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Abstract. The inverse problem in quantitative photoacoustic imaging (QPAI),
particularly in optical inversion, presents significant challenges for accurate image
reconstruction due to the nonlinearity of photoacoustic signal. In this study,
we introduce a novel reconstruction strategy specifically tailored for imaging the
intervertebral disc (IVD), a biphasic tissue primarily composed of water and collagen.
This work offers two key contributions: (1) the development of a new model-based
optical inversion method that leverages the ratio of multi-wavelength photoacoustic
measurements to define the cost function—circumventing the need for prior knowledge
of the Griineisen parameter, which is typically difficult to estimate; and (2) a
first demonstration of QPAI’s potential to non-invasively probe the biochemical
composition of the IVD, particularly its water-to-collagen ratio. A non-linear
model-based reconstruction approach was implemented, using the adjoint variables
method to express gradients, and Monte Carlo simulations to solve the Radiative
Transfer Equation for both the forward and adjoint problems. Several scenarios were
investigated, and a method was proposed that does not rely on prior knowledge of
the Griineisen coefficient. A numerical study was conducted using a digitised pig’s
disc and opto-mechanical properties sourced from the literature, under measurement
configurations compatible with experimental setups. The results show that the derived
ratio-based cost function in the model-based optical inversion scheme significantly
enhances the reconstructions quality, particularly when combined with appropriate
regularisation, thereby validating the feasibility and robustness of the approach.
Tridimensional reconstructions of the two chromophores content in the IVD, performed
under the highly restricted configuration of a single illumination, were obtained with
less than 5% error, along with the reconstruction of the Griineisen coefficient with
less than 15% error, up to 2 cm in depth (noiseless synthetic data) with the proposed
method, with only three different wavelength measurements required.
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1. Introduction

In this paper, we propose a method based on quantitative photoacoustic imaging (QPATI)
to assess to both the molecular content and mechanical properties of a given organ. In
this study, the intervertebral disc (IVD) is considered within a sensing configuration
compatible with examination under surgery [1], though the method can be easily
adapted for other organs with different molecular composition.

The purpose of QPAI is to provide an accurate estimation of the concentrations
of chromophores through illumination at multiple wavelengths and known molecular
extinction spectra of elementary chromophores. In the literature, QPAI has been used to
estimate vital physiological parameters such as haemoglobin concentration [2, 3], oxygen
saturation [4, 5], melanin, lipids or water constitution [6, 7, 8] in various organs [9].
Specifically designed exogenous contrast agents can also be used to provide additional
molecular or functional information, to facilitate the visualisation and characterisation
of specific biomarkers, and to aid the diagnosis and monitoring of diseases such as cancer
[10].

However, one major problem in QPAI is, in most cases, the Griineisen parameter,
which self-consistently accounts for the mechanical properties of the probed medium, is
typically assumed to be known. Different strategies have been proposed to circumvent
this assumption, typically involving multiple illumination measurements at different
locations [11, 12|. Here, an alternative approach is proposed, based on localised
spectroscopic measurements, that we compared in the present study to the conventional
approach consisting of assuming the Griineisen coefficient known.

Our developments are driven by the medical motivation to create a simple, fast,
and flexible method for quantifying the molecular composition of the intervertebral
disc (IVD), in a sensing configuration compatible with surgery in the operating room.
The IVD is a fibrocartilaginous structure, primarily composed of water and collagen,
that ensures the cohesion and mobility of the spine. Furthermore, its unique collagen
fiber arrangements, combined with a high level of hydration confer the IVD impressive
mechanical properties that support heavy loads while preserving its integrity. Therefore,
quantitatively accessing to both the molecular content and the Griineisen parameter,
is of paramount interest for practical diagnosis as well as fundamental biomechanical
research of this organ.

In PA imaging, the full inverse problem involves recovering the optical parameters,
or molecular content (when spectroscopic measurements are considered), from peripheral
measurements of the photoacoustic (PA) waves. This complex problem can be addressed
[13, 14, 15] by deriving the spatio-temporal expressions of gradients that account for
the light fluence distribution and the propagation of acoustic waves through the tissues.
The computational burden is alleviated by dividing the problem into two sequential
inverse problems: first, the acoustic inverse problem to recover the initial pressure
distribution in the tissue from the detected acoustic signal (e.g. model-based, filtered
back-projection, time-reversal, delay-and-sum, deep learning [16]), and second, the
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optical inverse problem to reconstruct the optical properties or molecular content of
the tissue from this initial pressure distribution [17, 18]. The acoustic inverse problem
has been extensively addressed in the literature, with exact solutions existing for cases
involving complete data and acoustically homogeneous tissue [19]. Several methods
have been specifically developed to handle the more challenging case of inhomogeneous
acoustic properties [20, 21]. In this initial demonstration, we focus solely on the
optical inverse problem, within the simplified scenario of an already reconstructed initial
pressure distribution, p. This measurement, p, at position r in a medium illuminated
by a pulsed source (e.g., laser) with wavelength A, is expressed as:

p(r, A) = D(r)pa(r, N)®(pa(r, A), ps(r, A), g(r, A)), (1)

with I' the Griineisen parameter (dimensionless), u, the absorption coefficient
(m™1), p, the scattering coefficient (m™'), g the anisotropy coefficient (dimensionless)
and @ the fluence (W.m™2). The main objective of the optical inverse problem is to
recover these coefficients. However, this task is not straightforward, as on the one
hand, the fluence, and consequently the pressure rise p, is non-linearly related to p,,
is, and g, and, on the other hand, I', although often assumed to be homogeneous
and known in many studies, is in fact also a spatially varying unknown that needs to be
considered. Several challenges arise from this statement, the primary one being the non-
uniqueness of the solution. The method introduced hereafter allows for the elimination
of the contribution of the mechanical properties in the reconstruction of the optical
parameters.

To remotely quantify the three-dimensional (3D) distribution of the elementary
constituents of the IVD, several strategies can be employed. Linear methods have been
found to be less accurate due to their dependence on the estimation of fluence, which
is challenging to obtain, and non-linear methods are expected to yield more accurate
results. For instance, Bal and Ren [22] proposed rearranging the light propagation
model (Diffusion Approximation) using multiple wavelengths and illumination patterns
to reconstruct absorption and scattering coefficients, as well as the Griineisen parameter.
The fixed-point iteration method [23] requires knowledge of the scattering coefficient,
limiting its applicability and compromising the accuracy of any quantification, even with
an approximate estimate of the scattering coefficient. The spatial frequency separation
method [24] operates effectively when the absorption coefficient and fluence exhibit
distinct frequencies, which is not typically the case within the IVD where chromophore
distribution varies continuously throughout the organ. Deep learning methods [25, 26]
require extensive biomedical datasets on IVD composition and degeneration states,
which are currently not readily available. Therefore, these methods were not considered
within the scope of this work.

In this study, the model-based inversion method has been selected to solve the
optical inverse problem in QPAI. This approach is particularly flexible and can be
easily adapted, particularly for incorporating prior information and regularisation. This
method has been applied with various models of light propagation, such as the Diffusion
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Approximation [27, 28, 29] or the more comprehensive Radiative Transfer Equation
(RTE) [30, 31, 32|, as chosen in this paper. Within this framework, there are different
ways to minimise the cost function, ranging from methods with slower convergence rates
but lower computational costs (e.g. gradient descent or quasi-Newton methods) to faster
convergence methods that require higher computational and memory resources (e.g.
Newton method, Gauss-Newton). Model-based inversion can also be combined with
Bayesian methods [29, 33], which provide effective ways to integrate prior information
and address measurement noise perturbations. However, these Bayesian methods involve
the computation of large matrices (e.g., covariance), which can pose significant memory
requirements, particularly in 3D scenarios. Given the complexity and the number of
unknowns in the IVD, the gradient descent method was deemed more suitable and has
been employed here to minimise the cost function efficiently.

In the present paper, a numerical study is conducted to explore the possibility
of using QPAI as a method to quantify opto-mechanical parameters (collagen and
water content, and Griineisen parameter) of the IVD, essential information to assess
in fine its pathological state. We explored various strategies to reconstruct the
opto-mechanical parameters throughout the entire volume of the IVD, considering a
single source illumination, compatible with surgical situation, and limited spectroscopic
measurements. We considered three scenarios: (i) the Griineisen coefficient is known,
spatially homogeneous across the IVD, and set here to a value of 1; (ii) it is known and
assumed to vary according to an arbitrary, yet specified, phenomenological law relating
it to the chromophore concentrations; and (iii) it is entirely unknown. These scenarios
ranged from unrealistic situations, though widely adopted in the literature, where the
Griineisen parameter is known and spatially invariant to more realistic scenarios where
no prior knowledge is assumed. While the first scenario is a simplification that deviates
significantly from reality, as it is commonly used, it serves as the reference method
in this study. The second scenario highlights the potential to recover the unknown
parameters, provided that advancements are made in the experimental characterisation
of the IVD, particularly regarding its chromophore composition. The third is our novel
method that does not rely on any prior information about the mechanical properties of
the IVD. In the latter case, the advantage of using spectroscopic measurements with
multiple degrees of freedom is fully leveraged. Since the Griineisen parameter conveys
purely mechanical information, it remains independent of wavelength. A reference
measurement is chosen as a baseline, typically acquired at one pre-selected wavelength,
and subsequent measurements are normalised relative to this baseline. A flowchart
describing the essential steps of the model-based optimisation process can be found in
Fig. 1. The inverse problem is formulated in section 2. A model-based gradient descent
inversion scheme was implemented, using the RTE as the light propagation model.
Gradients were derived with the adjoint method: forward and adjoint RTE problems
were solved with Monte Carlo (MC) simulations. The spherical harmonics expansion
was introduced to handle the angular distribution of the photometric quantities as an
efficient and accurate way to reduce the calculation workload [34, 35] and was already
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adapted and shown to be feasible for the IVD exploration and the reconstruction of the
absorption coefficient from a single wavelength illumination [32]. Section 3 provides a
detailed analysis of the morphology of the IVD and a comprehensive literature review
of its opto-mechanical properties to design a realistic digital twin described in section
4. This section provides a detailed explanation of the methodology used to generate
synthetic PA measurements. The results are then reported in section 5 and further
discussed in section 6, and finally we conclude in section 7. The results demonstrated
the feasibility of the QPAI for the 3D reconstruction of the entire set of opto-mechanical
properties of the IVD, without strong prior knowledge.

Model-based Non linear optimisation: minimisation of Ground truth opto-
quadratic error between synthetic data and model by mechanical parameters
gradient descent (section 2) (section 3: 3D IVD
porosity from MRI data

Opto-mechanical and litterature review)
parameters initial guess

Monte Carlo simulations
Monte Carlo simulations

(section 4)
Opto-mechanical
parameters Computation of the Synthetic data*
updated values gradients™ (sections 2&4)

*Different cases studied:
Minimum different values of the
reached? Opto-mechanical Grineisen coefficient I
properties I'=1
reconstructed I'(r) known
(sections 5&6) I'(r)?

Figure 1. Flowchart describing the different steps of the model-based optimisation
process.

2. Inverse problem formulation

In this section, the inverse problem is formulated non-linearly by minimizing a cost
function, initially assuming a known Griineisen parameter, as is commonly done in the
literature. Subsequently, a method is proposed that avoids this restrictive assumption.
From the measurements p°, the objective is to recover the unknowns of interest
x (absorption p,, scattering pus coefficients, Griineisen parameter I', chromophores’
proportions 7.,1,) using a model-based inversion. This is achieved through the
minimisation with gradient descent of the following cost function :

e= 3l =@l =5 [ " = pla)ar = 3

i€[1,N

] % /Q (p°(N) = po(N)) dr,  (2)
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Q) representing the IVD volume, and py = 'y, ®, and N the number of wavelengths
considered. Hence, the expressions of the gradients with respect to the chromophores’
proportions depend on the optical parameters (puq, fs) but also on the Griineisen
parameter. In the situation where a relationship between I' and the chromophore
composition can be established (Eq.12), these expressions can be derived. Alternatively,
since the Griineisen parameter is wavelength-invariant, we propose here to normalise the

spectroscopic measurements to a chosen reference wavelength:

e 2

e — %/ < ep (/\z) - p0<')\i) ) dr. (3)

cienw 2 Ja \P (A)+7 po(N) + 7

i

As a result, this method does not require any information on the Griineisen parameter.
A weak regularisation parameter 7 was introduced in the denominators to prevent
instability, which can occur particularly in deeper areas where computed fluence values
are low and noise has a greater influence. Its effect is studied and discussed (see section
6.3). There are more conventional methods to regularise the problem, such as adding
a penalty term to the cost function to favor certain types of solutions. For example,
we can mention L1 and L2 regularisation, which are the most common ones, but more
complex forms of regularization also exist.

2.1. Expression of the cost function gradients with known expression of I’

In order to perform the gradient descent, the derivatives of the cost function € (Eq. 2)
with respect to the parameters of interest need to be calculated. In the present case,
the parameters of interest are the proportions of concentrations of collagen r. and water
rw, and the Grineisen parameter I'. Let’s first look at the differential de:

de = /(pe — po)(—dpo)dr = — /(pe —Te®)(dl e ® + T'dpg® + T d®)dr. (4)
Q 0

In the framework of this paper, the RTE is considered to be the light propagation model,
and the expressions of the gradients are derived through the introduction of the Adjoint
RTE (ARTE)[30, 36]. Both equations can be written as:

(S V + p1a(r) + pa(r)L(xr, 8) = pua(r) / O(s,s)L(r,s)ds’ + O(r,s),  (5)

4

with £ = {L,L*}, Q@ = {q,¢"} and § = {s,-s}, where L is the radiance, and ¢ the
source term in the RTE, and L* the adjoint radiance, and ¢* the adjoint source term in
the ARTE, equal to ¢* = 'u,Ap where Ap = (p® — 1, ®). O is the phase function. The
Henyey-Greenstein function was used to describe its behavior. Hence, de is now linearly
expressed in terms of the derivatives of the ones of the physical parameters:

de = — /Q dUdr (Appa®) — /Q dpiadr (Aprcb - /4 ] L(S)L(s)*ds)

# [ [ (226 - [ ressLE)s) ds o)
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The gradient V, over any parameter of interest x, at any position r = ry can now be
easily expressed:

V sia lr=re = —Ap(ro)L(r0)P(r0) +/ L(ro,s)L*(ro,s)ds,

ar

vl"’s

r=r, = /47r (L*(ro,S)L(ro,S) — /47T L*(ro,s’)@(ro,s,s’)L(rO,s)ds’) ds, (7)

Vrlr=ro, = —Ap(ro)pta(ro) P(ro),

By considering their linear relationship, through a mixing law, between the absorption
and scattering coefficients and the chromophore content :

Ha(r, A) = ac(A)re(r) + o (A)rw(r) and pg(r, A) = oc(A)re(r) + ow(Mru(r),  (8)

where r.(r) and r,(r) are the proportions of collagen and water at position r, respectively
(re and r,, are between 0 and 1), and «. and «,, are the specific absorption of collagen and
water, respectively,o, is the scattering coefficient of collagen, water being non scattering
0w = 0. The gradients with respect to the collagen and water proportions can be derived
straightforwardly:

v, | _ Oug 86| Ot 8e| n or 86|
T Oy O Oy Opts 0 Oy OT

=0 (T0) {—Ap(ro)f‘(ro)@(ro) + /47r L(rg,s)L*(ro, s)ds}

47

+0cw(To) [—/ / L*(ro,s’)@(ro,s,s’)L(ro,s)dsds’+/ L*(ro,s)L(rg,s)ds
47 J 47w
or

—Ma(ro)AP(I‘o) 37’— |r=roq)(r0)'

c,w

(9)
Note that the expressions are written in our case for only two components; however the
derivations can be generalised to any number of chromophores, provided their specific

absorption spectra are known.

2.2. Expression of the cost function’s gradients with an unknown expression of I' and
normalised measurements

To simplify the gradient calculation, consider two wavelengths A; and Ay to define
the cost function. The generalisation to multiple wavelength measurements is
straightforward. The gradients with respect to the proportions r., are expressed as:

Vi = [ (00~ g 27) (o) o
~ / ( iﬂ;(?l) - z(o;(;n )(_uamigm (ac,wul)_ac,w(m)))dr,
o \P(A2) +7  po(A2) + 7T

Ma()‘2> )‘2) ,ua()‘l) Ma()‘2>

(10)
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9P,

Ore,w

factor of more than 10* in amplitude was typically found between the two terms, results

assuming o, ()P >> f14(\;) , as the adjoint term is generally negligle [35] (a
not shown). Note that using N wavelengths leads to N-1 ratios of measurements.

Once the proportions of chromophores are reconstructed, the Griineisen
parameter I' can be calculated straightforwardly using any measurement, or multiple
measurements, and the computation of the resulting absorption coefficient and fluence
at the corresponding wavelengths according to the following expression:

I = i Z pe()‘i) ) (11>

i€[1,N] /“La(rm Tw), )\i)q)('f’m Tw, )\7,)

3. Opto-mechanical properties of the intevertebral disc

This section provides morphological and functional details of the IVD. Its molecular
composition along with a thorough literature review, enables the expression of the
optical and mechanical parameters of the IVD, which are essential for modeling PA
wave propagation.

3.1. Morpho-functional description of the organ

Located between adjacent vertebrae, the intervertebral disc (IVD) is an essential
component of the spine, serving as a shock absorber and enabling flexibility and
movement. It consists of a gel-like centre called the nucleus pulposus (NP) surrounded
by a fibrous ring called the annulus fibrosus (AF) (Fig.2). The IVD distributes pressure
evenly across the spine and maintains the spacing between the vertebrae. Over time, due
to aging and wear and tear, the IVD can degenerate, leading to degenerative disc diseases
(e.g. herniated discs, spinal stenosis), causing pain, stiffness, and nerve damage. This
degeneration primarily arises from modification in its intrinsic composition. The IVD is
essentially composed of water, collagen and proteoglycans [37], with their proportions
varying depending on the region of the IVD, and also on its degeneration state.

The IVD contains a significant amount of water, which gives it a gel-like structure,
particularly pronounced in the NP [38]. This water content decreases with age,
contributing to degenerative disc diseases such as low back pain [39]. In the healthy
NP, water constitutes approximately 80-90% of the chromophore content, whereas in
the AF, it reduces to 65-70% [37] (Fig. 2). Collagen, the most abundant protein in
the human body, is a fibrous protein that provides structural support and strength to
various tissues, including skin, tendons, cartilage, bone, and blood vessels. In the IVD,
collagen of types I and II constitutes 80% of the total collagen present in the disc [40].
Collagen is organised in complex lamellar weaves in the outer AF, accounting for 50-70%
of its dry weight. In contrast, collagen makes up 10-20% of the dry weight in the NP,
where it is sparsely distributed and randomly oriented[41]. Proteoglycans are complex
macromolecules found in various tissues throughout the body, including cartilage, bone,
skin, and blood vessels. In the IVD, proteoglycans play the crucial role of retaining the
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water content. They represent 35-65% of the dry-weight in the NP vs 20% in the AF
[38]. The amount of proteoglycans decreases with age, which is directly linked to the
decrease in water content within the IVD. These values exhibit individual variations
and are closely related to the degenerative state of the disc, highlighting the need for
methods to accurately quantify this composition. These components, particularly water
and collagen, exhibit specific optical signatures in the visible to near infrared spectrum
(Fig. 2), quantified in terms of absorption and scattering coefficients spectra. Therefore,
we propose to explore the possibility of using QPAI as a method to assess the state of
viability of the IVD, as an alternative to Magnetic Resonance Imaging (MRI), which is
the conventional and reference technique for high-resolution and quantitative imaging.
In previous works [42], we have demonstrated the sensitivity of the PA signal to these
chromophores with spectroscopic measurements.
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Figure 2. A) Illustration of the IVD and B) spatial variation of the water and
collagen content in the disc along the yellow line in A. The variations in proteoglycan
content are not shown as they exhibit a similar trend to water content. C) Absorption
coefficients collagen and water (top) and reduced scattering coefficient of collagen
(bottom). The values for collagen were obtained from measurements were extracted
from [43], performed on flakes of type I collagen obtained from a bovine achilles tendon,
and values for water from https://omlc.org/spectra/water/data/hale73.txt [44] .

3.2. Optical properties

The absorption and scattering coefficients were calculated using the proportion of
chromophores at position r inside the disc. Limited information was found in the
literature concerning the optical properties of proteoglycans. In all that follows, the
absorption of the IVD was assumed to be exclusively due to water and collagen alone.
However, all the methodologies and findings can readily be extended to incorporate other
types of chromophores if their optical properties are known. In the case of the simulated
biphasic IVD, these coefficients depend on the wavelength A and can be written using
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the mixing law 8. The absorption and reduced scattering coefficients spectra of these
two chromophores are presented in Fig. 2 and are taken from [43]. The anisotropy
factor g is, in general, difficult to measure, especially in vivo on tissues. As we couldn’t
find any elements in the litterature, this parameter was assumed to be equal to 0.9
in the IVD, a typical value found in most of biological tissues [45], and the scattering

coefficient was therefore ps = 1“_/59 = 10p..

3.3. Grineisen parameter

Although the Griineisen parameter is often assumed to be constant in the literature, this
assumption is not realistic in the IVD. The distinct textures between the gelatinous and
highly aqueous NP and the more rigid AF ensure spatial heterogeneity in mechanical
properties throughout the disc. Therefore, the Griineisen parameter was defined here as
chromophore-dependent, spatially-varying and calculated using the thermo-mechanical
properties of water and collagen according to the following equation: I' = (8v?)/C,, with
3 the volumetric thermal expansion coefficient (°C™'), v the speed of sound (m.s™!) and
C, the specific heat (J.kg='.°C~1). Values for 3, v, and C,, of collagen and water were
obtained from the literature, and are presented in table 1. Unfortunately, the speed
of sound for collagen was not found, but an empirical expression was obtained from
[46] that relates the velocity of sound to the percentage of collagen present in a tissue:
v(r.) = 1588 + 32in(100r.). This relation was derived by gathering speed of sound of
tissue with different collagen concentrations in the literature and fitting an expression to
these values. In the absence of other references, this expression was used here to model
the speed of sound within the IVD. The other parameters were defined by considering
the proportion of water and collagen at position r in the IVD using a mixing law. The
resulting expression for the Griineisen parameter is therefore:

(BuwTw + Bere) (1588 + 32In(100r,))?
Op,wrw + Op,crc

= (12)

Table 1 compares the values derived using the mixing law with those of typical
cartilage, except for the thermal expansion coefficient, which lacks a corresponding
value for cartilage. The specific heat capacity, C,, is consistent the documented range
in the literature. The speed of sound, v, shows a slightly higher value, but remains
within a close range.

4. Synthetic data generation on a digital phantom and gradients
computation

A series of measurements were performed in silico. This section provides a description
of the digital phantom and the numerical details for computing the gradients. All
computations were run on a desktop equipped with processor Inter Xeon E5-1620, 8
cores, 3.500GHz, with Graphics Processor Unit Quadro P6000.
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’ H Water ‘ Collagen ‘ 20% collagen 80% water ‘ Cartilage range values ‘
B (K1) 206x1076 [47] | 540x107C [48] 272x 1076
v (m.s~1) 1483 [49] / 1683 1627-1650 [50]
Cp (JK 1 kg 4180 [51] 1300 [52] 3604 3500-3664 [50]

Table 1. Volumetric thermal expansion [, speed of sound v and specific heat C,, of
collagen and water at 20°C. The values obtained from a mixing law (20% collagen and
80% water) and the values range for cartilage found in the literature are presented as
well for comparison.

4.1. Digital phantom and opto-mechanical properties

The morphology of the IVD and the corresponding porosity map were obtained from
proton density-weighted MRI scans of the IVD of a 4-month-old pig, as reported in [53]
and are presented in Fig.3, first row.

y(em) z(cm) . y(cm) 0.65
ABSORPTION COEFFICIENT (Cm_l) GRUNEISEN PARAMETER
532 nm 960 nm (dimensionless)

0.04
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X
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0.015
05 1 16 2 25 3 35

y(cm)

0.27

0.26
0.5 0.25
0.24
1
0.23

x(cm)
x(cm)

1.5 0.22

0.21
2

0.19

0.5 1 16 2 25 3 3.5
y(cm)

Figure 3. 3D morphology of the IVD and porosity map (dimensionless) in the
three centred 2D planes (A, B, C, top). Absorption coefficient (in cm™!) related
to the porosity map at 2 different wavelengths (532 nm and 960 nm) and Griineisen

parameter I' (dimensionless) in the intervertebral disc related to the porosity map and
(12) (bottom).

The imaged disc is approximately 0.8 cmx2.5 cmx3.5 cm. This 3D digitised
morphology was projected into a 77x104x19 voxel grid. In this grid, the IVD is
represented by approximately 65,000 independent voxels. From these MRI data, one can
extract the porosity, which corresponds to the proportion of void space over the total
volume in an object. In the case of saturated media, such as the IVD, the porosity is
equivalently expressed as the proportion of water over the total volume [53], from which
the spatial distribution of the water proportion r, inside the disc can be determined.
This proportion of water r,, varies from 85% inside the NP and smoothly decreases as
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one moves radially reaching 70% at the outer borders of the AF. This behaviour is in
agreement with values found in the literature and presented in section 3. With the
proteoglycan content neglected, the IVD is considered here as a biphasic medium. The
collagen proportion r. is assumed to be the remaining component in the disc, following
the relation r. = 1 — r,. Although synthetic, realistic maps of the opto-mechanical
properties of the IVD can be generated (Fig.3, second row).

4.2. Generation of synthetic measurements

We consider the experimental setup described in [42]: the source (diameter 1 cm)
irradiates one side of the IVD (Fig. 4) with multiple wavelengths, targeting the thickest
region of the disc (~ 3 ¢m). It is worth noting that this represents the most unfavorable
case when probing the disc, as in practice during surgery, it is probed from a ventral side
(illumination from the bottom in the schema Fig. 4, Left), where the IVD’s thickness
is typically smaller (~ 1.5 cm). Note that the IVD is supposed to be immersed in
water for acoustic impedance matching, which is an over-simplified situation that we
consider to be sufficient to demonstrate the efficacy of the proposed approach. Further
developments need to be include an acoustic propagation model that accounts for strong
impedance mismatch occurring at the vertebral boundaries. The fluence ® and the
initial pressure distribution p(r) were then computed with MC simulations with the
versatile open-source codebase MCmatlab software [54] which inputs are the spatial
distribution of the optical parameters p,(r), us(r) and g, for the considered wavelength
A, and the source term. This one is supposed to be a continuous wave (CW, under
usual assumptions of stress and thermal confinement with short pulsed illumination
[55]) top-hat extended source (diametre 1 c¢m, Fig. 4) illuminating the disc under
normal incidence. MCmatlab allows the storage of the power (or photon weight) dWW(r)
deposited by the k™ photon at the position r. The total normalized power per voxel
is obtained in output as W(r) = N%h ZkNi’{ dWy,(r), with Ny ~ 108, in a 77x104x19
voxels volume, from which one can obtain : i) the fluence as ®(r) = W(r)/uq(r) and ii)
the initial pressure distribution as p(r) = I'(r) x W(r)) maps (Fig. 3). An example of
a initial pressure distribution measurement obtained at 532 nm is presented in Fig. 4.
Let’s consider N measurements p, € RY, n € [1, N] obtained at N wavelengths.
p is a vector containing the N measurements: p = (pi,...,pn) € RYN. As previously
mentioned, the measurements are obtained numerically and are discretised in a 3D grid
containing P =77x104x19 voxels. The reconstructions are performed on a grid with a
different dimension to avoid the ”inverse crime” [56]. A simple linear interpolation was
sufficient since the variations in the measurements are sufficiently regular and smooth.
This reconstruction grid is composed of ) =39x52x10 voxels. The measurements are
resized by linear interpolation in the coarser grid dimension. The resized measurements
are designed as p = (pi, ..., py) € R@Y. Noise e € RV was added to the measurements
as an additive value: p® = p + e, e represents the noise vector which contains the noise
in the N different measurements e = (eq, ..., ex). The noise is supposed here to follow
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Figure 4. Left: schema of source configuration. Middle, example of a synthetic PA
measurement p = I'u, ® obtained at 532 nm in different centred planes of the IVD (A:
yz-plane, B: xz-plane and C: xy-plane). Right: measurements in log scale.

a normal distribution with mean value M, = (M,1,..., M. n) € RPN and covariance
V., = diag(Veq, ..., Vo) € RON*@N_Tn the case of white gaussian noise, which is the
supposed case for all the following reconstructions, the mean M, is equal to 0. For
n € [1, N], the variance V., is defined as:

Vi = (22 (nas(pn) = min(s) ) T (13

with Igyq, the identity matrix € RP*? and kpeise, @ parameter tuning the intensity of
the noise.

Considering the IVD as a biphasic medium, two measurements performed at two
different wavelengths are theoretically sufficient for an accurate reconstruction of the
two proportions. Therefore, we limited ourselves to using this minimum of required
measurements. The spectra of water and collagen (Fig.2) show that the two wavelengths
532 nm and 960 nm are of particular interest since they correspond to the minimum
and maximum absorption ratios of water to collagen, respectively, and are chosen in this
study. More complex spectra or additional chromophores, optimisation of the number
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of spectral bands can be performed using the method outlined in [57].

4.3. Computation of the gradients

4.3.1. Spherical Harmonics expansion The calculation of the gradients Eqs. (7-10)
requires the forward L and adjoint L* radiances to be computed, both depending on
the position r and the direction s. Storing them at each (r,s), e.g. by discretising the
unit sphere into segments for each position, is computationally demanding (Discrete
Ordinates Method). Instead, the Spherical Harmonics (SH) expansion to store the
directional information [58, 34, 35] was adopted: the radiances L, L* and phase function
O are decomposed into sums of Y}, SH of order m and degree [:

L(r,s) =Y im(r)Yim(s); L*(x,8) = > Y ip, (r)Vii(s);
]izi){ m:lfl =0 m=-1 (14)
O(s,8") = D> > ¢'V5()Yim(s),

with Ngg the selected order of sum truncation. The Y}, are calculated using the
associated Legendre polynomials of degree [ and order m. Using the Henyey-Greenstein
phase function and the properties of orthonormality of the SH lead to simplified
expressions of the gradients:

Nsm l Nsy l

Vialr=r, = —Apl'd + Z Z (Gm i ); Vi, le=ro = Z Z (1- gl)(ilmﬁm)- (15)

=1 m=-I =1 m=-I

MCmatlab [54] was slightly modified to allow storage of the directional information
of the travelling photons by projecting the photon energy into the corresponding SH
[59, 34):

(1) = = 3 AW (1) Vi(s), (16)

with s the incoming direction of the photon entering the voxel. Typical values of
N, ~ 10° photons are sufficient in the present cases to accurately sample the radiances
L. The same approach was adopted to compute the adjoint radiance L* by modifying
the source term. One major difference (and difficulty) between adjoint and forward
models is that the adjoint source is generally internally distributed in the medium as
¢ = Tua(p® — 11,®). Furthermore, because this source is defined as the difference
between the measurement p® and the model py = p,®, photons launched from the
adjoint source can have negative values. The MC algorithm treats negative weight
photons the same way as positive ones by progressively reducing their weight (absolute
value) to zero, allowing negative (reduction of) energy deposition into the voxels.
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However, as in [35], we found that the contribution of derivative d® in the gradients that
need the computation of the adjoint radiance can be neglected, significantly improving
computation time.

4.8.2. Gradient descent Due to the stochastic nature of MC simulations, the computed
gradients are subject to noise. Additionally, these gradients are large due to the 3D
nature of the problem being addressed. To resolve these issues, the ADAM algorithm
[60] was chosen to compute the step size in the gradient descent optimisation process.
At each step iteration 7, the mean m; and the uncentered variance v; of the gradient
are calculated, with ¢g; = %,the stored gradient over the parameter of interest x:
m; = Bimi_1+(1—PB1)gi; vi = Bevi—1+(1—B2)g7. The hyperparameters 8y and 3, € [0,1]
control the exponential decay of the computed moving averages. They were set at the
recommended values from [60]: 51 = 0.9, 2 = 0.999. At the initial step the moving
averages vy and myg are initialised to 0, which biases the moments estimation towards

V4

1-B%°

zeros. Blas-corrected first and second raw moments are estimated: m; = #, U; =
1

The parameters are then updated as:

=gt —¢

_— (17)
Vi + €ADAM

with t the learning rate and e paps a small value to avoid division by zero. Here also,
as recommended [60], these parameters are set at eapay = 1072 and ¢t = 0.001. In
order to limit the computation time while keeping sufficient accuracy, all MC simulations
involved in the computation of the gradients were limited to 10° photons. This represents
the heaviest burden in the computation of the gradients, with a computation time
of ~ 1 min per iteration for Eqgs. 9 and 10, if the adjoint term is neglected. The
algorithms are stopped when the variation of the cost function Ae goes below a certain
threshold, which is bound to vary depending on the reconstructed parameter (p,, fis,
Teaw, and/or I') and the number of measurements used. The stopping criterion is set
at Ae = 1078 for all reconstructions, except for those employing the measurement
ratio method. Due to potential instability in this method, which varies with the value
of 7, reconstructions using the measurement ratio method were terminated after 400
iterations. Any deviations from these specified criteria will be explicitly stated.

4.3.3.  Metrics for quantifying the reconstructions quality In order to quantify the
efficiency of the performed reconstructions, the reconstructions are represented along
with error maps between the reconstructed parameters and the ground truth values,
defined as |(Z(r) — x(r))/z(r| x 100, and the following global comparison metrics are
used: Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM):

J RN Inag 2z iz + C1) (20, 3 + C2)
MSE = — — 2. PSNR =201 - SSIM = :
n2 ;[x(r) I’(I‘)] ’ 0g10 /7MSE7 (M% T M% T Cl)(O’% i UQ% T 02)7

(18)
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with n the number of data, & the reconstructed variables and x the ground truth; pu,
and fi; their mean values, o, and o; their variances, and o, ; the covariance matrix
between those two variables. I[,,,, corresponds to the maximum signal value in our
original ground truth image. C1 and C2 are two values expressed as C'1 = (kja)? and
C?2 = (kya)? with a the dynamic range of the voxel values. k; and ky are small constants,
generally, chosen values are k; = 0.01 and ks = 0.03 based on the arbitrary choice of
[61]. They found that in their experiments, the performance of the SSIM was unchanged
to variations of these values.

The MSE value measures the mean squared difference between the original and
reconstructed values, it provides a general estimation of the reconstruction quality.
The lower the MSE value, the closer the reconstructed signal is to the original. Peak
signal-to-noise ratio (PSNR) is a metric used to measure the quality of a compressed or
reconstructed image by comparing it to the original. It measures the ratio between the
maximum possible power of the reconstruction and the power of corrupting noise that
affects the fidelity of its representation. It provides a global estimation of the quality of
the reconstructed values and an idea of the noise impact. The higher the PSNR value,
the more similar the reconstructed values are to the original ones, and thus the better
the quality. Structural similarity index measure (SSIM) is a metric used to measure the
similarity between two images. The SSIM index ranges from -1 to 1, where a value of 1
indicates perfect similarity between the two images, and a value of -1 indicates complete
dissimilarity. The higher the SSIM value, the more similar the images are in terms of
structure and texture, and thus the better the quality.

5. Results: Reconstruction of the intervertebral disc’s chromophore
composition

Reconstructions of the unknown chromophores’ composition, i.e. values of the collagen
r. and water r,, proportions, were obtained in 3D with known absorption and scattering
coefficient spectra of the IVD’s elementary constituents (Fig.2). The range of variation of
the two unknowns is bounded between 0 and 1 only. The reconstructions were obtained
by using synthetic measurements computed at A\; = 532 nm and Ay = 960 nm. Results
obtained for the three above-described approaches with I' = 1, T" = T'(r.,7,) and T
unknown (ratio of measurements, reference measurement at A3 = 560 nm) are presented
without noise added to the data first in Fig. 5. However, it should be noted that intrinsic
noise is introduced by the MC simulations. This figure shows a comparison between
the reconstructions of r. and r, with their ground-truth values. The reconstructions
are obtained in 3D, but for the sake of simplicity, only the 2D reconstruction maps of
the transverse plane and a 1D cross-section extracted from this one are illustrated. The
evolution of the cost function is also shown.

From the reconstructed values of the chromophores’ proportions r. and r, when
I' is unknown, this one can be calculated from Eq. 11, the results are shown on Fig.
6. The quality of the reconstruction in 3D, assessed through the considered metrics
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(Eq.18), is reported in Fig. 7.
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Figure 6. Grlneisen parameter computed from the chromophore concentrations
reconstructed with the measurement ratio method. k45 = 0, 7=0.
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Figure 7. Metrics calculated on the 3D volume of reconstructed values of r. and 7,
for the three considered methods with noiseless measurements and for the calculated
I" when unknown.

As shown in Fig.5, the ratio method provides the best reconstruction of r. and

However, the cost function associated with this method exhibits erratic behaviour
during gradient descent. This instability can be mitigated by selecting an appropriate
value for the regularization parameter 7. The impact of introducing this parameter in
the cost function of the ratio method is presented in Fig.8.

The effect of noise parameter k,, ;s is illustrated in Fig. 9 for the reconstruction of
r. only; similar reconstructions are obtained for r,, (not shown).

6. Discussion

In all considered scenarios, the results demonstrate excellent reconstructions of the IVD’s
composition, even when dealing with noisy data, to a depth that is influenced by the
level of measurement noise. Notably, superior results are achieved when the Griineisen
parameter is unknown and when ratios of measurements are utilised.
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The reconstruction with 7 = 1076 was stopped after 487 iterations.

6.1. Reconstructions of chromophores’ proportions with prior knowlegde of the
Grineisen parameter

The results of the reconstruction with noiseless data for the collagen and water
proportions are shown on Fig.5 (rows I'=1 and I'(r.,7,)) and Fig. 7 highlight the fact
that the reconstruction of collagen’s proportion appears to outperform that of water’s.
This is particularly visible in the MSE values, while SSIM and PSNR are roughly similar
for both water and collagen. These metrics are calculated over the entire volume of the
organ, and locally their values differ significantly. For y < 2 c¢m, the 1D profiles show
similar reconstruction errors for both collagen and water, with values below 10%. The
reconstruction results obtained when considering the relation of I'(r.,r,) (Eq. 12) are
similar to those obtained when I' = 1. The associated reconstruction errors follow the
same trends with values below 10% for y < 2 cm. However, knowledge of T" is a strong
prior, currently not well-described in the literature. Therefore, the proposed mixing law
to describe the Griineisen parameter of IVD may not accurately represent the actual
relationship. Additional investigations are needed to confidently use this method in the
context of the IVD.
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6.2. Reconstructions of the chromophores’ proportions and the Grineisen parameter
without prior knowledge

Clearly, the reconstructions obtained by considering normalised measurements (Eq.3)
in Fig. 5 (row I'=7) show higher quality (see Fig. 7), despite the extremely unstable
behaviour of the cost function (Fig. 5), when 7=0. Since the cost function is calculated
over the entire volume, instability can easily arise, especially in deeper areas, where the
variance of the computed fluence is high and where the noise has a greater influence.
Consequently, due to the erratic behaviour of the cost function, its value could not
be used as the stop criterion and the algorithm had to be manually stopped (here
after 400 iterations). This behaviour clearly demonstrates the importance of using the
regularization parameter 7 to avoid potential division by zero or very small values and
to efficiently use the cost function curve to stop the algorithm. This erratic behaviour
is primarily due to regions where the noise generated by the MC simulations is high,
1.€., deepest regions of the disc where only few photons can reach. Despite this fact, the
reconstructions exhibit accurate values for both water and collagen (error is below 5%
for both unknowns) up to y = 1.5 c¢m, indicating stable behaviour at the local level in
voxels where the signal is strong enough, i.e., near the source. With the reconstructed
values of r. and r,, I' can be computed with Eq.12 (Fig. 6). Although the level of
accuracy is naturaly degraded, the error stays below 15% for y < 2 cm.

6.3. Effect of noise and regularisation parameters

Fig. 9 shows a direct relation with the accessible depth of quantification: higher noise
levels result in shallower quantification depths. Introducing a regularisation parameter
in the cost function (e.g. Ly) can effectively produce smoother reconstructions without
altering the accessible depth of quantification. When I' is unknown, the introduction of
the regularisation parameter 7 (Fig.8), even if very small, is conversely fundamental to
stabilise the evolution of the cost function.

7. Conclusion

In this preliminary work, we introduce a proof-of-concept QPAI method that avoids the
dependence on strong prior knowledge of the Griineisen coefficient while maintaining
a simple illumination strategy. A model-based gradient-descent approach was adopted
and the adjoint method was used to compute the gradients derived within the optical
inverse problem in QPAI. The forward and adjoint radiative transfer equations were
solved with Monte Carlo simulations. Two situations were considered: i) where I'
was supposed to be known a priori, eventually, including a law linking I['(r.,7,)
and the chromophores’ proportions; ii) where no prior knowledge was introduced.
The quality of the reconstructions obtained demonstrates the feasibility of in situ
measurements of the IVD’s chromophore composition. Furthermore, in the latter case,
leveraging multiwavelength measurements, a new reconstruction scheme was proposed
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to recover both composition and mechanical information. Ratios of measurements at
different wavelengths were considered as the measurements, and the corresponding cost
function for minimization was derived accordingly. The approach can be generalized
to assess additional chromophores (e.g. proteoglycans, lipids...) by employing sets
of measurements at appropriate wavelengths, and is not restricted to the considered
organ. A comprehensive literature review on the opto-mechanical properties of the IVD
and MRI volume data acquisition of porosity maps allowed the implementation of a
highly realistic digital phantom, from which synthetic PA data were generated. Various
strategies of PA measurements of the IVD composition in terms of water and collagen
content were proposed. Various approaches to reconstruct the three unknown quantities
e, Tw and I' throughout the entire volume of the disc were explored, by considering data
acquisition geometries compatible with future experimental scenarios. The stability and
noise sensitivity demonstrate the robustness of the proposed method that outperforms
the conventional one, even without the prior knowledge of I'. Although the cost
function exhibited high instabilities during the minimisation process, the use of the
ADAM algorithm allowed for efficient local updates of the unknowns. We also showed
that these instabilities could be controlled with the introduction of a regularisation
parameter 7 and other conventional regularisation strategies can be preferred. In
conclusion, this numerical study supports the possibility of using QPAI as a faster,
and more flexible, imaging technique, that potentially could be used during surgery
within the operating room, to assess the discs’ viability, especially those adjacent to
the one being operated (by excision, spinal fusion or innovative treatment options).
Definitely, a long journey still lies ahead. Experimentally, such device can be obtained
by modifying a conventional ultrasound probe by adding pulsed illumination with a
tunable laser through optical fibers (e.g.[62]). On the algorithmic side, as for other
proposed optical inversion approaches, the first aspect to be addressed is the coupling
with the ultrasound propagation model and the handling of inherent artefacts. We
believe that the robustness of the proposed approach offers a clear advantage over
existing methods. Future developments will therefore include the integration of acoustic
propagation modelling, which requires in the organ studied specific adaptations to
accurately account for the high impedance mismatch of the lateral vertebrae. On the
experimental side, tests on phantoms, specifically designed to mimic the IVD opto-
mechanical properties, will be carried out prior to preclinical studies, in order to validate
the approach and to guide the design of a dedicated medical device.
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