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Abstract

In this paper, we propose a computational framework to estimate the physical
properties that govern the thermal response of laser-irradiated tissue. We focus in
particular on two quantities, the absorption and scattering coefficients, which describe
the optical absorption of light in the tissue and whose knowledge is vital to correctly
plan medical laser treatments. To perform the estimation, we utilize an implementa-
tion of the Ensemble Kalman Filter (EnKF), a type of Bayesian filtering algorithm for
data assimilation. Unlike prior approaches, in this work we estimate the tissue optical
properties based on observations of the tissue thermal response to laser irradiation.
This method has the potential for straightforward implementation in a clinical setup,
as it would only require a simple thermal sensor, e.g., a miniaturized infrared cam-
era. Because the optical properties of tissue can undergo shifts during laser exposure,
we employ a variant of EnKF capable of tracking time-varying parameters. Through
simulated experimental studies, we demonstrate the ability of the proposed technique
to identify the tissue optical properties and track their dynamic changes during laser
exposure, while simultaneously tracking changes in the tissue temperature at locations
beneath the surface. We further demonstrate the framework’s capability in estimating
additional unknown tissue properties (i.e., the volumetric heat capacity and thermal
conductivity) along with the optical properties of interest.

Keywords: system identification, tissue optical properties, laser-tissue interactions,
thermal sensor, laser surgery, online estimation, ensemble Kalman filtering.

1 Introduction

Lasers are an integral part of modern medicine, and their applications span across a wide
range of therapeutic areas [1]. In minimally invasive surgery, lasers are frequently used to
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perform precise tissue cutting and ablation [2]. Another major application area is photother-
mal therapy, where lasers are used to thermally necrotize diseased tissue in-situ, e.g., to treat
otherwise inoperable tumors [3]. In all of these applications, it is of vital importance to con-
trol the interactions that occur between the laser light and the tissue being treated. Prior
research has extensively explored the mechanisms of light absorption in biological tissue, and
it has produced models capable of predicting the physical tissue changes created by laser
light [1, 4]. These models can be used for treatment planning, i.e., to determine what laser
settings should be used to achieve the desired clinical outcomes. Typically available settings
include the laser wavelength, beam waist, number and duration of pulses, and energy per
pulse.

Existing laser-tissue interaction models require explicit knowledge of the tissue optical
characteristics, including the absorption and scattering coefficients. Taken together, these
two coefficients describe the optical penetration of light into the tissue and determine what
fraction of light is absorbed. Knowledge of these coefficients is necessary to correctly plan
and carry out a laser treatment, but, unfortunately, accurate estimations may not always be
readily available. Prior studies have experimentally documented absorption and scattering
in a variety of different biological media [5, 6]. In practice, the applicability of these results
is limited by the fact that the optical properties of living tissue can vary considerably from
individual to individual, site to site, and even time to time [6]. It would be desirable to
measure the tissue optical properties directly during a procedure, so that the operating
physician could regulate the laser settings accordingly.

Motivated by the foregoing considerations, in this paper we propose a new method to
determine the absorption and scattering coefficients of living tissue during a laser treatment.
Because absorption and scattering can be difficult to characterize via direct measurements,
most of the techniques currently available for this purpose are based on indirect estimation
methods. A common approach is to measure the tissue reflectance, either with an integrat-
ing sphere [7,8] or a specialized fiberoptic device [9–11], and then inversely fit the unknown
absorption and scattering coefficients using a model of light propagation in tissue. These
methods are effective, but they may require the introduction of bulky and/or expensive
instrumentation in the clinical setup. In contrast to existing techniques, in this paper we
propose to characterize absorption and scattering based on the observation of the tissue ther-
mal response to laser exposure. The rationale for this approach is provided by the fact that
the tissue temperature is routinely monitored during many medical laser procedures [12].
Therefore, the method we propose in this paper would be relatively straightforward to im-
plement in the workflow of a laser procedure, as in fact it would not require the introduction
of additional instrumentation in the clinical setup.

To characterize absorption and scattering, we propose to use an Ensemble Kalman Filter
(EnKF), a type of computational Bayesian filtering algorithm for data assimilation [13–16].
Briefly, our proposed approach works as follows: given an initial guess of the unknown coef-
ficients, we first predict the tissue thermal response using a thermal laser-tissue interaction
model; we then update the tissue optical properties to minimize the difference between the
predicted and observed tissue temperature. The sequential nature of EnKF algorithms en-
ables the implementation of an online estimation process, i.e., the absorption and scattering
coefficients are progressively refined as more and more temperature observations become
available over time. In particular, we utilize a version of the EnKF capable of estimating

3



time-varying parameters [17–19]. As we show later in this paper, our approach enables the
detection and tracking of dynamic changes in the tissue properties that may occur dur-
ing laser exposure [20, 21], while simultaneously predicting the temperature of the tissue at
unmeasured locations beneath the tissue surface.

1.1 Contributions

The main contributions of this paper are as follows:

• We propose a new computational framework which utilizes ensemble Kalman filtering
and thermal sensor measurements from the surface of the tissue to identify the tissue
optical properties during thermal laser-tissue interactions. Key features of the proposed
approach include: (i) the ability to detect and track dynamic changes in the tissue
properties during laser exposure; and (ii) the capability of simultaneously predicting
the temperature of the tissue at unmeasured locations beneath the tissue surface. We
provide a comprehensive description of the framework, which enables other researchers
to replicate this work and integrate it in their own setups.

• Through a set of numerical experiments with increasing complexity, we demonstrate
the viability of the proposed approach in estimating both constant and time-varying
tissue optical properties (namely, the absorption and scattering coefficients), while
simultaneously tracking the temperature of the tissue at locations beneath the tissue
surface, given sequential temperature measurements obtained at a single location on
the tissue surface. We further demonstrate the ability of the proposed framework to
estimate additional unknown tissue properties (i.e., the volumetric heat capacity and
thermal conductivity) along with the optical properties of interest.

We note that while Kalman filtering is a well-known data assimilation technique, our work
uses a formulation of the EnKF that allows for the online tracking of time-varying parameters
[17–19]. Such capability is vital in the estimation of tissue optical properties, as prior research
shows that these properties can shift during laser exposure [20–22]. The approach outlined
in this paper demonstrates a novel application of the EnKF in this setting with potential to
advance the state-of-the-art for tissue identification during medical laser procedures.

1.2 Paper Outline

The remainder of the paper is organized as follows: Section 2 presents the proposed method,
first briefly reviewing the dynamics of thermal laser-tissue interactions and then formulating
the tissue identification problem; Section 3 describes the simulations performed to verify the
viability of the proposed approach; Section 4 discusses the contributions and limitations of
this study; finally, Section 5 concludes the manuscript.

2 Materials and Methods

In this section, we begin with an overview of our proposed approach for identifying the tissue
optical properties given thermal sensor measurements. We then briefly review the role that
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the absorption and scattering coefficients play in the thermal response of laser-irradiated
tissue. We provide an overview of the dynamics of thermal laser-tissue interactions and
introduce the temperature model used by the EnKF. A detailed derivation of this model is
beyond the scope of this paper, and interested readers are referred to available textbooks on
the topic; see, e.g., [1]. Finally, we describe the procedure for estimating the absorption and
scattering coefficients using the EnKF with thermal sensor data.

2.1 Online Estimation of Tissue Optical Properties

Our proposed online estimation approach to identify the tissue absorption and scattering
coefficients is based on using ensemble Kalman filtering to assimilate thermal sensor data.
In the EnKF framework, the unknown parameters of a system are modeled as stochastic
variables whose probability density functions are represented by a set of random realiza-
tions called an ensemble. Each time new thermal sensor measurements become available,
the ensemble is manipulated through a set of update rules to reflect the new probability
distributions of the unknown parameters conditioned on the observed data. In particular,
we utilize a version of the EnKF capable of tracking time-varying parameters [17,18], which
enables us to monitor the shift in the tissue optical properties that may occur during a laser
procedure [20–22].

Figure 1 illustrates the proposed estimation approach: the tissue is irradiated with a laser
pulse, triggering a localized temperature increase which is observed by a thermal sensor; with
each observation, the EnKF compares the sensor data with the output of a laser-tissue inter-
action model and updates the ensemble in such a way to minimize the model-data mismatch
(i.e., the difference between the model output and the measured tissue temperature) and a
weighted regularization term. At any given time, the ensemble mean is used as an estimate
of the unknown absorption and scattering coefficients, while the standard deviation provides
a measure of uncertainty.

2.2 Thermal Response of Laser-Irradiated Tissue

To model the tissue’s thermal response to laser irradiation, we consider a scenario where a
block of tissue is exposed in air to a laser beam. We further assume that the laser beam
is perpendicular to the tissue surface. A Cartesian reference frame is established on the
surface of the tissue so that the Z-axis of the frame corresponds to the optical axis of the
laser beam. We define the tissue temperature as a function T (x, y, z, t), where x, y, z are
spatial coordinates and t represents time. The tissue temperature can be calculated by
solving the following differential equation [1]:

cv
∂T

∂t
= k

(

∂2T

∂x2
+

∂2T

∂y2
+

∂2T

∂z2

)

+ S (1)

where cv is the volumetric heat capacity of the tissue (J cm−3 K−1), k is the tissue thermal
conductivity (W cm−1 K−1), and S is the volumetric power density (W cm−3). This latter
term models the heat created by the laser in the tissue and is given by

S = PA (2)
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Figure 1: Proposed approach for the identification of the tissue absorption and scattering
coefficients, µa and µs, respectively, during laser surgery. The laser light delivered to the
tissue is absorbed under the form of heat, and the corresponding temperature increase is
observed with a thermal sensor, i.e., an infrared thermal camera. An Ensemble Kalman Filter
(EnKF) is used to estimate the unknown coefficients based on the observed temperature
dynamics.

where P is the beam power (W) and A is the light absorption map (cm−3), which represents
the fraction of light captured at any given location within the tissue volume [23].

To calculate the absorption map A, it is necessary to model the diffusion of light into
the tissue. It is in these calculations that the coefficients of absorption µa and scattering µs

(both having units of cm−1) appear. Obtaining a closed form solution for the absorption map
can be challenging, and this quantity is frequently calculated with a Monte Carlo method
instead [23, 24]: the idea is to simulate the optical path of a large number of photons as a
discrete random walk, and to keep track of where the photons deposit energy. The length of
each step of the walk is sampled from a logarithmic distribution [23], i.e.,

s =
− ln(ζ)

µa + µs

(3)

where ζ is a computer-generated number sampled uniformly at random between 0 and 1.
When a photon moves from one step to the next, its direction of travel will change due
to scattering. This change in direction is modeled by means of an azymuthal component,
sampled uniformly at random between 0 and 2π, combined with a deflection angle α, which
is typically modeled using the Henyey-Greenstein function [25], i.e.,

p(cos(α)) =
1− g2

2(1 + g2 − 2g cos(α))3/2
(4)

with g being the expected value of cos(α). This parameter is also known as the anisotropy
factor, and for most biological tissues, its value has experimentally been determined to range
between 0.7 and 0.99 [1].
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innovation term is typically drawn from a Gaussian distribution with zero mean and some
prescribed covariance; i.e., vnj+1 ∼ N (0,C), where C is a diagonal matrix set prior to running
the filtering algorithm. The parameter values θnj are propagated forward using a random
walk model of the form

θnj+1|j = θnj + ξnj+1, n = 1, . . . , N (6)

where ξnj+1 ∼ N (0,E) with a prescribed covariance matrix E, which is also set prior to
running the filter. The choice of the covariance matrix E in the random walk model plays an
important role in successfully capturing the parameter dynamics; see, e.g., [18]. Note that
the parameter forward prediction in (6) is not necessary if the parameters are assumed to
be constants; however, it is vital in tracking time-varying parameters [18].

The predicted temperature and parameter values are augmented into vectors of the form

znj+1|j =

[

T n
j+1|j

θnj+1|j

]

, n = 1, . . . , N (7)

which are used to compute the sample mean

z̄j+1|j =
1

N

N
∑

n=1

znj+1|j (8)

and covariance matrix

Γj+1|j =
1

N − 1

N
∑

n=1

(znj+1|j − z̄j+1|j)(z
n
j+1|j − z̄j+1|j)

T (9)

of the prediction ensemble. Note that the covariance matrix Γj+1|j contains the variances
of the predicted states and parameters along its main diagonal, with covariance information
between pairs encoded in the off-diagonal entries.

2.3.2 Analysis Step

During the analysis step, the observed data dj+1 are assimilated in producing the posterior
ensemble, which is computed by

znj+1 = znj+1|j + Kj+1

(

dnj+1 −G(znj+1|j)

)

(10)

for each n = 1, . . . , N . Here

dnj+1 = dj+1 + wn
j+1, n = 1, . . . , N (11)

generates an ensemble of fictitious measurements around the observed data dj+1, with
wn

j+1 ∼ N (0,D) representing observation error for some prescribed covariance matrix D; G is
the observation function, which maps the predicted states and parameters to corresponding
model observations; and Kj+1 is the Kalman gain matrix, which contains cross-correlation in-
formation between the predicted model states and parameters. In this work, the observation
function G in (10) is a linear mapping

G(znj+1|j) = Pznj+1|j, n = 1, . . . , N (12)
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where the projection matrix P picks out the tissue location at which the temperature is being
measured, and the Kalman gain is computed by

Kj+1 = Γj+1|jP
T
(

PΓj+1|jP
T + D

)−1
. (13)

Since the tissue optical properties are not observed (i.e., there are no sequential measurements
available for these quantities), the parameters are updated in the analysis step only through
their cross-correlation with the tissue temperature, which is encoded in the Kalman gain;
see, e.g., [15] for more details. Posterior ensemble statistics are computed similarly as in (8)
and (9) using znj+1.

This two-step iterative process repeats for j < M . Note that here we assume that
temperature data are available at each time j; if measurements are not available at a subset
of the filter time steps, the observation update can be neglected such that the prediction
ensemble serves as the posterior at these steps. Further note that dj+1 in (11) represents the
observed temperature measurement at time j + 1, which we assume is available through a
suitable thermal sensor (see Figure 1). The action in (11) thereby accounts for uncertainty
in this measurement by generating an ensemble of fictitious observations drawn from a
Gaussian distribution whose mean is given by the observed data. This helps to mitigate
underestimation of the ensemble covariance; see [26] for more details.

3 Results

In this section, we present a set of numerical experiments demonstrating the viability of the
proposed method in estimating the unknown tissue absorption and scattering coefficients
given simulated thermal sensor data. Simulations were performed using the MATLAB®

programming language (The MathWorks, Inc., Natick, MA). In the results that follow, we
solved the thermal laser-tissue interaction model described in Section 2.2 using the toolbox
developed by [24]. In this toolbox, the volumetric power density S in (2) is calculated
using a Monte Carlo method; then, the heat equation in (1) is solved with a finite element
method [24].

3.1 Data Generation and Setup of Numerical Experiments

In each experiment, we simulate the setup illustrated in Figure 3, where a laser pulse is
applied to the surface of a sample of biological tissue. As a baseline, we assume that the
tissue has the physical properties summarized in Table 1; these properties are similar to those
used in [24] to represent standard tissue. The laser beam has a uniform intensity profile,
with a radius of 1 mm and a power of 0.5 W. The dimensions of the tissue sample are 0.5
cm × 0.5 cm × 0.25 cm. For computational purposes, the tissue block is discretized into a
grid of 100 × 100 × 50 cubic elements, or voxels.

We assume that tissue temperature measurements are available through a suitable sensor.
Different thermal sensors have been proposed to monitor the temperature of tissue during
laser irradiation. Non-contact infrared (IR) sensors provide a convenient option, as they can
monitor the superficial tissue temperature without interfering with the laser application; see
[27,28]. In this paper, we simulate the use of an IR sensor that monitors the temperature at
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Figure 4: Sensitivity of the simulated tissue temperature at the measurement location shown
in Figure 3 with respect to the absorption (left) and scattering (right) coefficients. The
volumetric heat capacity and thermal conductivity are fixed to the values in Table 1. In
each plot, the laser pulse duration is shaded in gray.

in µa corresponding to a significant increase in the peak temperature occurring at the end
of the pulse duration; however, the temperature profiles are more difficult to distinguish for
the different values of µs (ranging from 100 to 500 cm−1), with increases in µs by increments
of 100 cm−1 resulting in comparatively small changes in the tissue temperature. While not
shown, this distinction between temperature profiles becomes even more challenging in the
presence of sensor noise.

In the numerical experiments that follow, we consider two cases: one in which the optical
properties remain constant (static) throughout the laser-tissue interaction (as may occur
during tissue probing); and one in which the optical properties shift during laser exposure
(as may occur during a laser procedure). In the former case, we assume that the tissue
has the constant physical properties given in Table 1; in the latter case, we modify the
absorption and scattering coefficients to include time-varying dynamics. While our focus
in this work is on identifying the optical properties, the solution to the heat equation (1)
also relies on knowledge of two additional tissue parameters, namely, the volumetric heat
capacity, cv, and thermal conductivity, k. We note that these additional parameters may not
always be known a priori in a realistic setting, but reasonable approximations can generally
be obtained using empirical models available in the laser-tissue interactions literature [1].
When these parameters are also unknown or uncertain, the proposed framework can be
extended to accommodate their estimation; we demonstrate this in the results that follow.

At the beginning of each numerical experiment, we initialize the EnKF with an ensemble
of size N = 50. We assume the initial tissue temperature is 0 °C and draw the initial values
for the unknown absorption and scattering coefficients from uniform prior distributions,
where the bounds are taken to be 0.5 to 2 times the values listed in Table 1. To perform
the temperature prediction step (see Section 2.3.1), the filter runs its own implementation
of the laser-tissue interaction model with a coarser tissue grid (i.e., 20 × 20 × 10 voxels)
than the one used to simulate the sensor data. We equip the EnKF with a coarser geometric
tissue model for two reasons: (i) to limit the computational complexity of the filter; and (ii)
to verify that the filter is able to perform the estimation when a perfect geometric model of
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Figure 5: Sensor data generated with constant tissue optical properties. (Left) Surface
temperature data observed via virtual sensor at the measurement location shown in Figure 3.
(Right) The corresponding absorption and scattering coefficients, as given in Table 1. The
volumetric heat capacity and thermal conductivity are also as given in Table 1. In each plot,
the laser pulse duration is shaded in gray.

the tissue is not available (as would be the case in realistic application scenarios). We assign
the model innovation covariance matrix in the prediction step to be C = σ2

C I with σC = 0.2,
where I is the identity matrix of appropriate size, and the observation noise covariance matrix
in the analysis step to be D = σ2

D with σD = 0.5. In addition to estimating the unknown
tissue properties in each case, we also demonstrate the filter’s ability to simultaneously track
the tissue temperature at unobserved locations beneath the tissue surface. More specifically,
we estimate the temperature profiles at the sensor location (x, y, z) = (0, 0, 0) and at depths
of 0.1 cm and 0.2 cm directly below, with respect to the tissue geometry shown in Figure 3.

3.2 Identifying Constant Absorption and Scattering

In the first experiment, we simulate a scenario in which the tissue optical properties remain
constant during laser irradiation. This scenario may occur, e.g., in probing the tissue with
a short low-power laser pulse to identify its optical properties and inform the planning of
laser actions before a surgical procedure. In this simulation, we apply a laser pulse for 5
seconds, then continue to observe the tissue temperature for 10 more seconds. Figure 5
shows the simulated sensor observations and the corresponding constant absorption and
scattering coefficients, as in Table 1. Given the sensor data, and assuming knowledge of the
other tissue properties, we aim to estimate the true values of the absorption and scattering
coefficients. In this case, we assume equally small variation in both the absorption and
scattering coefficients; therefore, we set the covariance matrix in the parameter random walk
in (6) to be E = σ2

EI with σE = 10−4, where I is the 2× 2 identity matrix (corresponding to
the two unknowns).

Figure 6 shows the resulting EnKF estimates of µa and µs, along with the corresponding
tissue temperature estimates at the three specified locations on and beneath the surface of
the tissue; i.e., at the sensor location (x, y, z) = (0, 0, 0) and at depths of z = 0.1 cm and
z = 0.2 cm with respect to the tissue geometry in Figure 3. Note that the EnKF estimate in
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Figure 6: Constant parameter estimation results. (Top) EnKF tissue temperature estimates
at three locations on and below the surface of the tissue. (Bottom) EnKF estimates of the
absorption and scattering coefficients. In each plot, the laser pulse duration is shaded in gray,
the true value of the temperature or parameter is shown in dashed black, the EnKF mean
is shown in solid red, and the ±2 standard deviation uncertainty bounds around the mean
are shown in dashed red. The sensor data are shown in black markers on the temperature
plot when z = 0, overlaid with the EnKF estimate and uncertainty bounds.

each plot is the ensemble mean, with uncertainty bounds given by ±2 standard deviations
around the mean.

As seen in Figure 6, the EnKF provides an accurate estimate of the absorption coefficient,
with uncertainty bounds shrinking over time. The estimate of the scattering coefficient drifts
to a slightly higher value after the laser is turned off, with wider uncertainty bounds that
do however contain the true parameter value. This drift may result from the fact that
the thermal response of the tissue in (1) is less sensitive to variations in scattering than
absorption, as illustrated in Figure 4. In fact, small variations in the scattering coefficient
(here < 25 cm−1 between the true value and EnKF estimate) produce negligible effects on
the tissue temperature at the sensor location, therefore making it difficult to discern the true
underlying parameter value from the available observations. We further note that, while only
observing data at the surface sensor location, the filter is able to well estimate the tissue
temperature at the two locations tracked below the tissue surface, with wider uncertainty
bounds as the location becomes farther from the surface.
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Figure 7: Sensor data generated with time-varying tissue optical properties. (Left) Surface
temperature data observed via virtual sensor at the measurement location shown in Figure 3.
(Right) The corresponding absorption and scattering coefficients, as defined in (14) and (15),
respectively. The volumetric heat capacity and thermal conductivity are given in Table 1.
In each plot, the laser pulse duration is shaded in gray.

3.3 Identifying Time-Varying Absorption and Scattering

In the next experiment, we repeat a similar procedure as above, but this time altering the
tissue optical properties such that they change over time during laser exposure. This scenario
simulates shifts in the tissue optical properties that may occur during the actions of a laser
procedure. Laser-induced alterations in the absorption and scattering coefficients have been
documented in prior literature [20–22], and our current understanding is that these changes
occur due to the tissue’s exposure to heat created by the laser.

To simulate these shifts, we model both the absorption and scattering coefficients as con-
tinuous piecewise functions that increase linearly during the laser pulse and remain constant
when the laser is turned off. Recent studies in the biomedical imaging literature indicate that
ramp-increasing functions are a valid approach to model the shift in the optical properties
of laser-irradiated tissue [29]. More specifically, we let

µa(t) =

{

0.6t+ 1 if 0 ≤ t ≤ 5

4 if 5 < t ≤ 15
(14)

and

µs(t) =

{

80t+ 100 if 0 ≤ t ≤ 5

500 if 5 < t ≤ 15
(15)

respectively. Figure 7 plots these time-varying absorption and scattering coefficients, along
with the simulated sensor observations that correspond. We note that the EnKF does not
assume any knowledge of these relations, and the goal of this experiment is precisely to
verify if the filter is able to track the absorption and scattering coefficients as their values
change over time. Here we assign the parameter random walk covariance matrix E to be
a 2 × 2 diagonal matrix where the standard deviations corresponding to the absorption
and scattering coefficients are set to 0.1 and 10, respectively, relative to their individual
magnitudes.
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Figure 8: Time-varying parameter estimation results. (Top) EnKF tissue temperature esti-
mates at three locations on and below the surface of the tissue. (Bottom) EnKF estimates
of the absorption and scattering coefficients. In each plot, the laser pulse duration is shaded
in gray, the true value of the temperature or parameter is shown in dashed black, the EnKF
mean is shown in solid red, and the ±2 standard deviation uncertainty bounds around the
mean are shown in dashed red. The sensor data are shown in black markers on the temper-
ature plot when z = 0, overlaid with the EnKF estimate and uncertainty bounds.

Figure 8 displays the resulting estimates of µa(t) and µs(t), along with the corresponding
tissue temperature estimates at the three aforementioned locations. These results show
that the filter is able to well track the change in absorption throughout the duration of
the experiment. The increase in the scattering coefficient is more difficult to track during
the laser pulse, but the filter is able to capture its overall behavior and identify the true
constant value shortly after the laser is turned off. In both cases, the uncertainty bounds for
the time-varying coefficients become increasingly wider once the laser is off. The estimates of
the tissue temperature at and below the surface remain accurate throughout the experiment.

3.4 Estimating Additional Unknown Tissue Properties

In the previous two experiments, we estimate the unknown absorption and scattering co-
efficients while assuming that the remaining tissue physical properties (in particular, the
volumetric heat capacity, cv, and thermal conductivity, k) are known and fixed to their true
values. However, since these properties may also be unknown or uncertain in realistic set-
tings, we note that the framework described in Section 2 can be extended to accommodate
the estimation of additional unknown or uncertain tissue parameters. To do this, we modify
the vector of unknown parameters to include cv and k, so that θ = (µa, µs, cv, k), and proceed
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Figure 9: Additional tissue parameter estimation results. (Top) EnKF tissue temperature
estimates at three locations on and below the surface of the tissue. (Bottom) EnKF estimates
of the absorption and scattering coefficients, as well as the volumetric heat capacity and
thermal conductivity. In each plot, the laser pulse duration is shaded in gray, the true value
of the temperature or parameter is shown in dashed black, the EnKF mean is shown in
solid red, and the ±2 standard deviation uncertainty bounds around the mean are shown
in dashed red. The sensor data are shown in black markers on the temperature plot when
z = 0, overlaid with the EnKF estimate and uncertainty bounds.

with the estimation as previously described. Note that the additional unknown parameters
increase the complexity of the inverse problem by introducing additional uncertainty into
the solution of the laser-tissue interaction model at each time step.

In this experiment, we assume the same sensor data as in Figure 7 and aim to estimate
both the time-varying absorption and scattering coefficients as well as the constant volu-
metric heat capacity and thermal conductivity parameters. The parameter random walk
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covariance matrix E in this case is a 4 × 4 diagonal matrix, where we set the standard de-
viations corresponding to the absorption and scattering coefficients to 0.1 and 10, as in the
previous experiment, and the standard deviations corresponding to both the volumetric heat
capacity and thermal conductivity to 10−4. Figure 9 shows the resulting EnKF estimates
of µa(t), µs(t), cv, and k, along with the corresponding tissue temperature estimates at the
three specified locations. Despite the additional complexity, results show that all four pa-
rameters are generally well tracked, with the true parameter values in each case lying within
the EnKF uncertainty bounds. Compared to the results in Figure 8, the effects of introduc-
ing the additional unknowns are seen in the estimates of µa(t) and µs(t), where the EnKF
has more difficulty tracking the true time-varying functions. However, the filter is able to
identify the ramp-like increases in both µa(t) and µs(t) during the laser pulse and converge to
constant values after the laser is turned off (with relative errors at time t = 15 on the order
of 10−1 in each case), thereby capturing the overall shape of the underlying functions. The
final EnKF estimates of cv and k at time t = 15 are slightly higher than the true parameter
values, also with relative errors on the order of 10−1 in each case. The temperature profiles
at z = 0.1 and z = 0.2 cm below the tissue surface are both well estimated by the EnKF
mean but with wider uncertainty bounds than in Figure 8, which is reasonable due to the
additional modeling uncertainties introduced.

4 Discussion

In this work, we propose a novel online procedure for identifying tissue optical properties
during thermal laser-tissue interactions. The proposed method utilizes ensemble Kalman
filtering and tissue temperature measurements obtained via thermal sensor technology to
estimate and track changes in the absorption and scattering coefficients during laser exposure.
Through simulated experimental studies, we demonstrate the viability of our approach in
identifying both constant and time-varying optical coefficients, as well as to track the tissue
temperature at unmeasured locations beneath the tissue surface.

In the constant coefficient case, where the absorption and scattering coefficients remain
constant over time, the results in Figure 6 show that the filter is able to well identify and
track with reasonable accuracy the underlying true coefficient values throughout the pulse
duration. We observe a tightening of the uncertainty bounds after the pulse ends, indicating
that the filter becomes more certain about the estimates. While the scattering estimate
drifts a bit higher after the pulse, the true value remains within the uncertainty bounds of
the estimate. As illustrated in Figure 4, the temperature output at the sensor location is
less sensitive to the scattering coefficient than the absorption coefficient, and the resulting
EnKF estimate (within 25 cm−1) is therefore reasonable with respect to the model.

The time-varying coefficient case presents a challenging problem in which there is a linear
increase in both the absorption and scattering coefficients during the laser pulse, which then
switch to constants after the pulse. The results in Figure 8 show that the filter is able to
identify and well track the increase in both coefficients during the pulse as well as determine
the constant value after the pulse. Once the laser is turned off, the quick transition from
linearly increasing to constant scattering without additional laser dynamics results in larger
uncertainty over time. We note that the proposed methodology is not limited to linear
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or ramp-increasing change in the parameters and that other time-varying functions for the
parameters could be considered.

Presenting a further challenge, we also demonstrate the capability of the framework in
estimating additional unknown tissue physical properties (specifically, the volumetric heat
capacity and thermal conductivity) along with the time-varying absorption and scattering
coefficients. Despite the additional modeling uncertainties, the results in Figure 9 show
promise in the filter’s ability to reasonably approximate all four unknown tissue parameters
in situations when the volumetric heat capacity and thermal conductivity of the tissue may
not be known in advance of a laser action.

One of the main benefits of the method we theorize in this paper is that its implementation
simply requires the use of a thermal sensor to monitor the tissue temperature. Advances in
thermal sensing technology recently enabled the creation of miniaturized infrared thermal
imagers that can be easily integrated in a clinical setup [27]. We envision two possible
ways to use the proposed identification method for medical laser procedures: (i) before
a procedure, a laser could “probe” the tissue with a short low-power pulse and identify
its optical parameters to inform the planning of subsequent laser actions; (ii) the tissue
coefficients could be continuously monitored during the execution of a laser action, and this
information could be used to dynamically change the laser inputs to adapt to changes in
the tissue optical properties or to signify a stopping point for the action. We note that this
latter option is made possible by the fact that the EnKF applied in this paper is capable
of estimating time-varying parameters. Similar implementations of the EnKF have recently
been utilized for tracking time-varying parameters in biological applications [17, 18].

Another benefit of this work is that it implicitly provides a method to monitor the internal
tissue temperature during laser irradiation, where this would normally require the use of an
invasive sensor (e.g., a thermocouple deployed into the tissue). Being able to monitor the
tissue temperature is a long-standing problem in laser surgery [28, 30], as this capability is
vital to anticipate and prevent the onset of thermal injuries. The results in Figures 6, 8,
and 9 show the EnKF successfully tracking the tissue temperature at locations below the
surface (z = 0.1 cm, 0.2 cm). It is important to remark that the filter did not receive any
temperature data from these locations, as in our study we assumed the use of a sensor that
only provided superficial measurements at a single surface location. Tracking of the internal
tissue temperature is enabled by the fact the EnKF was augmented to include the tissue
temperature, as in (7), therefore enabling the prediction of temperature dynamics across the
entire volume.

The evidence reported in this paper was generated in simulation, assuming tissue with
uniform properties, to validate and provide proof-of-principle of the proposed estimation
method. In future work, we aim to further corroborate the viability of the method with real
laser-tissue interaction experiments. In moving towards a more realistic implementation,
we also aim to address possible limitations due to the computational complexity of the
proposed identification method. Although the filter itself is computationally inexpensive,
the thermal model used in the prediction step (Section 2.3.1) relies on a Monte Carlo method
to simulate light absorption. The use of Monte Carlo simulation may create a scalability
barrier, especially if one wishes to use the method described in this paper to monitor the
tissue optical properties online during a medical procedure. We plan to investigate the
use of alternative thermal models that offer a different balance between the accuracy of the
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temperature predictions and computational complexity. We also plan to study the capability
of the proposed approach in tracking changes in the tissue optical properties over a series of
laser pulses.

5 Conclusion

This paper introduces a method to identify the optical properties of tissue (namely, the ab-
sorption and scattering coefficients) using ensemble Kalman filtering and tissue temperature
measurements obtained via thermal sensor. Knowledge of these coefficients is vital to enable
accurate modeling and control of the laser-tissue interactions during laser procedures. The
contributions made in this work have the potential to enable real-time detection of changes
in tissue properties during laser surgery, where this information is key in the planning and
execution of subsequent laser actions. Through simulated experiments of increasing com-
plexity, we demonstrate the viability of the proposed approach and discuss aspects to be
addressed in future work.
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