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Abstract: Diffuse optical tomography is a non-invasive technique for assessing tissue structure

and function by detecting scattered near-infrared light. A key question is how to select

source–detector configurations and measurement modalities to maximize sensitivity, particularly

for brain defect (e.g., tumor, stroke, etc.) monitoring. This study proposes Fisher information as

a rapid, quantitative metric to optimize source-detector placement. We compare the performance

of continuous-wave and time-resolved measurements and also explore the impact of cerebrospinal

fluid on system design. This method confirms some known results but also highlights some

counterintuitive results, including the finding that optimal source-detector distance depends on

the type of detector and its related noise statistics and that the low-scattering cerebral spinal fluid

layer in the brain can enhance measurement sensitivity. This is found to depend on how exactly

the data is collected and processed, with fully time-resolved data always showing a net gain.

Our results provide an efficient framework for analyzing and designing diffuse optical imaging

systems for non-invasive monitoring and imaging via diffuse light.
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1. Introduction

Diffuse optical tomography (DOT) is a powerful non-invasive technology for probing the

internal structure and functional dynamics of highly scattering media [1–3], such as biological

tissue. By illuminating tissue with near-infrared light and measuring diffusely scattered photons

at the surface, DOT enables the reconstruction of absorption and reduced scattering maps,

which provide information about blood oxygenation, hemoglobin concentration, and other

physiologically relevant parameters [4]. In medicine, DOT has been widely applied to monitor

cerebral oxygenation and hemodynamics, particularly in neuroscience research and neonatal care.

It has also been investigated for breast cancer detection by identifying abnormalities in tissue

metabolism and vascularisation [5–8], as well as for functional brain imaging to study neural

activity [9]. Recent advancements in high-density diffuse optical tomography (HD-DOT) have

demonstrated that increasing the source-detector density significantly enhances imaging resolution

and depth sensitivity [10,11]. However, regardless of the sensor count, determining the most

effective spatial configuration remains critical, as the quality of data acquisition is intrinsically

linked to the interrogation geometry. Consequently, a long-standing problem in DOT is where

to place light sources and detectors to maximize measurement sensitivity. Although testing

various source-detector (S-D) configurations and comparing the reconstructions with the ground

truth is a viable approach, it can be quite time-consuming, especially for reconstructions that

require solving large-scale, nonlinear inverse problems. Therefore, it is necessary to investigate

configuration optimising methods that mainly exploit the forward model. For example, singular
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value decomposition (SVD) can be applied to the reconstruction matrix, which can provide

conceptually straightforward and quantitative metrics relating to the reconstruction quality that

can be exploited as a design guide [12,13]. However, SVD is feasible when assuming a linear

system model, which cannot be directly applied to nonlinear systems or iterative methods where

the reconstruction matrix is continuously updated.

Aside from optimising the S-D placement, the choice of measurement type is also a crucial

factor that affects the imaging quality. Three types of measuring systems are widely used in

DOT: continuous-wave (CW), frequency-domain, or time-resolved (TR) systems. Time-resolved

measurements yield the richest datasets, with various processing approaches such as time gating

and temporal moment analysis [14–16]. The choice of imaging system is also typically related

to the choice of sensor type, e.g., photodiodes for CW systems versus single photon avalanche

diodes (SPADs) for TR measurements. The noise statistics will in turn depend on the chosen

sensor, which will also influence the system performance and thus need to be considered in the

optimisation. To compare the performance of different measurement types and data processing

methods, we need a universally applicable metric that is independent of system type and noise

model, which can then be used to guide system design.

A widely used tool for estimating and optimising measurement sensitivity is the Fisher

information (FI). Fisher information quantifies the information that a random variable contains

about an unknown parameter and has been used, e.g., to estimate the fundamental limits in

localising fluorescent molecules [17] or for estimating the distance between incoherent light

sources [18]. The application of FI spans various fields, including optical metrology [19], Lidar

[20,21], and quantum systems [22,23]. Recent work has shown the importance of FI also for

scattering media by demonstrating that scattering, rather surprisingly, does not degrade the

average measurable information compared to the non-diffusive regime [24].

In this study, we combine FI and DOT for the optimisation of optical monitoring systems

for the brain, and the FI is calculated by simulating photon propagation in a 2D circular

scattering phantom as a simplified model of the brain and also in a 3D human atlas model. FI

analysis provides a physically explainable quantity of the absolute uncertainty and different

noise models can also be naturally introduced in the analysis. We identify the optimal S-D

configurations under various conditions and compare the maximum achievable FI across different

measurement modalities and data processing methods. Additionally, we investigate the influence

of cerebrospinal fluid (CSF), a critical structure that affects photon propagation in the brain,

on both the optimal S-D configuration and FI. Our results show that FI can be optimized by

considering the details of each individual case, e.g., S-D separation depends on anomaly depth

and noise statistics (Gaussian versus Poisson) of the detector and, cerebral spinal fluid has a

non-trivial impact on sensitivity that manifests itself as an absolute increase for fully time-resolved

measurements but has a more complex influence in other imaging modalities (CW or time-gated).

Furthermore, the conclusion derived from the simplified brain model is further validated using a

more realistic human head model, supporting the generalizability of our conclusions.

2. Method

2.1. Overview of Fisher information

Fisher information quantifies the amount of information that an observable random variable

X provides about an unknown parameter θ. Specifically, under the context of DOT and brain

monitoring of this study, θ denotes the absorption coefficient (µa) of the anomaly embedded in

the brain, and X denotes the optical observable obtained from a measuring system. Let f (x; θ)

represents the probability density function (PDF) for X conditioned on θ, then the FI(θ) is defined

as:

FI(θ) = E

[

( ∂

∂θ
ln f (X; θ)

)2
]

. (1)
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In real-world conditions, the randomness of X can arise from several mechanisms, including

quantum indeterminacy, thermal fluctuations and instrumental noise. A distribution of X that

is sharply peaked to changes in θ yields a higher value of FI(θ), indicating that a more precise

estimation of θ can be obtained from X. Through the Cramér–Rao inequality, the FI is linked to

a lower bound on the variance of any unbiased estimator θ̂. If θ̂(X) is an unbiased estimator, i.e.,

E[θ̂(X)] = θ, then its variance satisfies:

Var
(

θ̂(X)
)

≥
1

FI(θ)
. (2)

This inequality establishes that no unbiased estimator can have a variance smaller than the

reciprocal of the FI. The computation of FI depends on the forward model from θ to X and the

distribution of X, and both of which can be obtained analytically or numerically.

2.2. Fisher information for optical brain monitoring

In the near-infrared window (650–900 nm), light can penetrate several centimetres into brain

tissue and scattered photons can contain information resulting from local changes in optical

scattering and absorption properties, including blood oxygenation and also any anomalies, e.g.,

tumor or stroke-affected regions. For example, for a tumor, as the affected region grows, internal

capillary density increases, resulting in a higher absorption coefficient [25–27]. Therefore, the

absorption coefficient µa could serve as an indicator of the tumor progression, with changes

in absorption reflected in variations in both the measured photon counts and their arrival-time

distribution. A similar reasoning can be applied to other anomalies, such as stroke. In brain

anomaly monitoring, the anomaly location and geometry can be determined using MRI or similar

imaging methods, leaving the absorption coefficient µa as the only unknown parameter. Then, a

question arises as to which S-D configuration and measurement modality (CW or TR) provides

the most precise assessment of the anomalies via µa. To apply FI in this scenario, the unknown

parameter θ is regarded as the anomaly absorption coefficient µa, and the observable random

variable X represents either the total photon counts recorded by continuous-wave detectors or the

counts in each time bin from time-resolved detectors.

Next, we need to determine the source of randomness in the measurement and build a

distribution model for X. The potential sources of randomness in diffuse optics measurements

are the noise originating from the source, from dynamic changes in the scattering media, and

from the detectors. Generally speaking, fluctuations in the output power from the laser source

due to the electronic circuit or temperature can be eliminated or assumed to be negligible to first

approximation through careful control of the system and laser-power stabilisation techniques.

In vivo biological tissue is a highly dynamic medium, where intrinsic physiological factors,

such as cardiac pulsation and respiration, strongly modulate the detector signal. However,

these signal components produced by these physiological factors typically exhibit pronounced

periodic characteristics and can be regressed out by techniques like the General Linear Model

(GLM), which is widely used in DOT and functional near infrared spectroscopy (fNIRS) [28,29].

Therefore, in this work, we assume the sufficient suppression of physiological perturbations,

but with additional mathematical treatment (which is beyond the scope of this research), these

components could still be included in the FI analysis [30]. From a microscopic perspective, the

subcellular structures causing scattering in biological tissue, such as cells and organelles, are in

constant random motion, which randomly modulates the measurement signal. Recent FI research

focusing on such dynamic media is presented in [24,31–33]. Here, we focus on a situation where

the scattering media are "stable" on the timescale of the measurements and the output light field

can be predicted by µa and µs.

Based on the above analysis, in this work, we focus only on the randomness of X that results

from the detector noise. Detector noise can be generally classified into shot noise and readout
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noise. Shot noise follows a Poisson distribution, whereas readout noise is modelled as an additive

Gaussian distribution. Most detectors, including CCD or CMOS cameras, photomultiplier

tubes (PMTs), and photodiodes, are affected by both shot noise and readout noise. Some

single-photon detectors, such as SPADs and superconducting nanowire single photon detectors

(SNSPDs), operate in photon-counting mode, where a photon-induced electric pulse registers a

photon-counting event. There is no analog signal amplifying process that introduces readout

noise, and thus, the shot noise is dominant. Although under reasonable intensity, the high photon

count will make the Poisson statistic similar to a Gaussian random variable, the analysis for

Poisson noise remains relevant in photon-starved cases (e.g., in the case of a large source-detector

separation). Consequently, depending on the detector, the observable random variable X is

considered to follow a Gaussian or a Poisson distribution. Here, the random variable X refers to

the detected photon count.

The distribution model for the observable random variable X is modelled as the photon counts

N (total photon counts or the photon counts in a time bin) following a Poisson or Gaussian

distribution with a mean value of N̄ and standard deviation of σ. The FI of N with respect to the

parameter θ = µa is given by:

FIN(µa) = E
[( ∂

∂µa

ln f (N; µa

)2]

= E

[( ∂

∂µa

ln f (N; N̄
)2]

= E

[( ∂

∂N̄
ln f (N; N̄)

∂N̄

∂µa

)2]

= E

[

(

∂ ln f (N; N̄)

∂N̄

)2
]

E

[(

∂N̄

∂µa

)]2

= FIN(N̄)

(

∂N̄

∂µa

)2

=

1

σ2

(

∂N̄

∂µa

)2

.

(3)

Based on Eq. (1), we identify the target parameter θ as the absorption coefficient µa. By

treating the MCX simulation as a forward operatorM, the expected measurement is expressed

as a function of the optical properties, i.e., N̄ = M(µa). Consequently, we reparameterize the

log-likelihood function ln f (N; µa) in terms of N̄. The subsequent steps apply the chain rule,

treating N̄ as an intermediate variable dependent on µa. The last line uses a conclusion that for

a Gaussian or Poisson variable, the FI of its mean value is the reciprocal of its variance. See

Supplement 1 for the derivation. The FI is inversely related to the variance of the underlying

distribution. When N is a Poisson distribution, its variance σ2 equals the mean value N̄. The

other part required for FI calculation is the derivative of N̄ with regard to the µa of the anomaly

region (the change in expected photon count, i.e., intensity, with respect to µa of the anomaly).

In DOT, the spatial distribution of the derivative ∂N̄/∂µa is the Jacobian matrix. In our analysis,

however, only the portion of the Jacobian overlapping with the anomaly region contributes to

the calculation of FI. Both N̄ and the Jacobian can be estimated by Monte Carlo simulations,

e.g., using ‘Monte Carlo eXtreme’ (MCX) [34–36], a widely-used ray-tracing-based photon

propagation simulator software optimized for scattering media. MCX (and in general the Monte

Carlo method) is valid and accurate in the cerebral environment also when considering weak

scattering media such as cerebrospinal fluid (CSF) where conversely, the diffusion equation is

not strictly applicable [37,38].

In our Monte Carlo simulations, we obtain the simulated photon package weight of the detector,

which is then normalized by the total launched package weight to yield an estimated reflectance.

Next, using the Maximum Permissible Exposure (MPE) of the skin (3 mW/mm2, from ANSI

Z136.1 standard) and assuming 1 mm exposure area, we can use the reflectance to calculate

https://doi.org/10.6084/m9.figshare.31361089
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the detected photon count (for 800 nm light). The Jacobians are also obtained from each MCX

simulation via the reply mode [35], providing ∂N̄/∂µa. The Gaussian noise is an additive noise

with zero mean, and the variance is calculated by a typical Noise Equivalent Power (NEP) of

a Photodiode (1 × 10−13 W/Hz1/2). The mean and variance for the Poisson noise are equal

to the simulated photon count (µ = σ2
= N̄). Finally, these values are substituted into Eq.

(3) to compute the Fisher Information. This framework is fully compatible with experimental

implementation. In a physical experiment, one can perform many measurements to numerically

estimate the signal mean (N̄) and variance (σ2). The sensitivity (Jacobian) can be determined via

perturbation experiments or estimated from a reference model. These experimentally obtained

values can then be directly substituted into Eq. (3) to calculate the Fisher information. We note

that although the analysis is based on the simulated data, it is usable for experimental data if other

sources of noise (such as the physiological components discussed before) are ideally suppressed

and the data statistics can be modelled as Gaussian or Poisson variables. For cases where the

experimental data contains remaining extrinsic perturbations, we speculate that the achievable

Fisher information will decrease as additional perturbations worsen the estimation of the target

parameter.

3. Fisher information of CW modality

3.1. Fisher information of CW measurements

The scope of this work is to provide a general framework for assessing the impact and optimising

the positioning of S-Ds (as opposed to focusing on any specific detailed situation). Therefore, for

simplicity and just an example, we model the head as a 2D uniform circular scattering medium

of diameter 140 mm containing a 30 mm (matches the typical size of a brain tumor) diameter

anomaly with higher absorption that we wish to detect or monitor. The optical parameters of the

medium are set as the parameters of the grey matter mua = 0.033 mm−1, µs = 7 mm−1, g = 0.9, n

= 1.37) provided in [39]. The absorption coefficient (µa) of the anomaly was set to 0.053 mm−1,

while other parameters remain the same as the background. This represents an approximate 50%

contrast relative to the background, chosen to model the increased hemoglobin concentration

associated with hyper-vascularized tissue (e.g., tumors). As an example and without loss of

generality, seventeen detector positions are placed evenly on the boundary over the angular range

[−π/3, π/3], and nine source positions are uniformly distributed over [−π/3, 0], as illustrated in

Fig. 1(a). The sources are modelled as pencil beams with normal incidence, and the detectors

are circular collection apertures. In this example, each light source is paired with a detector,

yielding a total of 153 distinct S-D position combinations. The depth (distance from the circular

phantom’s external boundary) of the anomaly ranges from 14 mm to 50 mm with a step of 5mm.

Our objective is to determine the specific S-D configuration that yields the maximum Fisher

Information for an anomaly at a given depth. To achieve this, for each specific anomaly depth,

we conducted MCX simulations for all 153 possible S-D configurations. We then calculated the

Fisher Information for every permutation to identify the optimal arrangement. The choice of a

2D phantom is also because of the wish to speed up the simulation, as we need to run extensive

simulations. It takes 32 hours to run all 1224 simulations (8 anomaly depths × 153 S-D pairs) for

the 2D phantom in a Nvidia GeForce RTX 4060 laptop GPU. The number of photon packets was

dynamically scaled between 1 × 107 and 1 × 1011 depending on the source-detector separation.

This strategy was employed to ensure that a sufficient number of photons were collected even at

large distances, thereby effectively suppressing the intrinsic stochastic noise of the Monte Carlo

method while maintaining computational efficiency.

Figure 1(b) illustrates how the FI varies with the S-D distance when the anomaly depth is 35

mm, based on the Poisson noise model (we will compare below to the case of Gaussian noise).

As the distance between the source and the detector increases, the FI first rises and then falls,

indicating that there is an optimal S-D distance that provides the maximum value of FI. It is well
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Fig. 1. Fisher information using CW illumination. (a) The 2D circular phantom with all

possible positions of sources and detectors. The blue circle represents the background tissue,

and the yellow circle is the anomaly. There is no skull-like structure around this phantom.

Red circles represent sources, and green crosses indicate detectors. (b) An example of

how FI changes with S-D distance at a fixed anomaly depth of 35 mm under Poisson noise.

The corresponding Jacobian (the "banana" connecting the source and the detector) is also

presented. (c) The optimal S-D configuration at an anomaly depth of 50 mm and detector

Poisson noise. The dashed light-blue circle in this and the next panel indicates the shape of

the anomaly. (d) The optimal S-D configuration at an anomaly depth of 35 mm and detector

Poisson noise. (e) Comparison of maximum Fisher information results under different noise

models (Gaussian, Poisson and mixed, as indicated in the legend). The left axis (red dashed

curves) displays the maximum FI (normalized, log scale) achievable at each anomaly depth.

The right axis (blue curves) indicates the corresponding optimal S-D separation, defined as

the distance of the S-D pair yielding the highest FI.

understood in the field of fNIRS that there is a trade-off between sensitivity and signal-to-noise

ratio (SNR) [40,41]. When the S-D distance is small, a higher SNR is expected. However, most

of the detected photons only travel through the superficial region, resulting in limited sensitivity

for deep targets [42]. It is widely agreed that a 30-35 mm S-D separation is required for adult

brain activity monitoring due to the necessity to reach ∼ 20 mm depths beyond the scalp to probe

the grey matter [43]. There are also studies focusing on finding the optimal S-D distance that

maximizes the sensitivity for the brain [44,45], but the impact of noise is overlooked.

The optimal S-D configurations (considering both sensitivity and noise in the FI approach) for

anomaly depths of 50 mm and 35 mm are shown in Figs. 1(c) and 1(d). A more detailed mapping

showing the highest FI and corresponding S-D distance at different anomaly depths is provided

in Fig. 1(e). The results show that, under the Poisson noise model, if the anomaly is very close to

the surface, a null S-D distance is preferred, and as the anomaly becomes deeper, the optimal

S-D separation increases almost linearly with the anomaly depth. This result arises from both

how photons propagate in scattering media and the noise model (we will demonstrate that the

Gaussian noise model yields an entirely different S-D separation choice in the next subsection).

As the S-D separation increases, the detected photon count decreases exponentially, but most of

the detected photons will penetrate a deeper region (see the Jacobians given in Fig. 1). Although

the Jacobian appears to extend deeper spatially, its absolute value (the change in detected photon
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count per unit change in µa) still decreases. The Poisson noise variance, which is equal to the

mean photon count, will also decrease with increasing S-D distance. Therefore, according to

Eq. (3) (the FI is inversely proportional to the noise variance and scales with the square of the

Jacobian, i.e., FI ∝ J2/σ2), when the anomaly becomes deeper, increasing the S-D separation

decreases the noise level and compensates for the loss of FI due to the reduced Jacobian, making

this the optimal strategy.

3.2. Effects of the noise model on Fisher information

We also compared the relative effects of Gaussian noise and Poisson noise on the FI. Gaussian

noise, which originates from the readout noise of the detector, is primarily correlated with the

load resistance of the detector readout circuit and the temperature and is independent of the

photon count. Thus, the resulting noise is a Gaussian distribution with a fixed variance across all

the possible S-D configurations. For comparison, the Poisson noise model describes shot noise,

whose variance equals its mean value, i.e., the mean photon count. Consequently, for different

S-D placements, the Poisson noise variance varies while the Gaussian noise variance remains

constant.

The effects of different noise models on the maximum FI and the optimal S-D placements are

shown in Fig. 1(e). The results show that under the Gaussian noise model, zero S-D distance is

always the best choice, while as discussed above, under the Poisson noise model, the optimal

S-D separation increases with the anomaly depth. Combining the two types of noise results in an

optimal S-D distance between these two cases. A key point here is that the FI for measurements

affected by Gaussian noise indicates that no separation between source and detector is optimal for

sensing at all depths. According to Eq. (3), when the noise variance is fixed, such as for Gaussian

noise, the optimal strategy is to select the S-D configuration that maximizes the Jacobian in

the anomaly region. Although increasing the S-D separation increases the fraction of detected

photons that reach deep tissue, the Jacobian of the anomaly region is always the largest at zero

S-D separation, regardless of the anomaly depth. The conclusion for Poisson noise is different as

the noise variance increases with the mean expected photon counts N̄. Although the null S-D

distance yields the highest Jacobian, it also brings the highest Poisson noise. Therefore, the

optimal distance is determined by achieving an appropriate balance between the Poisson noise

level and maximizing the Jacobian at the anomaly position.

This example illustrates how different noise models influence FI. Gaussian and Poisson

distributions are both fundamental noise models with well-defined analytical expressions. This

framework can also be extended to other noise models with more complex distributions. In such

cases, the calculation for FI may not be a closed-form expression but should instead be obtained

through numerical methods.

4. Fisher information of TR modality

4.1. Fisher information of TR measurements

As opposed to the CW regime, time-domain measurements record the distribution of times for

photons within a laser pulse to migrate through tissue from the source to the detector. The

resulting histogram is known as the temporal point spread function (TPSF). A common approach

in TR DOT is to calculate the moments and derive quantities of interest from these. The

moments inherently incorporate contributions from all recorded photons, serving as compact yet

comprehensive summaries of the TPSF shape. The moments of a TPSF g(t) are defined by [46]:

M0 =

∫ ∞

−∞

g(t) dt, (4)



Research Article Vol. 34, No. 5 / 9 Mar 2026 / Optics Express 8034

Mk = ⟨tk⟩ =

∫ ∞

−∞

tk g(t) dt

M0

, k = 1, 2, 3, . . .
(5)

The variance V , i.e., the second central moment follows V = 1
M0

⟨(t − M1)
2⟩ = M2 − M2

1
. In

fNIRS, the most commonly used moments are M0, M1, and V , which correspond to the total

photon count, the mean arrival time, and the temporal variance, respectively. Time-gating of the

full TPSF is often used and offers straightforward depth discrimination by isolating early versus

late photons, but suffers from poor SNR in late windows. In contrast, the moments leverage the

entire TPSF for improved SNR.

As discussed in Section 2.2, Poisson noise is the dominant noise present in TR detectors,

and the photon count in each time bin is an independent Poisson random variable. The FI of

independent random variables is additive when considering the same parameter. Therefore,

the FI of the full TPSF equals the sum of the FI of each time bin. For a time gate, the photon

counts from the selected time bins are summed to create a new Poisson variable whose FI is then

computed. The FI of M0 is equivalent to that of the CW case, while FI for higher-order moments

can be derived using the chain rule of differentiation:

FIM(µa) = E

[

( ∂

∂µa

ln f
(

M; M̄
)

)2
]

= E

[

(
∑

i

∂N̄i

∂µa

∂M̄

∂N̄i

∂

∂M̄
ln f

(

M; M̄
)

)2
]

,

(6)

where M can be M1, M2 and V . N̄i represents the expected photon count in the i-th time bin. Note

that we apply a similar reparameterization to the log-likelihood function here, as that described

in Eq. (3). The computation of FI for moments can be divided into three parts: ∂N̄i/∂ µ̄a is the

time-resolved Jacobian; ∂M̄/∂N̄i describes how the moments will change with photon counts in

a time bin, which depends on the shape of the TPSF and the type of the moment. The remaining

part is the FI of M about its mean value M̄. Higher-order moments are nonlinear functions of

multiple independent Poisson random variables. As a result, their PDFs have no simple closed

form and must be characterized numerically, for example, by a Gaussian approximation of their

mean and variance for FI estimation.

The simulation setup for TR measurements is identical to that used in the CW case above.

The TR detector in the simulation records photons over a 3-ns time range with a 50-ps temporal

resolution, which is a typical value for most commercial time-resolved single-photon counting

(TCSPC) detectors. We calculate and compare the FI of different TR data processing methods

including M0 (equivalent to a CW measurement), M1, M2, V , the full TPSF, the early time gate

(ETG), and the late time gate (LTG). As different S-D configurations result in varying TPSFs,

we employ a fixed time gating strategy that is independent of the TPSF shape. We calculate the

ETG by accumulating the photon counts arriving in the first half of the time bins (i.e., from 0

ns to 1.5 ns), whereas the LTG selects photons arriving in the later half. For each metric and

anomaly depth, we choose the highest FI value among all possible S-D configurations, and the

results are shown in Fig. 2.

The full TPSF yields the highest FI across all different anomaly depths. For superficial

anomalies, M0 and M1 provide high FI, but their performance is surpassed by M2 and V as the

anomaly depth increases. The reason is that ∂M̄1/∂N̄i increases linearly with i, while ∂M̄2/∂N̄i

and ∂V̄/∂N̄i increases quadratically with i, indicating that M2 and V are more sensitive to late

photons that contain more information about deep anomalies. Although V and M2 are both

second-order moments, V excludes mean-induced variability from M1, which reduces its variance

and yields slightly higher FI than M2. ETG has the same information as M0 for shallow anomalies
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Fig. 2. Fisher information for different TR data processing methods. (a) The highest

achievable FI at each anomaly depth. The full TPSF always gives the highest FI across all

anomaly depths. M1 is better than M2 and V for shallow anomaly depths, but a contrary

result is observed in larger depths. The LTG is the worst choice in shallow regions, but

its FI shows the least attenuation with depth. (b) The S-D distance where the highest FI is

obtained. An interesting observation is that the zero S-D separation is always the optimal

choice for both full TPSF and LTG.

but significantly decays at greater depths. Conversely, although LTG is initially less informative

than M0 and ETG for shallow anomalies, it surpasses them at larger depths. Notably, for deep

anomalies, M0, which includes additional early photons compared to LTG, yields lower FI,

indicating that uninformative photons merely introduce noise and decrease the information.

Figure 2(b) shows the optimal S-D distance that maximizes FI at different anomaly depths.

M0 and ETG are obtained by summing the photon counts of all or the first half of the time

bins, which is similar to a CW measurement, and the optimal choice is to increase S-D distance

with the anomaly depth as explained in section 3.1. Since M1, M2, and V are intrinsically more

sensitive to deeper anomalies, their optimal S–D separations remain zero for shallow anomalies.

However, once the anomaly depth exceeds a specific range, it is still necessary to increase the

S–D distance to extend the Jacobian deeper into the medium and suppress Poisson noise. An

interesting finding is that the optimal S-D distance for the full TPSF case and also for LTG is

always zero across all anomaly depths. This can be understood by considering that for shallow

anomalies, one might expect a non-zero optimal S-D distance for deep anomalies, similar to the

behavior observed in CW measurements under the Poisson noise model. For deep anomalies,

those photons reaching the anomaly region arrive in late time bins and provide high FI. Similarly,

since the LTG excludes the influence of early photons, zero S-D separation is also the optimal

choice.

4.2. Correlation of TR moments

An additional question of interest is why it is conventional (in the fNIRS measurements) to use

M0, M1, and V rather than M0, M1, and M2. Moreover, there is a more compact formula to

retrieve µa and µs using M0, M1, and V [46].

Here, we investigate whether using M2 or V affects the FI by comparing the joint FI

FIM0,M1,M2
(µa) and FIM0,M1,V (µa). The joint FI refers to the total FI regarding the parameter µa
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contained within multiple random variables, which also accounts for their correlations. The

detailed steps to calculate the joint FI for moments can be found in Supplement 1. The moments

approximately follow a Gaussian distribution, and their joint FI can be calculated in the standard

form of Gaussian variables X ∼ N
(

µ(θ), Σ(θ)
)

by:

FIX(θ) =

(

∂µ

∂θ

)T

Σ
−1

(

∂µ

∂θ

)

, (7)

where µ is the mean value vector and Σ represents the covariance matrix. After determining the

TPSF and Jacobian using MCX, we can calculate the mean values, variance, and correlation

coefficient ρ to calculate the joint FI. The joint information is a function of ρ, and if two random

variables are uncorrelated (ρ = 0), the joint FI is simply the sum of their individual FI. An

example of the correlation coefficient between moments with a 35 mm anomaly depth is shown

in Fig. 3. We found that M0 is uncorrelated with the other moments, while M1 and M2 are highly

correlated. Additionally, M1 and V show a moderate correlation. The joint FI (calculated from

Eq. (7)) indicates that any two-parameter combination of M1, M2, and V yields the same FI. This

conclusion holds true across all other anomaly depths and S-D separations. From an intuitive

explanation viewpoint, given V = M2 − M2
1
, any two quantities uniquely determine the third,

which explains why any pair yields identical FI. This is an intrinsic property of temporal moments

and is independent of the setup. Furthermore, as M0 is independent of the other moments, using

M0, M1, and M2 always yields the same amount of FI as M0, M1, and V .

Fig. 3. Correlation between TR moments. The correlation between the TR moments when

the photon counts in each time bin are independent Poisson variables. M0 is uncorrelated

with the other moments. M1 and M2 are highly correlated, while M1-V and M2-V exhibit

moderate correlation. Correlation values, ρ are indicated in the title of each figure.

5. Effect of CSF on Fisher information

Cerebrospinal fluid (CSF) might be expected to have an impact on measurements as its scattering

coefficient is significantly lower than that of surrounding tissues. A recent work [47] demonstrated

that such structures can function as a scattering waveguide, significantly altering the propagation

of photons over very long distances. Differing impacts of the CSF have been reported: the CSF

https://doi.org/10.6084/m9.figshare.31361089
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layer can confine photons to superficial regions, thereby reducing sensitivity to deep targets

[48], while other studies report that it increases photon penetration into deeper tissue, thereby

enhancing detection of deep targets [49,50]. Here, we compare the FI with and without a CSF-like

layer, thereby providing a method for the quantitative assessment of its impact on the sensitivity

of deep-region detection and on the choice of optimal S-D configuration.

In the simulation, the CSF-equivalent layer is 3 mm thick and is 12 mm below the surface,

illustrated by a light blue ring in Fig. 4(a). The optical parameter of the CSF µa = 0.042 mm−1,

µ′s = 0.01 mm−1, n = 1.37) is obtained from [39], and all other parameters were kept consistent

with those used in the CW and TR simulations. Figure 4(b) presents the logarithmic ratio of the

optimal FI values with and without CSF across different anomaly depths. When the anomaly is

located in the superficial region (15-25 mm), the CSF channel is totally blocked by the anomaly.

Thus, the FI for most data processing methods remains unchanged. The reduction in the FI of

LTG can be attributed to the loss of late anomaly-interacting photons that escape through the

CSF. Within the anomaly depth range of 30-40 mm, the open CSF channel leads to an increase in

FI for all methods, except for LTG. This implies that, overall, the presence of CSF facilitates

detection within this depth range. The reduction in FI of LTG results from fewer scattering events

each photon experiences in CSF, which shortens their average arrival time and causes many

photons containing information to fall within the ETG window. As the anomaly depth further

increases, the FI obtained by most methods remains higher than that without CSF. However, for

deep anomalies, the FI of M0 and ETG is considerably lower than when there is no CSF. This

suggests that the presence of CSF generates more detected photons, but these photons arrive early

and do not provide information about the target, thus acting as noise and decreasing the FI of M0

and ETG. In summary, from the perspective of FI, CSF is generally beneficial for monitoring

anomalies, but this benefit depends on the appropriate selection of data processing strategies.

For example, if one uses a CW system (which is equivalent to M0), the CSF acts as a hinge for

monitoring deep anomalies, but the performance of using the full TPSF is either unaffected or

even improved by CSF, regardless of the depth of the anomaly.

Fig. 4. The effect of CSF on the Fisher information. (a) The 2D circular phantom that

contains CSF. The yellow circle and the light blue ring represent the anomaly and the CSF,

respectively. The external scatter ring surrounding the CSF represents a skull-like structure.

(b) The logarithmic ratio of the highest achievable FI values with and without the CSF. The

presence of CSF generally increases the achievable FI, except for using ETG and M0 for a

deep anomaly. (c) The S-D distance where the highest FI is obtained with CSF. Compared

with the case of no CSF, the optimal S-D separations are generally shortened.
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The introduction of CSF also modifies the optimal S-D configuration, as shown in Fig. 4(b).

Compared to the scenario without CSF, the optimal S-D separations for most methods decrease

notably. However, the optimal S-D distance remains unchanged when using the full TPSF or

LTG. Generally, increasing the S-D separation enhances the probability that detected photons

reach deeper regions. The presence of CSF, however, allows deep regions to be probed without

requiring a large S-D separation.

6. Fisher information analysis on a 3D human head model

Although the model used above is a simplified 2D circular model, we believe it still captures the

essential features relevant to the conclusions presented in this paper. The spherical model itself

was chosen as it enables significantly faster simulations, whereas full-scale MRI-based head

mesh models, whilst absolutely feasible for a limited number of simulations despite the stronger

attenuation and the consequently much larger number of rays required, the work presented here

required scanning over a broad range of parameter settings and would have been computationally

prohibitive. However, to demonstrate that the overarching conclusions do extend to the full brain

model, we applied the FI analysis to a 3D human head atlas based on MRI data, which includes

the main structures, i.e. the scalp, skull, CSF, gray matter and white matter. As exhaustive

scanning of S-D positions in the 3D model is computationally prohibitive, we tested only a

limited set of short S–D separations to determine whether zero separation remains optimal. We

specifically chose this claim (i.e., that zero-separation S-D is optimal for time-domain sensing)

because it is a known result from the literature [51–53], and therefore, one must expect our FI

approach proposed here, as a minimum, to confirm this.

Fig. 5. Fisher information analysis on a 3D head model. (a) Schematic of the three-

dimensional human head model. The 3D head model contains the scalp, skull, CSF, gray

matter and white matter. (b) Cross-sectional view of the human head model showing the

positions of the sources, detectors, and the anomaly. (c) Normalized log FI computed from

the full TPSF of the TR system. The results indicate that zero S-D separation is always

optimal, in agreement with the conclusions obtained from the simplified spherical model.

Figure 5 presents a schematic of the 3D head model, a cross-section profile (indicating the

S-D positions and anomaly position), and the Fisher information results. We tested four S-D

separations and three anomaly depths and computed the Fisher information using the full TPSF

of the time-resolved system, as shown in Fig. 5(b). The results confirm that for time-domain

measurements, zero S-D separation is indeed the optimal arrangement in the anatomically realistic
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3D head model. This finding supports the generality of the conclusions obtained from the

simplified head model and demonstrates the applicability of our FI analysis to complex scenarios.

7. Discussion and conclusion

The information theory or the use of FI and inverse biased retrievals have two completely different

scopes and applications. Inverse retrieval, as the name says, is all about getting the best possible

reconstruction of a ground truth for a given data set. FI optimisation is about trying to decide

which measurement strategy optimizes the amount of information that can reach the detectors

and be actually measured. This study focuses more on the FI metrics and is agnostic about the

final image reconstruction method.

In general, Fisher information quantifies the ability to resolve changes in parameters from

noisy measurements. As defined in Eq. (3), maximising FI requires optimising the ratio between

the squared Jacobian and the noise variance (FI ∝ J2/σ2). Consequently, the selection of the

S-D configuration involves balancing the enhancement of the Jacobian of the target against the

concomitant changes in signal-dependent noise levels. This principle can guide both the choice of

S-D configuration and the data processing method. The choice of optimal S–D separation depends

on whether the noise is signal-dependent. When the noise scales with the signal, increasing the

S–D distance can reduce the noise, as in the case of Poisson-distributed noise. Compared with a

CW system, a TR system is generally superior, as the additional temporal resolution provides a

flexible approach to filter photons that carry relevant information, e.g., time-gating methods can

intuitively select early or late photons that are sensitive to superficial or deep regions. Moments

are statistical parameters defined over all the detected photons and cannot exclude specific subsets.

Instead, their sensitivity to photons arriving at different times is tuned by moment order (e.g., M2

and V are more sensitive to late-arriving photons than M1 [54]). Using the full TPSF appears to

be the optimal choice, but it requires higher data storage and processing capacity. A key finding

is also that from the FI perspective, the optimal S-D position is always zero when measuring and

analysing the full time-resolved histogram, regardless of anomaly depth and presence of cerebral

spinal fluid layers. This conclusion is also verified in a 3D human head model with realistic

anomaly structure. Consistent with our findings, previous studies have also reported the benefit

of null S–D separation, demonstrating its ability to improve reconstruction contrast [51–53].

Although using a 2D or 3D model would affect the quantitive results of where to place the source

and the detector, as that in a 3D model the photons will propagate in an additional dimension and

their penetration depths could be different from that in a 2D model, the results of the general

tendency of how FI changes with different system configuration could still provide insights for

the DOT and fNIRS communities. Moreover, the proposed framework is extensible to other

models with different optical coefficients or structures, enabling FI analysis in other scenarios.

In FI–based optimisation, two common criteria are A-optimality and D-optimality [55]. D-

optimality aims to maximize the determinant of the FI matrix, which corresponds to maximising

the overall information content. A-optimality, on the other hand, minimizes the trace of the

inverse FI matrix and focuses on reducing the average estimation variance of the parameters. In

our study, only a single parameter is considered, so the two criteria become equivalent. From

the perspective of information theory, we naturally choose to maximize the FI, which follows

the D-optimality. In future work, when multiple parameters (µs, the radius of the anomaly,

etc.) are analysed using the proposed framework, the choice between A- and D-optimality

becomes meaningful, as the two criteria have different characteristics, thereby leading to different

optimisation results [56,57]. Besides, optimising the sensitivity of brain activity in the gray

matter attracts many attentions [58], which is a typical scenario of multiparameter FI analysis. In

such cases, the current framework is extensible by applying the D- and A-optimality criteria to

the resulting FI Matrix.
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CSF influences brain anomaly monitoring in multiple ways. Its low scattering coefficient

increases the absolute number of photons reaching deep tissues and shortens their mean arrival

time. However, the scattering waveguide effect also increases the total detected photon count

and, consequently, the noise level. Thus, the impact of CSF on FI depends on the location of the

anomaly and the data processing method. These findings underscore the need to account for CSF

when designing diffuse optical monitoring systems for the brain.

Looking forward, from the perspective of FI, using (M0, M1, M2) or (M0, M1, V) yields

identical estimation accuracy for the target parameter. Since these quantities do not capture all

the information contained in the full TPSF, future work could investigate whether introducing

higher-order moments can yield additional gains in FI. Beyond temporal moments, alternative

methods can extract information from the full TPSF’s features, such as gamma-distribution

fitting or the z-transform, and FI provides a theoretical framework to quantitatively compare

which method captures the maximum useful information with the least data. Currently, the most

commonly used cumulants in fNIRS and DOT are statistical moments of the counting distribution.

However, the factorial cumulants [59], which fit the Poissonian nature of photon counting better,

are less investigated in this field and could be an interesting point for future research. Also, the

Shannon entropy could provide another perspective to determine the optimal way to perform

measurement [60].

Finally, we note that the FI framework presented here is entirely model-based. Recently, deep

learning techniques have emerged as powerful tools for diffusive imaging, including addressing

inaccuracies in background parameter estimation [61], thereby enhancing the robustness of DOT

across diverse subject populations. Furthermore, driven by the accumulation of system design

data and experimental datasets within the DOT and fNIRS communities, machine learning

strategies become a promising way for optimal experimental design [62]. While our physics-based

Fisher Information approach provides theoretical bounds, future developments could benefit from

a synergistic approach, combining analytical guidance with data-driven reconstruction methods

to further guide system design and enhance real-world clinical applications.
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