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Kalman Filtered Bio Heat Transfer Model
Based Self-adaptive Hybrid Magnetic

Resonance Thermometry
Yuxin Zhang, Shuo Chen, Kexin Deng, Bingyao Chen, Xing Wei, Jiafei Yang, Shi Wang, and Kui Ying*

Abstract— To develop a self-adaptive and fast thermom-
etry method by combining the original hybrid magnetic
resonance thermometry method and the bio heat transfer
equation (BHTE) model. The proposed Kalman filtered Bio
Heat Transfer Model Based Self-adaptive Hybrid Magnetic
Resonance Thermometry, abbreviated as KalBHT hybrid
method, introduced the BHTE model to synthesize a window
on the regularization term of the hybrid algorithm, which
leads to a self-adaptive regularization both spatially and
temporally with change of temperature. Further, to decrease
the sensitivity to accuracy of the BHTE model, Kalman
filter is utilized to update the window at each iteration time.
To investigate the effect of the proposed model, computer
heating simulation, phantom microwave heating experiment
and dynamic in-vivo model validation of liver and thoracic
tumor were conducted in this study. The heating simulation
indicates that the KalBHT hybrid algorithm achieves more
accurate results without adjusting λ to a proper value in
comparison to the hybrid algorithm. The results of the
phantom heating experiment illustrate that the proposed
model is able to follow temperature changes in the presence
of motion and the temperature estimated also shows less
noise in the background and surrounding the hot spot. The
dynamic in-vivo model validation with heating simulation
demonstrates that the proposed model has a higher con-
vergence rate, more robustness to susceptibility problem
surrounding the hot spot and more accuracy of temperature
estimation. In the healthy liver experiment with heating sim-
ulation, the RMSE of the hot spot of the proposed model is
reduced to about 50% compared to the RMSE of the original
hybrid model and the convergence time becomes only about
one fifth of the hybrid model. The proposed model is able
to improve the accuracy of the original hybrid algorithm
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and accelerate the convergence rate of MR temperature
estimation.

Index Terms— BHTE model, hybrid algorithm, MR
thermometry.

I. INTRODUCTION

MAGNETIC Resonance Temperature Imaging (MRTI)
has been used to monitor temperature during thermal

ablation like Radiofrequency (RF) and High Intensity Focused
Ultrasound (HIFU) to insure safety and efficacy. Proton Res-
onance Frequency (PRF) shift thermometry is widely used in
MRTI during the treatment due to its excellent temperature
linearity over the temperature range of interest and being
nearly independent of tissue type [1], [2].

However, the PRF method suffers several problems, includ-
ing sensitivity to inter-frame motion, magnetic field drift and
tissue-type-dependent susceptibility. To solve these problems,
several methods have been proposed, for instance, the multi-
baseline method [3], referenceless method [4]–[7] and the
hybrid method [8].

The multi-baseline method requires a set of baseline images
collected at various stages of periodic motion before the
therapy to correct the inter-frame motion; on the contrary,
the referenceless method uses a polynomial fit of phase in
surrounding regions as the reference instead of acquiring base-
line images, which is robust to motion and smooth magnetic
field changes. In the hybrid method, a model that combines
multi-baseline and referenceless methods is built. MR images
are fitted to the model and the heat-induced phase change
maps are estimated by a penalized-likelihood algorithm. The
hybrid method overcomes some drawbacks of the two methods
and becomes more robust for temperature estimation since it
inherits the advantages of both multi-baseline and reference-
less methods [9], [10]. However, the original hybrid algorithm
requires the user to select the sparsity regularization parameter
λ, which usually is chosen by trial and error. The choice of λ is
critical and may influence the convergence rate and execution
time to estimate temperature maps.

Additionally, the hybrid algorithm has difficulty correcting
for non-smooth phase errors and is computationally compli-
cated, which prevents its real-time application [11]. In MRTI,
non-smooth background phase can arise from probe-induced
perturbation of the heat source and tissues with low signals.
Besides, long acquisition time and reconstruction time lead
to low temporal resolution. To address these problems, sev-
eral methods that employ bio-heat transfer equation (BHTE)
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model [12] to MRTI have been proposed [13]–[16]. However,
these methods are not accurate when motion is present and
the susceptibility change is large at tissue boundaries. Besides,
the accuracy of the BHTE model becomes very critical when
the calculation of the BHTE model depends on the previous
temperature map. When the BHTE model is not accurate, the
temperature map error produced from the previous map can
be accumulated into the next map during the therapy.

In this paper, a Kalman filtered Bio Heat Transfer Model
Based Self-adaptive Hybrid (KalBHT hybrid) magnetic res-
onance thermometry method is proposed that combines the
BHTE model and the hybrid algorithm. By introducing the
BHTE mode as prior knowledge to track the sparsity of the
hot spot and vary the sparsity penalty both spatially and
temporally, the proposed algorithm becomes less sensitive to
the choice of λ and more robust to the non-smooth phase error
especially at areas surrounding and out of the hot spot. Further,
the prior knowledge provided by the BHTE model accelerates
the convergence rate.

II. MATERIAL AND METHODS

A. Bio Heat Transfer Equation (BHTE) Model

The BHTE model is built based on the Pennes equation
to predict the temperature map from time point t − 1 to time
point t , which can be expressed as follows:

ρC
∂T

∂ t
= K∇2T + WbCb(Tb − T ) + Qr + Qm , (1)

where ρ and C are the density and specific heat of tissue,
respectively. On the right side of the equation, the first term
represents the diffusion effect, where ∇2 is the Laplace oper-
ator and K is the thermal conductivity. The perfusion effect
caused by the existence of blood vessels is shown in the second
term, with Wb, Cb and Tb denoting the perfusion rate, specific
heat of blood and blood temperature, respectively. Addition-
ally, Qr stands for the heat source and Qm the metabolic heat
generation. The BHTE model introduced here can be either
built before surgery by Multiphysics software (COMSOL Inc.,
Palo Alto, CA) or calculated from the previous temperature
map in real-time by the Pennes equation, for instance, as
in [14] or [17].

B. BHTE Model Based Self-Adaptive Hybrid Magnetic
Resonance Thermometry

In the original hybrid model [8], which is summarized in
the appendix, the heat-induced phase variation is estimated by
optimizing the penalized-likelihood cost function with respect
to the weights of different baseline images wb, the smooth
phase shift polynomial coefficient vector c and the heat-
induced phase variation θ .

Although this optimization process can successfully deal
with the problem caused by main field shifts and other sources
of smooth phase errors, it still has limitations in terms of the
sensitivity to the selection of the regularization parameter λ
of l0 norm, especially when the signal-to-noise ratio (SNR)
of MR images is low. In the original hybrid algorithm, λ is
chosen empirically and stays uniform throughout the field-of-
view (FOV) and the entire heating process. However, this may

influence the accuracy of the temperature estimation. Actually,
the regularization parameter λ should change both temporally
and spatially with the temperature rising in order to improve
the robustness to the choice of λ. To achieve this, BHTE model
is introduced as prior knowledge to track the hot spot and the
cost function is further modified as:

φ(w, c, θ) = 1

2

Nc∑

m=1

Ns∑

j=1

|y j,m −
⎛

⎝
Nb∑

b=1

xb, jwb

⎞

⎠ ei({Ac} j,m+θ j )|2

+ ||Wθ ||0, (2)

where y j,m represents the image voxel j of coil m; Nc stands
for the number of the coils; xb is the bth complex image
from the baseline library, wb the weighting vector of different
baseline images; A and c represent a matrix of polynomial
functions and its polynomial coefficient vector, respectively;
θ j is the heat-induced phase variation; W , a self-adaptive
window, is estimated from the temperature map predicted by
the BHTE model as

W = 10−4

T + ε
, (3)

where T is the relative temperature (◦C) from body temper-
ature predicted by BHTE model and ε is a small number
like 10−6. The window W has lower value near the center hot
spot and higher value away from the hot spot. This window
connects the predicted temperature with the estimation of
the real temperature map. The cost function can be solved
by an iterative gradient-based algorithm as described in the
appendix [8].

Additionally, in the initialization of the predicted hot spot,
the location of the hot spot and the heat source will slightly
change along with the organ’s movement because microwave
heating probe was used in the following experiments. Conse-
quently, T needs to be re-located for each frame of image.
In this case, mutual information [19] is utilized to get a rough
registration by assuming the hot spot only has a translational
movement and the joint entropy achieving peak when the two
images match each other.

C. Kalman Filter Based Optimization of BHTE Model

Although the introduction of BHTE model helps the original
hybrid algorithm, it also introduces a new problem in that if
the BHTE model is inaccurate, temperature maps can be either
underestimated or overestimated. This is because the inaccu-
rate window will hide temperature changes or lose the effect of
smoothing. Therefore, it is important to find a weighting factor
between the physical model and the measured data. In order
to make the proposed algorithm more robust, Kalman filter is
utilized to update the θmodel during the estimation process.
θmodel is positively correlated to the predicted temperature
map T , which is

θmodel = −γα(T E)B0T . (4)

where γ is the proton gyromagnetic ratio; α = −0.01 ppm/◦C
is the PRF change coefficient for aqueous tissue; T E is the
echo time of a gradient echo (GRE) sequence; B0 is the main
magnetic field strength.
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Fig. 1. Heating simulation experiment (Gaussian noise σD 0.01). Comparison of temperature curves, temperature maps and error maps by the
original hybrid algorithm λ= 0.001 (a), λ= 0.01 (b), λ= 0.1 (c) and KalBHT hybrid algorithm (d).

The Kalman filter computes and updates a Kalman gain,
which is the weighting factor between the physical model
and the measured data. The final cost function becomes a
four-parameter optimization that minimizes the cost function:

φ(w, c, θ, θmodel)

= 1

2

Nc∑

m=1

Ns∑

j=1

|y j,m −
⎛

⎝
Nb∑

b=1

xb, jwb

⎞

⎠ ei({Ac} j,m+θ j,m)|2

+ ||W(θmodel)θ ||0, (5)

where θmodel is updated by applying the Kalman filter pixel
by pixel, the algorithm for which is:

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

θ
p
model,i = θmodel,i−1

C p
i = Ci−1 + Q

Ki = C p
i (C p

i + R)−1

θmodel,i = θ
p
model,i + Ki (θ

m
i − θ

p
model,i )

Ci = (I − Ki )C
p
i .

(6)

θmodel,i−1denotes the value of θmodel in the previous itera-
tion and θ

p
model,i is the predicted θmodel of the i th iteration,

which is set to be the same as the previous one in this
case; Ci−1 is the estimated covariance error at (i − 1)th

iteration while the C p
i is the predicted covariance error at

the i th iteration. Q is chosen adaptively as the maximum
value that satisfies the dynamic model accuracy threshold in
each dynamic image, described as Auto-calibrated Extended
Kalman Filtering (AEKF) in [14]. Q stays the same during
the iterations of each time point. R represents the noise level
of the measured data, which is calculated as the standard
deviation of the phase of the image of each coil; θm

i is the
measured heat induced phase; the Kalman gain Ki balances
the difference between estimated temperature induced phase θi

and the predicted phase θ
p
model,i , which is the most important

step in updating θmodel from the predicted θ
p
model,i to the

filtered θmodel,i .
The self-adaptive window can be updated according to the

predicted temperature induced phase θmodel as

W = 10−4

θmodel−γ α(T E)B0
+ ε

. (7)

D. Procedure of the Algorithm

Before the heating treatment, bio heat transfer parameters
and heat source location need to be known in advance. Then
during heating, the following procedure is conducted for each
time frame t in the proposed algorithm:
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Fig. 2. Heating simulation experiment. Comparison of the change of RMSE and computation time over noise level σ of temperature maps estimated
by the original hybrid algorithm λ= 0.001 (pink), λ= 0.01 (green), λ= 0.1 (red) and KalBHT hybrid algorithm (blue).

1) Predict temperature map T by BHTE model (Eq.1) from
the temperature map at time t-1.

2) Synthesize window W according to Eq.3 from the
predicted temperature map T as the initialization value
for the hybrid model fitting in step 3). T is linear to the
predicted temperature induced phase θmodel (Eq.4).

3) Fit the hybrid model using the acquired image data at
time t and regularize the sparsity with the predicted
temperature map T . During each iteration of the fitting,
θmodel is updated by Kalman filter in case of inaccuracy
of BHTE model by Eq.6 and then used to update the
synthesized window W(θmodel) by Eq.7.

In addition, when the current MR image is under reconstruc-
tion and the next MR image is under acquisition, the BHTE
model can be used to interpolate temperature maps during the
time gap, which improves temporal resolution [14], [17].

Here, both the KalBHT hybrid algorithm and the original
hybrid algorithm were implemented on a quad core 1.5 GHz
(Intel Core i3) laptop computer running Windows 7 with 4 GB
RAM (Aspire S3-391, Acer Inc., Taipei, Taiwan, China) in
MATLAB 7 (Mathworks, Inc., Natick, Massachusetts, USA).

E. Heating Simulation

Heating simulations were performed to demonstrate that the
KalBHT hybrid algorithm is a self-adaptive process, indepen-
dent of the choice of the regularization sparsity parameter.
In addition, the simulation aimed to validate the robustness
of the proposed algorithm to noise compared to the original
hybrid algorithm. To achieve these goals, a rectangular object
with liver-like motion was generated in the same way as in [8]
(Source of code: www.vuiis.vanderbilt.edu/ grissowa/), but
additional Gaussian noise with a standard deviation σ= 0.001
to σ= 0.1 was added to the phase of the generated image.
The KalBHT hybrid algorithm was compared to the original
hybrid algorithm with different λ values to demonstrate the
effect of introducing BHTE model as prior knowledge. Fur-
ther, to test the robustness of the proposed algorithm to the
inaccuracy of BHTE model, simulations were performed when
the predicted temperature maps were +50% overestimated and
−50% underestimated, respectively.

F. Phantom Heating Experiments

Phantom microwave heating experiments were conducted
to investigate the effects of noise and motion on the proposed
algorithm. Since perfusion effects and metabolic heat did not
exist in the phantom, the perfusion term and Qm in the Pennes
equation for microwave heating were removed. The electric
field E , a function of spatial distribution of electric power, was
calculated using COMSOL by solving the Maxwell equations,
which enabled calculation of the heat source Qr as

Qr = α

2
|E2|. (8)

The bio-heat transfer parameters were selected from
COMSOL as the thermal conductivity K = 0.006J/s·cm·K ,
the electric conductivity α = 1.0×10−3S/m, the specific
heat C = 4.2×103 J/kg·◦C , density ρ = 103kg/m3, the
microwave power= 45W and its frequency= 2.45GHz.

In the experiment, a microwave probe (Echo Healthcare,
Nanjing, China) was put into the gel phantom heating with
a power of 45W for ten minutes. Images were acquired
on a 3T scanner (Philips Achieva, Philips Healthcare, Best,
The Netherlands) during the heating and cooling processes
and the phantom was simulated to move randomly in each
frame within the range shown in Fig. 4(a). Two hundred
dynamic images were acquired with a fast field echo (FFE)
sequence (TR= 50ms, TE= 10ms) in an eight-channel head
coil (FOV 160mm×160mm, matrix size 85×85, Ns = 7225,
Nc = 8) and a baseline library (Nb = 40) was obtained by
shifting the phantom periodically. Temperature changes of two
positions, 1.5cm (marked i in Fig. 4(a)) and 2cm (ii) away
from the probe respectively in the phantom, were monitored
by fiber optic probes (Foten, Canada) as a gold standard.

G. Dynamic in-vivo Model Validation

In vivo experiments were conducted without heating to
demonstrate the feasibility of the proposed algorithm in the
presence of respiratory motion, complex background anatom-
ical phase changes and relative low SNR in MR images.

The KalBHT hybrid algorithm and the original hybrid
algorithm were applied to sagittal liver images. Dynamic
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Fig. 3. Effect of inaccurate BHTE model on the KalBHT hybrid
algorithm. The predicted temperature maps were overestimated and
underestimated by 50%, respectively in simulation with Gaussian noise.
The estimated phase under these two situations is still relatively accurate.

FFE images (FOV 240mm×307.5mm, matrix size 128×128,
Ns = 16384) were acquired in a healthy volunteer during free
breathing on the same 3T scanner using a 32-channel cardiac
array (Nc = 26, since the data of the other 6 channels were
eliminated by the scanner) with T E = 10ms, T R = 26ms.
Fifty baseline images (Nb = 50) of the same FOV were
acquired in advance.

Additionally, the proposed and original hybrid algo-
rithms were also applied to a thoracic tumor patient.
Dynamic images (TE=13ms, TR=30ms, reconstruction matrix
size 480×480, temperature estimation matrix size 200×200,
Ns = 40000) were acquired over transverse thoracic verte-
bra during free breathing using a 16-channel cardiac array
(15 channels were used to reconstruct). A baseline library of
20 images (Nb = 20) was applied to fit the model.

Dynamic heating simulations were performed on both liver
and thoracic vertebra images. Different Gaussian hot spot was
added to each frame of images to simulate the change of the
hot spot during heating and the KalBHT hybrid algorithm was
used to estimate the temperature maps for testing its validation.
This simulation did not take the susceptibility effect of the
heating source like in the phantom heating experiment into
account. The results from the proposed algorithm were com-
pared to the original hybrid algorithm in terms of accuracy and
convergence rate. l1 referenceless was used in the initialization
so mask was not required in the implementation [7]. In the
implementation of both algorithms, the polynomial order was
chosen to be six in the l1 referenceless initialization process.
Here the root-mean-square error (RMSE) of the entire maps
and the hot spot regions were calculated respectively for
quantitative comparison.

Fig. 4. Phantom microwave heating experiment. The phase and
simulated displacement of a square phantom (a) are illustrated. Two
positions in the phantom, (i) and (ii), are monitored by fiber optics. The
dynamic temperature changes of the microwave heating and cooling
process are estimated by the original hybrid algorithm and the KalBHT
hybrid algorithm in an outer point (b) and an inner point (c), compared
with the temperature changes detected by fiber optics.

III. RESULTS

A. Heating Simulation

Fig. 1 shows the results of heating simulation (Gaussian
noise σ= 0.01) by the original hybrid algorithm and the
proposed algorithm. Fig. 1 (a)-(c) illustrate the sensitivity of
the original hybrid algorithm to the choice of λ (0.001, 0.01
and 0.1, respectively). The results indicate that when λ is too
small (λ = 0.001), there is a large error surrounding the hot
spot; when λ is too large (λ = 0.1), the edge of the hot spot is
underestimated. In comparison, the KalBHT hybrid algorithm
achieves a more accurate result without adjusting λ to a proper
value, as shown in Fig. 1(d).

The proposed algorithm is demonstrated to have lower
RMSE and less computation time over different noise
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Fig. 5. Comparison of temperature map and error map of healthy liver with heating simulation between the original hybrid algorithm with λ = 10−3
(d)-(e) and the proposed KalBHT hybrid algorithm (f)-(g). Magnitude and phase map of the liver images are shown in (a) and (b) respectively. The
red arrow indicates the superior border of the liver, the blue arrow is the area near the ribs and the white arrow is the blood vessel. Simulated heating
was conducted and the reference hot spots are shown in (c).

levels (Fig. 2). In this simulation, the KalBHT hybrid algo-
rithm shows similar results to the hybrid algorithm at λ = 0.1
under high noise level (σ> 0.04), only with slight advantage
in computation time. When the noise level of phase is lower
than σ = 0.02, the proposed algorithm has similar RMSE with
the hybrid algorithm at λ = 0.01 but still has less computation
time.

Fig. 3 demonstrates the robustness of the proposed algo-
rithm to inaccurate BHTE temperature map predictions. Since
Kalman filter is used in the proposed algorithm to filter the
predicted phase θmodel , the estimated phase is still relatively
accurate even when the BHTE model underestimated or over-
estimated temperature by 50%.

B. Phantom Heating Experiments

Fig. 4(a) shows the phase and magnitude images of a square
phantom with simulated motion. Fig. 4(b) and (c) plot the

temperatures estimated by the two algorithms at two positions
in the phantom, one (i) 1.5 cm away and the other (ii) 2
cm away from the hot spot center. The curves of temperature
changes measured by the fiber optic probes are plotted as well.
The results illustrate that the proposed algorithm is able to
follow the temperature change in the presence of motion. The
temperature estimated by the proposed algorithm also contains
lower noise especially surrounding the hot spot.

C. Dynamic In-Vivo Model Validation

Fig. 5(a) and (b) show the magnitude and phase images
of a healthy sagittal liver, with the ribs in through-plane.
It is evident that phase changes rapidly at areas like the
superior border of the liver (red arrow), the area near the
ribs (blue arrow) and the blood vessel (white arrow). After
comparing the results of hybrid with different λ, the temper-
ature maps with smallest RMSE within the hot spot region
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Fig. 6. Comparison of temperature maps and error maps of a
thoracic tumor patient with heating simulation between the original
hybrid algorithm with λ = 10−3 (d)-(e) and the proposed KalBHT hybrid
algorithm (f)-(g). Magnitude and phase map of the images are shown
in (a) and (b)respectively. Simulated heating was conducted and the
reference hot spots are shown in (c).

are chosen. Fig. 5(c) presents the reference temperature maps
for each frame. Temperature maps and error maps with heat-
ing simulation estimated by the hybrid algorithm are shown
in Fig. 5(d)-(e) and the corresponding results by the proposed
algorithm are shown in Fig. 5(f)-(g).

Fig. 6 shows the comparison of temperature maps in a
thoracic tumor patient without heating treatment but with
heating simulation between the two algorithms. The tumor was
grown near the two lungs where the air and the respiratory
motion resulted in large magnetic field variation especially at
the edge of the tumor. The KalBHT algorithm shows better
robustness but still suffers distortion in the hot spot to some
degree. In addition, when the hot spot gets closer to the edge of
the tumor, the error is increased since surrounding background
contains pixels with extremely low SNR that may hamper the
spatial phase regularization assumption.

Fig. 7 demonstrates the convergence time and accuracy of
the two algorithms for the same frame. In comparison, the
temperature maps estimated by the proposed algorithm are
more accurate in terms of both the entire image and the hot
spot area. Furthermore, it takes less time for the KalBHT
hybrid algorithm to converge due to the introduction of prior
knowledge. For example, it only takes about 23 s to get
convergence in the experiment-based simulation of liver, about

one fifth of the original hybrid algorithm with similar RMSE
in hot spot area.

IV. DISCUSSION

In this study, an improved hybrid algorithm was proposed
to acquire more accurate and faster temperature maps during
thermal ablation. During the heating treatment, the regular-
ization parameter stays the same with the changes of tem-
perature and the size of the hot spot in the original hybrid
algorithm. However, the heating simulation demonstrates that
the accuracy and convergence rate of the hybrid algorithm vary
with the choice of λ, which is relevant to the temperature
and size of the hot spot. Especially when the SNR of MR
images is relatively low, the original hybrid algorithm is more
sensitive to the choice of λ. Instead, the KalBHT hybrid
algorithm has self-adaptive regularization parameter, which
varies with the change of hot spot size and temperature,
to facilitate the temperature estimation. The KalBHT hybrid
algorithm introduces the BHTE model to the original hybrid
MR thermometry algorithm as prior knowledge of the hot
spot to automatically select the regularization parameter λ
both spatially and temporally. Consequently, compared to
the original hybrid algorithm, the proposed algorithm is not
dependent on empirical choice of the regularization parameter.

In addition, due to the introduction of the prior knowledge
calculated from BHTE model, the proposed algorithm has a
faster convergence rate and more accurate temperature esti-
mation than the original hybrid algorithm. This is because the
sparsity control parameter, which is significant to the accuracy
and convergence rate of the optimization, is set adaptively
to proper values throughout the image. The proposed algo-
rithm also inherits the advantage of the BHTE model itself,
i.e., higher temporal resolution [17]. The BHTE model is
able to interpolate temperature maps during the acquisition
and reconstruction of the next frame of a MR temperature
image [14], which makes real-time temperature monitoring
possible with online GPU acceleration [20], although this
capability was not explored in the current study.

However, the limitation of this method is that we have to
know the Bio Heat Transfer parameters and the location of
heat source in advance and segmentation is needed before the
treatment to apply BHTE model to the MR images. Also,
the simulations in this paper were based on the assumption
that the thermal conductivity and other parameters in the bio
heat transfer equation model are not changing during heating.
Future work will be focused on the inverse problem of Bio
Heat Transfer model to update those parameters.

The window W applied in this paper showed a good result in
the heating simulations and phantom heating experiment. But
it is not the only choice. Further study could be conducted
to determine a better and more robust window. Kalman filter
is applied in the proposed algorithm to avoid the result
being affected by the inaccurate BHTE model. However, since
the area without heating might be suppressed to zero by
the regularization term, the result would be better when the
predicted hot spot is a little overestimated than underestimated.

Further, it is shown that the KalBHT hybrid algo-
rithm performs better to non-smooth phase error caused by
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Fig. 7. Comparison of RMSE of the entire temperature maps, RMSE of the hot spot regions and iteration time between Hybrid algorithm with
different choice of λ and KalBHT hybrid algorithm. The results of thoracic tumor (left) and liver (right) images are shown respectively.

susceptibility effect and noise. In the in-vivo heating simula-
tion of liver with respiratory motion, temperature maps at areas
with rapid phase variation show less error, for example, the
tissue boundaries like the superior border of liver (red arrow)
and area near the ribs (blue arrow), and even the blood vessel
with flow artifacts (white arrow) as demonstrated in Fig. 5.
Nevertheless, when the hot spot get closer to those areas, the
susceptibility problem still exists.

The KalBHT hybrid algorithm is based on the hybrid model
for MR thermometry. Consequently, it does not only inherit
the advantages of the hybrid model, but also the limitations.
For example, when the heating is performed close to an organ
boundary, the accuracy of temperature estimation will decrease
in hybrid model. In this case, BHTE model can help smooth
the temperature near the boundary but cannot fix it entirely.
Also, when the hot spot becomes diffuse or when near field
heating occurs, the multi-baseline method performs better than
the referenceless method and hybrid method because the multi-
baseline method doesn’t have spatial phase regularization
assumption. These problems also exist in the KalBHT hybrid
algorithm and need to be further investigated to see the
possibility of addressing these problems through BHTE model.

Also, this algorithm would show limitation if off-target
heating occurred in HIFU or distant heating in RF treatment.
This is because the focal point would not move together with
the organ, which results in difficulty in tracking the heat source
location.

V. CONCLUSION

To improve the performance of the original hybrid algo-
rithm, a self-adaptive window is added to the regulariza-
tion term by introducing the BHTE model. The proposed
KalBHT hybrid algorithm reduces the susceptibility effect at
the surrounding area of the hot spot, improves the accuracy of
the hybrid algorithm and accelerates the convergence rate.

APPENDIX

The hybrid multi-baseline subtraction and referenceless MR
thermometry model [8] represents the MR signal by combining

different sources of image phase. For each image voxel j , the
signal y j can be expressed as

y j =
⎛

⎝
Nb∑

b=1

xb, jwb

⎞

⎠ ei({Ac} j +θ j ) + ε j , (9)

where xb is the bth complex image from the baseline library,
wb the weighting vector of different baseline images; A and c
represent a matrix of polynomial functions and its polynomial
coefficient vector, respectively; θ j is the heat-induced phase
variation; ε is complex Gaussian noise. The weighting of
baseline images contains the anatomical phase and phase
variation induced by periodic motion. The linear combination
of smooth basis functions, Ac, yields phase variation resulting
from smooth main field shifts.

The map of temperature change (Tmap) from baseline
image is related to the temperature induced phase θ as

T map j = − θ j

γα(T E)B0
, (10)

where the PRF change coefficient α = −0.01 ppm/◦C , γ is
the proton gyromagnetic ratio, B0 is the main magnetic field
strength and TE is the echo time of GRE imaging sequence.

This model is fit by an iterative gradient-based algorithm
according to the following cost function, which is illustrated
in detail in [8].

φ(w, c, θ) = 1

2

Nc∑

m=1

Ns∑

j=1

|y j,m −
⎛

⎝
Nb∑

b=1

xb, jwb

⎞

⎠ei({Ac} j,m+θ j,m)|2

+ λ||θ ||0, (11)

where Nc is the coil number; Ns is the total voxel number;
y j,m is the signal in coil m of voxel j ; λ is the regularization
parameter which controls the sparsity of θ .
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