
HAL Id: hal-03813124
https://hal.science/hal-03813124v1

Submitted on 13 Oct 2022

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Deep learning based design of thermal metadevices
Qingxiang Ji, Xueyan Chen, Jun Liang, Guodong Fang, Vincent Laude,

Thiwanka Arepolage, Sébastien Euphrasie, Julio Andrés Iglesias Martinez,
Sébastien Guenneau, Muamer Kadic

To cite this version:
Qingxiang Ji, Xueyan Chen, Jun Liang, Guodong Fang, Vincent Laude, et al.. Deep learning based
design of thermal metadevices. International Journal of Heat and Mass Transfer, 2022, 196, pp.123149
(6). �hal-03813124�

https://hal.science/hal-03813124v1
https://hal.archives-ouvertes.fr


Deep Learning Based Design of Thermal Metadevices

Qingxiang Jia , Xueyan Chena , Jun Liangb,∗ , Guodong Fang a , Vincent Laudec , Thiwanka Arepolage c ,
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Abstract

Thermal metadevices obtained from transformation optics have recently attracted wide attention due to their
vast potential for thermal management. However, these devices require extreme material parameters that are
difficult to achieve in large-scale applications. Here, we design a thermal concentrator using a machine learn-
ing method and demonstrate the thermal concentration performance of the designed device. We first define
an architecture with a single isotropic material. Deep learning models based on artificial neural networks are
implemented to retrieve design geometry parameters ensuring that the required spatially varying anisotropy
is achieved. We implement the optimized architecture into a thermal concentrator, fabricate samples and ex-
perimentally demonstrate that the designed metamaterial can simultaneously concentrate the heat flux in its
core and minimize perturbations to the external thermal field. Our approach paves new avenues for the design
of thermal management devices and, more generally, enables feasible solutions for inverse heat manipulation
problems.

Keywords: Thermal metadevice; Heat manipulation; Neural network; Optimization; Effective medium

1. Introduction

The effective control or manipulation of heat flow
is an evolving research field combining transforma-
tion thermodynamics and metamaterials [1, 2, 3, 4,
5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18,
19, 20, 21, 22, 23, 24]. Following this concept,
a class of novel thermal metadevices, i.e. ther-
mal cloaks, concentrators and invisible sensors, have
been proposed [25, 26, 27, 28, 29, 30, 31, 32, 33, 34].
Transformation-based thermal metadevices manipu-
late heat flows through tailored constitutive param-
eters. However, they face the major challenge of
requiring bulk material compositions showing both
anisotropy and inhomogeneity. In contrast, it is often
desirable in practical applications to retain flexibility
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in structural design by requiring only materials with
realistic physical properties.

Pioneering experimental results on molding heat
flows using anisotropic composite structures have
been reported [30, 35, 36, 37]. Another promis-
ing route is to build bi-layer meta-devices involving
bulk isotropic materials by employing the scattering-
cancellation method [38, 39, 40, 41, 42, 43]. Such
devices can be designed to be homogeneous, but
they are generally limited to regular configurations.
Researchers have also designed thermal metade-
vices using topology optimization. These show
good performance using regular material composi-
tions [44, 45, 46]. However, the complexity of the
obtained configurations adds fabrication difficulties
and makes them challenging for real applications.
Thermal cloak design methods have further been de-
veloped based on inverse problem theory, which re-
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moves material anisotropy and is appropriate for ir-
regular shapes [47, 48, 49]. In general, the so-called
inverse homogenization theory, which has been de-
veloped over the past twenty years to retrieve peri-
odic or random mixtures of materials achieving given
effective properties (e.g. conductivity), shows that
admissible composites depend notably on the ge-
ometry and connectedness of the inclusions within
the host medium [50, 51]. For a given effective
medium, the challenge is thus to seek feasible struc-
tured media within a very large class of composites
that would be hard to fabricate in practice. For in-
stance, an inverse homogenization design of an elec-
tromagnetic cloak was proposed in reference [52]
with isotropic dielectric-magnetic and randomly dis-
tributed spheroidal particles with specific orientation
achieving the spatially varying anisotropy required
by transformation optics.

We note that the transformed material parame-
ters of metadevices can be also approximated by
single-material architectures with tailored anisotropy
[2, 5, 53, 54]. Hence, the goal becomes to seek a par-
ticular configuration such that the required constitu-
tive properties are well mimicked [30, 55, 53]. In
this work, we present a general road map to build
thermal metadevices based on the optimization of
single-material architectures, for ease of fabrication
and availability of realistic materials. A deep learn-
ing model is employed in the optimization process,
resulting in high accuracy and low-cost computa-
tion. Such a model can intelligently learn the in-
trinsic relation linking structural parameters and their
influence on thermal concentration from a small-
size database. In contrast, conventional optimization
methods may get stuck in local minima [56]. In addi-
tion, the practical implementation requires flexibility
and diversity in design parameters due to the pres-
ence of external constraints. These properties are ef-
ficiently realized by the deep learning network using
probabilistic prediction.

2. Methods and results

2.1. Concept design

Without loss of generality, the thermal concentrat-
ing problem is discussed in a 2D framework but it
could be readily extended to a 3D framework. Note

that the design process is also applicable to other
metadevices such as invisibility cloaks. Indeed, the
approach can be applied to any transformation based
medium, and is not restricted to thermal problems.

Let us assume that we want to create a cylin-
drical thermal concentrator with inner radius r1 =

0.01 m and outer radius r2 = 0.04 m. In our de-
sign, the thermal conductivity of the background is
kb = 132 W ·m−1 · K−1. Following transformation
physics [2, 5, 54], radial and tangential heat con-
ductivities for the shell region are obtained as k′r =
264 W ·m−1 · K−1 and k′θ = 66 W ·m−1 · K−1, re-
spectively. Their practical implementation demands
simple-material structures that exhibit prescribed
anisotropic effective-medium properties, which can
be further realized by artificial architectures with op-
timized geometry parameters.

A single-composition (i.e., copper) architecture is
proposed with four dimensionless design parameters
(see Fig. 1). Now we turn to realize the shell region
properties by tailoring the anisotropy of the proposed
architectures, that is, to find the particular design pa-
rameters that best mimic the transformed medium.
The optimization problem amounts to minimizing
the objective function:

E(k1, k2;α, β) = α
∣∣∣k1 − k′θ

∣∣∣ + β ∣∣∣k2 − k′r
∣∣∣ , (1)

where α and β are weighting factors for the two ob-
jective sub-functions such that α + β = 1, k1 and
k2 denote the thermal conductivity of the homoge-
nized unit cell in directions 1 and 2, respectively (see
the insets in Fig. 1). We select α = β = 0.5, i.e.
equal weights for the diagonal tensor elements k1 and
k2. The function E(k1, k2;α, β) measures the over-
all difference between obtained and objective val-
ues. This function reveals how well the effective
properties of the established architecture mimic the
transformed medium. Ideal parameters achieve zero
E(k1, k2;α, β).

2.2. Forward-modeling network
We propose a forward-modeling network to accu-

rately predict the effective thermal conductivity for
given design parameters (see also Fig. S1 in the sup-
plementary information). The forward model builds
a fully connected network between the design space
D = [d1, d2, d3, d4] as the input layer and the result
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Fig. 1. Schematic diagram representation of the design problem. A single-material structure is designed and optimized by an
artificial neural network. We implement the optimized design geometry into the thermal concentrator extending in the shell region
r1 < r < r2 and realize the desired thermal concentration effect.

space R = [k1, k2] as the output layer, as shown in
Fig. 1. For the analysis, we generate a database
containing 1000 data samples for training, 200 data
samples for validation, and 300 data samples for fi-
nal testing. Each data sample is represented by four
design parameters and two output parameters. The
training data set is used to train the network by op-
timizing the neural network weights, while the val-
idation data serves for checking and avoiding over-
fitting, and the testing data examines the prediction
accuracy of the network. We apply the optimal Latin
hypercube sampling technique to obtain the original
sample control points. This process is conducted to
create sample points that spread as evenly as pos-
sible within design space: this will increase pre-
diction accuracy and efficiency. After initial esti-
mation, we define ranges of the design parameters
as 0.5 < d1 < 0.8, 0.05 < d2 < 0.2, 0.8 <
d3 < 1.2, 0.8 < d4 < 1.2. We mention at this
point that broader ranges may decrease the predic-
tion efficiency, but can be compensated for by build-
ing more data samples. Furthermore, the architec-
ture is designed at the macro-scale. If distances di

were considered at the micro/nano-scale, heat flow

could change from diffusive transport to wave (co-
herent phonon) transport. In such case, the proposed
method may not be applicable [57].

Data obtained from the optimal Latin hypercube
sampling technique are normalized to expedite con-
vergence of the network. Then these data are fed into
the network, where the neural network weights are
continuously optimized to accelerate convergence of
the algorithm. The mean square error 1

n

∑n
1(Ê−E)2 is

used to represent the loss function between the nor-
malized and desired output, where Ê and E respec-
tively denote the predicted values and real values.
The learning curves for training, validation and test-
ing data are shown in Fig. 2a as a function of train-
ing epochs. All three errors drop sharply as training
proceeds, until convergence is gradually obtained af-
ter 400 epochs, implying completion of the training
phase. Errors are small and are evenly distributed,
suggesting a smooth network without over-fitting is-
sues. Due to the unique one-to-one mapping between
design space and response in the forward problem,
the training process converges straightforwardly.

To check the prediction accuracy of the trained
model, we evaluate it on a group of 200 new data
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Fig. 2. Forward network learning process and results. (a) The learning curves for training, validation and data testing are shown
as a function of the training epochs. (b,c) Histogram of relative errors for the testing samples. The mean errors are indicated by
purple dashed lines. (d) Latent design space and (e-n) sensitivity of the effective conductivity to constructed parameters. The green
dashed lines mark the deviation ranges within which the built architecture will exhibit effective properties differing by less than 6%
compared with the target values.

samples that are not used in the training process. We
compare the results predicted by the trained network
and those from finite element analysis (FEA). The
mean relative errors are reported in Fig. 2b, c, where
we observe that the mean relative errors all fall into
the range 0−0.5% while the mean errors are less than
0.25%. Since the results demonstrate extremely high
prediction accuracy of the proposed network (over
99.5%), we can safely conclude that the pretrained
network is credible in this scenario.

2.3. Determination of optimal design parameters

Practical applications often require feasible design
parameters of the architecture to exhibit required
thermal properties. Using the established forward
network, we generate 10000 new sets of data samples
within the prescribed range. Note that the 10000 new

samples are created from the neural network directly
for optimization, while the original 1500 samples are
calculated by finite element analysis as a database.
Consequently, we filter out the optimal design pa-
rameters that lead to output results closest to the tar-
get values within the 10000 new samples (see Fig. S2
in the supplementary information). Optimal parame-
ters are obtained as d1 = 0.5364, d2 = 0.136, d3 =

0.9028 and d4 = 0.9186. We calculate thermal con-
ductivities of the optimized architecture and compare
them with the target values in Tab. 1. It is seen that
the obtained parameters closely mimic those of the
desired transformed medium, thus validating the pre-
diction efficiency.
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2.4. Probabilistic design space

We have obtained one precise set of optimal de-
sign parameters that generates the required thermal
conductivity, yet practical implementation demands
diversity in design parameters due to the possible un-
availability of manufacture and deviations from the
desired design parameters. It is essential to enhance
the generalization and robustness of the neural net-
work by introducing probabilistic prediction of the
design parameters. Here, the latent space concept is
adopted for probabilistic representation [58]. There-
fore, 1600 sets of design parameters are generated
through the network established before, forming the
design space. We plot distributions of the design
space with the criterion of maximum deviation by
6% (from the target values) in Fig. 2d. Architec-
tures built using these parameters will exhibit effec-
tive thermal conductivity differing by less than 6%
from target values. Such probabilistic design space
reveals the sensitivity of the device’s parameters on
effective properties, hence further allowing for more
diversity and flexibility in the design and fabrication
of thermal meta-devices.

To give more details on the latent space, we plot
the sensitivity of the effective conductivity to con-
structed parameters in Fig. 2(e-n). We show the
deviation range of each parameter that will exhibit
effective properties differing by less than 6% from
target values. As expected, we observe a significant
influence of parameter d4 on k1, and a significant in-
fluence of parameter d3 on k2. In Fig. 2j,n nearly
null sensitivity is observed, since the conductivity
changes by less than 1% even though parameter d2

(or d4) changes by 20%. Also note in Fig. 2(e-n)
that optimized parameters slightly deviate from ideal
ones. This corresponds to the fact that the obtained
effective conductivity values differ slightly from tar-
get values. We stress that this difference is negligi-
ble, and can be improved by generating more data
samples in the filtering process.
Table 1
Comparison of predicted and target values for the derived set of
parameters.

Predicted Targeted Difference
k1(Wm−1K−1) 65.7 66 0.4%
k2(Wm−1K−1) 264.6 264 0.2%

3. Transformed couplet heat equation

After integrating the heat equation with respect to
the z variable and combining with the top and bot-
tom surface boundary conditions (convection and ra-
diation), the problem is expressed in two dimensions
(x, y) as:

∇·(k∇T )−ρc
∂T
∂t
−P
[
h (T − Ta) + ε

(
T 4 − T 4

a

)]
= 0,

(2)

where Ta is the ambient temperature, h represents the
convection coefficient and ε denotes surface emissiv-
ity. P = 2/δ where δ is the thickness. In principle
all terms of the governing equation should be trans-
formed, namely, not only the conductivity (as very
often reported) but also the emission and the convec-
tive terms. We shall consider the convective term to
include a Jacobian det(J) when applying a coordinate
change in Eq. (2). The nonlinear term ε

(
T 4 − T 4

a

)
,

however, is not suitable for direct transformation, but
fortunately it has relatively small influence for low
temperature differences [59].

Consider the coordinate transformation from orig-
inal space (x, y, z) to physical space (x′, y′, z′), the
transformed heat governing equation without emis-
sive terms takes the form

∇ ·
(
k′∇T

)
− ρ′c′

∂T
∂t
− Ph′ (T − Ta) = 0, (3)

where the transformed parameters satisfy

k′ =
JKJT

det(J)
, (ρc)′ =

ρc
det(J)

, h′ =
h

det(J)
, (4)

with J = ∂(x′, y′, z′)/∂(x, y, z) the Jacobian matrix
and JT its transpose.

If we neglect convection and radiation, as is often
assumed in the literature, Eq. (3) simplifies to

∇ ·
(
k′∇T

)
− ρ′c′

∂T
∂t
= 0. (5)

Fig. 3 shows the simulation results obtained when
considering the different contributions (plate thick-
ness 2 mm and ambient temperature 293 K). The
results in Fig. 3c,d show that the convective term
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Fig. 3. Temperature fields: (a) without convection, obtained from Eq. (5); (b) with transformed convective terms, obtained from
Eq. (3); (c-d) with convective terms (h = 15 W ·m−2 · K−1), obtained from Eq. (2).

deteriorates concentration especially for high tem-
peratures, for which the external temperature pro-
file is disturbed. However, thermal metadevices in-
cluding the transformed convective term show good
thermal neutrality in Fig. 3b (see also Fig. S3 in
the supplementary information). Actually, though
heat is expected to diffuse along the plate, heat radi-
ation and convection to the ambient air seem more
or less unavoidable. Heat dissipation via convec-
tion and radiation decrease the amount of heat that is
transported via conduction along the plate, which is
detrimental to thermal neutrality. We note in passing
that the transformation theory for thermal convec-
tion and manipulation of heat fluid flow can be phys-
ically implemented with anisotropic porous media,
though this is beyond our considerations [60, 61].
The relevant homogenization literature includes e.g
Ref. [62].

4. Experimental validation

We have fabricated the proposed thermal concen-
trator with copper and characterized such a device
that molds the flow of heat. The background thermal
conductivity kb = 132 W ·m−1 · K−1 is not readily
available in naturally existing materials. We achieve
it by drilling holes into the copper plate (thermal con-
ductivity kc = 394 W ·m−1 · K−1), and the holes are
filled with air in the room temperature (thermal con-
ductivity ka = 0.026 W ·m−1 · K−1). According to
Maxwell-Garnett theory [63, 64], the effective con-
ductivity is kb = kc

[
1 + 2(ka−kc) f

ka+kc−(ka−kc) f

]
, where f de-

notes the fraction area of holes. Following this ap-
proach, we obtain f = 0.5 and thus introduce an

array of holes (diameter 1.6 mm) in the plate with
equal spacing 2 mm.

A photograph of the experimental system is shown
in Fig. 4a, where local heating on the left side of
the plate is realized by a tank filled with hot water
whereas the right side is immersed in an identical
tank filled with water at room temperature. The other
sides are left free. An elevator is used to adjust the
position of the infrared camera to capture images of
the temperature profiles. The CNC machining tech-
nique is used to produce the pattern shown in Fig.
4a. Note that increasing the number of layers and
sectors, one can accurately approximate the ideal-
ized thermal concentrator parameters. However, a
large number of layers will increase the fabrication
complexity. Considering the trade-off between per-
formance and easiness of fabrication, we have made
a thermal concentrator with 5 radial layers and 25
tangential sectors (see Fig. 4a).

To measure the temperature profiles via Planck
thermal emission, we used an infrared thermal cam-
era (FLIR A6702sc) to capture thermal images. Con-
sidering that copper is highly reflective, we cover the
sample with acrylic paint to reduce the surface reflec-
tivity and with insulating tape to facilitate the cap-
ture of images. The thermal conductivity of acrylic
is around 0.2 W ·m−1 · K−1 and is 4 orders of magni-
tude smaller than the thermal conductivity of copper,
thus hardly influencing the heat diffusion process.
Numerical and experimental results are shown in Fig.
4b,c. We observe that the proposed device success-
fully fulfills its tasks in that heat flux is focused to
the central region and that simultaneously the ther-
mal field remains unaffected outside the device. The
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Fig. 4. (a) Photograph of the experimental system. (b) Simulated and (c) measured temperature distributions. The white lines denote
temperature iso-lines and the black line denotes the observation line. (d) Bottom: temperature along the observation line considering
different thermal convection coefficients. Top: temperature difference between the convective case and the zero-convection case.

heat density is larger in the inner domain than in
its surroundings. Furthermore, the temperature field
outside the device is almost not affected. The experi-
mental results are consistent with numerical calcula-
tions, validating the design. Note that experimental
results show a better agreement with numerical sim-
ulation considering that the thermal convection coef-
ficient h = 15 W ·m−2 · K−1. The larger the thermal
convection coefficient, the worse the thermal concen-
tration effect.

5. Conclusion

Summarizing, we have demonstrated the machine
learning driven design of a thermal concentrator
through the optimization of single-material architec-
tures. An artificial neural network is proposed to
accurately predict the effective material property for
given design geometry parameters. Optimal design
parameters are then retrieved for target thermal con-
ductivities. The probabilistic space of the design pa-
rameters is used to reveal the sensitivity of the design
parameters to the effective conductivity and the gen-
eration of desired results with miscellaneous design.

We implement a thermal concentrator based on the

optimized architectures and fabricate a sample by the
CNC machining technique. Both numerical simu-
lations and experimental results show good thermal
concentration. We emphasize that the approach can
be used to automate the design process with more
complex architectures, offering a non-unique solu-
tion space. Finally, our approach would work equally
well for other diffusion (e.g. mass, matter) or wave
(acoustic, electromagnetic, elastodynamic, hydrody-
namic) fields governed by linear partial differential
equations.
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