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Abstract— Thermal ablation therapy is a major minimally
invasive treatment. One of the challenges is that the targeted re-
gion and therapeutic progression are often invisible to clinicians,
requiring feedback provided in numerical information or imag-
ing. Several emerging imaging modalities offer visualization
of the ablation-induced necrosis formation; however, relying
solely on necrosis monitoring can result in tissue overheating
and endangering patients. Some of the necrosis monitoring
modalities are known for their capabilities in temperature
sensing, but the principles on which they are based have several
limitations, such as sensitivity to the tissue motion and their
environment. In this study, we propose a necrosis progression-
based temperature estimation technique as an added safety
feature for avoiding overheating. This model-based method
does not require additional sensing hardware. It is designed
to work as an independent estimator or a complimentary
estimation component with other thermometers for improved
robustness. For this objective, the Neural State Space model
is used to approximate the ablation therapy, whose theoretical
models involve nonlinear partial differential equations. Then,
the Extended Kalman Filter is designed based on the model.
The simulation study shows the estimation module robustly
estimates the tissue temperature under several types of noise.
The maximum estimation error observed before terminating
ablation was around 1 ◦C, and the desired safety feature was
successfully demonstrated. The estimator is expected to be used
in a variety of necrosis monitoring modalities to guarantee more
precise and safer treatment. More ambitiously, the architecture
with the Neural State Space model and Extended Kalman Filter
is generalizable to other medical/biological procedures involving
nonlinear and patient/environment-specific physics and even to
procedures having no reliable theoretical models.

I. INTRODUCTION

Thermal ablation therapy is frequently used in today’s
clinical settings as one of the major techniques of minimally
invasive intervention. The low invasiveness addresses several
challenges that conventional open surgeries are facing. For
example, it allows access to deep or sensitive areas while
minimizing the damage to the surrounding important regions
such as nerves and blood vessels. In addition, its limited
physical burden can result in much shorter hospitalization
and provide vulnerable patients such as elderly people with
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Fig. 1. Concept drawing illustrating developed safety feature for thermal
ablation control; The temperature safety feature is expected to turn off the
ablation based on the estimated temperature. The temperature estimation
will be achieved using the Extended Kalman Filter designed based on the
Neural State Space model, which is prepared through the learning of the
FEM-based simulation dataset.

proactive treatment options; otherwise, the disease would be
just managed, not treated. Brain tumor ablation is one of the
examples to which the ablation therapy is widely applied [1].

Although ablation therapy provides significant benefits in
several aspects, one of the challenges of this technique is that
the ablation applicator, the targeted region, and therapeutic
progression are usually invisible to clinicians and the therapy
needs to be performed under feedback provided as numerical
or visual information and in most cases, RGB cameras are
not in the options due to the limited space and blood filled
in the space. Therefore, it is challenging to visually monitor
how the tissue reacts with the heat, resulting in feed-forward-
like ablation protocol in some cases such as cardiac ablation
for atrial fibrillation (AF). In fact, it is well-known that the
recurrence rate of AF after ablation therapy is quite high [2],
which implies the ablation is not supplied as expected.

In order to provide a feedback-control capability during
the thermal ablation procedure, several approaches have
been introduced. Direct necrosis monitoring-based feedback
control (NFB) is one of the examples and it is expected to
provide more precise and safer ablation than the techniques
available today in clinical settings [3]. The NFB control is
based on the direct monitoring of the heat-induced necrosis
formation, not monitoring the tissue temperature and estimat-
ing the necrosis formation based on the temperature and the
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assumed necrosis formation model. Therefore, differentiation
of the tissue characteristics is required and several imaging
modalities such as ultrasound (US) [4]–[6] and photoacoustic
(PA) imaging [7]–[9] have been used and their capabilities
have been demonstrated.

Although the NFB control can theoretically provide ac-
curate ablation, NFB alone can cause a different issue: the
induced heat can be too high and endanger patients. One of
the typical examples is the ”steam-pop”, which is reported in
the cardiac ablation domain and can cause cardiac perforation
and tamponade, which is a life-threatening condition [10]. It
is analyzed that the steam-pop occurs when the actual tissue
temperature exceeds 100 ◦C [11]. Even in the case in which
the cardiac ablator has a temperature sensor at the electrode,
it is known that there is a discrepancy between the displayed
temperature and the actual tissue temperature, which makes
the prediction of the steam-pop challenging [12]. Also, in
brain ablation, it is reported that the ablation control software
has the feature to automatically deactivate ablation when the
temperature exceeds the predefined limit temperature in a
certain area [13]. These examples imply the importance of
the safety feature based on the actual tissue temperature for
patient safety even when the NFB control is used as the
primary control approach.

Whereas one of the direct solutions to this issue is to add a
thermometer, several challenges exist in a variety of aspects
such as cost and reliability. For example, intraoperative
magnetic resonance imaging (iMRI) is the existing reliable
thermometer for ablation, but it is highly expensive and not
installed in many hospitals. Moreover, iMRI provides strict
restrictions on the materials to use in the room [14]. As
a different example, some cardiac ablation devices have a
temperature sensor at the electrode, but it is not regarded as a
reliable thermometer for actual tissue temperature monitoring
[15] and it does not access the temperature inside the tissue.

Another challenge is that although some necrosis sensing
modalities such as the US and PA are also capable of
temperature monitoring [16], [17], there are several limita-
tions in temperature sensing due to the physics on which
they are based. For example, the PA thermometer is mainly
based on the phenomenon called the photoacoustic effect.
The effect is affected not only by target temperature but
also by other factors such as material properties, ambient
temperature, sensor position, and light source stability, which
makes this approach sensitive to the environment, requiring
well-controlled conditions [18], [19]. The US-based ther-
mometer mainly relies on shifting in acoustic properties such
as attenuation, speed of sound, and backscattered energy.
Nonetheless, several limitations such as its high sensitivity to
tissue motion are reported [20], [21], which makes the US-
based thermometer challenging to use for clinical purposes.

Given the challenges above, we aim to propose a necrosis
progression-based tissue temperature estimation technique as
an added safety feature for avoiding overheating. This model-
based method does not require any additional sensing hard-
ware. It is designed to work even if the necrosis monitoring
modality does not have temperature monitoring capability,

and if the necrosis monitoring modality has temperature
monitoring capability, the proposed approach can be used as
another variable to provide for improved robustness. Since
the idea is based on the necrosis progression, the principle
is expected to be compatible with all necrosis monitoring
modalities.

As a technical approach toward this objective, we choose
to use the idea of the observer because the tissue temperature
can be formulated in the context of state estimation in control
engineering. Since one of the strengths of control engineering
is its generality and resulting compatibility with a wide
variety of applications, ablation therapy should be dealt with
under the generalized field of control theory. In fact, some
medical-related domains such as neuroscience have actively
used control theory to tackle their challenges [22], [23].
Based on Fig. 2, necrosis formation can be seen as the
measured output from the system, and the tissue temperature
can be categorized as one of the internal states of the system.

One of the challenges in applying control engineering to
medicine/biology-related processes is to have an appropriate
model, and even if the models are derived, they can be highly
nonlinear and challenging to solve efficiently [24]. Thus, the
neural state space (NSS) model is selected in this study to
formulate the corresponding state space model because the
NSS model is known for its usefulness particularly when
linear models fall short due to the non-linearity of the system
[25]. As an observer, the Extended Kalman Filter (EKF) is
selected for its computational efficiency [26] and simplicity.

In this paper, we propose a temperature estimation tech-
nique based on necrosis formation (Fig. 1). The estimator
enables providing a safety feature automatically terminating
ablation before the tissue temperature exceeds the safety
limit. For this objective, the NSS model is used to approxi-
mate the ablation therapy, whose theoretical models involve
nonlinear partial differential equations. As an observer, the
EKF is designed based on the NSS model to estimate
the tissue temperature. The performance of both the NSS
model and the EKF-based state estimation is evaluated as
an independent temperature estimator and the temperature
safety feature is demonstrated in the simulation environment.

II. MATERIALS AND METHODS

A. Bioheat Transfer Equation

The heat transfer within biological tissue is modeled using
Pennes’ formula, as depicted in Equation 1 [27], [28].

ρct
dT
dt

= ∇ · k∇T −ωbcb(T −Tb)+Q (1)

here, ρ , ct , and k represent the density (kg/m3), specific
heat capacity (J/kg/◦C), and thermal conductivity (W/m/◦C)
of tissue, respectively. T indicates the temperature at the
specific point of interest (◦C) and Tb is the temperature of
blood (◦C). ωb is the rate of blood perfusion (kg/m3/s), cb
represents the specific heat capacity of blood (J/kg/◦C), and
Q encapsulates the heat from other heat sources (W/m3). For
the purpose of simplification in this study, the components,
Q and ωbcb(T −Tb) have been omitted.
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Fig. 2. Block diagram for the temperature estimator and the safety feature;
The ablation device is assumed to generate and deliver heat to the biological
tissue based on the communication signal from the controller. The applied
heat propagates through the tissue and the heat-induced necrosis is formed
by the accumulated heat dose. The necrosis progression is monitored with
the necrosis sensor. The implemented Extended Kalman Filter embedding
the Neural State Space model takes the measured necrosis progression and
the ablation temperature to provide the estimated tissue temperature T̂ to
the controller so that the controller can automatically turn off the ablation
device as the desired safety feature.

B. Necrosis Formation Model
The formation of heat-induced tissue necrosis generally

depends on the duration and intensity of thermal exposure.
Various models have been proposed to describe this phe-
nomenon, one of which is the Arrhenius formulation [29].
Our investigation employs the model formulated by Sapareto
and Dewey, as illustrated by Equation 2 [29].

CEM43 =
t=final

∑
t=0

R(43−Tt )∆t,{R=0.25 for T<43◦C
R=0.50 for T≥43◦C (2)

In this context, CEM43 denotes the total equivalent num-
ber of minutes at 43 ◦C, ∆t and T represent the time interval
in minutes and the mean temperature during the interval,
respectively. R is the factor compensating the temperature
deviation from the temperature threshold, which is set at
43 ◦C in this particular study [29]. To determine whether
sufficient ablation is provided, a threshold value for CEM,
70, is used in this study as the value was used in other brain-
related ablation research [30].

C. State Space Model
1) Neural State Space Model: In this study, the state

variable is defined as follows:

xxx[k] =
[

T [k,dtarget]
CEM[k,dtarget]

]
(3)

where, k is the discrete time step, and dtarget represents the
depth of the targeted area of tissue (xxx ∈ ℜ2×1 and y,u ∈ ℜ).
Since it is assumed that CEM is observed as the measured
output, the state and output functions have the following
forms for discrete-time state-space systems:

xxx[k+1] = fff (xxx[k],u[k]) (4)

y[k] =
[
0 1

]
· xxx[k] (5)

Here, the state function fff will be approximated by using a
neural network [25]. In this study, the System Identification
Toolbox provided in MATLAB software (MATLAB, The
MathWorks, Inc., Massachusetts, United States) is used for
the NSS-related implementations.

2) Neural Network (Multi-Layer Perceptron): A multi-
layer perceptron (MLP) is used within the NSS model (Fig.
3). The network has three fully connected layers, which have
32, 64, and 32 nodes, respectively. There are two inputs
assumed (xxx[k] and u[k]) and one output (dxxx[k]).

D. Extended Kalman Filter

The EKF is selected in this study to estimate the tem-
perature during ablation therapy. EKF is an algorithm used
for estimating the state of nonlinear dynamic systems from
a series of incomplete and noisy measurements. Unlike
the standard Kalman Filter, which is optimal for linear
systems with Gaussian noise, the EKF is designed to handle
nonlinearities in the system or measurement equations by
linearizing around the current estimate [31]. Although some
other algorithms such as the Unscented Kalman Filter (UKF)
[32] and Particle Filter (PF) [33] can provide better perfor-
mance when a system has a high nonlinearity, the simplicity
and the computational efficiency of EKF make it one of the
popular advanced Kalman Filters for nonlinear systems [26],
[32].

E. Simulation Environment & Conditions

The layout of the finite element method (FEM) environ-
ment is depicted in Fig. 4 (a), which has a rectangular model
with dimensions of 20 mm by 4 mm. The left boundary
represents the surface of the body, and the ablation device
is assumed to be mounted on this surface. The device offers
a variable temperature ranging from 37 ◦C to 70 ◦C [3].
The tissue temperature and the resulting necrosis formation
are evaluated along the horizontal line in the middle of
the model [3]. The parameters used in the simulation are
summarized in Table I. Fig. 4 (b) displays an example of
the simulation, highlighting the progression of heat from
the left boundary. The FEM calculations are executed on
the MATLAB platform and its Partial Differential Equation
Toolbox (MATLAB, The MathWorks, Inc., Massachusetts,
United States).

TABLE I
GLOBAL PARAMETERS FOR FEM SIMULATION (HUMAN BRAIN)

Symbols Description Value Unit
Tduration Simulating duration 500 Second
Tstep Time step 1 Second
k Heat conductivity [34] 0.51 W/(m·◦C)
ρ Density [34] 1046 kg/m3

cp Heat capacity [34] 3630 J/(kg·◦C)
Tb Body Temperature (Human) 37 ◦C
Ta(max) Maximum ablation temperature 70 ◦C
Ta(min) Minimum ablation temperature 37 ◦C
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Fig. 3. (Left) Designed neural network (MLP) approximating state space function, (Right) Schematics of learning dataset generated in FEM simulation.

Fig. 4. Defined FEM environment; (a) Geometries and boundary conditions, (b) Example of the heat transfer.

F. Temperature Safety Feature

For the demonstration of the desired automated safety
stop, a simple algorithm is implemented as a controller. The
algorithm considers the safety temperature limit, Tlimit, with
the safety buffer, δTbuffer, and terminates ablation when the
following condition is satisfied:

Test[k]≥ Tlimit −δTbuffer (6)

where, Test[k] is the estimated tissue temperature at step k.

G. Learning Dataset & Training

The learning dataset was generated in the FEM simulation
environment. Ablation is initiated at 70 ◦C and turned off (37
◦C) at step kdrop (kdrop = 1,2, ...,500); therefore, the dataset
contains 500 episodes in total. In each simulation, ablation
temperature, the resulting tissue temperature, and CEM were
recorded throughout the simulation time, Tduration along the
Data Acquisition line.

The initial training was conducted over 200 epochs, fol-
lowed by 65 rounds of additional training, each lasting 100
epochs. Adam optimizer was used throughout the entire
process. This repeated training approach was chosen to take
advantage of Adam’s initialization feature at the start of each
learning cycle.

III. RESULTS

To evaluate the performance of each component in the
developed architecture, the evaluation is divided into several

parts. Once the basic performance is evaluated, the developed
safety feature is demonstrated as an example.

In this study, the estimation errors are evaluated mainly
for the duration until the ablation is terminated (100 seconds)
because the estimation performance in this time window is
critical for the desired safety feature.

A. NSS Performance in Approximating FEM

For the evaluation of the approximation capability of the
developed NSS model, the same time-dependent ablation
temperature was applied to both the FEM simulation envi-
ronment and the NSS model after learning the dataset (Fig.
5). To compare each case directly, the ablation temperature
is initiated at 70 ◦C and turned off (37 ◦C) at 100 seconds
throughout this study, and the tissue depth for temperature
and CEM is fixed at 5 mm. Note that the EKF is not yet
implemented at this point.

With this specific condition, both the approximated tissue
temperature and CEM closely match the FEM output except
for a certain duration around 100 seconds, when the ablation
is turned off. The maximum approximation errors before the
termination of ablation are less than 1 ◦C and around 1 min
for the tissue temperature and CEM, respectively. After the
termination, the maximum errors are around 2.5 ◦C and 8
min.

B. Robustness against Modeling Errors

The aim of this section is to evaluate how the implemented
EKF can robustly estimate the tissue temperature when the
modeling errors are introduced. Since the FEM dataset was
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Fig. 5. Approximated FEM simulation by the Neural State Space model.

generated just based on the nominal parameters shown in
Table I, the obtained EKF also starts with the nominal
models.

1) Bioheat Transfer Model: The bioheat transfer model
(Equation 1) considered in this study has three parameters,
k, cp, and ρ . Here, these three parameters were combined and
dealt with as the thermal diffusivity, α(:= k/(ρcp)) [m2/s].

As the modeling errors, the proportional errors (±10%
and ±20%) of α were applied to the FEM simulation
environment, and the EKF took the measured CEM value and
the ablation temperature as the output and input, respectively
to predict and correct its state estimation (Fig. 6). With
these conditions, the maximum estimation error in tissue
temperature was around 1 ◦C.
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Fig. 6. Robustness against modeling errors in bioheat transfer model.

2) Necrosis Formation Model: To further study the ro-
bustness against the modeling errors, the errors were applied
to the other model assumed, the necrosis formation model
(Equation 2). In this study, the parameter R is selected as it
is directly related to the tissue temperature. The proportional
errors (±10% and ±20%) were applied to R = 0.5, the
nominal value when the tissue temperature is 43 ◦C or more
(Fig. 7). Similar to the case of the bioheat transfer model, it
is observed that the maximum estimation error is around 1
◦C.

For both modeling errors, the maximum error observed
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Fig. 7. Robustness against modeling errors in necrosis formation model.

before terminating ablation was around 1 ◦C, which is less
than 5 % of the range of applied ablation temperature (33
◦C). Since we aimed to implement the safety feature working
with necrosis progression-based feedback control without
any additional sensing hardware, it can be concluded that
a 5 % estimation error seems acceptable for this application.

C. Robustness against Sensing Errors

Since it is envisioned that the developed tissue temperature
estimation scheme will be applied to a variety of modalities
sensing necrosis formation, investigating the estimation ro-
bustness against the errors happening in the necrosis sensing
process should be valuable. Random and shifted sensing
errors were simulated and applied separately to decompose
the influence of each type of sensing error. The amount of the
sensing errors were ±20 and ±40 % for the random noise,
and ±20 and ±50 % for the shifted noise (Fig. 8). For the
random noise, although some oscillation is observed in the
estimation, the move mean of the estimation looks consistent
in the cases of ±20 and ±40 %, which is reasonable
considering the characteristics of the EKF. For the shifted
noise, it is observed that the estimation error gets larger
for the amount of the shifted error, but the maximum error
observed before terminating ablation was still around 1 ◦C
even with the ±50 % error.
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Fig. 8. Robustness against necrosis sensing errors (for shifted error; Solid
lines: Negative, Dashed lines: Positive).

D. Control Demonstration (Safety Feature)

Lastly, we performed a demonstration to confirm how the
implemented tissue temperature estimation works to realize
the desired safety feature, a set of parameters including both
the modeling and sensing errors was assumed and imple-
mented the automated safety feature as defined in Section
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II-F. The assumed error parameters in this demonstration are
summarized in Table II.

TABLE II
ERROR PARAMETERS FOR SAFETY FEATURE DEMONSTRATION

Symbols Description Value [unit]
Tlimit Safety temperature limit 46 [◦C]
δTbuffer Safety buffer 1.5 [◦C]
δαerror Modeling error in α +20 [%]
δRerror Modeling error in R (≥ 43 ◦C) −20 [%]
Nrand Random necrosis sensing noise (range) ±20 [%]

Fig. 9. Demonstration of desired temperature safety feature.

IV. DISCUSSIONS
One thing to be noted first is that the demonstration

in Fig. 9 well exemplifies the situation where the tissue
temperature exceeds a safety temperature limitation even far
before the tissue is ablated. This corroborates our concern
about the potential overheating when only relying on necrosis
sensing, supporting the importance of adding the temperature
estimation mechanism to necrosis sensing.

As the next step of this study, we plan to design a
model predictive control (MPC) architecture with the NSS
model and the state estimation for ablation control. As
illustrated in the results, the tissue temperature does not
immediately drop when ablation is terminated, which is due
to the thermal inertia of the tissue. This effect can result
in overheating and continue to form necrosis even after the
ablation is terminated. Thus, the introduction of MPC is
expected to allow clinicians to deal with the dynamics of
ablation therapy more effectively. In fact, the safety buffer
δTbuffer used in the demonstration was selected try-and-error
basis. The planned extension to MPC is expected to provide a
more systematic way to determine these parameters. Another
potential improvement is to use the Physics Informed Neural
Networks (PINNs) [35], which can potentially provide better
approximation performance than the MLP used in this study.

Although the evaluation in this study demonstrated the fea-
sibility of the proposed approach, there are several limitations
to be listed and remaining work to do. First, the evaluation

was performed only in the simulation environment. The
architecture needs to be investigated in the experimental
setup using actual biological tissue. If the experiment reveals
any higher nonlinearity or unexpected type of noise, using
other state estimation algorithms such as the UKF and the PF
would be an option to consider. Second, the NSS model was
prepared based on the FEM dataset with nominal parameters
and the learning dataset only assumed the simple ablation
temperature profiles. Also, the neural network structure itself
was not optimized in this study. To pursue better estimation
performance, the optimization of the neural network structure
and the learning process should be optimized. The limited
variety of parameter values investigated in this study is
another limitation. For example, the tissue depth for the
temperature and CEM was fixed at 5 mm in this study.
Since it is easily expected that the performance of the
developed architecture can be influenced by the tissue depth,
the influence of the tissue depth should also be investigated.

Lastly, as this proposed architecture is based on the model
approximation with NSS, the same architecture is expected
to be generalized to other medical procedures, which would
involve high nonlinearity and patient/environment-specific
physics, and even to procedures having no reliable theoretical
models. One of the candidates would be drug delivery
control, especially estimating the concentration of a drug
at a specific location inside the body. In the cases where
any theoretical models are not available, the NSS model is
expected to be prepared through the learning of the actual
clinical dataset, which can potentially provide significant
flexibility to this approach and it is even possible that the
NSS trained with the actual clinical dataset provides better
performance than the theoretical models.

V. CONCLUSIONS

In this study, we aimed to propose a necrosis progression-
based tissue temperature estimation technique either as an
independent estimator or a complimentary estimation com-
ponent for robustness if other primary thermometers are
available. The estimator consists of the NSS model and the
EKF, and it does not require any additional sensing hardware.
The robustness of the estimation scheme against modeling
and sensing errors was evaluated, and the example case of the
desired safety feature was demonstrated. Future work should
focus on further validation of the scheme in experimental
setups using actual biological tissue and the extension of
this architecture to MPC-based ablation control to deal
with thermal inertia. Additionally, the proposed architecture
can be extended to other medical procedures that involve
high nonlinearity and patient/environment-specific physics,
providing flexibility and potential for better performance than
theoretical models.

APPENDIX

The 1-minute video of this study is available.
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