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Abstract This paper presents an approach to determine a model of superficial tissue tem-
perature dynamics during continuous wave CO2 laser irradiation. The main contribution of
this research is the use of real data to model the thermal state of targets being irradiated with
surgical laser, using statistical learning methods. To the best of our knowledge this is the first
time that these methods have been applied in this field. This work extends previous results
which demonstrated, in simulation, the relevance and utility of machine learning methods
in modeling the thermal state of tissue during laser surgical procedures. Here we use real
data, captured with a thermal camera, to learn the function mapping from laser inputs to the
corresponding changes in tissue temperature. Based on features observed in the real data, a
new structure for the model as well as a different learning approach are proposed.

Keywords Model learning · Temperature dynamics · Laser-tissue thermal interaction

1 Introduction

The use of CO2 lasers as surgical tools to perform precise incisions in soft tissue is very
common, e.g., during laryngeal surgery [1]. In these treatments the desired incisions are
produced by manipulating the laser beam manually (using a joystick-like input device) and
establishing the tissue exposure period based on the experience of the surgeons. The resulting
incision depends on the surgeon’s ability to identify the state of the tissue (e.g., how close
is it to be carbonized by the laser) and on their manipulation skills to activate and move the
laser beam. Currently there are few assistive technologies available to perceive the state of
the tissue during laser radiation. Most sophisticated devices [2] offer predefined modes for
energy delivery in order to minimize thermal damage.
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Our research is framed within the field of surgical robotics for laser phono-microsurgery
[3], where the primary goal is to develop technologies to help the surgeon during the resection
of tumors from the vocal folds. Apart from the development of precise actuation devices to
move and activate the laser beam [4], the project endeavors to enhance the intraoperative
knowledge of the surgeon by providing on-line information about the thermal state of the
tissue. This will be beneficial to surgeons, helping them to predict, detect and prevent thermal
damage on the tissue during surgery.

We aim to produce a model able to predict the temperature of soft tissue during CO2 laser
incisions. In this paper, we demonstrate that such a model can be obtained from data using
statistical learning theory [5]. Specifically, we present a model to estimate the spatial and
temporal temperature change of the surface of agar based phantom-tissue exposed to single
point CO2 laser radiation.

The main contribution of this paper is the approach used to determine the model. The
learning approach presented here involves two phases: (i) A function describing the instanta-
neous spatial temperature profile on the surface of phantom tissue is extracted using Gaussian
regression and (ii) the temporal change of such temperature profile is learned in the Gaussian
(meta)-parameter space. The derived model is implemented in a near-real surgical setup and
online predictions are obtained during real laser exposures to demonstrate the usefulness of
the approach.

The remainder of this section motivates the problem providing an overview of the physical
phenomena being inferred as well as a discussion on the difference between the type of model
presented here and other existing models.

1.1 Motivation

When applying laser light to biological tissue, different interactions may occur (e.g., thermal,
photochemical, photoablation, photodisruption). The type of laser-tissue interaction depends
on the power density (W/cm2) and exposure time (s) [6]. During laser surgery, tissue is
vaporized given the high water content in it.

Another effect that can occur during thermal interactions is Carbonization. It occurs when
the tissue temperature rises above 100 ◦C [6] as consequence of excessive laser exposure
time. Figure 1 shows soft tissue carbonized. The onset of carbonization is determined by
the temperature at the incision point and how it spreads out in space as times goes on [7].
Carbonization indicates the tissue has suffered thermal damage, i.e., it was burned during the

Fig. 1 Sequence of soft tissue carbonization during interaction with CO2 laser radiation
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cutting process. This mainly occurs on the area surrounding the laser incidence. It is a non-
intentional damage where healthy tissue that should have been preserved is compromised.
To optimize the medical outcomes, carbonization should be avoided [6] as it leads to a longer
patient healing time and may leave scars, diminishing the quality of surgery [8]. For example,
in the case of the larynx, carbonization may influence the patient ability to regain normal
speech.

Traditional approaches to monitor the temperature of tissue during medical treatments
require the placement of sensing equipment in direct contact with the measurement site
[9]. These approaches are not applicable during laser phonomicrosurgery, due to space con-
straints: the surgical site is accessed trans-orally which does not offer enough volume for the
introduction of additional sensing equipment. Non-invasive techniques based on common
medical imaging technologies are currently being investigated [9]. These may require the
introduction of substantial changes to the medical protocol, e.g. the use of MRI-compatible
equipment. Furthermore, whether these methods account for the dynamic changes in temper-
ature observed in a spatially concentrated area during laser microsurgery is as yet unverified.
As an alternative, we propose to monitor the temperature of the surface of tissue on-line,
using a model compatible with the surgical setup.

1.2 Tissue Temperature Dynamics

It is important to point out that the objective of this paper is not to understand the mechanisms
of light propagation through tissue. Investigation on the behavior of heat conduction in
biological tissue is an active area of research aiming to understand how laser light affects
living cells. This section is intended to contextualize the research in this paper and the
complexity of the problem, and to describe the process being modeled.

The dynamics of tissue temperature describes how temperature spreads out in space during
CO2 laser exposure as times goes on. It is well known that this phenomenon can be described
by the heat diffusion equation [6,7],

∂T

∂t
− κ

ρCp
∇2T = H

ρCp
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denotes the heat capacity. The input of the system H
(
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)
represents

the absorbed power density. Solutions to this non-homogeneous differential equation depend
on the specific form of the input, as well as on the initial and the boundary conditions [6].
Solutions are commonly evaluated by means of numerical methods, as in [10–12]. These
studies present models capable to predict the temperature of tissue under specific conditions:
laser wavelength, tissue type, temperature range. They concur on the point that the varia-
tion of tissue temperature during laser irradiation is a complex phenomenon that involves
nonlinearities. Furthermore, a considerable number of parameters representing tissue and
laser properties must be accounted for when modelling it. These types of models are not
straightforward to scale into an online predictive technology providing a temperature value
of the tissue surface depending on the actions of the surgeon.

In contrast, we propose to infer a function only for predictive purposes, i.e., a map between
laser activation and temperature state during a specific type of CO2 laser exposure. As our
analysis does not depend on the physical and chemical properties of the tissue or the underly-
ing processes during light absorption and diffusion, we can define the structure of the model
such that, a value of temperature T can be computed given a point in the surface p = (x, y)
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and an exposure time texp , the model is able to predict the temperature.

T (p) = f (x, y, texp). (2)

Given a set of L samples of the input output variables
{
T i , (x, y, texp)i

}L
i=1 the previous

relation can be approximated using a supervised learning method. In a previous stage of this
work [13] we use a monte carlo algorithm and the finite differences method to generate a
numerical simulation of the process and a model was learned using locally weighted projec-
tion regression (LWPR) [14]. In this paper we present a new model derived from experimental
data. Temperature data for agar-based tissue phantoms was collected during exposure to CO2

laser.

2 Preliminaries

This section presents preliminary considerations made to select the structure of the model.
It includes the description of its geometry, the characteristics of the thermal sensor and the
desired compatibility with a digital interface to inform the surgeon about the state of the
tissue. Finally, properties of the laser source that impact the shape of the temperature profile
are also commented. These aspects were taken into account to derive the model presented in
Sect. 3.

2.1 Two Dimensional Model

The goal of our model is to provide thermal information about the tissue surface. Derivation
of a three dimensional model using supervised learning methods would require to have access
to samples of the tissue internal temperature that we cannot obtain. Besides, it is not clear
how informative would be for the surgeon the instantaneous value of temperature below the
tissue surface.

Simulation results [13] have shown that the spatial distribution of temperature in soft
tissue is not as representative in depth as it is in the horizontal plane. Maximum penetration
depths obtained were around 0.1mm for laser exposures similar to those used during larynx
cordectomy (e.g., exposure time texp = 2 s of CO2 laser with power P = 2 W). This is
a consequence of the strong absorption of CO2 laser radiation (wavelength λ = 10.6µm)
by soft tissue. The composition of soft tissue is dominated by water [15], which has a large
coefficient of absorption for radiation in the infrared range of the spectrum [6,15].

Finally, it is important to observe that, contrary to the case of analytical models our
supervised learning approach does not explicitly model the relation between heat input
and temperature change and therefore the values of temperature below the surface are not
required to predict the desired output. It can be argued that given different initial con-
ditions below the tissue surface the output of the model would be inaccurate. However,
this is true for any model unless such initial value could be actually measured during
surgery.

2.2 Sensor, Model and Technology

The sensor used to capture data from which the model has been derived is an infrared thermal
camera (FLIR A655sc, FLIR Systems Inc., USA). It provides a stream of images at a rate
of 100Hz, with a resolution of 640 × 480 pixels. The model must estimate the temperature
at any given point in the surface at any given time. Here we use discrete representations for
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Fig. 2 Raw thermal image of
phantom tissue target during laser
irradiation. Brighter colours
represent higher values of
temperature. (Color figure online)

Fig. 3 Temperature profile of the phantom tissue surface captured with a thermal camera (FLIR A665, Flir
Systems Inc., USA). Tissue was irradiated with P = 2 W of CO2 laser for texp = 2 s. This plot corresponds
to the temperature profile on the surface of the tissue 1 s after turning off the laser exposure. Before being
irradiated, this sample was kept at room temperature (∼ 25 ◦C) for 10 min

both space and time, the quantization steps are given by the resolution and frame rate of the
camera.

At each time step, Each time step, data is organized as a matrix of values representing the
temperature of each point in the scene. Preserving the same structure in the model allows to
interpret its output as images (e.g., a color based representation of the thermal state across
the tissue surface), that can be superimposed on the image presented to the surgeon.

Figure 2 shows an example of thermal image. For representation purposes, the temperature
is encoded using a colormap from blue for low values to white for higher temperatures. A
high-temperature spot can be observed on the surface of tissue, in coincidence with the laser
incidence point.

2.3 Energy Density Profile

Experiments with a standard CO2 laser source showed that the spatial distribution of the
energy is Gaussian (i.e., TEM00 laser beam [16]). Following a proportionality relation [15],
the spatial temperature rise produced by our laser is also Gaussian. The characteristics of the
Gaussian distribution of the energy depends on the focus of the beam [6]. Figure 3 shows a
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typical temperature profile of the tissue surface captured by the thermal camera after CO2

laser was applied on a single spot. The xy plane of the plot corresponds to the surface of
the tissue and, instead of using a color code, the values of temperature have been plotted in
the z-axis. Given the distance form the camera, each pixel represents 0.177 × 0.177 mm2 of
tissue surface. Details of the experimental setup are provided in Sect. 4.

3 Methodology

We assume that the thermal image provided by the sensor contains the values of temperature
for a predefined continuous rectangular plane S centered at the point of laser incision.

Let T (S, k) ∈ Rm×n be the two-dimensional matrix representing the temperature of S at
time t = k�T , assuming that t = 0 coincides with the time instant when the interaction
starts.

Temperature of the surface is not uniform and changes with time, i.e.,

T (S, k) = f (x, y, k). (3)

where (x, y) ∈ S correspond to the pixel coordinates of any point on the surface. Based
on the ideas presented in the previous section, we define a Hypothesis function given by a
Gaussian function with variable parameters,

T (S, k) = A(k) exp

(

−
(

(x − μx (k))2

2σ 2
x (k)

+ (y − μy(k))2

2σ 2
y (k)

))

(4)

where A represents the amplitude whereas σx and σy the spatial spreads of the Gaussian, and
μx , μy the center of the function. Note that this hypothesis assumes symmetry with respect
to the xy axis in the energy distribution delivered by the laser. Thus, this model can represent
elliptical temperature profiles without rotation.

3.1 Fitting a Gaussian Function

At each time step the sensor provides a set of points
{
(x, y)i , T i

}m×n
i=1 points from which

the vector of parameters θ(k) =
[
A, σ 2

x , σ 2
y , μx , μy

]
needs to be estimated. A common

approach is to use a linear version of the model, which is obtained by applying a logarithmic
operator to both sides of the equation,

log T = α0 + α1x + α2y + α3x
2 + α4y

2. (5)

hence, the nonlinear regression for (4) is transformed into a linear regression with meta
parameters, α ∈ R

5 [17], the elements of θ are then given by,

σ 2
x = −(2α4)

−1, σ 2
y = −(2α3)

−1

μx = α2σ
2
x , μy = α1σ

2
y

A = exp

(
α0 + μ2

x
2σ 2

x
+ μ2

y

2σ 2
y

)
.

(6)

A least square regression can then be applied to fit the sensor data in (5), nevertheless,
given that there is more data in the tail of the Gaussian than in the bell, weighting the
sample points by its corresponding estimation balances the influence of the entire data set
during the minimization of the sum of square errors. This is known as weighted least-square
minimization (see [18]).
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Fig. 4 Temperature distribution captured at different moments of the experiment. a Laser exposed for texp =
0.2 s, b after exposure, laser is turned off (to f f = 0.1 s) and c to f f = 0.4 s

3.2 Meta-Parameters Dynamics

Fitting the hypothesis function (4) to the data captured during a real laser exposure provides
a different vector of parameters for each time step. Figure 4 shows data corresponding to
different times during laser exposure. In order to estimate the temperature at any point and
time using such model a lookup table of hundreds of vectors of parameters would be required.

We propose to investigate a function describing the dynamics of the parameters θ(k), i.e.,
given the initial value θ(0) and an input u(k) signal, the evolution of such parameters can be
described using,

θi (k + 1) = h(θi (k), θi (0), u(k)), (7)

where u(k) may assume one of the following values:

u(k) =
{

1 laser on / heating
0 laser off / cooling

(8)

At the same time, it is important to note that the sequence of Gaussian parameters include
errors from the noise in the raw data. Moreover, these errors are propagated by the use of the
logarithmic linear regression method and by the mapping from the meta parameters in (6).
This is especially true for the amplitude (A), which is derived from a nonlinear function of
the entire vector of meta parameters.

To prevent the propagation of noise from further affecting the quality of the estimation
(i.e., the quality of h) we propose to model the evolution of the meta parameters, i.e.,

α(k + 1) = g(α(k), α(0), u(k)). (9)

The quality of g in (9) is expected to be better than the one of h in (7), given the level of
noise in the respective data set.

4 Experiments

This section describes the experiments performed to capture the data to learn and validate the
model. Single spot laser radiations on agar-based phantom tissue were produced using a CO2

laser system. Temperature of the surface is captured continuously during laser exposure plus
a proportional time after the laser is turned off in order to capture the cooling down process.
Exposure time was precisely controlled with a computerized system.
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Fig. 5 (Left) System used in the experiments. It includes a CO2 laser source and a thermal camera. (Right)
Agar gel (2 % concentration) used as tissue phantom targets

4.1 Equipment

The experimental setup is shown in Fig. 5, and it includes,

– A commercial surgical laser—Zeiss Opmilas CO2 25 : wavelength 10.6 μm, TEM00 beam
profile with Continuous Wave (CW) emission and 2–25 W power range. The activation
time of the laser is controlled with a digital controller (PI E-517, Physik Instrumente
GmbH, Germany).

– A digital thermal camera (FLIR A655, Flir Systems Inc., USA) equipped with a filter
for CO2 emissions. Data collected from the sensor is a stream of video frames with a
resolution of 640 × 480 pixels at a rate of 100Hz. The region of interest was defined
to be m = 63 × n = 54 pixels, centered in the middle of the laser spot. This field
was selected observing the propagation of temperature and with the aim of ensuring that
the total thermally active area was included. The distance from the camera to the tissue
was maintained constant throughout the experiments. The actual length and width of the
captured area on the tissue surface was Y = 9.55 mm, X = 11.15 mm respectively
(0.177 mm per pixel).

– Agar-based gel phantoms have been used to mimic soft tissue (see Fig. 5).
The constituents used to fabricate these targets are deoinized water and agar powder
(B&V s.r.l., Italy). The concentrations are as follows: 98 % water, 2 % agar.
In soft tissue the absorption of infrared laser radiation is dominated by the presence
of free water molecules [6], therefore water was chosen as the main constituent of the
targets. Although different from tissue, these gels offer a controlled medium on which
the effects of the laser can be reproducibly studied [19].

4.2 Experiment Procedure

Each experiment consisted in firing CO2 continuous wave laser of constant power (P = 3 W) to
the center of a tissue phantom. A different agar sample was used for each experiment. Samples
were stored in a refrigerated bath and taken out at room temperature (∼ 25 ◦C) 10 min before
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the experiment. The exposure time of each experiment was electronically controlled and
an independent sequence of thermal images was recorded. A total of 26 experiments were
conducted, varying the exposure time from texp = 2.0 s to texp = 4.5 s with increments of
0.1 s.

4.3 Data Sets

To solve the approximation problems formulated in Sects. 3.1 and 3.2 different data sets were
created. Here we describe the structure and the content of these sets.

This fitting problem aims to find the optimal Gaussian parameters θk that represent the
superficial temperature at any time step k. The approach was applied to all of the thermal
video frames captured during the laser experiments. During each experiment, a total of
(texp + to f f ) × 100 frames were captured, each being a matrix with l = m × n = 3,402
values of temperature. Frames taken both during the laser exposure and the cooling off phase
were considered.

Every experiment corresponds to a sequence of fitted Gaussian parameters θk , each rep-
resenting the time evolution of temperature. These sequences are used to generate the input
(x) and output (y) vectors required to learn function described in Eq. 7:

x = [θk, uk] (10)

y = [θk+1]. (11)

Note that the input incorporates the laser input term uk , which is required to estimate the
variation of the values of parameters.

5 Results

Here we present the results for the Gaussians fitting of the single thermal images, the models
obtained after learning the meta parameter dynamics and the temperature prediction that
resulted from this data.

5.1 Gaussian Fitting

As mentioned in Sect. 4.3, a total of (texp+to f f )× 100 Gaussians are approximated. Figure 6
shows an example data set and the corresponding logarithmic linear regression. Figure 7
shows the result of fitting the thermal imaging sensor data to the hypothesis function in
Eq. (4). The approximation error varies depending on the time of exposure. The temporal
evolution of the normalized and root mean squared errors are presented in Fig. 9. It can
be observed that the approximation of most of the frames present relatively low errors.
Nonetheless, for the initial frames the approximation has high values of normalized mean
square error (nMSE), indicating that the assumption of Gaussian shape is not completely
verified. On the other hand, these frames demonstrate only a few Celsius of absolute average
error (rMSE). Visual analysis of the initial frames reveals that these errors are largely due to
the presence of temperature peaks at the center of the beam (Fig. 8). These peaks are values
of temperature at the center of the beam that last only one time step (�T = 0.01 s) and we
consider as noise (Fig. 9). The physical explanation is that it corresponds to material that is
being ablated—for which, therefore, temperature monitoring is not relevant.
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Fig. 6 The surface represents the linear regression obtained for input space (x, y) mapping to z = log(T ),
using the sensor data (red markers). Note that this is not the gemoetrical representation of the tissue. (Color
figure online)

Fig. 7 Weighted least square estimation of the Gaussian model for a single time step. Corresponding para-
meters are μ = [9.277.67], σ 2 = [26.515.78] and A = 60.6457, Approximation error (mse) = 0.0156

Fig. 8 Initial frames include high peaks of temperature that are not modeled by the Gaussian function. The
peak points correspond to ablated tissue
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Fig. 9 Gaussian function approximation error for a complete experiment. rMSE (blue) and nMSE (red)
changes depending on the stage of the interaction. The nMSE tends to zero after the initial time steps. (Color
figure online)

Fig. 10 Time evolution of the Gaussian parameters (A, σx , σy ) during a texp = 2 s interaction (t0 = 5.8 s ,
t f = 7.8 s). It includes the heating and cooling phases

5.2 Temporal Evolution of the Gaussian Parameters

Figure 10 shows the temporal evolution of the Gaussian parameters A, σ 2
x , σ 2

y during a total
exposure time and laser power similar to those used in laryngeal surgery (P = 3.0 W,
texp = 2 s). As expected, the parameters evolve differently when the laser is turned on.
Different versions of Eq. (7) need to be learned to model both behaviors (heating, cooling)
although the underlying structure of the hypothesis remains the same.

During laser exposure the amplitude of the Gaussian remains rather constant (Fig. 10),
while the spread of the temperature over the tissue clearly increases. The instantaneous
peaks of temperature observed in the center of the beam are naturally filtered by the linear
regression.

When the laser is turned off, the maximum temperature decreases and the rate of change of
the variance increases. This is consistent with the analytic solution of the (homogeneous) heat
transfer equation, where the amplitude of the function is inversely proportional to the square
root of time, while the variance is directly proportional to it [6]. It can also be observed that
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Fig. 11 Meta parameters time evolution α1(blue), α2(red), α3(black), α4(green), α5 (magenta). (Color figure
online)

Fig. 12 First order dynamics in the meta parameter space α(k), α(k + 1)

the behavior of σ 2
x and σ 2

y are similar but not exactly the same: although the energy density
produced by our laser is cylindrically symmetric (TEM00), the orientation of the camera with
respect to the target introduces a perspective deformation. This deformation was kept under
control mantaining the position of the camera constant throughout the experiments.

The sequence of means (μx , μy) is not shown as it remain almost constant throughout the
experiment.

5.3 Meta Parameters Dynamics

The exponential time evolution shown by the meta parameters in Fig. 11 suggests a first order
dynamics for g of the form,

α(k + 1) = g(α(k), α(0))

α(k + 1) = C1α(k) + C0
(12)

where C1 and C0 can be extracted with a simple polynomial regression between α(k+1) and
α(k), as shown in Fig. 12. Simplified plots of the discrete dynamics of the meta parameters
(both for heating and cooling models) are shown for completeness in Fig. 13. The resulting
model parameters (C0,C1) are presented in Table 1.
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Fig. 13 Discrete dynamics of the meta parameters (αi i = 1, 2, 3, 4). Both models are shown; ‘laser on /
heating’ (first row) and ‘laser off / cooling’ (second row)

Table 1 Table of constants for
the meta parameters linear
dynamics for both models:
heating (laser on) and cooling
(laser off)

α C0on C1on C0of f C1of f

1 0.9637 0.0333 0.9557 0.0772

2 0.9705 0.0155 0.9869 0.0019

3 0.9646 0.0108 0.9864 0.0012

4 0.9716 −0.0010 0.9876 −0.0001

5 0.9649 −0.0007 0.9879 −0.0001

5.4 Temperature Estimation

The online estimation of temperature only requires the initial state of the meta parameters
vector, then the recursion in (12) evolves with the activation/deactivation of the laser input.
The Gaussian parameters and therefore the surface temperature can be estimated at any
time of interest. Figure 14 shows the comparison between the real time change of the meta
parameters and that obtained with the recursion. Figure 15 shows an example of surface
temperature reconstruction (nMSE = 0.0137).

6 Conclusions

The model presented in this paper extends previous theoretical results based on simulation
([13]). The model presented here is able to predict temperature of the surface of phantom-
tissue during single point CO2 laser ablation. The modeling process takes advantage of the
Gaussian structure of the data and here we have explained such structure analyzing the shape
of the energy spatial profile in the laser beam.

Although the hypothesis function allows us to model elliptical shapes for the Gaussian, it
assumes that it is not rotated. Due to the physical location of the sensor some perspective was
generated and data captured by the thermal camera showed that minor rotation were present.
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Fig. 14 Time evolution of the meta parameters (αi ). Learned dynamics (blue) extracted from data (red).
(Color figure online)

Fig. 15 Temperature reconstruction. At a given time during laser exposure (texp = 1.92) the temperature of
the surface is estimated using the evolution of the meta parameters with nMSE = 0.0137
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Fig. 16 Discrete dynamics of the
first element of the meta
parameter vector (α1) as well as
of the Gaussian parameter (θ1).
The pattern of α1(k) can be
modeled with a first order system

The model can be augmented, including parameters for the xy distribution of temperature,
improving the fitting error. This fitting error may also be improved using an iterative method
for Gaussian approximation [18].

The assumption that the dynamics of the meta parameters α is easier to model than the
one of the Gaussian parameters θ can be observed in Fig. 16, where the sequence of values
for the first element of both sets is shown. It can be seen that the pattern of α1 can be
described using a first order dynamics, whereas that of θ1 is much more complicated to
describe.

The main contribution of this research is the use of statistical learning theory to create a
model for temperature estimation during laser surgery. To the best of our knowledge this is
the first time that these techniques have been applied in this field.

The extension of a (learned) model to cope with a moving laser is still being investigated.
Superposition of time varying Gaussians seems to be feasible at least for the first part of the
modeling, the dynamics of the evolution of the parameters of such Gaussians will certainly
not be explained by a linear dynamical system and would require a more complex approach.

Nevertheless, the single point laser irradiation model presented in this paper is straight-
forward to implement in the surgical setup.
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