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MACHINE LEARNING-BASED
QUANTITATIVE PHOTOACOUSTIC
TOMOGRAPHY (PAT)

FIELD OF THE INVENTION

[0001] The present invention is in the field of medical
imaging. In particular, the present invention relates to pho-
toacoustic imaging.

BACKGROUND OF THE INVENTION

[0002] Photoacoustic imaging is an emerging biomedical
imaging modality that allows non-invasive structural, func-
tional and molecular imaging. The prospect of obtaining
images of soft tissues with fine spatial resolution, high
sensitivity, and good specificity has increasingly directed the
interest of the biomedical community to photoacoustic
imaging. Recent studies have shown that photoacoustic
imaging could be used in a number of promising biomedical
applications, including brain lesion detection, haemodynam-
ics monitoring, blood oxygenation mapping, functional
brain imaging, skin melanoma detection, methemoglobin
measuring, and tumour detection.

[0003] Photoacoustic imaging relies on the photoacoustic
effect, that is, on the generation of sound waves through the
absorption of light and its conversion to heat. Non-ionising,
mostly short laser pulses are used as sampling light to
irradiate a biological tissue. The local absorption of elec-
tromagnetic waves of sampling light in the tissue results in
rapid heating, which subsequently leads to thermal expan-
sion, whereby broadband acoustic waves are generated.
Photoacoustic imaging is based on the detection of such
acoustic waves and on their subsequent analysis in order to
produce images of the biological tissue.

[0004] The energy of the sound waves produced at a
region of the irradiated tissue as a result of the photoacoustic
effect depends on the amount of sampling light absorbed
therein, which in turn depends on the amount of sampling
light reaching that region of the tissue and on the optical
absorption thereof. Hence, knowledge about the distribution
of sampling light in the tissue combined with knowledge
about the energy of the sound waves produced therein by
means of the photoacoustic effect can provide information
about the optical absorption. Differences in the optical
absorption between parts of the tissue are related to differ-
ences in the physiological properties or biochemical com-
positions thereof, whence details of the structure of the
tissue can be inferred from the magnitude of the ultrasonic
emission resulting from the photoacoustic effect. Thereby,
the advantageous high contrast of optical imaging can be
combined with the high-resolution achieved by ultrasonic
imaging.

[0005] One of the current main goals in the development
of photoacoustic imaging is to obtain multispectral tomo-
graphic images from measurements made using sampling
light of multiple optical wavelengths. This allows obtaining
information about the wavelength dependency of the mea-
sured or inferred quantities, which usually can be related to
information about the molecular composition of the tissue.
However, multispectral photoacoustic imaging that spans
from ultraviolet to near infrared is technically involved in
practice.

[0006] The images obtained by means of photoacoustic
imaging are a representation of the energy density H
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absorbed by the tissue. This absorbed energy density H,
related to the amount of sampling light absorbed, is a
function of space and wavelength and is given by the
product of the absorption coefficients p accounting for the
light absorption due to the chromophores in the tissue, the
so-called light fluence @, which is a measure of the radiance
integrated over all directions and time, and of the Griineisen
coefficient I', which is related to thermodynamic propetties
of the tissue:

H-=T-4-® %)

[0007] The fluence ® and the absorption coefficients p are
intertwined in a nontrivial way due to the dependence of the
first on the chromophore concentrations, and hence on the
absorption coefficients themselves. Further, the absorption
coeflicient 1, and thereby also the fluence, also depend on
the wavelength of the sampling light and on the position x
in the tissue, due to the effects of light scattering inside the
tissue, described by a scattering coeflicient .. When taking
all functional dependencies into account, equation 1 takes
the form:

H M=, T peh) O b ) @

where T is the temperature and 1, a scattering coefficient.
Given the interdependency of the fluence ® and the absorp-
tion coeflicient p, this equation may not be solved by
conventional linear methods or matrix inversion, even when
assuming, as is usually done for constant temperatures T,
approximately constant values of the Griineisen coefficient F
and the scattering coeflicient 11, throughout the tissue. As a
result of this, the correct estimation of the fluence ® poses
a major obstacle when it comes to the determination of
properties of the tissue under observation by means of
photoacoustic imaging. In particular, the wavelength depen-
dence of the fluence, which is an important prerequisite for
numerous biomedical applications, takes a yet-to-be-solved
technical problem to an ulterior degree of difficulty.

[0008] Traditionally, photoacoustic measurements have
been related to physiological properties of the tissue under
observation by means of analytical or numerical models of
light propagation through the tissue to approximate the
fluence. The state-of-the-art solutions to obtain multispectral
photoacoustic images display limited reliability and typi-
cally rely on highly complex hardware setups and on time-
consuming computational methods that make multispectral
photoacoustic imaging only suitable for retrospective off-
line image analysis. Existing methods to estimate optical
properties of a tissue from a photoacoustic image thereof are
hence doomed to be either based on simplistic models which
do not provide an acceptable level of accuracy or based on
cumbersome models that result in very slow working paces.
[0009] In view of the above, there is room for technical
improvements in the field of photoacoustic imaging regard-
ing the efficiency and reliability of the methods employed
for approximating the fluence, in particular in view of an
application to multispectral photoacoustic imaging.

SUMMARY OF THE INVENTION

[0010] The problem underlying the invention is to provide
a method, a computer program product and an apparatus for
estimating an optical property of a tissue from a photoa-
coustic image in a fast, simple and accurate manner allowing
real-time, in vivo application. This problem is solved by a
method according to claim number 1, a data-processing



US 2019/0192008 A1

apparatus according to claim 27, computer program prod-
ucts according to claims 28 and 29, and by a computer-
readable storage medium according to claim 30. Preferred
embodiments of the invention are defined in the dependent
claims.

[0011] One aspect of the invention is related to a method
for estimating an optical property of a tissue from a pho-
toacoustic image of the tissue using a machine learning
algorithm, wherein the photoacoustic image is obtained with
a photoacoustic setup and wherein the machine learning
algorithm is configured to infer the optical property at least
at one domain of the photoacoustic image by means of a
descriptor for each of said at least one domains.

[0012] Herein, a “domain” is understood as a partition of
the photoacoustic image according to a parameter corre-
sponding to a physical property of the tissue. A “machine
learning algorithm” is understood to be any algorithm able
of autonomously developing and improving the ability to
carry out a given task based on learning input. In the present
case, the task in question is that of inferring a target
quantity—the optical property in this case—from input data
causally connected to the target quantity—herein the pho-
toacoustic image—without knowledge of the precise causal
connection, that is, of the physical law or mathematical
functional dependency, governing the interdependence of
the input data and the target quantity.

[0013] Learning input refers herein to information, be it
measured, analytically or numerically computed, and/or
simulated, in which both input data and values of the target
quantity causally related to the input data are encoded. The
machine learning algorithm analyses the learning input and
extracts from it information about the underlying causal
connection between the input data and the target quantity,
such that a contribution is made towards the development
and improvement of the ability to carry out the task in
question. In the present case, learning input typically com-
prises photoacoustic images of a tissue and values of the
optical property thereof.

[0014] A “photoacoustic image” is understood herein as a
collection of data, be it raw or processed, obtained from the
ultrasonic waves produced at the tissue as a result of the
photoacoustic effect when irradiating the tissue with sam-
pling light. A “photoacoustic set up” in the sense of the
present invention is any apparatus or device configured for
obtaining photoacoustic images. A “descriptor” is a vector of
features containing information relative to a given object,
which is used by the machine learning algorithm to charac-
terise said given object. In the case of the present invention,
the machine learning algorithm uses a descriptor to charac-
terise a given domain of the photoacoustic image.

[0015] Unlike in the prior art, according to which in
photoacoustic measurements the fluence has been deter-
mined employing deterministic analytical or numerical
models of light propagation, or, in other words, by a “physi-
cists approach”, in the present invention the optical property
of a tissue is estimated from the photoacoustic image by
means of a machine learning algorithm.

[0016] Machine learning is a technique in which a com-
puter progressively develops and improves the ability to
carry out a task by analysing a sufficient amount of learning
input. The present invention presents a novel way of solving
the problem elucidated above with regard to equation (2),
namely of estimating the value of an optical property of a
tissue from a photoacoustic image thereof. The solution
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according to the invention is based on letting a machine
learning algorithm develop the ability to do so in an efficient
way by optimising the way in which the learning input and
the input data are processed by the machine learming algo-
rithm. The inventors have confirmed that surprisingly, by
using a machine learning algorithm, the desired optical
properties, such as the absorption coeflicient or the fluence
at a given region of the tissue, can be determined with great
accuracy based on a reasonable amount of learning input.

[0017] A crucial step in the machine learning processing
of input data and of learning input is the choice of appro-
priate descriptors to represent the objects relevant to the
processing. A descriptor usually comprises a vector of
features, which are used to characterise the object they are
associated to. Developing a descriptor suitable for analysing
data with a given method of analysis requires the selection
of a set of features or attributes that is adequate for the
selected method. This selection is critical to the success of
a descriptor. The use of too many attributes or of unsuitable
attributes may lead to overfitting or to spurious associations
that may result in false conclusions. The present invention
presents a class of descriptors to be used for the specific
problem at hand which allows for the successful application
of machine learning to the purpose of photoacoustic imag-
ing.

[0018] In the method of the invention, at least part of the
photoacoustic image is partitioned in a plurality of domains
with respect to at least one parameter, wherein the at least
one parameter corresponds to a physical property of the
tissue, and wherein the variation of the at least one param-
eter within each domain is limited to a predetermined value,
such that each domain corresponds to a limited range of said
physical property of the tissue. Hence, when the photoa-
coustic image is partitioned in domains with respect to a
given parameter corresponding to a given physical property
of the tissue, a map between the space of values of the given
parameter and the space of values of the physical property
of the tissue is established. Thereby, each partition or
domain of the photoacoustic image corresponds to a limited
range of the physical property of the tissue. If, for example,
the photoacoustic image is partitioned with respect to a
parameter X, which corresponds to a physical property P of
the tissue, there is a one-to-one map between the values of
X and values of P. The photoacoustic image is then parti-
tioned in domains, namely in limited subsets of the set of
possible values of X, which each correspond to a limited
range of the physical property P, that is to a given subset of
the set of possible values of P.

[0019] According to the method of the invention, the
descriptor for a given domain comprises information related
to the photoacoustic image for each contributing domain of
a set of contributing domains, wherein the set of contributing
domains comprises one or more domains other than said
given domain. Hence, each given domain of the photoa-
coustic image is related to a set of surrounding domains of
the photoacoustic image, which make up the set of contrib-
uting domains of that given domain. These may comprise
neighbouring domains of the given domain of the photoa-
coustic image but may also comprise more distant domains.
The descriptor of a given domain hence comprises informa-
tion related to the photoacoustic image corresponding to a
number of domains other than said given domain. Said given
domain may also be considered as part of the set of con-
tributing domains. This way, the machine learning algorithm



US 2019/0192008 A1

may characterise a given domain by means of a descriptor
that accounts for the interdependency between different
domains due to the non-local effects involved in light
propagation through different parts of the tissue.

[0020] The use of such a descriptor to process photoa-
coustic images of a tissue has been shown by the inventors
to enable the machine learning algorithm to develop and
improve the ability of inferring an optical property of the
tissue from a photoacoustic image thereof. This allows for a
fast estimation of the optical property using the machine
learning algorithm, notably outperforming the state-of-the-
art time-consuming photoacoustic image processing meth-
ods for multispectral photoacoustic imaging. The machine
learning algorithm of the present invention constitutes a
pioneering solution which sets a new benchmark in terms of
accuracy and reliability regarding the determination of an
optical property, for instance the fluence, on the purposes of
photoacoustic imaging. In addition, thanks to the much
higher speed of estimation, the method of the invention
further opens the door to real-time in vivo application, which
offers a great advantage over the existing methods, which
are only suitable for retrospective offline image analysis.
[0021] Further, the machine learning algorithm may delin-
eate irrelevant data, so as to mitigate the hardware process-
ing requirements and to accelerate the entire processing.
Along the same lines, the use of a machine learning algo-
rithm constitutes a software-based solution which allows
adapting existing photoacoustic setups to implement the
method of the invention. This way, highly complex hard-
ware setups are made unnecessary, while a cost-effective and
simple way of upgrading available setups by adapting them
to implement the method of the invention is provided.
[0022] 1In preferred embodiments of the invention, the
descriptor for a given domain further comprises, for each
contributing domain of the set of contributing domains,
information related to the location of said given domain and
said contributing domain with regard to the photoacoustic
setup. This information may allow accounting for differ-
ences in the photoacoustic measurements corresponding to
different domains of the photoacoustic image due to the
different locations of said different domains with respect to
the photoacoustic setup. Further, different balances in the
interdependencies between a domain and the contributing
domains thereof for domains corresponding to different parts
of the tissue may also be accounted for by such a descriptor.
By referring the information related to the location of said
given domain and said contributing domain to the photoa-
coustic setup, it is possible to identify the individual
domains with respect to the photoacoustic setup, namely
irrespectively of the propetties, spatial disposition or com-
ponent constitution of the tissue.

[0023] According to preferred embodiments of the inven-
tion, the information related to the location of said given
domain and each of said contributing domains with regard to
the photoacoustic setup is in the form of a contribution
specifier, wherein the contribution specifier for a contribut-
ing domain defines a relationship between said contributing
domain and said given domain, wherein the relationship
reflects characteristics of the photoacoustic setup. Preferably
such characteristics comprise the geometry of the photoa-
coustic setup, the properties of the sampling light, or the
effects of light propagation through the tissue. For instance,
the geometry of the photoacoustic setup determines the way
in which the sampling light reaches different parts of the

Jun. 27,2019

tissue, which affects the magnitude of the energy absorbed
therein, as elucidated above. This is reflected in differences
in the degree of correlation between different domains for a
particular setup geometry, which may be encoded in the
corresponding contribution specifiers.

[0024] Such a descriptor provides an eflicient way of
handling data for the machine learning algorithm to cor-
rectly estimate the optical property of the tissue taking into
account the aforementioned non-local effects. By means of
the contribution specifiers, fixed conditions related to the
geometry of the photoacoustic setup, the properties of the
sampling light, and the effects of light propagation through
the tissue may be accounted for by the descriptor through the
contribution specifiers. This allows a separated processing
of the part of the descriptor in which said fixed conditions
are reflected, such that, for example, in the case that several
photoacoustic images are produced under identical or simi-
lar such fixed conditions, previously determined contribu-
tion specifiers may be used again so that they need not be
determined anew for each photoacoustic image. Other fac-
tors influencing light propagation in the tissue and hence the
interdependency of the photoacoustic image at different
domains, like the specific geometry of the photoacoustic
setup, the spatial distribution of different organic compo-
nents with different densities in the tissue, or the presence of
localised concentrations of a particular organic component,
like for instance tumours, may be accounted for by the
contribution specifiers as well.

[0025] According to preferred embodiments of the inven-
tion, the information related to the photoacoustic image
comprises a value of a photoacoustic signal, wherein the
photoacoustic signal is evaluated at least at some of said
plurality of domains, and wherein the value of the photoa-
coustic signal at a given domain is a measure of the energy
of the sound waves resulting from the photoacoustic effect
in that given domain. Hence the value of the photoacoustic
signal at one domain is related to the amount of sampling
light used for obtaining the photoacoustic image absorbed in
the part of the tissue represented by said given domain. In
other words, the photoacoustic signal is a quantity propor-
tional to the energy density H of equations (1) and (2). The
photoacoustic signal may hence provide information about
the amount of sampling light absorbed in the corresponding
domain of the photoacoustic image, which combined with
the information about the characteristics of the photoacous-
tic setup enclosed in the contribution specifiers, may provide
a way of non-locally correlating the domains and hence of
correctly estimating the optical property taking into account,
for instance, the effects of light propagation through differ-
ent parts of the tissue.

[0026] Thus, the descriptor for a domain of the photoa-
coustic image whose set of contributing domains comprises,
say, N contributing domains is formed by a vector object
comprising N tuples, wherein each tuple contains, for each
contributing domain, a contribution specifier and informa-
tion related to the photoacoustic image at said contributing
domain.

[0027] For instance, if the photoacoustic image is parti-
tioned in M domains, the machine learning algorithm is
configured to infer the optical property at least at one of the
M domains, namely at K domains, wherein K<M. Then, the
photoacoustic image is characterised by K descriptors, each
comprising N tuples. A total number of different values



US 2019/0192008 A1

smaller than NxK might be used by exploiting the symmetry
of the photoacoustic image or of the photoacoustic setup.
[0028] In a preferred embodiment of the invention, the
method further comprises a training process of the machine
learning algorithm, wherein during the training process the
machine learning algorithm analyses a sequence of training
images and learns how to infer the optical property of the
tissue from a photoacoustic image of the tissue using said
descriptors, wherein the sequence of training images com-
prises photoacoustic images of a tissue and values of the
optical property of said tissue. The sequence of training
images constitutes the learning input from which machine
learning algorithm extracts information about the underlying
causal connection between the photoacoustic images and the
known values of the optical property.

[0029] Note, however, that while a certain amount of
training is of course necessary for the machine learning
algorithm to obtain reliable results, the training as such
needs not be carried out by the user of the method of the
invention. Instead, the method in the general sense can be
also carry out based on an “already trained machine learning
algorithm”, where the training step as such is not part of the
protected method. More shall be said on this below.
[0030] By means of the training process, the machine
learning algorithm of the invention develops and improves
the ability to estimate the value of the optical property from
a photoacoustic image in a way characteristic of this kind of
algorithm. This allows the algorithm to train on the sequence
of training images, be it by itself or aided by a human user,
which makes a full model understanding of the biological
system of the tissue unnecessary for the purposes of pho-
toacoustic imaging.

[0031] The machine leaning algorithm may further pin-
point unknown causal relationships in the input data or in the
learning input, for instance by noting previously interdepen-
dencies between features of the tissue. Then the machine
learning algorithm may autonomously evolve its design so
as to accommodate the new findings. This has as a potential
huge impact on the purposes of predictive analysis and
diagnosis. For example, the machine learning algorithm may
learn to detect the presence of anomalies, damages or
tumours in the tissue from unknowingly related features of
the corresponding photoacoustic images.

[0032] The sequence of training images may comprise
simulated photoacoustic images obtained at least in part by
computer simulation, and/or real photoacoustic images
obtained by means of photoacoustic imaging. Preferably,
simulated training images may be generated with Monte
Carlo methods. For example, training images may be
obtained by departing from a simulated tissue with known
values of the optical property and simulating the process of
photoacoustic imaging so as to obtain a corresponding
simulated photoacoustic image. The sequence of training
images may comprise images of the same tissue or of
different issues. The inclusion of simulated photoacoustic
images in the sequence of training images allows generating
a large amount of learning input for the machine learning
algorithm to learn from in a very short time compared to the
time that would be required to generate a comparable
amount of learning input by real photoacoustic measure-
ments. The inclusion of real photoacoustic images of a real
tissue with known values of the optical property allows
incorporating into the sequence of training images real,
possibly unexpected, features of the tissue, which the
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machine learning algorithm can learn to recognise. Further,
the voxel-based approach of the present invention allows
obtaining a large number of training samples from a single
simulated photoacoustic image.

[0033] The method of the invention may further comprise
transfer learning means to deal more efficiently with training
images. For example, transfer learning means may be
employed such that the inclusion of real photoacoustic
images in the sequence of training images can be used to
identify practically occurring features and/or descriptors so
as to evaluate simulated data in accordance. This way,
proportions or variabilities in the data of the training images
not corresponding to realistic situations may be compen-
sated. In particular, simulated descriptors found to corre-
spond to practically occurring descriptors may be domi-
nantly weighted over less realistic ones. Thereby, the
training is based on learning input that better resembles
really occurring photoacoustic images of real tissues.

[0034] Further, when estimating the optical property at a
given domain, the algorithm may predominantly weight data
from domains of previous training images that resemble the
given domain according to selected properties. This may
include, for instance, taking into account the similarity of the
respective domains with respect to their composition or
structure. Further, it is possible to predominantly weight
those pieces of training data, i.e. selected training images or
domains thereof, that have a potentially higher relevance for
a given kind of tissue or photoacoustic image, taking into
account the properties of the tissue under observation and/or
the specifications of the photoacoustic setup. For example,
when determining the descriptor for a domain corresponding
to a region of the tissue with a high accumulation of fat, it
may be beneficial to learn from previous training images by
focusing on those domains of said training images which
also display a high accumulation of fat. As a result, the
accuracy of the method for estimating the optical property
can be increased.

[0035] According to preferred embodiments of the inven-
tion, the method further comprises a measuring process after
the training process, wherein during the measuring process,
the machine learning algorithm infers the optical property at
least at one domain of the photoacoustic image from the
descriptor determined for said at least one domain. Thereby,
the experience accumulated by the machine learning algo-
rithm during the training process can be exploited and used
in the estimation of the optical property of a new photoa-
coustic image. In particular, the measuring process may be
carried out in vivo.

[0036] Preferably, the measuring process may comprise
determining for the descriptor for the at least one domain
only the corresponding information related to the photoa-
coustic image for each contributing domain of a set of
contributing domains, or the corresponding photoacoustic
signal. Instead, the information related to the location of said
given domain and each of said contributing domains with
regard to the photoacoustic setup for each contributing
domain of the set of contributing domains or the contribu-
tion specifier for each contributing domain of the set of
contributing domains may preferably be determined before
the measuring process. For example, the contribution speci-
fiers may be determined during a training process preceding
the measuring process, The contribution specifiers may
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however also or alternatively be determined before the
measuring process by means of an analytic model of light-
tissue interaction.

[0037] This way, the machine learning algorithm may
learn during the training process how to take into account
fixed conditions, like the geometry of the photoacoustic
setup, and hence to determine the information related to the
location of said given domain and each of said contributing
domains with regard to the photoacoustic setup for each
contributing domain of the set of contributing domains or
the contribution specifier for each contributing domain of
the set of contributing domains. Subsequently, only the
information related to the photoacoustic image for each
contributing domain of a set of contributing domains, or the
corresponding photoacoustic signal has to be obtained in
order to obtain the estimation of the optical property of the
tissue in question. This provides the benefit of speeding up
the method of the invention, since the first part of the
descriptor of the at least one domain needs not be deter-
mined in real time.

[0038] According to preferred embodiments of the inven-
tion, the descriptor for a given domain is determined as a
histogram registering values of the contribution specifiers
and of the photoacoustic signals. For example, the machine
learning algorithm may be, as described above, configured
to infer the optical property at K domains and each set of
contributing domains may be made up of N contributing
domains. A given domain at a given training image may then
be characterised by a 2N-tuple of values comprising N pairs
of values, that is, one pair of values for each of the N
contributing domains of the corresponding set of contribut-
ing domains, wherein each pair of values comprises a value
of the corresponding contribution specifier and a value of the
corresponding photoacoustic signal. Such a 2N-tuple can
then be processed and transformed into a histogram by
discretising the feature space of contribution specifier and
photoacoustic signal in a number of bins. The bins may be
of different sizes, for example when partitioned according to
a logarithmic scale. The number of bins is the same for all
domains and for all training images. After discretising, the
number of pairs of values in each bin is counted and stored
of in the histogram. The descriptor for a given domain is
then determined as a histogram. The inventors have shown
that the use of such histograms allow the machine learning
algorithm to process photoacoustic images of a tissue to
develop and improve the ability of inferring an optical
property of the tissue in a manner that notably outperforms
previously known methods in terms of speed and accuracy.

[0039] When using such histograms, it is not required to
keep track of the particular values of the contribution
specifiers and values of the photoacoustic signal for each of
the contributing domains of the domain in question. Instead,
a given domain may be characterised by means of the
histogram by the population distribution of said values,
which may allow reducing the amount of data to be stored
as a descriptor by several orders of magnitude. This allows
characterising the domains by a much smaller number of
values to be stored, thereby reducing the susceptibility of the
obtained estimation of the optical property to noise, saving
computational resources and significantly reducing process-
ing time compared to previously known methods. This way,
the method of the invention allows analysing a larger
amount of training data, for instead of training on N entire
training images as traditionally done in the prior art, the
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algorithm can be trained on NxM training examples. Alter-
natively, the use of such histograms may allow, for given
computational resources, characterising the domains by
descriptors taking into account a larger amount of contrib-
uting domains per domain and/or partitioning the photoa-
coustic image in a larger number of domains.

[0040] In a preferred embodiment of the invention, the
machine learning algorithm analyses, for one or more train-
ing images of the sequence of training images, a vector
object comprising histograms for each of said at least one
domain and a vector object comprising corresponding values
of the optical property at each of said at least one domain.
By means of such vector objects, the machine learning
algorithm may learn to process at once information com-
prising all descriptors for all domains from all training
images of a sequence of training images and information
comprising values of the optical property for all domains at
all training images of a sequence of training images. For
instance, a vector object comprising histograms for each of
said at least one domain and for each training image of said
sequence of training images and a vector object comprising
corresponding values of the optical property at each of said
at least one domain and for each training image of said
sequence of training images may be fed to the machine
learning algorithm during or after the training process, such
that the machine learning algorithm learns how to infer an
optical property of a tissue from a photoacoustic image of
the tissue from such vector objects. In the course of pro-
cessing such vector objects, the machine learning algorithm
may split the data in different ways, for instance according
to a bootstrap aggregating technique. By means of such a
histogram, the extent to which the machine learning algo-
rithm may profit from previous learning experience is maxi-
mised. For example, redundant information may be obtained
for a given domain, which may be employed to improve the
accuracy and the confidence of the estimation of the optical
property therein. As a result, the estimation of the optical
property according to the invention can be rendered more
reliable.

[0041] According to preferred embodiments of the inven-
tion, the contribution specifier for a given contributing
domain of a given domain may be related to the degree to
which the value of the photoacoustic signal and/or of the
optical property at said given contributing domain is related
to the value of the photoacoustic signal and/or of the optical
property at said given domain for a given photoacoustic
setup. Preferably, the contribution specifier might be related
to the likelihood that sampling light used for obtaining the
photoacoustic image with a given photoacoustic setup reach-
ing said given domain has previously reached said contrib-
uting domain. Further, the contribution specifier may com-
prise information related to the confidence of the inferred
optical property at said given domain.

[0042] This way, the contribution specifier may account
for the non-local effects involved in light propagation
through different parts of the tissue when a given photoa-
coustic setup is used. For example, it may be taken into
account, that a domain of the photoacoustic image corre-
sponding to a region of the tissue situated closer to a source
of light of the photoacoustic setup is very likely to absorb
more sampling light than a domain of the photoacoustic
image corresponding to another region of the tissue situated
farther away from said source of light. Other factors influ-
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encing light propagation, like the different molecular com-
position of the tissue, may be accounted for by the contri-
bution specifiers as well.

[0043] In a preferred embodiment of the invention, the
machine learning algorithm may further be configured for
estimating a confidence of an optical property at each of the
at least one domains of the photoacoustic image. This way,
the confidence of the estimation of the optical property at a
given domain can be taken into account when relating said
domain to another domain. For example, it is possible to
make use of spatial regularisation so as to remove or at least
undervalue outlying data. Further, it is possible to employ
the estimated confidence so that contributing domains hav-
ing a greater confidence may be dominantly taken into
account when determining the descriptor and/or the value of
the optical property of a domain. For example, values of the
confidence may be combined with the values of the esti-
mated optical property to generate a 3D volume estimation
of the optical property from sequences of 2D measurements.
[0044] The confidence may be employed for limiting the
use of the method of the invention to infer the optical
property at selected domains having an estimated confidence
larger than a predefined minimum confidence. For instance,
the optical property may be inferred at K selected domains
of the M domains in which a photoacoustic image is
partitioned, wherein K<M, and wherein the K selected
domains are domains at which the estimated confidence
exceeds a predefined minimum confidence level. This way,
a considerable decrease in error, especially in the presence
of high noise or in highly complex scenarios can be
achieved. Further, evaluating the estimation of the optical
property according to the method of the invention only at
selected domains having a minimum degree of confidence
may allow compensating for uncertainties in the estimation
of the optical property resulting for example from lack of
sufficient matching training images.

[0045] In addition, the confidence may be propagated to
subsequent calculations. For instance, when inferring an
oxygenation estimation in the tissue from the estimated
optical property, the confidence of the estimation of the
optical property at a given domain can be propagated to
obtain the confidence of the computed oxygenation estima-
tion at that given domain. A further possibility consists in
using the estimated confidence to weight a parameter of
choice depending on the value of a property of a domain or
group of domains according to the confidence thereof. The
confidence value may further be included in the descriptors.
[0046] In preferred embodiments of the invention, at least
one contribution specifier is computed by means of an
analytic model or a simulation for a given photoacoustic
setup. For example, in the case that the geometry of the
photoacoustic setup allows a simplified point-light-source
model to be employed, this may be exploited to determine
the contribution specifiers so as to speed up the process of
estimating the optical property. However, it is also possible
that at least one contribution specifier is computed by means
of computer simulation. Preferably, a Monte Carlo method
may be used for computing said at least one contribution
specifier.

[0047] According to preferred embodiments of the inven-
tion, the at least one parameter comprises a parameter
corresponding to any of a spatial dimension, a frequency,
and a temperature. Preferably, the photoacoustic image is
partitioned with respect to three parameters, wherein said
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three parameters correspond to three spatial dimensions of
the tissue, were in particular, the domains correspond to
voxels.

[0048] Hence each of the domains of the photoacoustic
image may correspond to a spatial region of the tissue.
However, other parameters may be used for partitioning the
photoacoustic image, in which case a domain of the pho-
toacoustic image corresponds to a region of the tissue falling
within the corresponding range with respect to said param-
eters. In particular, it is possible to partition the photoacous-
tic image in frequency space, so as to possibly take use of
Fourier transform methods for estimating the optical prop-
erty. A combination of spatial, frequency and other param-
eters is possible as well.

[0049] In preferred embodiments of the invention, the
optical property is estimated from a sequence of photoa-
coustic images of the tissue obtained using sampling light of
different wavelengths. By probing the tissue at different
wavelengths, values of the optical property corresponding to
different wavelengths of the sampling light can be estimated,
which is an important prerequisite for the estimation of
optical properties such as oxygenation. Multispectral imag-
ing may, for example, allow revealing subsurface structures,
which are not visible otherwise. Preferably, the sampling
light used for obtaining the photoacoustic image comprises
light of wavelengths between 400 nm and 1600 nm,
although sampling light in other parts of the electromagnetic
spectrum, as well as particle beams, may be used as well.

[0050] Further, the machine learning algorithm may infer
properties of the tissue directly from a set of photoacoustic
images obtained using sapling light of different wave-
lengths. For example, oxygenation could be estimated with-
out the need to resort to an intermediate estimation of an
optical property for each of the wavelengths used to obtain
the photoacoustic images of said set of photoacoustic
images.

[0051] According to preferred embodiments of the inven-
tion, the optical property corresponds to or is at least related
to the absorption coefficient and/or the optical absorption.
The optical property may also correspond or at least be
related to the fluence. Once the absorption coefficient or the
fluence of the tissue have been estimated, other properties of
the tissue may be inferred therefrom, like for example,
chromophore concentrations, oxygenation, or fat (i.e. lipid)
concentration, on which functional and molecular imaging
can be based.

[0052] In a preferred embodiment of the invention, the
photoacoustic image is obtained by means of any of pho-
toacoustic tomography, photoacoustic microscopy, or pho-
toacoustic elastography

[0053] According to preferred embodiments of the inven-
tion, the machine learning algorithm comprises any of a
deep learning algorithm, a random forest algorithm, a sup-
port vector machine algorithm, and a convolutional neural
network algorithm.

[0054] A further aspect of the invention relates to a
data-processing apparatus configured for carrying out any of
the methods disclosed above.

[0055] A further aspect of the invention relates to a
computer program product including executable code which
when executed on a computer carries out any of the methods
disclosed above.

[0056] A further aspect of the invention relates to a
computer program product including executable code which



US 2019/0192008 A1

when executed on a computer estimates an optical property
of a tissue from a photoacoustic image of the tissue or a part
thereof using a machine learning algorithm, wherein the
photoacoustic image is obtained with a photoacoustic setup
and wherein the machine learning algorithm is configured to
infer the optical property at least one domain of the pho-
toacoustic image by means of a descriptor for each of said
at least one domains. Therein, at least part of the photoa-
coustic image is partitioned in a plurality of domains with
respect to at least one parameter, wherein the at least one
parameter corresponds to a physical property of the tissue,
and wherein the variation of the at least one parameter
within each domain is limited to a pre-determined value,
such that each domain corresponds to a limited range of said
physical property of the tissue. Further, the descriptor for a
given domain comprises information related to the photoa-
coustic image for each contributing domain of a set of
contributing domains, which information is obtained from
the photoacoustic image, and a contribution specifier for
each contributing domain of said set of contributing
domains, which contribution specifier is comprised in the
executable code, wherein the set of contributing domains
comprises one or more domains other than said given
domain, and wherein the contribution specifier for a con-
tributing domain defines a relationship between said con-
tributing domain and said given domain, wherein the rela-
tionship reflects characteristics of the photoacoustic setup.

[0057] Preferably such characteristics comprise the geom-
etry of the photoacoustic setup, the properties of the sam-
pling light, or the effects of light propagation through the
tissue. For instance, the geometry of the photoacoustic setup
determines the way in which the sampling light reaches
different parts of the tissue, which affects the magnitude of
the energy absorbed therein, as elucidated above. This is
reflected in differences in the degree of correlation between
different domains for a particular setup geometry, which
may be encoded in the corresponding contribution specifi-
ers.

[0058] Hence such computer program product contains an
executable code which has already been trained and which
can use the accumulated experience to infer the optical
property from a new photoacoustic image according to one
of the methods described above.

[0059] A further aspect of the invention relates to a
computer-readable storage medium comprising any of the
computer program products disclosed above.

BRIEF DESCRIPTION OF THE DRAWINGS

[0060] FIG. 1 shows a schematic representation of the
different elements to which the method of the invention
refers:

[0061] a. shows a tissue and a part thereof, from which a
photoacoustic image is obtained,

[0062] b. shows the photoacoustic image of the tissue
obtained and the domains it is partitioned in;

[0063] c. shows a representation of a vector object and of
a descriptor according to the invention.

[0064] FIG. 2 shows a schematic representation of the
geometry of a photoacoustic setup used to obtain a photoa-
coustic image of the tissue of FIG. 1.

[0065] FIG. 3 illustrates the determination of a descriptor
as a histogram.
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[0066] FIG. 4 shows a representation of a photoacoustic
image analysed by the machine learning algorithm during a
training process.

[0067] FIG. 5 shows estimated values for the fluence and
the absorption coefficient obtained by means of the method
of the invention.

[0068] FIG. 6 shows a comparison of the relative error in
the estimation of the absorption coeflicient of the method of
the invention with respect to a reference method based on
fluence pre-correction.

[0069] FIG. 7 illustrates the robustness of the method of
the invention against noise.

[0070] FIG. 8 shows reductions in relative error for the
fluence estimation due to confidence based domain selec-
tion.

[0071] FIG. 9 shows a comparison of the accuracy in
blood oxygenation estimation of embodiments of the inven-
tion compared to a state-of-the-art method for spectrally
unmixing the photoacoustic signal.

DESCRIPTION OF THE PREFERRED
EMBODIMENTS

[0072] For the purposes of promoting an understanding of
the principles of the invention, reference will now be made
to a preferred embodiment illustrated in the drawings, and
specific language will be used to describe the same. It will
nevertheless be understood that no limitation of the scope of
the invention is thereby intended, such alterations and fur-
ther modifications in the illustrated apparatus and such
further applications of the principles of the invention as
illustrated therein being contemplated as would normally
occur now or in the future to one skilled in the art to which
the invention relates.

[0073] FIG. 1 shows a schematic representation of a tissue
10 from which a photoacoustic image 20 can be obtained.
The tissue 10 is treated with a photoacoustic setup so as to
obtain a photoacoustic image 20 of a part of the tissue 12.
According to the invention, a particular kind of descriptor is
used by a machine learning algorithm to process the pho-
toacoustic image 20 so was to infer from it an optical
property of the tissue 10. In the shown embodiment, the
photoacoustic image 20 can be a representation of raw or
processed data obtained from the sound waves produced in
the part of the tissue 12 covered the photoacoustic image 20
in the course of photoacoustic imaging.

[0074] For the purposes of explanation, it shall be initially
assumed that the photoacoustic image 20 corresponds to any
photoacoustic image processed by the machine learning
algorithm of the invention. In particular, the photoacoustic
image 20 can correspond to a training image, real or
simulated, which is processed by the machine learning
algorithm of the invention in the course of a training process
with the scope of developing and improving the ability to
estimate the value of an optical property of a tissue from a
photoacoustic image thereof. However, the photoacoustic
image 20 can also correspond to a photoacoustic image
processed by the machine learning algorithm of the inven-
tion in the course of a measuring process whereby the
machine learning algorithm infers an optical property of a
tissue from a photoacoustic image thereof. As will become
clear in the course of explanation, the description to follow
may apply to any photoacoustic image processed by the
machine learning algorithm.
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[0075] The photoacoustic image 20 shown in FIG. 15 is
partitioned in a plurality of domains 22 with respect to three
parameters, wherein said three parameters correspond to the
three spatial dimensions of the tissue 10. Hence each of the
domains 22 of the photoacoustic image 20 corresponds to a
voxel, that is, to a data representation of a limited spatial
region of the tissue 10. However, the photoacoustic image
20 could also be partitioned with respect to other parameters,
like for example mode frequencies in the context of a
Fourier analysis processing, in which case each of the
domains 22 of the photoacoustic image 20 would correspond
to a region in frequency space associated to a corresponding
spatial region of the tissue 10 in the dual space. Note that the
representation in the figure is two-dimensional on illustra-
tion proposes only but a three-dimensional photoacoustic
image 20 of the three-dimensional tissue 10 is hereby meant.

[0076] Each of the domains 22 is assigned a vector object
D9, shown in FIG. 1¢, by means of which the machine
learning algorithm characterises each of the domains 22. For
a given domain, in this case, for each voxel, V, a set of
contributing domains C,, is determined that comprises one or
more domains v, , . . ., V55 other than said given domain V
and the contributing domain v,,, which corresponds to said
given domain V itself. Hence, in the embodiment shown, the
set of contributing domains of a given voxel V comprises 9
contributing domains v, . . ., V3.

[0077] In the embodiment shown, the information related
to the photoacoustic image is comprised in a value of a
photoacoustic signal s, wherein the photoacoustic signal s;;
is evaluated at each of the domains 22, and wherein the value
of the photoacoustic signal s,; at a given domain is a measure
of the energy of the sound waves resulting from the pho-
toacoustic effect in the region of the tissue 10 corresponding
to that given domain. Further, in the embodiment shown, the
vector object D@ for each of the domains 22 comprises, for
each contributing domain of the corresponding set of con-
tributing domains, information related to the location of said
given domain and each of said contributing domains with
regard to the photoacoustic setup in the form of a contribu-
tion specifier f;;, wherein the contribution specifier £, for a
contributing domain v,; defines a relationship between said
contributing domain v, and the corresponding given domain
V, wherein the relationship reflects characteristics of the
photoacoustic setup, like the geometry thereof, the proper-
ties of the sampling light, and/or the effects of light propa-
gation through the tissue.

[0078] Since the vector object D9 comprises informa-
tion related to the location of said given domain and each of
said contributing domains with regard to the photoacoustic
setup in the form of a contribution specifier f;, the domains
22 can be uniquely identified with respect to the photoa-
coustic setup, that is, irrespectively of the properties, spatial
disposition or component constitution of the tissue 10.

[0079] Hence the vector object D, for the given domain
V shown in FIG. 1¢ comprises 9 2-tuples, wherein each
2-tuple comprises information related to the photoacoustic
image 20 for a contributing domain v,; of the set of contrib-
uting domains C, in the form of a value of a photoacoustic
signal s, and a contribution specifier f,, for that same con-
tributing domain v,;, wherein the contribution specifier f;
defines a relationship between the contributing domain v,
and the domain V, wherein the relationship reflects charac-
teristics of the photoacoustic setup.
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[0080] These characteristics comprise the geometry of the
photoacoustic setup, the properties of the sampling light and
the effects of light propagation through the tissue. The
contribution specifier f,, for each of the contributing domains
v,; of the domain V is related to the degree to which the value
of the photoacoustic signal s, is related to the value of the
photoacoustic signal at the domain V for a given photoa-
coustic setup. In particular, the contribution specifier f;; for
a given domain V and for a given contributing domain v, is
related to the likelihood that light used for obtaining the
photoacoustic image 20 with a given photoacoustic setup
reaching said given domain V has previously reached the
contributing domain v,. For instance, the contributing
domain v, is taken into account when estimating the optical
property at the domain V by letting the value of the pho-
toacoustic signal s, , measured at the domain v, ; be included
in the vector object D,/ according to the contribution
specifier f, |, wherein the contribution specifier f|; is related
to the degree to which the value of the photoacoustic signal
s;; at the contributing domain v, is related to the value of
the photoacoustic signal at the domain V for the employed
photoacoustic setup, taking into consideration the geometry
of the photoacoustic setup, the properties of the sampling
light and the effects of light propagation through the tissue.

[0081] FIG. 2 shows a schematic representation of the
geometry employed for obtaining the photoacoustic image
20 of the tissue 10 using a photoacoustic setup 30. In the
figure, the photoacoustic image 20 is superimposed on the
tissue 10 on illustrative purposes but corresponds to the part
of the tissue 12 it covers as seen in FIG. 1. As shown in FIG.
2, the photoacoustic setup 30 sends sampling light to the
tissue 10 for obtaining the photoacoustic image 20 from an
upper side with respect to the position of the tissue 10. As
a result of this particular geometry, more sampling light is
likely to be absorbed in the region of the tissue 10 corre-
sponding e.g. to the domain v,; of the photoacoustic image
20 than in the region of the tissue 10 corresponding to the
domain v,;. Therefore, the value of the photoacoustic signal
s;; at the domain v, can be greater than the value of the
photoacoustic signal s, at the domain v, even if the value
of the optical property of interest, for example of the optical
absorption is higher at v, than at v,;. The fact that this be
due to the fluence in v, being greater than the fluence in v,
is captured by the corresponding values of the contribution
specifiers f} | and f5;. Such information can then be used by
the machine learning algorithm during the training process
to learn how to correctly extract the true value of the optical
property at v,, and v,; by compensating the respective
values of the photoacoustic signal s,, and s,; according to
the corresponding fluence, encoded in the contribution
specifiers f;; and f5;.

[0082] Further factors related to the characteristics of the
photoacoustic setup which may lead to differences between
the domains v,;, and v;; in the amount of sampling light
absorbed therein, like for example due to the particular way
sampling light propagates through the tissue 10 or to the
physical properties of the sampling light itself, can also be
accounted for by the corresponding contribution specifiers
f,; and fj;. This way, the value of the optical property
estimated at a given domain is not determined by the
particular geometry of the photoacoustic setup 30, which
causes the photoacoustic signal s,; to be greater than the
photoacoustic signal s,;. Instead, the values s, and s, are
properly taken into account by relating them to the corre-
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sponding contribution specifiers f;, and f,,. In other words,
the contribution specifiers allow the machine learning algo-
rithm to compensate the fluence such that the true values of
the optical property can be induced from the values of the
photoacoustic signal.

[0083] A sequence of training images made up of a large
number Q of training images is typically processed by the
machine learning algorithm in order to develop and improve
the ability to estimate the value of an optical property of a
tissue from a photoacoustic image thereof. In that case, a
descriptor F (D,?) is determined from the vector object
D, in the form of a histogram by discretising the two-
dimensional feature space of values of the contribution
specifiers and values of the photoacoustic signal in bins and
counting and storing the number of palrs of values (£, s,)
comprised in each of the bins. This is illustrated in FIG. 3.
As shown in the leftmost block, the pairs of values (f, s $;)
comprised in the vector object D, are considered in the
feature space of values of the contnbutlon specifiers and the
photoacoustic signal. The horizontal axis represents the
value of the contribution specifier f,, whereas the vertical
axis represents the corresponding value of the photoacoustic
signal s,.. As shown in the block in the middle, the feature
space 1s discretised in this case in, for instance, 16 bins. The
number and size of the bins can be chosen in a convenient
way taking into account the particularities of the photoa-
coustic setup and the tissue 10 and the computational
resources available, but must be the same for all domains
and all training images.

[0084] In the example shown, the number of pairs of
values is exaggerated with respect to the examples of
previous figures for illustrative proposes. Note however, that
the exemplary case presented in FIG. 1 would have 9 pairs
of values corresponding to the number of domains com-
prised in a set of contributing domains therein. Note also,
that in real cases, the numbers involved are typically much
larger than the ones used in these representative examples.
[0085] Once the feature space of values of the contribution
specifiers and of the photoacoustic signal has been discre-
tised in bins as shown, the number of pairs of values
comprised in each of the bins is counted and stored as a
histogram value. As illustrated in the rightmost block, the
vector object is thereby transformed in a histogram com-
prising 16 numerical values corresponding to the number of
pairs of values comprised in each of the bins. This histogram
is then used as a descriptor to characterise the domain V.
[0086] The procedure elucidated above can be repeated for
each of the K domains and each of the Q training images,
such that a histogram is obtained for each of the K domains
and each of the Q training images. Hence a total of KxQ
descriptors F (D,?) in the form of histograms is deter-
mined. The set of the KxQ histograms can then be included
in a vector object D={F(D;,"), . . ., F(D,.9), .

F(D,. (q))} that can be analysed by the machine learmng
algonthm wherein the component F(D, (")) corresponds to
the histogram descnptor that characterises the domain V;in
the g-th training image.

[0087] Hence, the machine learning algorithm character-
ises each one of the K domains 22 in which the photoa-
coustic image 20 is partitioned by means of a descriptor
F(D,'?) that contains information about the domains Vi
comprised in the set of contributing domains C,, defined for
the given domain V in the form of a histogram registering

the population distribution of the pairs of values (f;;, s,) in
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the feature space of values of the contribution specifiers and
values of the photoacoustic signal.
[0088] As pointed out, the way of processing photoacous-
tic images elucidated above applies to training images of a
sequence of training images processed by the machine
learning algorithm in the course of a training process. In
particular, the photoacoustic image 20 can correspond to a
simulated training image. In that case, the characteristics of
the tissue 10 and of the photoacoustic setup 30 can be
computationally reproduced. Thereby, the value of an opti-
cal property, for example the absorption coefficient, of the
tissue 10 at each of the domains 22 can be computed, for
example by means of an analytic model or of a computer
simulation, and compiled in a vector object A= {A W,
JALD A k(Q)} storing the computed—i.e. known—
Values of the optlcal property at each of the domains for each
of the training images, wherein the component A, @ corre-
sponds to the value of the optical property at the domaln v,
of the g-th training image. Hence the vector object A
contains the ground truth values of the optical property used
to train the machine learning algorithm according to the
principles of supervised learning as described above. Fur-
ther, the values of the photoacoustic signal s, and of the
contribution specifiers f;; associated to each of the domains
22 of the photoacoustic image 20 can also be simulated for
the tissue 10 and the photoacoustic setup 30, for example by
means of Monte Carlo simulations.
[0089] Nevertheless, the photoacoustic image 20 can also
correspond to a real training image obtained by means of a
real photoacoustic measurement. In that case, the matrix
object A would comprise entries A, ‘9 corresponding to real
values of the absorption coeﬂiment at each of the domains 22
of the photoacoustic image 20. The corresponding values of
the photoacoustic signal s, and of the contribution spec1ﬁers
f;; could be obtained anyway by means of computer simu-
Jations or, additionally or alternatively, by means of an
analytic model. For example, in the case of the particularly
simple geometry of the photoacoustic setup 30, a point-like
light source model can be employed to compute the values
of the photoacoustic signal sij and the contribution specifiers
£,
[0090] FIG. 4 illustrates the situation during a training
process, in the course of which Q training images are
analysed by the machine learning algorithm. This analysis
can be carried out by means of the vector object D com-
prising the aforementioned KxQ histograms and of the
vector object A comprising the corresponding known values
of the optical property. The vector objects D and A can be fed
into the machine learning algorithm, which is configured for
processing them, splitting the data if necessary as required,
for example by means of a bootstrap aggregating technique,
so as to learn how to infer the optical property of a tissue
from a photoacoustic image thereof.
[0091] Inaway characteristic of this kind of algorithm, the
machine learning algorithm is then able to analyse the
information contained in the vector objects D and A and to
extract from it the underlying causal connections between a
photoacoustic image 20 and the corresponding optical prop-
erties a tissue 10. The higher the number of training images
analysed by the machine learning algorithm, the more accu-
rate and reliable estimations of the value of the optical
property of a tissue will be produced by the machine
learning algorithm from a photoacoustic image of the tissue.
After having been trained on a sufficient amount of training
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images, the machine learning algorithm develops the ability
of inferring the value of the optical property of the tissue
from a photoacoustic image thereof by means of the corre-
sponding descriptors. Additional training contributes to fur-
ther improve this ability. For instance, the inventors have
been able to produce reliable results using a set of 100
training images each partitioned in 3000 domains, which
amounts to training data comprising 300000 descriptors.
Increasing the amount of training data can further contribute
to an increased reliability of the results.

[0092] The training process described above can be fol-
lowed by a measuring process during which the previously
trained machine learning algorithm profits from the experi-
ence accumulated during the training process and is used for
the purposes of estimating an optical property. After the
completion of the training process, the machine learning
algorithm has the ability to infer the value of the optical
property at a domain V from the corresponding descriptor
F(D, ). Hence in order to estimate the value of the optical
property at the at least one domain of the photoacoustic
image 20 of a tissue 10, it is only necessary to determine the
descriptor or set of descriptors corresponding to said at least
one domain of the photoacoustic image 20. For this purpose,
values of the photoacoustic signal s;; are measured at each of
the domains 22 in which the photoacoustic image 20 is
partitioned and incorporated into the corresponding vector
objects D,***"®)_ wherein the superscript “measure” indi-
cates that the vector object characterises a photoacoustic
image of the tissue 10 during the measuring process, i.e. not
with the sole purpose of learning, but in order to estimate the
value of the optical property corresponding to said photoa-
coustic image of the tissue 10. If, as is the case in the
example under consideration, the characteristics of the pho-
toacoustic setup 30 and of the sampling light reflected by the
contribution specifiers f,, have not changed with respect to
the training process, contribution specifiers f,,, . . ., —de-
termined before the measuring process, for example, during
the training process, can be used as part of the descriptor in
combination with the newly measured values of the photoa-
coustic signal s,; in the manner explained above and to
determine the corresponding histogram from the resulting
pairs of values (£, s,)) that constitutes the descriptor F(D,,
(measuredy from which the machine learning algorithm can
infer the value of the optical property at the domain V,.

[0093] Further, for a given tissue like the tissue 10 of
FIGS. 1 and 2, an optical property can be estimated from a
sequence of photoacoustic images like the one 20 in FIGS.
1 and 2 obtained using sampling light of different wave-
lengths. This way, values of, for instance, the absorption
coeflicient at different wavelengths can be inferred from
photoacoustic images obtained using sampling light of the
different wavelengths. For example, twenty-six different
images of the same tissue obtained at wavelengths ranging
between 400 nm and 1600 nm at intervals of 100 nm can be
used for this purpose such that corresponding twenty-six
values of the absorption coeflicient, each at one of the
wavelengths ranging between 400 nm and 1600 nm at
intervals of 100 nm, can be inferred

[0094] Once an optical property, like for example the
absorption coeflicient, has been determined for a tissue 10,
the information can be used to compute other properties of
the tissue 10, like for example the oxygenation. When doing
so, the machine learning algorithm can take into account the
confidence of the inferred optical property at each of the
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domains 22 of the photoacoustic image 20 of the tissue 10,
such that the confidence of the value of the oxygenation
obtained at each of the domains 22 in which the photoa-
coustic image 20 is partitioned is known.

[0095] The values of the confidence of the estimation of
the optical property at each of the domains 22 can be used
to improve the sparsity and the smoothness of the latter by
means of spatial regularization, which may comprise means
like interpolation and outlier data removal. Further, the
values of the confidence of the estimation of the optical
property at each of the domains 22 can be used to compute
weighted mean values of any quantities related to the optical
property or derived from it, wherein the weighting is based
on the confidence values.

[0096] Although preferred exemplary embodiments are
shown and specified in detail in the drawings and the
preceding specification, these should be viewed as purely
exemplary and not as limiting the invention. It is noted in
this regard that only the preferred exemplary embodiments
are shown and specified, and all variations and modifications
should be protected that presently or in the future lie within
the scope of protection of the invention as defined in the
claims.

Examples

[0097] Exemplary applications of the method of the inven-
tion for estimating optical properties from single-wave-
length photoacoustic images, i.e. photoacoustic images
obtained using sampling light of a single wavelength, as well
as from multi-spectral photoacoustic images, i.e. photoa-
coustic images obtained using sampling light of multiple
wavelengths, are reported in the following for the purposes
of explanation. These are based on simulation experiments
carried out by the inventors assuming a photoacoustic setup
having a linear photoacoustic probe in which the ultrasound
detector array and the light source of the photoacoustic setup
move together and the geometry thereof with respect to the
sampling light is the same for each photoacoustic image.

[0098] The contribution specifiers f,; were simulated via
Monte Carlo simulation using an adapted version of the
simulation tool mcxyz presented in [1] integrated in the
medical image interaction toolkit MITK [2]. The simula-
tions of the contribution specifiers f; were made using the
same resolution used for simulated input data obtained from
the assumed ground truth values of the optical properties for
the corresponding simulation assuming a constant (minimal)
absorption coefficient p of 0.1 cm™', an anisotropy of 0.9, a
constant reduced scattering coefficient p_ of 15 cm™', and a
varying number of photons depending on the depth of the
target domain.

[0099] Histogram descriptors analogous to those
described with reference to FIG. 3 (cf. F(D, ) for each
domain of the photoacoustic images were based on parti-
tions of each of the feature spaces of contribution specifiers
f; and photoacoustic signals s;; in 12 bins of logarithmically
scaled axes in the range 0<log(s,)<log(255) and -5<log(f)
<-1 as explained above. Values of the photoacoustic signal
and of the contribution specifiers greater than the respective
upper boundaries were included in the highest bin, while
values smaller than the lower boundary were not included in
the histogram.

[0100] The histogram descriptors were inputted to a ran-
dom forest machine learning algorithm having parameter set



US 2019/0192008 A1
11

to the defaults of python 2.7 sklearn 0.18 except for the tree
count, which was set to 100 regressors.

A) Estimation of the Local Fluence and the Absorption
Coeflicient from Single-Wavelength Photoacoustic Images.

[0101] The feasibility of the method of the present inven-
tion for estimating the fluence and the absorption coeflicient
in different scenarios was investigated by means of five
experimental data sets with varying geometries and degrees
of complexity, which are detailed in Table 1. The different
data sets cover cases with different number of vessels,
different vessel radii, and different absorption coefficients of
the vessels.

TABLE 1
Vessel radius i Vessel
Dataset (mm) (em™ count
DSpase 3 4.7 1
S radius 0.5-6 4.7 1
Sassor 3 1-12 1
DS, esser 3 4.7 1-7
DS, 0-3-6 1-12 1-7

[0102] The base dataset DS, represents simulations of a

transcutaneously scanned simplified carotid artery having a

randomly generated shape, a constant radius of 3 mm, a

constant absorption coeflicient p of 4.73 cm™" for the vessel

and 0.1 cm™" for the background, and scattering coefficients
1

pof 15em™.

[0103] Each data set was composed of 150 training items
used for training, 25 validation items used for parameter
optimization, and 25 test items used for test measurement.
Each item corresponds to a simulated tissue volume parti-
tioned in 64x47x62 domains (i.e. 186,496 domains per
volume) and to corresponding ground truth value vectors
containing values of the optical property, in this case the
fluence, at each domain for each volume. The partition of the
simulated tissue volumes, i.e. of the items, was done with
respect to the three spatial dimensions of the simulated
tissue, so that the domains correspond to voxels. In the
considered case, each domain corresponds to a spatial region
of the simulated tissue of 0.6x0.6x0.6 mm, so that the
simulated tissue volumes had total dimensions 38.4x28.2x
37.2 mm.

[0104] Extending the evaluation of the photoacoustic
images to the entirety of the simulated volumes may cause
the random forest machine learning algorithm at hand to
oversample specific tissue structures. For this reason, a small
number of 2-dimensional slices of 64x47 domains (i.e. 3008
domains per slice) out of the 62 possible ones was selected
and used for the evaluation by the algorithm. In the pre-
sented example, 5 such 2-dimensional slices of each item
were evaluated by the machine learning algorithm.

[0105] The number of training items for the data set
DS, Was increased from 1350 to 400 to facilitate conver-
gence. Thus, in total, 2,256,000 histogram descriptors were
generated for the training images (6,016,000 in the DS, ,,;
case), 376,000 for the validation images, and 376,000 for the
test images.

[0106] The method was validated not only on the entire
photoacoustic images but also separately in a region of
interest comprising domains in which the value of a contrast
to noise ratio (CNR) defined as
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s —mean(b)

CNR=—200)

is larger than 2, where mean(b) and std(b) are the mean value
and the standard deviation of a background signal for a
simulated photoacoustic image with a background absorp-
tion coefficient of 0.1 cm™ and no other structures. The
condition CNR>2 ensures that only regions providing a
meaningful photoacoustic signal, i.e. a photoacoustic signal
sufficiently differentiated from the background. are included
in the analysis. These regions of interest correspond to
vessel structures differentiated from their background and
are unlikely to be due to data noise.

[0107] For each data set, the random forest machine
learning algorithm was trained using the training images and
then the convergence of the training process, the choice of
parameters, and the region of interest were validated on the
validation images. This was done to test whether the amount
of training images processed by the machine learning algo-
rithm was sufficient for it to provide accurate predictions of
the value of the optical property of interest after learning, to
optimize the parameters of the machine learning algorithm
(in the case at hand of the random forest algorithm), and to
check the validity of the region of interest. The reason why
the validation was based on a dedicated item (i.e. the
validation images) instead of on the test images themselves
was the wish to preserve the test images as data still
unknown to the machine learning algorithm in order not to
bias the evaluation process, which could exaggerate the
accuracy of the method.

[0108] The obtained results are summarized in Table 2,
which shows the relative error in the estimation of the
fluence for the different data sets, where the relative error at
each domain is defined as

D - Al
= ——

A

where A stands for the ground truth (input) simulated value
of the fluence at that domain and @ for the value of the
fluence estimated by means of the method of the invention.
As seen in Table 2, the method of the invention yields a
median overall relative error for the fluence estimation
below 2% even for the most complex data set DS,,,;; with
multiple vessels as well as highly varying absorption coef-
ficients and vessel radii. The relative error in the region of
interest is higher, especially in data sets with high variations
in the absorption coefficient p. The relative error in the
fluence estimation does not follow a normal distribution due
to large outliers especially in the complex data sets. For this
reason, the interquartile ranges (IQR) are shown in Table 2
for all data sets.

TABLE 2

Relative error

All voxels Region of Interest
Dataset Median IQR Median IQR
DSpuse 0.5% 0.2, 1.0) % 3.9% (1.8,7.3) %
DS, s 0.7% 0.3, 1.7) % 5.2% (24,103) %
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TABLE 2-continued

Relative error

All voxels Region of Interest

Dataset Median IQR Median IQR

DS s psorp. 0.7%  (03,200%  147%  (5.2,32.6) %
DS,peser 15%  (0.5,57)% 65%  (29,12.7)%
DS 12%  (04,51)%  187%  (74,415)%

multi

[0109] The training images were generated as sets of data
according to the method of the invention, i.e. consisting of
pairs of simulated photoacoustic images of 64x47 domains
and corresponding ground truth value vectors containing
values of the fluence at each domain for each image. This
way, letting the machine learning algorithm run on a high-
end PC CPU 17-5960X, the training images could be gen-
erated with an average simulation time of 2 seconds per
domain. 10® photons were simulated for each of the afore-
mentioned 2-dimensional slices. Once the training images
had been used for training the machine learning algorithm,
the fluence values corresponding to a previously unseen test
image could be estimated at the 3008 domains of a single
2-dimensional slice of a simulated tissue volume in (4.2+0.
1) seconds on the same high-end CPU.

[0110] Having estimated the fluence, the absorption coef-
ficient could be estimated by correcting the values of the
photoacoustic signal with the estimated fluence values
according to equation (2) assuming a constant value of the
Griineisen coefficient I

[0111] A representative example of the estimated values
for the fluence and the absorption coefficient displaying a
median relative error obtained by means of the method of the
invention in the region of interest for the data set DS, is
shown in FIG. 5 for the region of interest of the 2-dimen-
sional slice out of the 125 slices of the training set evaluated
that had a relative error in the estimated fluence correspond-
ing to the median relative error for all slices. The figure
shows from left to right the values of the estimated fluence
(in arbitrary units), the corresponding values of the photoa-
coustic signal (in arbitrary units), the values of the estimated
absorption coefficient p, and the ground truth simulated
values of the absorption coefficient against depth into the
simulated tissue.

[0112] FIG. 6 shows a histogram comparing the ratio of
the estimated absorption coeflicient to the ground truth
absorption coeflicient in the estimation thereof in the region
of interest for the DS, ,, data set (which in the example
shown comprised 5347 domains) achieved by a method
according to the invention (histogram in black) compared to
a reference method based on correcting the measured pho-
toacoustic signal with a precomputed fluence estimation,
wherein the fluence estimation is calculated based on a
homogeneous tissue assumption that matches the average
tissue properties of the imaged region as close as possible
(histogram in white). Note that FIG. 6 shows the relative
error in the estimation of the absorption coefficient obtained
for the previously estimated fluence and not the relative
error in the estimation of the fluence itself, which is mea-
sured by e,. As evident from the figure, the method of the
invention clearly outperforms the reference method.

[0113] Further, the robustness of the method of the inven-
tion against noise in the simulated photoacoustic images was

Jun. 27,2019
12

also tested by adding an additive and multiplicative Gauss-
ian noise to each of the data sets. Three different noise levels
were analyzed in comparison to the no-noise case:
[0114] Noise 2: 2% multiplicative noise and 0.125
arbitrary units mean and standard additive noise.
[0115] Noise 10: 10% multiplicative noise and 0.625
arbitrary units mean and standard additive noise.
[0116] Noise 20: 20% multiplicative noise and 1.25
arbitrary units mean and standard additive noise.
[0117] The relation of additive and multiplicative noise
components is according to an estimation of the noise
components in a linear array photoacoustic tomography
probe [3].
[0118] Further, the impact of noise on the accuracy of the
method is illustrated in FIG. 7, which shows a comparison
of the median relative etror in the fluence estimation with
interquartile range over all data sets both in all domains and
in the region of interest only. As seen in the figure, relative
error values remain within acceptable limits even for unre-
alistically high noise levels in the data sets of up to 20%. The
highest median error, displayed by the most complicated
data set DS, . and the greatest noise level of 20%, is of
about 28% in the region of interest and is smaller than 2%
when considering all domains. Further, the median error
obtained when testing the trained algorithm on the training
data set, i.e. on photoacoustic images on which the algorithm
had already been trained, is found to be about an order of
magnitude smaller than that obtained for the test images,
which suggests that the performance of the method could be
further increased by increasing the number of training
images on which the machine learning algorithm is trained
before using it for estimating optical properties of a previ-
ously unseen photoacoustic image.
[0119] Thus, the method of the invention for estimating an
optical property, in this case the fluence, displays a robust-
ness against noisiness in data that clearly overmatches that
known from previously used methods of fluence estimation
based on photoacoustic tomography, which have been
shown to reveal high drops in estimation performance due to
noise [4].
[0120] In addition, experiments have revealed that a con-
siderable decrease both in the relative error in the estimation
of fluence values and in the uncertainty thereof can be
achieved, especially for highly noisy and complex scenarios,
by configuring the machine learning algorithm to estimate
not only the value of an optical property, in this case the
fluence, but also the confidence of such estimation and by
restricting the evaluation of the estimation of the optical
property to domains displaying a minimum degree of con-
fidence, for example a confidence beyond a predetermined
value. For the random forest machine learning algorithm at
hand, the confidence measure was defined as

train )

0 if e, > goos(e;

c= e, — min(e}*")

— else
go.95(€7%")

where q o5(€,”*") is the 95% quantile of the relative errors

train

e, of the fluence estimation over all training domains in
a data set. The reduction in the relative error for the
estimation of the fluence values obtained by evaluating the

estimation only at different percentages of the domains of
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the region of interest displaying the highest confidence as
well as in the uncertainty of such estimation is shown in FIG.
8a for the data set DS, in the absence of added noise and
in FIG. 854 for the data set DS, .. with noise level 20%.
[0121] As seen in FIG. 8, the evaluation of the fluence
estimation on just the confident domains leads to a reduction
of the relative error in the estimation of the fluence values
and in the uncertainty thereof that increases by further
restricting the evaluation to domains having higher and
higher confidence levels. For example, in the case of the
most complex data set DS, ;.. the median fluence estima-
tion error can be reduced from 28% to 16% and 6%
respectively, when considering only the 55% and the 10%
most confident domains.

B) Estimation of Blood Oxygen Saturation from Multi-
Spectral Photoacoustic Images.

[0122] Inasecond set of stimulation experiments based on
a further data set DSoxy, the inventors have proven the
feasibility of using the method of the invention for multi-
spectral measurements using sequences of photoacoustic
images obtained using sampling light of different wave-
lengths. This data set was generated by simulating specific
tissue models at wavelengths 750 nm, 800 nm, and 850 nm.
The chromophore concentrations and absorptions were
assumed to be as described in [5].

[0123] The data set DSoxy was generated by means of
Monte Carlo simulation with 107 photons per slide and
without adding any noise because there was already intrinsic
noise due to the comparably low photon count in this
dataset. The blood volume fraction was set to 0.5% in the
background tissue and to 100% in the blood vessels. The
scattering coefficient was again set to 15 cm™. 720 training
volumes analogous to those employed in the single-wave-
length case explained above with a random oxygenation
uniformly distributed between 0% and 100% were simulated
for all three wavelengths. The volumes consisted of a single
vessels with a vessel radius of 2.3 mm to 4 mm and with
oxygenation dependent absorption in the vessel and back-
ground modelling a carotid artery. Hemoglobin concentra-
tion in blood was set to 150 g/L. The machine learning
algorithm was trained using the 720 training volumes and
then tested on a separate test volume simulated for the same
wavelengths at oxygenation levels equally spaced between
0% and 100% at steps of 10%.

[0124] The blood oxygen saturation or oxygenation was
estimated in two different ways: (1) via spectral unmixing of
the values of the optical signal corrected by the estimated
fluence values obtained for the different wavelengths in the
way elucidated above and (2) by letting the machine learn-
ing algorithm directly learn how to estimate oxygenation,
i.e. without the need to resort to an intermediate estimation
of any other optical property for each of the wavelengths.
[0125] The results obtained were compared to a state-of-
the-art method for spectrally unmixing the photoacoustic
signal values. The results are shown in FIG. 9, which
illustrates the median oxygen estimation with the IQR
evaluated at the domains having the highest signal intensity
along the depth axis using spectral unmixing of the uncor-
rected signal, using spectral unmixing of the fluence cor-
rected photoacoustic signal obtained by means of the first of
the aforementioned method variants according to the inven-
tion, and directly obtained by means of the second of the
aforementioned method variants according to the invention.
As the figure reveals, any of the two considered method
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variants according to the invention (i.e. (1) and (2)) notably
outperform the state-of-the-art method by offering more
accurate estimations of the oxygenation.
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[0140] v, domain ot contributing domain
[0141] £} contribution specifier

[0142] s value of photoacoustic signal
[0143] A, D, D9 veclor objects

[0144] F(D,?) descriptor

1. A method for estimating an optical property of a tissue
from a photoacoustic image of the tissue or parts thereof
using a machine learning algorithm, wherein the photoa-
coustic image is obtained with a photoacoustic setup and
wherein the machine learning algorithm is configured to
infer the optical property at least at one domain of the
photoacoustic image by means of a descriptor for said at
least one domain, wherein:

at least part of the photoacoustic image is partitioned in a

plurality of domains with respect to at least one param-
eter, wherein the at least one parameter corresponds to
a physical property of the tissue, and wherein the
variation of the at least one parameter within each
domain is limited to a pre-determined value, such that
each domain corresponds to a limited range of said
physical property of the tissue; and

a descriptor is determined for each of said at least one

domain, wherein the descriptor for a given domain
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comprises information related to the photoacoustic
image for each contributing domain of a set of con-
tributing domains, wherein the set of contributing
domains comprises one or more domains other than
said given domain.

2. The method of claim 1, wherein the descriptor further
comprises, for each contributing domain of the set of con-
tributing domains, information related to the location of said
given domain and each of said contributing domains with
regard to the photoacoustic setup.

3. The method of claim 2, wherein the information related
to the location of said given domain and each of said
contributing domains with regard to the photoacoustic setup
is in the form of a contribution specifier, wherein the
contribution specifier for a contributing domain defines a
relationship between said contributing domain and said
given domain, wherein the relationship reflects characteris-
tics of the photoacoustic setup.

4. The method of claim 3, wherein said characteristics of
the photoacoustic image comprise at least one of the geom-
etry of the photoacoustic setup, the properties of the sam-
pling light. and the effects of light propagation through the
tissue.

5. The method of claim 1, wherein the information related
to the photoacoustic image is comprised in a value of a
photoacoustic signal, wherein the photoacoustic signal is
evaluated at least at some of said plurality of domains, and
wherein the value of the photoacoustic signal at a given
domain is a measure of the energy of the sound waves
resulting from the photoacoustic effect in that given domain.

6. The method of claim 1, further comprising a training
process of the machine learning algorithm, wherein during
the training process the machine learning algorithm analyses
a sequence of training images and learns how to infer an
optical property of a tissue from a photoacoustic image of
the tissue using said descriptors, wherein the sequence of
training images comprises photoacoustic images of a tissue
and values of the optical property of said tissue.

7. The method of claim 6, wherein the sequence of
training images comprises simulated photoacoustic images,
wherein a simulated photoacoustic image is a photoacoustic
image obtained at least in part by computer simulation.

8. The method of claim 6, wherein the sequence of
training images comprises real photoacoustic images,
wherein a real photoacoustic image is a photoacoustic image
obtained by means of a photoacoustic imaging process.

9. The method of claim 6, wherein transfer learning means
are used to combine training images comprising simulated
photoacoustic images and training images comprising real
photoacoustic images.

10. The method of claim 6, further comprising a measur-
ing process after the training process, wherein during or after
the measuring process, the machine learning algorithm
infers the optical property at least at one domain of the
photoacoustic image from the descriptor determined for said
at least one domain.

11. The method of claim 10, wherein the information
related to the location of said given domain and each of said
contributing domains with regard to the photoacoustic setup
for each contributing domain of the set of contributing
domains or the contribution specifier for each contributing
domain of the set of contributing domains is determined
before the measuring process.

14
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12. The method of claim 10, wherein the information
related to the photoacoustic image for each contributing
domain of a set of contributing domains or the value of the
photoacoustic signal for each contributing domain of a set of
contributing domains is obtained during the measuring pro-
cess.

13. (canceled)

14. The method of claim 41, wherein, for one or more
training images of the sequence of training images, the
machine learning algorithm analyses a vector object com-
prising histograms for each of said at least one domain and
a vector object comprising corresponding values of the
optical property at each of said at least one domain.

15.-28. (canceled)

29. A computer program product including executable
code which when executed on a computer estimates an
optical property of a tissue from a photoacoustic image of
the tissue using a machine learning algorithm, wherein the
photoacoustic image is obtained with a photoacoustic setup
and wherein the machine learning algorithm is configured to
infer the optical property at least at one domain of the
photoacoustic image by means of a descriptor for said at
least one domain, wherein

at least part of the photoacoustic image is partitioned in a

plurality of domains with respect to at least one param-

eter, wherein the at least one parameter corresponds to

a physical property of the tissue, and wherein the

variation of the at least one parameter within each

domain is limited to a pre-determined value, such that
each domain corresponds to a limited range of said
physical property of the tissue;

the descriptor for a given domain comprises:

1. information related to the photoacoustic image for
each contributing domain of a set of contributing
domains, which information is obtained from the
photoacoustic image, and

ii. information related to the location of said given
domain and each of said contributing domains with
regard to the photoacoustic setup, which information
is comprised in the executable code;

wherein

the set of contributing domains comprises one or more
domains other than said given domain; and

the information related to the location of said given
domain and each of said contributing domains with
regard to the photoacoustic setup preferably is in the
form of a contribution specifier, wherein the contri-
bution specifier for a contributing domain defines a
relationship between said contributing domain and
said given domain, wherein the relationship reflects
characteristics of the photoacoustic setup.

30. (canceled)

31. The method of claim 3, wherein the contribution
specifier for a contributing domain of a given domain is
related to the degree to which the value of the photoacoustic
signal and/or of the optical property at said contributing
domain is related to the value of the photoacoustic signal
and/or of the optical property at said given domain for a
given photoacoustic setup.

32. The method of claim 3, wherein the contribution
specifier for said given domain and for said contributing
domain is related to the likelihood that sampling light used
for obtaining the photoacoustic image with a given photoa-
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coustic setup reaching said given domain has previously
reached said contributing domain.

33. The method of claim 3, wherein at least one contri-
bution specifier is computed by means of an analytic model
for a given photoacoustic setup.

34. The method of claim 3, wherein at least one contri-
bution specifier is computed by means of computer simu-
lation.

35. The method of claim 1, wherein the machine learning
algorithm is further configured for estimating a confidence
of the optical property at each of the at least one domains of
the photoacoustic image.

36. The method of claim 1, wherein the photoacoustic
image is partitioned with respect to three parameters,
wherein said three parameters correspond to three spatial
dimensions of the tissue, wherein in particular, the domains
correspond to voxels.

37. The method of claim 1, wherein the at least one
parameter comprises a parameter corresponding to any of a
spatial dimension, a time measure, a frequency, and a
temperature.

38. The method of claim 1, wherein the optical property
is estimated from a sequence of photoacoustic images of the
tissue obtained using sampling light of different wave-
lengths.

39. The method of claim 1, wherein the optical property
corresponds to or is at least related to any of the fluence, the
absorption coefficient and the optical absorption.

40. The method of claim 1, wherein the photoacoustic
image is obtained by means of any of photoacoustic image
tomography, photoacoustic image microscopy and photoa-
coustic elastography.

41. A method for estimating an optical property of a tissue
from a photoacoustic image of the tissue or parts thereof
using a machine learning algorithm, wherein the photoa-
coustic image is obtained with a photoacoustic setup and
wherein the machine learning algorithm is configured to
infer the optical property at least at one domain of the
photoacoustic image by means of a descriptor for said at
least one domain, wherein:
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at least part of the photoacoustic image is partitioned in a
plurality of domains with respect to at least one param-
eter, wherein the at least one parameter corresponds to
a physical property of the tissue, and wherein the
variation of the at least one parameter within each
domain is limited to a pre-determined value, such that
each domain corresponds to a limited range of said
physical property of the tissue; and

a descriptor is determined for each of said at least one
domain, wherein the descriptor for a given domain
comprises information related to the photoacoustic
image for each contributing domain of a set of con-
tributing domains, wherein the set of contributing
domains comprises one or more domains other than
said given domain;

wherein the descriptor further comprises, for each con-
tributing domain of the set of contributing domains,
information related to the location of said given domain
and each of said contributing domains with regard to
the photoacoustic setup;

wherein the information related to the location of said
given domain and each of said contributing domains
with regard to the photoacoustic setup is in the form of
a contribution specifier, wherein the contribution speci-
fier for a contributing domain defines a relationship
between said contributing domain and said given
domain, wherein the relationship reflects characteris-
tics of the photoacoustic setup;

wherein said characteristics of the photoacoustic image
comprise at least one of the geometry of the photoa-
coustic setup, the properties of the sampling light, and
the effects of light propagation through the tissue; and

wherein the information related to the photoacoustic
image is comprised in a value of a photoacoustic signal,
wherein the photoacoustic signal is evaluated at least at
some of said plurality of domains, and wherein the
value of the photoacoustic signal at a given domain is
a measure of the energy of the sound waves resulting
from the photoacoustic effect in that given domain.
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