and is based on the
Fisher information. We have implemented this framework using the Neumann-series RTE to
simulate light propagation through the tissue. The software has been developed on NVIDIA
GPUs for computational efficiency. This framework can be used for various tasks such as eval-
uating the detectability of an absorptive or scattering signal in any general DOT setup, quan-
tifying the performance of various DOT systems on different detection tasks, and comparing
different DOT systems for different detection tasks.
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Fig. 5. The signal detectability as afunction of the signal contrast for different signal sizes

We have also derived an expression to compute the gradient of the mean image data as a
function of the scattering and absorption coefficients. This expression is very useful since it
just requires executing the RTE with adifferent source term. Moreover, while we have used the
Neumann-series form of the RTE to evaluate the gradient, it can also be computed using other
methods to solve the RTE, such as the differential methods [41, 43, 44] and the Monte Carlo
methods [45]. The different photon-transport-simulation methods have trade-offs in terms of
accuracy and computational efficiency for different kind of phantoms, and thus, depending on
the phantom type, the appropriate method can be used to compute the gradient, and implement
the proposed SFoM-based scheme. The expression to eval uate the gradient al so has other appli-
cations, such as in image reconstruction or in studying information content of DOT data with
respect to estimation tasks [47].

We have demonstrated the application of the developed SFoM to study signal detectability as
afunction of signal depth, signal size, signal contrast, and the scattering coefficient of the tissue.
The SFoM predicts that while signal detectability decreases with an increase in depth, and
increaseswith anincreasein signal contrast and signal size, therelationisnot as straightforward
when we vary the scattering coefficient of the tissue. While varying the scattering coefficient
of the tissue, it is observed that for agiven signal depth, there are optimum values of scattering
coefficients at which the detectability is maximized. The SFoM predicts expected trends, and
thus these studies help to validate the proposed framework.

In this paper, we have investigated the signal detectability for asimple SKE/BKE task. How-
ever, the developed framework is general and can be used for studying more rigorous and real-
istic detection tasks. To apply this scheme in more realistic media, we would have to account
for various factors, of which two important factors are medium inhomogeneity and signal and
background randomness. Our scheme can be easily applied to heterogeneous media as long
as we simulate photon transport using a method that accounts for tissue non-uniformity, such
as the Neumann-series-based method that we have developed [33]. To investigate signal de-
tectability with random backgrounds or random signal's, we would have to determine the Fisher
information for these scenarios. The general form of the Fisher information when the signal and
background are random has been derived in Kupinski et al. [46], and can be determined for our
case using the methods suggested in this paper. Since the formalism that relates detectability
to Fisher information (Eqg. (7)) is completely general, observer studies with random signals or
backgrounds can be performed using Fisher information as the SFoM.
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In the experiments we have performed, we often obtain high detectability values. Detectabil-
ity values greater than 5 yield very similar AUC values (~ 1). In such scenarios detectability
cannot be used as an indicator to compare the performance of the two systems. However, we
obtain such high detectability values in our experiments because we have chosen avery simple
SKE/BKE task, the signal is not too deep into the tissue, the scattering coefficient is low, and
often the signal is on-axis. For more realistic tasks, the detectability values would be much
lower. For example, we observe in Fig. 2 that when the signal is more than 1.5 cm deep into the
tissue and off axis, the detectability islessthan 0.5. Similarly, when the scattering coefficient is
high and the signal is deep, asin the lower two plotsin Fig. 3, the detectability values are very
low, even when the signal is on axis. When the detectability valuesliein therange of 0to 5, the
suggested framework yields different AUC values and can thus be used to compare systems.

The simulation study in this paper has been performed for media with low values of scat-
tering coefficients. This is because the developed Neumann-series RTE approach is computa-
tionaly intensive for media that have very high values of usH, where us denotes the scattering
coefficient of the phantom and H denotes the length of the tissue [32]. With improvement in
computational capacity, it should be possible to perform this study using the Neumann-series
RTE with higher values of scattering coefficients[33]. Alternatively, we can use the differential
or Monte Carlo methods, which are computationally more efficient when the scattering coeffi-
cient ishigh. Also, whilein our simulation studies, we have chosen our imaging domain to be a
non-diffusion regime, the SFoM -based technique can be definitely used in mediawhere the dif-
fusion approximation is valid, and in those cases, the diffusion-approximation-based methods
can be used to evaluate the mean image data.

In our detection task, the signal is a high-absorption region, but there are instances in DOT
where we are interested in detecting scattering heterogeneities [19]. While we have not demon-
strated this through experiments, the method can easily take care of scattering heterogeneities.
We can evaluate the gradient of the photon distribution function with respect to the scattering
coefficient by executing the RTE with the source term given by Eq. (40), where we set 3 = 1.
The computed gradient value can then be used to evaluate the Fisher information with respect
to the scattering coefficients using Eq. (13). Following this, the detectability for a scattering
inhomogeneity can be computed using Eq. (7).

We have performed our analysis with a Poisson noise model, since this is often the major
noise source in DOT systems[19,34]. Our analysis can be extended to detectors that have other
noise sources. For example, in the DOT setup being considered, apart from the Poisson noise,
the detector might have significant thermal and readout noise, which can be modeled using
a Gaussian distribution. Under some assumptions, the combined effect of these Poisson and
Gaussian noise sources can be approximated by another normal PDF [48], the first and second-
order statistics of which can be determined [47]. The Fisher information for a Gaussian noise
model is easy to determine. For detectors with other noise sources, we would need to derive
the PDF of the noise distribution, and thus the expression for the Fisher information, following
which the proposed scheme can be applied.
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