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Abstract: Both storage and transport of medical products remains a challenging task because of
many variables as well as infrastructures, territory, and so on. Among these variables, monitoring
the medical products temperature is fundamental to guarantee their safety. On the other hand, for
sectors like aerospace delivery, weight has a crucial role too. For such applications and especially for
strongly variable external temperatures, Peltier cells might be employed for either cooling or heating
medical products to be stored. Accordingly, this study addresses the optimization of a heat sink
for the thermal management of a Peltier-cell-based biomedical refrigerator. In detail, a brute-force
multi-objective optimization of an impinging-flow finned heat sink for the Peltier cell is carried out
here. Thermal resistance, weight, and pressure drop are chosen as the three-objective functions to be
minimized, with both geometrical and volumetric flow rate as design variables. The results present a
very large bunch of optimal solutions to design such devices. With the utopia optimum criterion, Rth

= 0.159 ◦C/W, msink = 0.550 kg, and ∆p = 14.99 Pa are obtained. Finally, both multiple-linear regression
and artificial neural networks are employed to relate design variables with the objective functions, in
order to provide the final user with a practical tool for the optimal design of such devices.

Keywords: thermal management; Peltier cells; multi-objective optimization; heat transfer and pres-
sure drop; correlations

1. Introduction

Storing goods related to medicine is a very complicated task because of the highly
restricting conditions at which these should be maintained [1–3]. For instance, among
all the variables, temperature is one of the most critical [1–3]. Depending on the organ,
the drug, or in general on the biomedical product to be considered, different temperature
ranges have to be considered. Some products like pads for back pain range in between
42 to 46 ◦C, while other ones like vaccines, or other clinical samples, should be in between
2/8 ◦C or 30/35 ◦C, respectively [3]. Some cells like peripheral blood mononuclear cells
could be stored at −80 ◦C [4], or at −170 ◦C if one wants to avoid rapid deterioration [5].
Other products that require a controlled temperature environment are syrups, say no more
than 25 ◦C [6], or some mRNA-based vaccines which require temperatures up to −80 ◦C
or −20 ◦C [7]. If one wants to store epithelial cells for tissue engineering, then it is known
that these could be of 2 ◦C up to 37 ◦C [8]. All this means that a very efficient thermal
management solution is usually required.

Because heating or cooling might be required [3], solutions like heat pumps, Phase
Change Materials (PCMs), or Peltier cells, might be some options. PCMs are efficient
because of their ability to store very large amounts of thermal energy in isothermal con-
ditions. This makes such materials very prone to these applications because PCMs can
be chosen depending on the desired temperature range [3]; nowadays, applying these
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materials within the biomedical industry, is something that is still of large interest [9,10].
Risk of vaccine freezing might be avoided if one uses PCMs [11]. A prototype to treat
mycobacterium ulceran infection based on PCM has been shown to be promising since
the PCM allows to keep the skin surface temperature up to 40 ◦C during the treatment,
making possible to heal wounds with no other interventions [12]. Vaccine boxes might be
prepared based on PCMs, since water presents too much of a low solidification temperature.
If well designed, these boxes are also promising in terms of costs [3,13,14]. An exhaustive
review of how to apply PCMs in biomedical field can be found in [15]. However, even if
PCMs are essentially passive systems, they could present some issues in terms of weight,
and of course in terms of thermal management since no forced convection systems are
employed as for instance happens in electronic thermal management. Weight might be
an issue especially in very remote areas that require the help of aircraft systems, water
systems, or similar.

In order to overcome this limit, an idea could be to use Peltier cells, which can
guarantee both cooling and heating as for a heat pump. Even if they present quite low
coefficients of performance (COP) values, these might be thought for rural areas [16], to
avoid any environmental degradation fluids [16,17], or refrigerant leakages [18]. During the
very recent years, many studies suggested to use Peltier cells for thermal management. They
can be used for automotive or space applications [19], electrical machines [20], integrated
circuits [21], and so on. Therefore, even if conventional vapor compression systems are
more efficient, one can therefore use Peltier cells for low-weight applications in which
either cooling or heating is required. This solution could guarantee an active thermal
management system instead of a passive one based on phase change materials. When
Peltier cells are designed, their overall performance is improved if a proper design of the
corresponding heat sink for both cold and hot sides is done [16–18]. To accomplish this
task, multi-objective optimization would be really important. Multi-objective optimization
has been extensively used for typical heat transfer problems such as heat exchangers [22],
energy efficiency in buildings [23], or in general energy systems [24]. In this subject, one
must decide which are the conflicting functions to be minimized/maximized in order to
obtain a 2D or 3D Pareto front. Recently, many studies about optimization applied to
heat transfer by employing various optimization techniques have been proposed. Various
heat sinks for electronics have been optimized by employing water and HFE-7000 as
coolants by Ndao et al. [25], addressing thermal resistance and pumping power as objective
functions. Their study is a guideline for whom wants to design these heat transfer devices,
showing that the offset strip fin heat sink might be the best solution for that application.
A heat sink for concentrated PVT applications has been optimized by [26], by employing
thermal resistance and pressure drop as objective functions. The authors concluded that
variable-width channels might reduce cooling fluid pressure drop. Plate heat exchangers
have been optimized in terms of hot side pressure drop and heat transfer rate [27] to
show that some variables like place spacing and numbers would affect greatly both heat
transfer and pressure drop. A heat rate and pumping power optimization for porous
media-equipped heat sinks has been presented in Bianco et al. [28]. The mathematical
model for the optimization has been set by numerically solving the 3D model with CFD
analysis. Results showed that the optimized solution outperforms standard solutions [29]
up to 5–6 times in terms of heat rate if one constraints pumping power.

Based on the current literature survey, it is clear that Peltier-based thermal management
systems could be thought for low-weight applications. Since heat sinks in these applications
have a primary role, in this study a multi-objective optimization of three contrasting
objective functions which are thermal resistance, pressure drop and weight, is carried
out. The optimization is carried out by employing a Brute-Force (BF) search, while the
fitness function is built up based on available heat transfer and fluid flow correlations
and simple geometrical considerations. Finally, correlations between design variables
and objective functions are derived based on regression analysis and artificial neural
network for whom wants to design such devices. The motivation of this study is that
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optimizing these devices would be really helpful for whom wants to use Peltier-based
thermal management systems. By considering the appropriate importance to heat transfer
and fluid flow problem, reducing the weight would allow to carry on biomedical products
by employing air shipping systems or in general solutions that are not as impactful as
trucks and so on. Thus, optimizing such devices to trade-off thermal performance, weight
and battery autonomy is pivotal to trigger a new, more effective and sustainable shipping
system for essential goods, such as biomedical products, and non-essential goods, e.g.,
through unanimated air vehicles (UAV).

2. Mathematical Modeling
2.1. Geometry

The impinging-flow longitudinal finned heat sink that has been optimized here is
sketched in Figure 1. The air comes from the top, i.e., the flow is impinging with respect
to the heat source on the bottom of the heat sink. In the figure shown here, a number of
Nfins = 32 fins, with ww = 1.70 mm the fin thickness and wc = 2.70 mm the fin spacing, is
shown. The heat sink side L is always equal to 120 mm, the base Hb is 6.40 mm, while
the height H is 33.6 mm in the figure, and it is assumed to be a design variable for the
optimization.
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Figure 1. A sketch of the impinging-flow longitudinal finned heat sink to be optimized in this study.

2.2. Objective Functions

In order to define the optimization problem that will be shown later, both objective
and fitness functions, with the latter that allows to relate input with outputs, need to be
defined first.

The three objective functions to be minimized, which are in contrast and of equal
importance, are the thermal resistance, the pressure drop, and the weight of the device.
The first objective function, Rth, has been chosen since the objective of a heat sink is to
minimize this value, which means lower temperature differences at equal heat rate for
instance. In other words, we would like to improve the thermal performance of the device.
Pressure drop, ∆p, has to be minimized in order to ensure that a limited pumping power is
required in transient conditions, resulting in savings in terms of battery consumption for
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aircraft applications. In convection application, pressure drop is usually in contrast with
heat transfer, that here is represented by the thermal resistance. Finally, the weight msink
has been considered too, since it has a primary role in Peltier-based thermal management
applications. Indeed, these devices might be convenient with references to applications
like air shipping. This objective function is in contrast with the thermal resistance since
if one wants to improve Rth then more material might be needed. On the other hand, the
weight shows contrasting objectives with pressure drop since the latter is influenced by
the material employed by means of fluid-dynamic variables like available cross section for
flow and so on. Furthermore, lowering the heat sink weight would allow more space for
batteries in applications unmanned aerial vehicles.

Thermal resistance and pressure drop have been taken from correlations shown in
Kim et al. [30] for impinging plate-fin heat sinks:

Rth =
∆T

.
Q

=

ερ f cp, f uinL2

1 −
(

1 +
ηe f f hcas f H

ερ f c f uin

)−1


−1

(1)

∆p = ρ f uin

[
1

10

(
L
H

)2
− 2

5

]
+

εµ f H
K

uin

[
1

12

(
L
H

)2
+

1
3

]
(2)

With Rth as the thermal resistance, ∆T as the temperature difference between the base
and the air inlet temperature,

.
Q as the heat rate, e as the porosity, ρ as the density, cp,f as the

heat capacity, uin as the inlet velocity, hc as the interfacial heat transfer coefficient, asf as the
specific surface area, ηeff as the fin efficiency and K as the permeability. In this study, we
assume that the heat sink is squared with L = 120 mm, while thermophysical properties are
computed in ambient conditions. In Kim et al. [30], their predictive model is valid under the
assumptions of high solid/fluid thermal conductivity ratio, sink dimensions much higher
than fin dimensions, and laminar flow. The model has been validated for dimensionless
pumping power and heat sink height, both defined in [30], between 5 × 109 and 1011, and
1 and 2, respectively. In this study, we simulated values in between about 1011 and 1012,
and about 0.2 and 0.9. However, even if these ranges are outside the validated ones, it is
straightforward to extend the validity of the correlations from Kim et al. [30] based on their
model assumption.

All these terms listed are defined based on the following set of equations [30].

ηe f f =

tanh

[
H
√

hcas f
ks(1−ε)

]

H
√

hcas f
ks(1−ε)

(3)

K =
εw2

c
12[(0.289 + 16.0w∗

c ) + (0.00263 + 0.133w∗
c )Rewc ]

(4)

hc =
70k f

17wc

[(
17.4w∗

c − 63.4w2
c

)
+ 7.67 × 10−3w∗

c Rewc

]
(5)

ε =
wc

ww + wc
(6)

as f =
2

ww + wc
(7)

With wc* = wc/H as the dimensionless channel width, ks as the solid phase thermal
conductivity (aluminum), wc as the fin spacing and ww the fin thickness, already defined at
the beginning of the present section. Reynolds number is defined by using the fin spacing
as the characteristic length according to Kim et al. [30]. Since often the volumetric flow
rate is the variable given by manufacturer, in cubic feet meters, the following relationship
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have been used to link inlet velocity via the porosity with the volumetric flow rate after
converting cfm in m3/s.

uin =

.
Vin
εL2 (8)

In this study, we assumed both number of fins Nfins and dimensionless fin thickness
as input variables [28]. Therefore, fin typical geometrical equations that allow to relate all
these variables are described from the following set of equations.

ww =
L

N f ins + 1

/(
1 − w∗

w
w∗

w
+

N f ins

N f ins + 1

)
(9)

wc = ww
1 − w∗

w
w∗

w
=

L − N f insww

N f ins + 1
(10)

w∗
w =

ww

ww + wc
(11)

With ww* as the dimensionless fin thickness. With references to the device weight, just
some geometrical considerations need to be done. The base volume is considered too in the
computations by assuming a height of 6.40 mm. The following set of equations is used to
characterize the device weight msink by including base volume and height too.

Vb = HbL2 (12)

Vf in = wwHL (13)

msink =
(

Vb + N f insVf in

)
ρs (14)

In this way, objective functions Rth, ∆p and msink are computed from the aforemen-
tioned set of equations. Furthermore, we also underline that the present computations
would not need to be validated since the employed correlations have been taken from stud-
ies which have been already validated. In our future plans, some more tests about optimum
solutions that will be shown here would be really helpful to design the final heat sink.

2.3. Optimization Procedure

Because of the not so high computational effort and cost, a quite large amount of simu-
lations can be done for the optimization procedure. Therefore, multi-objective optimization
is implemented with a brute-force search approach in MATLAB with an in-house code. The
total number of computations is equal to 12,800.

Objective functions have been shown in Section 2.2, while design variables are resumed
in Table 1 by considering typical values of these applications. The fitness function discards
solutions which are intended to be quite unrealistic, say the ones with Rth > 1 ◦C/W,
msink > 2 kg and ∆p < 100 Pa.

Table 1. Design variables ranges.

Design Variable Symbol
Values

Min. Step Max.

Fins number Nfins 8 2 24
Dimensionless fin thickness ww* 0.20 0.01 0.40
Volumetric flow rate (cfm)

.
Vin 50 5 100

Sink height (mm) H 20 10 100

3. Optimization Results

Results for multi-objective optimization are shown in this section. The 3D Pareto front
is presented in Figure 2. In this figure, the optimum point calculated according to the
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Utopia criterion [28] is highlighted too. In particular, this point allows to obtain Rth = 0.159,
msink = 0.550 kg, and ∆p = 14.99 Pa, by employing input variables equal to 24, 0.20, 50 cfm
and 4 mm. In the figure, it is remarked that many points for the Pareto front have been
obtained because non-dominant points are very few if one considers a three-objective
function. In order to appreciate the relevance of the design variables, in Figure 3 input
variables that allow to obtain Pareto front are resumed. From the figure, it can be seen that
variables are quite spread in most of the cases, making multi-objective optimization useful
to appreciate Pareto fronts. Among solutions, it is shown that Figure 2 (top-right) presents
most of the scatters for lower values and also for the highest value investigated, similarly to
what happens for Figure 2 (down-left). This could be attributed to the fact that there are three
objective functions in contrast, thus extreme solutions could be dominant in the 3D space.
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In order to appreciate the relevance of each variable, 2D pareto fronts are reported in
Figure 4. These fronts have been obtained by considering two objective functions per time.
Because the BF approach is employed, which in turn simulates all the combinations, it is
supposed to not be necessary to run again the code because of the very large number of
individuals simulated. In all the cases, one can remark that Pareto fronts are quite regular,
with a more or less hyperbolic trend. Utopia optima have been obtained with 0.184 ◦C/W
and 0.399 kg (Figure 4, top-left), 0.461 kg and 20.68 Pa (Figure 4, top-right), and 0.135 ◦C/W
and 12.46 Pa (Figure 4, down). These values are slightly different from the Utopia optimum
obtained for the 3D case, making it useful to consider the three-objective functions together.
However, using 2D pareto fronts for optima analysis might be reasonable if one wants to
just consider two out of three objective functions in its study.
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4. Predictive Models

Starting from the large bunch of cases here simulated, a set of correlations for whom
wants to design these devices have been obtained too. In particular, two approaches have
been followed. The first is based on conventional linear regression analyses, while the
second is on artificial neural networks. By considering the Fj(x) objective function, with
j = 1, 2 and 3, the following generic function is considered.
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y = a1 + b1x1 + b2x2 + b3x3 + b4x4 (15)

yp = a1 + b1x1,p + b2x2,p + b3x3,p + b4x4,p (16)

With the design variables xi labelled as vectors x1, x2, x3 and x4. The second equation,
Equation (16), reported with subscript p, which stands for Pareto, is obtained just to
analyze the quality of the predictions by making references only to the Pareto front design
variables. Regression coefficients are the same of the overall analysis in order to include
more datapoints. In other words, it is just verified how much a generic correlation works
for the Pareto front case. Comparison between simulated and predicted values is shown
in Figure 5 for all the j-objective functions analyzed. It is clear that the second objective
function, that is the weight, provides the best agreement because of the simplicity of the
problem. In the regression, some variables that do not affect the weight like the fan mass
flow rate are included; thus, making predictions better because they did not have any
relevant effect on the considered objective function. In order to appreciate the quality of
the regression, coefficient of determination R2, RMSE and MAPE are resumed in Table 2 for
both overall design variables and Pareto front design variables. From the table, it is clear
that the second objective function present the best values by far.
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Table 2. Statistical regression parameters for the various objective functions referred to both design
variables and Pareto front design variables.

Fj(x) R2 RMSE MAPE

Rth (◦C/W)
xi xi,p xi xi,p xi xi,p

0.62 0.67 0.12 0.14 40.6 37.3

msink (kg)
xi xi,p xi xi,p xi xi,p

0.96 0.94 0.08 0.07 8.51 11.4

∆p (Pa)
xi xi,p xi xi,p xi xi,p

0.75 0.72 12.3 13.3 57.2 75.5

Because of the low quality of the linear regressions, in this work regression analysis
has been done by employing artificial neural networks. The neural network employed
is a two-layer feed-forward network, with sigmoid hidden neurons and linear output
neurons. Training, Validation and Test sample sets have been set equal to 70%, 15%
and 15%. Neural networks have been reconstructed by using the Levenberg-Malquardt
algorithm to minimize the MSE, with a convergence criterion of 8.82 × 10−7, 2.77 × 10−8

and 3.42 × 10−3 to be reached after 1000 epochs. Ten single-layered neurons have been
used for such predictions, and weights extrapolated that allow to reconstruct the neural
network are resumed in Table 3. Offset and gain for the input values are always equal to 8,
0.2, 50, 0.02, and 0.125, 10, 0.04, 25, respectively. Minimum y value is always set equal to −1
for both input and output. Gain and offset on the first output are 2.2362 and 0.1038 for the
first objective function, 1.4536 and 0.3902 for the second, and finally 0.0207 and 3.2689 for
the third one. Comparisons between simulated and predicted values are shown in Figure 6,
showing a really good agreement with this approach.

Table 3. Bias and weights for the neural networks here trained.

Fj(x) 1st Layer 2nd Layer

Rth (◦C/W)

Bias Weights Bias Weights

−2.5674
−1.0418
−0.5616
−16.1835

4.2947
11.0239
−4.4437
23.3584
−9.9535
2.2930

−0.3525
0.2968
−0.0735
−2.2422
1.4565
2.4059
−0.5398
6.0179
−2.4806
−0.0075

−0.0211
0.0782
−1.3042
−0.7783
0.1470
0.7746
−0.1854
1.7070
−0.7398
0.2280

−0.1449
−0.8206
−0.1028
−0.8330
0.4373
0.9278
−0.1947
2.2244
−0.9489
0.0118

−0.0493
0.0389
−1.0500
−13.0148

0.8708
7.7712
−2.5363
16.9360
−7.0125
−0.3560

20.7259

12.4699
0.0290
0.0069
8.3386
−4.2753
17.7774
4.7389
−1.5910
6.9171
−1.2040

msink (kg)

1.1146
0.0864
1.0744
−0.4097
−0.0831
−0.1018
−0.9336
1.4079
2.0536
−2.9055

−0.0039
−0.0390
−0.0083
0.5734
−0.1258
0.0452
−0.7900
0.8178
1.4128
−1.9424

−0.4664
0.4804
−0.3883
−1.1600
−0.3873
−0.4148
−0.1614
−1.1347
1.2713
0.1259

−0.0001
0.0004
−0.0002
0.0541
−0.0012
−0.0002
0.0046
−0.0347
−1.5553
0.0024

0.1694
−0.1044
−0.1497
−1.4248
−0.2836
−0.0199
0.5151
−1.6955
0.8827
0.6136

0.5166

2.5372
−1.7277
−3.7465
0.0002
−0.2674
−2.2446
−0.0305
0.0023
−0.0001
−0.0472

∆p (Pa)

5.2759
2.7637
−1.0387
−1.7708
0.5079
−0.5778
2.7824
0.6964
0.9049
1.2250

−0.0365
−0.0502
0.0084
0.2673
−0.0205
0.1753
−0.0308
−0.0194
−0.0181
−0.1505

−0.1817
−0.0764
−0.2049
0.3438
0.0234
0.1217
−0.3278
0.0513
0.1210
−0.1117

−0.7438
−0.9897
0.6033
0.2695
−0.3561
0.1263
−0.2709
−0.4127
−0.4997
−0.0781

4.8688
3.3145
−0.5076
0.0447
0.9547
−0.0026
1.1301
0.7985
0.6177
−0.0009

4.6150

−1.6469
−0.2119
2.0768
2.3314
2.5127
3.2698
−7.7190
−7.3309
6.7696
9.6981



Energies 2022, 15, 7352 10 of 12

Energies 2022, 15, x FOR PEER REVIEW 11 of 15 
 

 

  

 

Figure 6. Comparisons between predicted (artificial neural network) and simulated solutions for 

both BF and Pareto solutions the three different objective functions investigated (j = 1, 2, and 3, from 

the left, to the right, to the bottom). 

  

Figure 6. Comparisons between predicted (artificial neural network) and simulated solutions for
both BF and Pareto solutions the three different objective functions investigated (j = 1, 2, and 3, from
the left, to the right, to the bottom).

5. Conclusions

In the present contribution, a brute-force three-objective optimization of thermal resis-
tance, weight and pressure drop, has been carried out on an impinging-flow finned heat
sink to be used on a Peltier cell for storage of biomedical products. The fitness function to
run the algorithm is built up by employing well-established heat transfer and pressure drop
correlations from the literature. Fin numbers, heights and thicknesses, as well as volumetric
flow rate to design the fan, have been chosen as design variables. The optimization here
performed provides criterion to design these devices depending on the preferred criterion
among the investigated objective functions. Based on the Utopia optimum criterion, an
optimum of Rth = 0.159, msink = 0.550 kg, and ∆p = 14.99 Pa, is here achieved. If one just
considers two objective functions, Utopia optimum have been obtained with values of
0.184 ◦C/W and 0.399 kg, 0.461 kg and 20.68 Pa, and 0.135 ◦C/W and 12.46 Pa. Finally, in
order to provide who wants to design such devices of a practical instrument, correlations be-
tween design variables and objective functions have been derived based on either multiple
linear regressions or artificial neural networks. In particular, the latter approach provides
very high values for typical statistical coefficients as well as the R2. This means that, based
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on weight and biases provided in this work, one could select the design variables that allow
to derive some values from constrained objective functions.
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Nomenclature
a, b regression coefficients
asf specific surface area (1/m)
cp specific heat capacity (J/kg K)
Fj(x) objective function
hc heat transfer coefficient (W/m2 K)
k thermal conductivity (W/m K)
K permeability (m2)
H height (m)
L length (m)
msink mass (kg)
Nfins fin numbers
p pressure (Pa)
.

Q heat rate (W)
Re Reynolds number
Rth thermal resistance (◦C/W)
T temperature (K)
uin inlet velocity (m/s)
.

Vin volumetric flow rate (m3/s)
Vfin fin volume (m3)
V volume (m3)
wc fin spacing (m)
ww fin thickness (m)
x Regressions inputs
y Regression output
Greek letters
ε porosity
heff fin efficiency
ρ density (kg/m3)
Subscripts
b base
f fluid
s solid
Superscripts
* dimensionless
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