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Abstract—Focal brain cooling (FBC) is a treatment for refrac-
tory epilepsy to suppress epileptic discharges from an epileptic
focus. Our wearable FBC system under development consists of a
recirculating coolant apparatus and a battery located extracorpo-
really, and a cooling device made of titanium with water channels
inside which is embedded in the skull. An optimal channel design
of the cooling device is needed to cool the brain efficiently.
Although clinical and animal studies are required to design the
cooling device, the number of experiments should be reduced,
and finite element (FE) simulation be utilized instead. However,
trial-and-error simulations impose a heavy computational bur-
den. One option to deal with this problem is to use surrogate
modeling, which is a data-driven approach that mimics the behav-
ior of simulation models with a low computational burden. We
optimized the channel structure by combining the surrogate
model approach and non-dominated sorting genetic algorithm
II (NSGA-II), which is a multi-objective optimization algorithm.
The objective was to design a cooling device that simultane-
ously achieves high cooling performance and low pressure drop
since low pressure loss contributes to miniaturization and energy
saving of the recirculating apparatus. The optimization result
showed that pressure loss was reduced by 28.7% in compari-
son with the design variables determined through experiments
without deteriorating the cooling performance.

Index Terms—Finite element simulation, focal brain cooling,
surrogate model, non-dominated sorting genetic algorithm II,
optimization.
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I. INTRODUCTION

EPILEPSY is a group of chronic brain disorders with
excessive neuronal activities, which is characterized by

recurrent seizures that may lead to injuries. 1% of people
worldwide have epilepsy [1], and 30% of current treatments,
including antiepileptic drugs, do not relieve seizures [2], [3].
Other options include brain surgery or palliative surgical treat-
ments such as responsive neurostimulation and vagus nerve
stimulation; however, they do not always eliminate seizures.
These facts suggest the need for a new approach to epilepsy
treatment.

Fujii et al. reported that such epileptic discharges were
diminished when the brain surface was cooled to less than
25 ◦C [4]. Although therapeutic hypothermia is a neuropro-
tective treatment, it is difficult to cool the brain surface to
25 ◦C by means of therapeutic hypothermia, which cools the
whole body from outside. Injection of cold fluid into blood
vessels and covering patients with cooling blankets have been
proposed [5]. While these techniques reduce the body core
temperature, it is unrealistic to lower the core temperature to
25 ◦C, even under anesthesia. It has been reported that the
steady-state brain surface temperature can be maintained at
about 20 ◦C under a simulation when the head is packed with
ice [6]; however, actual head-icing does not have the cooling
effect of dropping the brain surface temperature to 25 ◦C [7].

One approach referred to as focal brain cooling (FBC),
is to directly cool the surface of the epileptic focus to less
than 25 ◦C, which can exert a neuroprotective effect more
effectively than therapeutic hypothermia [8]. Some experi-
ments with rats showed that epileptiform discharges induced
by potent convulsant agents or artificial cerebral infarction
were suppressed by means of FBC [9]–[11]. The principal
technique of focal brain cooling is to cool a few millimeters of
gray matter located at the superficial layer of the cerebral cor-
tex. Since neural activities propagate through layers II and III
in the gray matter [12], cooling of layers II and III underlies
the suppressive effect of focal brain cooling. Thus, up to 2 mm
below the brain surface should be cooled [13]. Ensuring that up
to 2 mm from the surface of the brain is cooled is an essential
point of treatment; however, we confirmed that the temperature
2 mm below the brain surface reaches the target temperature
when the brain surface becomes the target temperature [14].
Thus, in this study, we focus not on the temperature 2 mm
below the brain surface, but on the brain surface temperature.
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Our aim is the future clinical application of a wearable
FBC system for patients with refractory epilepsy. The wearable
FBC system under development consists of a cooling device
made of titanium, with a water channel inside, embedded in
the skull, a recirculating coolant apparatus, and a battery, as
shown in Fig. 1 [14]. The coolant is cooled outside the body,
flows into a cooling device directly attached to the brain,
removes heat from the brain, and is then cooled again out-
side the body by the recirculating coolant apparatus. Here,
saline is used as the coolant for safety reasons. In the wearable
FBC system, the recirculating apparatus and the battery are
located extracorporeally, so there is the risk of infection. This
type of medical device is not uncommon. For example, some
types of ventricular assist devices have a pump and battery in
this location [15], [16]. Over 2500 FDA-approved mechanical
circulatory support devices (MCSs), including left ventricu-
lar assist devices (LVADs), were implanted in 2016 in the
U.S. [17]. Thus, such extracorporeal devices can be utilized
with appropriate infection risk control.

Animal and clinical studies are required for designing the
cooling device and validating its cooling performance; how-
ever, it is not realistic to perform many experiments due to
ethical problems as well as cost and time burden. Hata et al.
developed finite element (FE) simulation models of the FBC
system to reduce the number of animal and clinical exper-
iments [14]. A complex FE simulation takes several hours,
sometimes days, to perform one simulation run. When search-
ing for the optimal channel design of the cooling device, we
need to repeat FE simulations several times with different
design variable settings, which is burdensome.

An alternative approach is the use of a surrogate model,
a statistical model constructed based on the multivariate
input-output relationship derived from a limited set of com-
putationally expensive simulations. There are several surro-
gate modeling methods, such as polynomial approximation,
Gaussian process regression (GPR), support vector regression
(SVR), and neural network [18]–[21]. The surrogate model
mimics the behavior of FE simulations with much shorter com-
putational time than FE simulations. We utilize the surrogate
model approach for the optimal design of the cooling device.

In this study, the target cooling temperature is between
10 and 20 ◦C [22] since regular neural activities other than
epileptiform discharges are inhibited below 10 ◦C. There is a
neuroprotective effect even at a surface temperature of 25 ◦C
or higher; however, it is difficult to inhibit pathological brain
activities such as epileptic discharges [23]. The gray matter
neurons at the treatment site should be securely within the
range of 10 ◦C to 25 ◦C. Thus, the upper temperature limit is
set to 20 ◦C in this study.

The size of the cooling device should be large enough
to cover the entire epileptic focus. Currently, the FBC
devices are tailor-made, which is considerably more expen-
sive and impractical than existing neuromodulation devices
such as deep brain stimulation and responsive neurostimu-
lation. However, the manufacturing cost should be reduced
with future advances in 3D printing technologies. A cool-
ing device of up to 50 mm2 may be implanted in the adult
brain, particularly when there is an epileptic focus in an

Fig. 1. Schematic diagram of wearable FBC system.

eloquent region localized to the cerebrum. For example, the
primary motor, speech, and primary visual areas are listed as
such eloquent regions. However, epileptic discharges occurring
in impaired brain regions outside the cooling device cannot
be suppressed. In that case, a combination of partial focal
resection or multiple subpial transections would enlarge the
effective area of FBC to more than the size of the cooling
device itself.

Because brain cooling begins when a seizure occurrence
is predicted, the time required for brain cooling depends on
the performance of seizure prediction algorithms. For exam-
ple, D’Alessandro et al. developed an intracranial EEG-based
seizure prediction algorithm that has a sensitivity of 100%
and a false warning rate of 1.1 h−1, and seizures can be pre-
dicted at latest 1.39 minutes before their onset [24]. Thus, we
defined the upper limit of the time required for brain cooling
to one minute. On the other hand, it is difficult to determine
the possible continuous cooling time that can be applied to all
types of seizures because there are various causes and types
of epileptic seizures. We have confirmed that brain cooling at
15-20 ◦C for up to 30 minutes has no adverse effect on brain
condition through animal and clinical studies [25], [26]. Thus,
we can cool the brain for a maximum of 30 minutes, although
the cooling time should be tuned for each patient.

The cooling device should achieve a small pressure drop
as well as high cooling performance. Pressure drop is related
to the energy lost due to resistance between a fluid and a
channel when the fluid passes through the channel, which is
measured as the difference in pressure between an inlet and an
outlet of the channel. A high pressure drop means low energy
efficiency. Thus, the size of a pump in the recirculating coolant
apparatus and its energy consumption becomes large when the
pressure drop is high, which may diminish the practicality of
the wearable FBC system.

The frequency of battery charge is a key performance indi-
cator of the FBC because frequent charging or exchanging of
the battery is undesirable. Hata et al. estimated the energy
consumption of the FBC system and showed that charging
or exchanging of the battery would usually be required every
few days in patients with temporal lobe epilepsy [14]. This
frequency of required battery charging does not detract from
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the usability of the FBC system. Thus, we do not consider
battery life in this study.

The cooling device is implanted in the skull, which means
that it is not realistic for the device to be frequently exchanged.
Thus, the device design must be fixed before implant. On
the other hand, other operational variables like the velocity
of the coolant can be changed after device implant. Thus, we
devised an optimal channel structure in the cooling device that
simultaneously achieves high cooling performance and small
pressure drop by utilizing the surrogate model approach and
multi-objective optimization.

The remainder of this article is organized as follows.
Section II describes a surrogate modeling method and a
multi-objective optimization algorithm adopted in this work.
Section III describes a procedure of designing and optimiz-
ing the brain cooling device. The optimal FBC system design
results are illustrated in Section IV. Finally, the conclusion
and future works are described in Section V.

II. SURROGATE MODEL-BASED OPTIMIZATION

Since it is burdensome to search the optimal design variables
of the cooling device by means of many FE simulations with
heavy computational burdens, we adopt the surrogate modeling
approach for efficient cooling device design. The surrogate
model is a statistical model that expresses the input-output
relationship of FE simulations, which is constructed from
data generated through FE simulations. Once the surrogate
model that expresses the relationship between the design vari-
ables of the cooling device and its performance is constructed,
we can estimate the performance of the cooling device with
various sets of the design variables, which can be used for
optimization. In this study, since the cooling device should
simultaneously achieve high cooling performance and small
pressure drop, the optimization problem is formulated as a
multi-objective optimization problem.

In this section, we explain the surrogate modeling method
and an algorithm for multi-objective optimization used in the
proposed designing method.

A. Surrogate Modeling

There are two steps to construct a surrogate model; sam-
pling from FE simulations and modeling. Our novel surrogate
modeling uses Hammersley sequence sampling (HSS), princi-
pal component analysis (PCA), and GPR. Figure 2 shows the
flowchart of the surrogate model construction method used in
this study.

1) Hammersley Sequence Sampling: Space-filling designs
such as Latin hypercube sampling (LHS), HSS, and uni-
form design (UD) have been widely used in the design of
experiments (DOE) for computer simulations. Since empirical
analysis has shown that the surrogate model constructed using
sampling points determined by HSS and UD achieves smaller
root mean squared errors (RMSE) than LHS [27], we adopt
HSS in this study.

HSS is based on the principle that any integer n can be
expressed in a radix representation of another integer R as

Fig. 2. Flowchart of surrogate modeling.

follows:

n ≡ n0n1n2 · · · nq−1n

= nq + nq−1R+ nq−2R2 + · · · + n1Rq−1 + n0Rq (1)

where q is the integral part of logR n. A function of n, called
an inverse radix number, is given by reversing the order of the
digits of n and concatenating them behind a decimal point.

φR(n) = 0.nqnq−1 · · · n2n1n0

= nqR−1 + nq−1R−2 + · · · + n1R−q + n0R−q−1 (2)

Let xn ∈ RK be the n-th sampling point. According to HSS,
the N design points are given by

xn = 1−
( n

N
, φR1(n), φR2(n), . . . , φRK−1(n)

)�
,

n = 1, 2, . . . , N (3)

where 1 is a unity vector, and R1, R2, . . . , RK−1 are the first
K − 1 prime numbers.

We perform FE simulations at the N points xn determined
by HSS to collect the data for surrogate model construction.

2) Gaussian Process Regression: GPR is the nonparametric
regression method that produces output variables following a
multivariate normal distribution.

Suppose that there are N training samples collected follow-
ing HSS, {xn, yn}Nn=1 where xn ∈ RM denotes an input, and
yn ∈ R denotes a measurement. Let y be a vector that is
a collection of yi. The Gaussian process is parameterized by
its mean function E[y] and covariance function Cov[y]. When
the measurements y are centered so as to have zero mean, the
mean function can be written as E[y] = 0, and the covariance
function can be written as CN = Cov[y] = K whose (i, j) ele-
ment is the kernel function k(xi, xj). In this study, the radial
basis function was used as the kernel function. Assuming that
the measurements yn are affected by additive noise and that
the noise are realizations of independent, identically Gaussian
distribution with zero mean and variance σ 2, the covariance
function CN can be written as follows:

CN = K + σ 2I (4)

(K)i,j = k
(
xi, xj

) = ν exp

(
−
∥∥xi − xj

∥∥2

2λ

)
. (5)
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When a new input x∗ is measured, the GPR model predicts the
normal distribution that the corresponding output y∗ follows:

y ∼ N
(

ŷ∗, σ̂ 2∗
)

(6)

ŷ∗ = k�C−1
N y (7)

σ̂ 2∗ = k(x∗, x∗)− k�C−1
N k (8)

where the i-th element of k is k(xi, x∗).
The parameters in the GPR model, θ = (σ 2, ν, λ), affects

prediction performance. The maximization of log-likelihood is
the well-known method to optimize the parameters.

3) Surrogate Modeling With Time-Space Dependency:
Many types of surrogate models predict spatial or temporal
averages of FE simulation results; however, it is necessary
to predict the temporal changes of the brain surface tem-
perature distribution due to brain cooling in this research.
Chen et al. proposed a method for constructing a surrogate
model that outputs time-space-dependent variables using PCA
and GPR [28].

PCA is a statistical projection technique for dimension
reduction and feature extraction. The main idea of PCA is
to project the M dimensional data, x, onto the P (P ≤ M)

dimensional feature space so that the variance of data on each
principal component is maximized:

x = Vt+ μ+ e (9)

where V is the loading matrix with loading vectors vp in the
column, t is the score vector, μ is the mean of the data, and
e is the residual term.

In their proposed surrogate model, the dimension of the
output variables is rearranged as (the number of meshes in
the geometry) × (the number of time steps). PCA is applied
to the matrix whose row is the output of each sample, and
P GPR models are developed to predict each of the P scores
t = [t1, . . . , tP]T . That is, x in Eqs. (4)–(8) are replaced by t.

B. Multi-Objective Optimization

Although the FBC device should achieve small pressure
drop and high cooling performance simultaneously, these two
features are in a trade-off relationship. Thus, multi-objective
optimization, which finds a Pareto optimal candidate solution
set, needs to be used. In this study, non-dominated sorting
genetic algorithm II (NSGA-II) [29], which is a genetic algo-
rithm expanded for multi-objective optimization, is used to
solve the channel structure optimization problem.

We define multiple objective functions fm(m = 1, . . . , M) to
be optimized, where M denotes the number of objective func-
tions. NSGA-II selects the next parent population Pt+1 from Rt

by using fast non-dominated sorting (Algorithm 2) and crowd-
ing distance (Algorithm 3). Rt is the combination of the parent
population Pt and the offspring Qt, which is generated from Pt

by genetic operations: selection, crossover, and mutation. The
procedure of NSGA-II for searching Pareto-optimal solutions
is described in Algorithm 1. Here, |A| denotes the number of
elements in a set A.

In step 6, each candidate solution in Rt is ranked using fast
non-dominated sorting described in Algorithm 2 that ranks

Algorithm 1 NSGA-II
1: Set the generation number t←− 1.
2: Create random parent population P1 with Nc chromo-

somes.
3: while t ≤ T do
4: Create offspring Qt with Nc chromosomes from Pt by

means of selection, crossover, and mutation.
5: Create combined population Rt = Pt ∪ Qt.
6: Calculate rank r(r = 1, · · · , nr) of each candidate

solution in Rt by means of fast non-dominated sorting
described in Algorithm 2.

7: Create the candidate solution set with rank r, Fr.
8: Set new parent population Pt+1 = ∅.
9: i←− 1.

10: while |Pt+1| < Nc do
11: Pt+1 = Pt+1 ∪ Fi.
12: i←− i+ 1.
13: end while
14: Add Nc−|Pt+1| candidate solutions from Fi to Pt+1 in

descending order of the crowding distance described in
Algorithm 3.

15: Set t←− t + 1.
16: end while

Algorithm 2 Fast Non-Dominated Sorting
1: Set r←− 1.
2: for all p ∈ P do
3: Calculate domination count np.
4: end for
5: while P �= ∅ do
6: Make the rank r set Fr consisting of the candidate

solutions with np = 0.
7: P←− P\Fr.
8: for all p ∈ P do
9: np ←− np − 1.

10: end for
11: r←− r + 1.
12: end while

candidate solutions followed by the non-dominated relation-
ship among candidate solutions. In steps 7-13, some candidate
solutions are preserved in the next generation based on the
rank. Let P be a candidate solution set, and the domination
count np be the number of candidate solutions that dominate
the candidate solution p ∈ P.

The crowding distance is used in step 14, which is for eval-
uating how other candidate solutions crowd around the candi-
date solution i, to preserve the diversity of candidate solutions.
Let F be a candidate solution set with the same non-dominated
rank calculated in step 6, and nf = |F|. The crowding distance
is calculated in accordance with Algorithm 3. In step 2, Im

i
denotes the order of the candidate solution i when it is evalu-
ated by the m-th objective function fm, and f

Im
i

m is its evaluated
value. f max

m and f min
m are the maximum and minimum evaluated

values of fm.
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Algorithm 3 Crowding Distance
1: for m = 1, · · · , M do
2: Sort the candidate solutions in the set F in ascending

order of the evaluated value of fm.
3: end for
4: Calculate di,m:

di,m =

⎧⎪⎨
⎪⎩

∞ (Im
i = 1, nf )

f
Im
i +1

m − f
Im
i −1

m

f max
m − f min

m
(Im

i = 2, · · · , nf − 1).
(10)

5: Calculate the crowding distance di:

di =
M∑

m=1

di,m. (11)

Fig. 3. Cooling device geometry and its design variables.

In this research, we select the final solution from Pt through
a tournament, which selects the candidate solution with the
lowest rank, and the candidate solution with the highest crowd-
ing distance is selected when multiple candidate solutions have
the same lowest rank in Pt.

III. OPTIMAL CHANNEL STRUCTURE DESIGN

In this section, we describe a procedure for designing and
optimizing the brain cooling device based on the surrogate
model and multi-objective optimization. The proposed brain
cooling device design method consists of three steps: 1) data
collection using FE Simulations, 2) surrogate model con-
struction, and 3) channel structure optimization by means of
NSGA-II.

A. Data Collection by Means of FE Simulation

In order to construct the surrogate model, the data need to
be collected through FE simulations. The FE simulation model
used in this study is described in the Appendix.

Figure 3 shows the geometry of the cooling device consid-
ered in this study, and variables x = [x1, . . . , x5] are vertical
design variables to be optimized. Since the two-dimensional

Fig. 4. Prediction performance of model 1 when the number of principal
components changes; RMSE became almost constant when the number of
principal components was 14 or more.

Fig. 5. Prediction performance change of model 1 over time; RMSE became
almost constant after 270 seconds.

channel structure of the cooling device is symmetrical, only
one side is shown. The thickness of the horizontal channel wall
must be 5 mm or more to consider for machining accuracy of
titanium. The width of the inlet and the outlet of saline was
determined by the size of the cross-section between the device
and the recirculating apparatus. Thus, we did not consider
horizontal design variables in this study.

In the FE simulation, the ambient temperature was kept at
27 ◦C, and saline at 5 ◦C flowed into the cooling device at a
flow rate of 0.4 L/min. We assumed that the head is in con-
tact with the outdoor air whose temperature is 25 ◦C, except
the bottom face, which is assumed to be thermally insulated.
The brain surface region just below the cooling device was
20 × 20 mm, which was divided into (50 × 50)-point grids
for temperature measurement. Since we have confirmed that
it takes less than 600 s to cool the brain to the target temper-
ature, the simulation was run from the start of cooling (0 s)
to 900 s, which we considered to be sufficient time for the
brain surface temperature to reach the steady-state [14]. The
sampling rate was 2 s. The total number of meshes in the FE
simulation was about 400,000, which is within a range we
have confirmed not to affect simulation results. The modeling
data were collected by repeating simulations100 times with
different, randomly generated design variable sets. The ranges
of the generated simulation conditions are listed in Table I.

B. Surrogate Model Construction

We constructed two types of surrogate models: model 1
reproduces temporal changes in brain surface temperature, and
model 2 reproduces the pressure drop in the cooling device
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Fig. 6. Temperature distribution of the brain surface calculated by FE simulations (top) and surrogate model (bottom) at t = 2 s (left), 450 s (center), and
900 s (right).

TABLE I
RANGE OF INITIAL DESIGN VARIABLES

at 900 s. The output variables of surrogate model 1 were
the temporal changes in the brain surface temperature, whose
dimension was 2, 500× 450 = 1, 125× 103. In model 1, we
constructed multiple models with different numbers of prin-
cipal components. On the other hand, the output of model 2
was scalar, and we did not use PCA.

C. Channel Structure Optimization

The cooling device should achieve small pressure drop in
the device as well as high cooling performance to reduce the
size and the energy consumption of the recirculating coolant
apparatus. The first objective function f1 in Eq. (12) evalu-
ates pressure drop. Since Fujii et al. reported that the cooling
device was not able to suppress epileptiform neuronal activ-
ities when the size of the infarct area is larger than the size
of the cooling device [22], we aimed to cool the entire area
just below the device. In this study, brain temperature was
cooled to a temperature of 10 ◦C or lower within 60 s and
the temperature was maintained for 900 s, because that would
indicate that it would be easy to stop cooling and keep the
temperature when the brain surface temperature reaches the
target temperature range of 10 to 20 ◦C, and brain cooling for
up to 30 minutes has no adverse effect on the brain condition.

The second and the third objective functions f2, f3 in
Eqs (13) and (14) evaluate the proportion of the brain sur-
face area above the target temperature 10 ◦C to the whole
brain surface area just below the device at 900 s, and the

average temperature at 900 s. Thus, the objective functions to
be minimized are formulated as follows:

f1(x) = pdrop(x) (12)

f2(x) =
∣∣{Tij,900 | Tij,900 ≥ 10◦C

}∣∣
2500

× 100 (13)

f3(x) =
∑

i,j Tij,900(x)

2500
(14)

where pdrop represents the pressure drop inside the cooling
device, and Tij,900 represents the brain surface temperature of
each grid point (i, j) at 900 s. |A| denotes the cardinal number
of a set A. In addition, we defined the constraints on the design
variables x1, . . . , x5 by taking machining accuracy of titanium
into account.

Finally, the multi-objective optimization problem for
optimal channel structure design was formulated as follows:

Minimize f (x) = [f1(x) f2(x) f3(x)
]T

subject to

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

6 ≤ x1 ≤ 12.5
0.5 ≤ x2 ≤ 2.5
0.75 ≤ x3 ≤ 6
0.75 ≤ x4 ≤ 6
0.75 ≤ x5 ≤ 6

(15)

We solved the above optimization problem with NSGA-II.

IV. RESULTS AND DISCUSSION

A. Surrogate Modeling

The dimension of surrogate model 1 was 1, 125 × 103.
In order to determine the number of principal components
retained in the PCA model, leave-one-out cross-validation
(LOOCV) was adopted. LOOCV takes a single sample from
the entire dataset as the validation data, and then a model
is constructed using the remaining samples. This procedure
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TABLE II
NSGA-II SETTING

Fig. 7. Pareto optimal solutions by NSGA-II.

is repeated until all of the samples are used for validation
once, and then the overall root means square error (RMSE) is
calculated.

Figure 4 gives the prediction performance of model 1 with
a different number of the principal components. When the
number of principal components was 14 or more, RMSE was
almost constant at around 0.0525 ◦C. Thus, the number of
principal components was set to 14 when constructing model
1. Higdon et al. found that a GPR model predicts well for
the first few principal components, and poorly for the latter
principal components [30], which may be one reason why the
prediction performance did not improve when the number of
adopted principal components was increased to 14 or more.

The changes in RMSE for each time-step were examined,
and the result is shown in Fig. 5. RMSE became almost
constant at around 0.045 ◦C after 270 seconds. Figure 6 illus-
trates the comparison results of temperature distributions of
the brain surface between the FE simulations and the surrogate
model predictions at different times when the design variable
x = [11.69, 11.69, 3.06, 0.86, 1.12]. Figures 5 and 6 show that
there were large errors between the simulation results and the
surrogate model predictions at the start of cooling, and the
errors diminished with time. In addition, RMSE of pressure
drop between the FE simulation and the prediction according
to model 2 was 3.1 kPa.

Thus it is concluded that surrogate modeling is useful for
calculating temperature distribution and pressure drop of the
cooling device because its prediction performance was precise
enough for channel structure design, and its computational
burden was much lighter than FE simulations.

B. Channel Structure Optimization

Before optimization, we performed multiple preliminary
numerical experiments to find a good solution of design
variables by trial and error for comparison. The values of
the design variables determined by means of the numerical

Fig. 8. Optimized channel structure.

Fig. 9. Temporal changes in average brain surface temperature.

experiments were expressed as

xexpr = [9.25, 0.5, 0.75, 0.75, 0.75]. (16)

The device with xexpr is called the initial device.
We optimized the channel structure of the cooling device

with the constructed surrogate models and NSGA-II. Fifty
initial solutions were generated in a random manner. The
optimization settings of NSGA-II are shown in Table II, and
the Pareto optimal solutions obtained by NSGA-II are illus-
trated in Fig. 7. We confirmed that these solutions were interior
points of the initial simulation conditions listed in Table I.

Among the Pareto optimal solutions in which all of the eval-
uated values of the objective functions f1, f2, f3 were smaller
than xexpr was adopted, we selected the solution x∗ that
achieved the smallest pressure drop:

x∗ = [9.54 2.20 5.34 5.09 5.29] (17)

which is shown as a red circle in Fig. 7.
The optimized channel structure of the cooling device

derived from x∗ is shown in Fig. 8. In addition, the FE sim-
ulation was performed using x∗, whose result is shown in
Table III. In addition, Figure 9 shows temporal changes in
the average temperature of the brain surface, in which t = 0
denotes the start of cooling.
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TABLE III
OPTIMAL SOLUTION OBTAINED FROM FE SIMULATION

Fig. 10. Temperature distributions of the brain surface by optimized device:
t = 450s (left) and t = 900s (right).

The errors between the evaluated values of objective func-
tions using the surrogate model and the FE simulations were
small, indicating that the surrogate model reproduced the
FE simulation with high accuracy. Through channel struc-
ture optimization, the pressure drop inside the cooling device
was improved by 28.7% in comparison with the initial device,
while its cooling performance was maintained as illustrated in
Fig. 10. It is concluded that we were able to design the optimal
channel structure of the cooling device for the FBC system
utilizing surrogate modeling and multi-objective optimization.

C. Discussion

We designed the optimal channel structure of the cooling
device that can minimize pressure drop by using the surrogate
model and NSGA-II. According to Fig. 9, the brain surface
temperature was cooled to below the target temperature of
10 ◦C within 12 s, and we can control the brain surface tem-
perature simply by stopping the brain cooling when the brain
surface temperature reaches the target range. This cooling
device satisfied the specification regarding the time required
for brain cooling–one minute.

Figure 7 shows that pressure drop is tuned by chang-
ing the channel design of the cooling device, although the
brain temperature is almost constant. To investigate the rela-
tionship between the channel design and pressure drop, we
selected four other Pareto solutions and calculated pressure
drop by using the design variables of the selected solutions.
The selected Pareto solutions are indicated by blue circles in
Fig. 7, and their corresponding evaluated values and channel
designs are illustrated in Table IV and Fig. 11, respectively.
These results showed that pressure drop decreased as the flow
channel widths (x2, . . . , x5) increased, which indicated that the
total travel distance of the coolant should be short. On the other
hand, the coolant may stagnate, which leads to deterioration
of the cooling performance, when the flow channels are too
wide. Hence, the flow channel widths may not be excessively
wide among the Pareto solutions.

TABLE IV
RELATIONSHIP BETWEEN DEVICE CHANNEL DESIGN AND

PERFORMANCE

Fig. 11. Selected Pareto optimal devices.

Both fluid velocity and viscosity, which is a function of
fluid temperature, affect pressure drop. Since the inlet tem-
perature of the coolant was constant in this study, the energy
loss due to friction caused by flow turbulence in the channels
was the dominant cause of pressure drop. Figure 12 shows the
velocity distributions in the initially designed device and the
optimally designed device. Although the device was symmet-
rically designed, the velocity distribution became asymmetric
since the inlet and the outlet of the coolant were arranged
asymmetrically. This figure shows that the optimally designed
device kept a higher velocity than the initially designed device,
which means that the energy loss in the optimally designed
device was less than the initially designed device.

The CPU times of the FE simulations and prediction with
the constructed surrogate model were measured. The com-
puter configuration used in this study was as follows: CPU:
Intel Core i7-7700K (4.20GHz × 4 cores), RAM: 32GB,
OS: Windows 10 Education (64 bit), and MATLAB 2019b
(MathWorks Inc.) was used. The average CPU times of the FE
simulations and the surrogate model were (8554 ± 8237) s and
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Fig. 12. Velocity distributions in the initial device (left) and the optimal
device (right).

(0.07 ± 0.01) s, respectively, which means that we can per-
form more than 100,000 surrogate model simulations within
the time required for one FE simulation. The use of the sur-
rogate model significantly reduced the computational burden,
and we can repeat a large number of simulations to find bet-
ter candidate solutions. In addition, the conventional design
methodology requires redoing FE simulations when we change
an objective function while we can reuse the existing data
in the surrogate model approach, and we can easily compare
multiple design objectives in the channel design.

We performed sensitivity analysis to validate parameter
uncertainty. The objective parameter of sensitivity analysis
was the blood perfusion rate per unit volume of tissue w,
which was determined through animal experiments [14] and
thus may contain a larger error than other parameters, such
as physical property values that have been precisely mea-
sured by various researchers. We changed the value of w
to a range of ±10% and confirmed the objective functions.
Pressure drop was a constant pdrop = 219.8 kPa regardless of
the value of w was changed, while the average temperature
varied in a range between 6.84 ◦C and 6.97 ◦C; that is, the
average temperature fluctuated in a range of about ±1% in
comparison with the optimal solution. Since we accomplished
sufficient cooling performance, the temperature fluctuation
in the range of ±1% was not a problem for cooling. This
result showed that our approach is robust against parameter
uncertainty.

It is concluded that our proposed approach that combines the
surrogate model and multi-objective optimization is a useful
technique for designing the optimal channel structure of the
cooling device.

D. Limitations

Limitations include study design, such as the fact that the
results were from the FE simulations and calculations by
means of the surrogate model and that the simulation param-
eters were obtained from an animal rather than a human
experiment. Accordingly, more studies using clinical data are
required for the future application of our FBC system to real
patients.

V. CONCLUSION AND FUTURE WORKS

In this work, we optimized the cooling device channel struc-
ture by using the surrogate model approach and NSGA-II
to accelerate the future clinical application of the wearable

TABLE V
VARIABLES AND CONSTANTS

focal brain cooling (FBC) system, which is significant for
improving quality of life of patients with refractory epilepsy.
The optimization results showed that the pressure drop inside
the cooling device was decreased from 308.1 kPa to 219.8 kPa
without deterioration of the cooling performance. Our optimal
cooling device design will improve the practicability of the
wearable FBC system since the size of the recirculating
coolant apparatus and its energy consumption can be reduced.

In future works, we will develop a real cooling device based
on the result obtained in this work, and confirm its performance
through animal studies before clinical application.

APPENDIX

SIMULATION MODEL

Three-dimensional, time-dependent simulations were con-
ducted using FE analysis software COMSOL Multiphysics v.
5.3a (COMSOL AB). Symbols appearing in this section are
summarized in Table V, in which the symbols that have no
values are variables that change through calculation.

1) Fluid Dynamics: The governing equations of fluid
dynamics are as follows: the equation of continuity (18),
the Navier-Stokes equation (19), and the energy conservation
equation (20). The velocity, pressure, and temperature distri-
bution of saline can be calculated by combining these three
equations:

∂ρs

∂t
+∇ · (ρsu) = 0 (18)

ρs
∂u
∂t
+ ρs(u · ∇)u = ∇ · [−pI + τ

]+ ρsg (19)

ρscs

(
∂T

∂t
+ (u · ∇)T

)

= −(∇ · q)+ τ : S− T

ρS

∂ρS

∂T

∣∣∣∣
p

(
∂p

∂t
+ (u · ∇)p

)
+ Q (20)

where ρs and cs are the density and the heat capacity of
saline; however, we use the standard properties of water
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Fig. 13. Cooling device.

Fig. 14. Head model.

instead of saline because its sodium concentration is just
0.9% [14]. In general, physical/thermodynamic properties of
materials, including density and specific heat capacity, depend
on temperature, and they are approximated using polynomial
equations [31]. ρs and cs are as follows:

ρs = 839+ 1.40T − 3.01× 10−3T2 + 3.72× 10−7T3 (21)

cs = 1.20× 104 − 80.4T + 0.310T2

− 5.38× 10−4T3 + 3.63× 10−7T4. (22)

2) Heat Conduction: The heat conduction equation is for
calculating the temperature distribution of the cooling device
and the biological brain tissue. The heat conduction equation
in titanium is given as:

ρTicTi
∂T

∂t
= kTi∇2T + Q. (23)

For biological tissue, the Pennes’s bioheat equation, which
takes the influence of blood convection into consideration, was
used.

ρtisctis
∂T

∂t
= ktis∇2T + ρbloodcbloodw(Tblood − T)+ Q (24)

The value of the blood perfusion rate w was identified by
means of an animal experiment using a cat, the details of
which are described in [14].

3) Cooling Device: A schematic diagram of the cooling
device model is shown in Fig. 13. The size of the cooling
device was 20 mm × 20 mm, the thickness of the bottom
was 0.3 mm, the height of the flow channel in the device was
3 mm, and the thickness of the lid was 0.5 mm.

4) Head Model: Since animal experiments are needed before
clinical experiments, we experimented with the FBC system
using cats [14]. Thus, we modeled the cat’s head with a hemi-
sphere in this study. The cross-section of the head model
is shown in Fig. 14. The thicknesses of cerebrospinal fluid,

dura mater, skull, and soft tissue were 0.9 mm, 0.2 mm,
2.2 mm, and 2.2 mm, respectively, and the brain radius was
36.9 mm [14], [32]. The brain surface just below the cool-
ing device was assumed to contact the dura mater due to the
occurrence of brain edema [33].
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