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A B S T R A C T   

Light-matter interaction upon nanophotonic structures in the infrared wavelength has drew increasing attentions 
due to the extensive potential applications. Among them, thermophotovoltaic (TPV) systems can exhibit higher 
efficiency over the Shockley-Queisser limit due to the nanophotonic structure-enabled tunable narrowband 
thermal emission rather than the broadband incident spectrum. However, two long-standing issues remain 
formidable as bottlenecks for achieving better performances of TPV system. One is the competing role of the 
power density and the system efficiency of TPV system, and the other is the magnanimity possibilities of 
structures, configurations, dimensions, and materials of thermal emitters that disables the manual optimization 
of TPV system. Here, we attempt to achieve high-performance TPV system by employing the machine learning 
algorithm under the framework of material informatics. The power density and system efficiency are well 
modelled through the detailed balance analysis with full considering the photocurrent generation in the PV cells. 
Through optimization, the non-trial aperiodic Tamm emitters are obtained and the metal-side one is preferable in 
terms of the TPV performance. The present work is demonstrated to be feasible and efficient in optimizing the 
TPV performance, and opens a new door for the optimization problems in other fields.   

1. Introduction 

Tailoring thermal emission by light-matter interactions upon nano-
photonic structures has been promising in a broad scope of applications, 
ranging from thermal management, radiative cooling, thermal camou-
flage, biosensing, to thermophotovoltaic (TPV) [1–16]. As the counter-
part of conventional solar photovoltaic (SPV) applications, TPV systems 
can improve the Shockley-Queisser (SQ) limit of SPV systems by 
replacing the relatively broad solar spectrum with well-designed 
narrowband thermal emission [17]. In a SPV system, only the solar 
photon energy above the bandgap of a PV cell can be absorbed to 
separate the electron-hole pairs for photocurrent generation regardless 
of other energy loss and thermalization. While in a TPV system, a 
thermal emitter in contact with an absorber is used as the source of 
thermal photons rather than the non-adjustable solar photons, on which 
nanophotonic structures can be well designed to shift emission spectrum 

above the bandgap, thus allowing significant improvement in photo-
current generation [18]. Nanophotonic structures show great potential 
to tune thermal emission by utilizing the surface plasmons/phonon 
polaritons (SPPs), magnetic polaritons (MPs), hyperbolic modes and so 
on [19–27]. The SPPs-based emitters tend to have sharp emission peaks, 
while the localized SPPs -based emitters tend to have strong and broad 
emission peaks with Q-factor around 10. The combination of SPPs and 
localized SPPs seems to compromise the problems, but it is rather 
challenging in the material selection and manufacturing. Moreover, they 
suffer from the reliable maintenance of structure and performance. In 
contrast, the 1D-multilayer Tamm plasmon polaritons (TPPs) have 
shown superiority in both scalable manufacturing and adjustable per-
formance as thermal emitters. TPPs are surface waves at the interface 
between a metallic mirror and a distributed Bragg reflector (DBR) with a 
zero in-plane wave vector, enabling it to be excited by incident light 
with in-plane wavevector less than the free space wavevector and hence 
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be unnecessary to construct complicated nanostructures to compensate 
wave vector [28]. TPPs-based emitter, or Tamm emitter for short, has 
been validated to be adjustable in thermal emission by varying the 
structures, configurations, dimensions, and materials of the DBR and 
metal layers [29–32]. Just considering two kinds of materials for the 
DBR structure, if the total layer number is N, there will be as many as 2N 

candidate structures for optimization. Most previous optimization work 
is only manual optimization with limited cases study, which is far from 
the optimal structure. Thus, a more advanced and efficient algorithm is 
demanded to accelerate the optimization. Another challenge is that for 
TPV system, there are two figure-of-merit parameters, a.k.a. the power 
density P and the system efficiency η, which may be competing during 
the optimization process. Very recently, Tamm emitter was applied to 
find the Pareto front of spectral density and spectral efficiency of a TPV 
[33]. However, their definitions of the spectral density and efficiency 
are less satisfactory and somewhat unrealistic since they only consider 
the ideal case without taking a detailed balance analysis of the PV cell 
into account. 

In this paper, we integrate a Tamm emitter and a single-junction 
GaSb solar cell to construct a TPV system, and take the power density 
and system efficiency as the coupling parameters to optimize the Tamm 
emitter based on machine-learning Monte Carlo tree search algorithm 
[34–36]. Detailed modeling process are introduced and analyzed, and 
the mechanism is discussed by comparing with manual periodic cases. 

2. Theory and methods 

2.1. TPV setup 

In a typical TPV setup, as shown in Fig. 1, heat load is absorbed by a 
high-efficiency absorber, enabling more heat can be conducted to the 
emitter at as high temperature as possible. The absorber is out of our 
interest here, and usually made of carbon-based materials like carbon 
nanotubes (CNTs) and soot [13]. An optically thick refractory material 
like tungsten (W) is used as the mechanical support of the emitter and 
the heat spreader to generate uniform high temperature of the emitter. 
Between the optically-thick W and the Tamm structures, a 10-nm 
aluminum oxide (Al2O3) layer acts as the spacer. There are two kinds 
of structures for Tamm emitters, as shown in Fig. 1, including the 
metal-side and the DBR-side emitters, and the only difference is the 
sequence of the DBR and the metal layers. Here, the DBR is consisted of 
alternative silicon oxide (SiO2) and titanium oxide (TiO2) layers at 51 
nm and 30 nm, respectively. The metal layer is composed by W–Al2O3 
alloy with adjustable percentages of W ingredient (fw). The tailored 
thermal emission from the Tamm emitter is incident onto the PV cell 
surface, where the emitted energy above the bandgap energy will be 
absorbed to generate photocurrent and electricity in the end. The PV cell 

is cooled by a heat sink, and its temperature is assumed uniformly at 300 
K (see Fig. 2). 

2.2. Emissivity modelling 

To calculate the thermal emission from the Tamm emitter, we first 
employ the transfer matrix method (TMM) to compute the reflectance 
spectra, which is convenient to obtain the electromagnetic field distri-
butions [37]. All materials considered are isotropic and nonmagnetic. 
The tungsten substrate can be regarded as opaque for its enough thick-
ness, so that the spectral emittance can be obtained through the spectral 
reflectance based on Kirchhoff’s law. In TMM, the optical response of 
each layer (indexed as l ¼ 1, 2, …, N) can be fully described by its 
relative permittivity. The transfer matrix connects optical responses of 
different layers, which reads [38]. 
�

M11 M12
M21 M22

�

¼

"
YN� 2

l¼0
Vl;lþ1Pl;lþ1

#

VN� 1;N ; (1)  

where the transmission matrix Vl;lþ1 ¼
1

tl;lþ1

�
1 rl;lþ1

rl;lþ1 1

�

links the am-

plitudes of the waves at the interfaces of layer l and layer l þ 1, in which 
tl;lþ1 and rl;lþ1 refer to Fresnel’s transmission and reflection coefficients 

at the interface. The propagation matrix of layer l is given by Pl ¼

�
e� ikzdl 0

0 eikzdl

�

Then, one can obtain the reflectance R ¼ ρ2 ¼

�
M21
M11

�2 

with ρ being the reflection coefficient, and meanwhile the electric field 
distribution Eðx; zÞ can be solved. Such layer-dependent TMM algorithm 
is easy to integrated with following machine learning encoding and 
optimization. 

2.3. PV cell modelling 

The current density in a PV cell can be calculated as [39–41]. 

J¼ qðF � RÞ (2)  

where q is the elementary charge. F denotes the number flux of photons 
with energies above the bandgap from the thermal emitter to the PV cell, 
which can be calculated as 

F¼
Z λbg

0

λ
hc

IBBðλÞεðλÞdλ (3)  

where IBB is the blackbody spectral density and ε(λ) is the tailored 
emissivity spectrum of the Tamm emitter. The Kirchhoff’s law is 

Fig. 1. Schematic of TPV setups with (a) metal-side emitter and (b) DBR-side emitter.  
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Fig. 2. Schematic of the MCTS optimi-
zation process for Tamm emitter, 
namely the sequence of the DBR layers 
to maximize the power density and 
system efficiency of a TPV setup. The 
MCTS optimization include four steps, i. 
e. selection, expansion, simulation, and 
backpropagation. Each sequence of the 
DBR layers is encoded into binary digits 
of 1 and 0, and then incorporated into T- 
matrix algorithm to obtain the emissiv-
ity spectrum. Through a PV cell model, 
the power density and the system effi-
ciency can be obtained for the feedback 
to the MCTS optimization to predict 
next digit sequence with larger proba-
bility to find the optimal sequence 
under the framework of machine 
learning.   

Fig. 3. Ideal emissivity spectrum for the TPV system. (a–b) Discussion on the unity emissivity width D dependence for the power density P and system efficiency η. 
(c–d) Discussion on the unity emissivity right shift δ dependence for the power density P and system efficiency η. 
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assumed here, thus ε(λ) takes the same value of absorptivity spectrum. 
λbg ¼ hc=Ebg is the wavelength associated with the bandgap, where h 
and c are the Planck’s constant and speed of light respectively. Ebg is the 
bandgap energy, and we assume it as 0.726 eV for GaSb cell, thus the 
bandgap wavelength λbg is 1.708 μm. R in Eq. (2) denotes the non- 
radiative recombination rate inside the cell, which can be modelled as 
[42,43]. 

R¼
�
CnnþCpp

��
np � n2

i

�
t þ

1
τ

np � n2
i

nþ pþ 2ni
t (4)  

where ni ¼ 1.5 � 1012 cm� 3 is the intrinsic carrier concentration. Cp ¼

Cn ¼ 2.5 � 1030 cm� 6 s� 1 are the Auger recombination coefficients. τ is 
the bulk Shockley-Read-Hall (SRH) lifetime. In this work, we assume τ ¼
600 ns. t is the thickness of the GaSb cell, and here we assume it as 6 μm n 
and p are the electron and hole concentrations, depending on the voltage 
and the doping level. Through these calculations, we can obtain the J-V 
curve of the PV cell, and the power density as P ¼ JV. 

As for the system efficiency, we resort to the energy balance analysis. 
The incident photon energy from the Tamm emitter is 

Pin ¼

Z ∞

0
IBBðλÞεðλÞdλ (5)  

among which, the energy portion that can be absorbed by a PV cell is 

Pabs¼

Z λbg

0

λ
λbg

IBBðλÞεðλÞηquantumðλÞdλ (6)  

where ηquantum is the wavelength-dependent quantum efficiency of the 
GaSb cell. The factor λ/λbg captures the disadvantage of photons with 
energy greater than the bandgap energy since the excess energy (λ<λbg) 
will not be efficient for photocurrent. The useful power of the PV cell can 
be calculated as the difference between the absorbed photon energy and 
the nonradiative energy loss, yielding 

Puse¼Pabs � Ploss ¼ Pabs � qVR: (7) 

Then, the system efficiency can be calculated as η ¼ Puse/Pin. 
Both the power density P and the system efficiency η are the FOM 

indexes for the TPVs. A high P is significant to minimize the efficiency 
loss in the PV cell owing to the loss of open-circuit voltage, while a large 
η is important to minimizing the thermalization loss. In general, these 
two parameters can be maximized at different voltage, which means 
they are kind of competing and a multi-objective Pareto optimization 
method should be used for tailoring the thermal emission of the Tamm 
emitter. 

2.4. Monte Carlo tree search optimization 

To optimize the sequence of DBR layers in both metal-side and DBR- 
side Tamm emitters, we adopt the Monte Carlo tree search (MCTS) al-
gorithm coupled with Bayesian optimization algorithm in the frame-
work of the python library MDTS (Material Design using Tree Search) 
[34–36,44,45]. MCTS algorithm is not only suitable for single-objective 
optimization problem, but also applicable for multi-objective optimi-
zation problem. The schematic of the MCTS optimization process used in 
this work is as shown in Fig. 2. Since here we only consider two kinds of 
materials, SiO2 and TiO2, we use two digits to represent the two mate-
rials, i.e. digit 1 for SiO2 and digit 0 for TiO2. Any sequence of the digits 
of 1 and 0 from the root node to the leaf node can be physically inter-
preted into the specific sequence of SiO2 and TiO2 multilayer of DBR 
structure. Then we integrate the DBR structure into the metal-side or the 
DBR-side Tamm emitter, and calculate the corresponding emissivity 
spectrum via the T-matrix algorithm and the power density and system 
efficiency via the PV cell model. The output of the PV cell model will be 
feedback to the MCTS algorithm for evaluating the performance of the 
current binary digit sequence. Each round of MCTS consists of four steps: 
selection, expansion, simulation and backpropagation. In the selection 
step, the tree is traversed from the root to a leaf by choosing a child node 
with the maximum upper confidence bound value. In the expansion step, 
children nodes are added under the current node. In the simulation step, 
we obtain and evaluate the output from the PV cell model and store the 
value as the immediate merit of the corresponding nodes. In the back-
propagation step, the visit count of each ancestor node is incremented by 
one and the cumulative value is also updated to keep consistency. The 
built-in machine learning process from calculation history can accel-
erate the prediction of the new-added subtree node with promising 
possibility to reach the optimal result. When a predetermined calcula-
tion number is reached, the best solution so far will be returned. In the 
real implementation, we also change the W-percentage fw from 15% to 
95% to evaluate the influence of W-percentage on the TPV performance. 

3. Results and discussions 

3.1. Ideal emissivity spectrum 

First, we would like to discuss the ideal emissivity spectrum for TPV 
system in terms of the width and range of unity emissivity. When the 
maximum wavelength of unity emissivity is fixed at the bandgap 
wavelength λbg, we increase the width D gradually and calculate the 
corresponding power density P and system efficiency η, as shown in 
Fig. 3a and 3b. It is seen that with the increase of D, the power density P 
increases monotonously and tends to a saturation value, while the sys-
tem efficiency η shows a peak at D ¼ 0.696 μm. This is easy to under-
stand that the photons above the bandgap energy (wavelength less than 
the bandgap wavelength) can be absorbed by the PV cell to separate the 
electron-hole pair for photocurrent generation. The more photons 
absorbed, the higher power will be generated, leading to the monoto-
nous trend of width D dependence. While as for the system efficiency, 
not all absorbed photons will be used for photocurrent generation, and 

Fig. 4. Optimization results of the (a) metal-side and (b) DBR-side TPV system 
structures. Red stars denote the optimized structure for both metal- and DBR- 
side Tamm emitters. Black squares denote the corresponding periodic DBR 
structures Tamm emitters. 
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the excess energy will heat up the PV cell with degraded optoelectronic 
conversion efficiency. These trends have been well understood and 
agree with previous studies. Then we maintain the width D of the unity 
emissivity and make fine adjustment on the position by shifting right a 
small value δ, as shown in Fig. 3c. The corresponding power density and 
system efficiency are shown in Fig. 3d, from which we can see that even 
a small right shift Δλ ¼ 0.023 μm leads to a significant drop in both the 
power density and system efficiency. Note that the ideal emissivity is not 
easy to achieve, while the practical emissivity spectrum should close to 
the ideal one as close as possible to maximize the TPV performance. 

3.2. Machine-learning optimization results 

Then we implement machine-learning MCTS algorithm to maximize 
the power density and system efficiency of the metal-side and DBR-side 
Tamm-emitter TPV systems, and the results are shown in Fig. 4. The 
efficiency of the MCTS algorithm is so high that only less than 1.5% of 
the total candidates are calculated to achieve the global optimal struc-
ture with maximum power density and system efficiency. The color bar 
denotes the W-percentage fw in the W–Al2O3 alloy from 15% to 95% 
with 5% as the interval increment. It is seen that both the DBR sequence 
and the W-percentage fw influence the optimization, while the latter 

matters stronger. In both structures, when the fw is low, the power 
density is low with a high system efficiency. For the metal-side structure, 
with the increase of fw, the power density P increases first and begins to 
decrease when fw > 70%. While for the DBR-side structure, similar 
trends are observed and power density P begins to decrease when fw >

80%. For higher system efficiency, the fw should be low; while for high 
power density, the fw should be large under the threshold fw. The Pareto 
front lines are shown by the gray circles in Fig. 4a and b, and the red star 
denotes the global optimal ones in both cases. The corresponding binary 
sequences are 110000000111100 with fw ¼ 60% and 
001100011111000 with fw ¼ 70%, respectively, and the corresponding 
power density and system efficiency are 3.85 W/cm2 and 39.7% in 
Figs. 4a, and 3.0 W/cm2 and 36.5% in Fig. 4b. More importantly, when 
comparing the Pareto front lines in Fig. 4b, it is obvious that the metal- 
side structure has higher power density and system efficiency simulta-
neously than the DBR-side structure. 

To quantify the mechanism, we show the detailed comparisons of 
these two TPV structures in Fig. 5. The incident power spectra from the 
metal- and DBR-side Tamm emitters are shown in Fig. 5a, both of which 
are, of course, under the Blackbody emission at the same temperature. It 
is seen that the spectrum of metal-side emitter has higher intensity near 
the bandgap wavelength than that of the DBR-side emitter, and more 

Fig. 5. Comparisons between the metal-side and DBR-side TPV systems. (a–b) Incident and absorbed power spectra comparisons. (c) System efficiency and (d) 
photocurrent comparisons at different input voltages. Electric field intensity distributions of (e) metal-side and (f) DBR-side emitter at 1.708 μm. 
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thermal emission is below the bandgap wavelength. These properties are 
of great importance for the power density and system efficiency, as 
discussed in Fig. 3. The corresponding absorbed power spectra are 
shown Fig. 5b. It is seen that only the thermal photons below the 
bandgap wavelength can be absorbed by the PV cell, and the metal-side 
emitter is more efficient to provide desired emission for the PV cell. 
Other than the power density, the system efficiency and the photocur-
rent of the metal-side emitter are much higher than the DBR-side emitter 
at different input voltages. All these details are consistent with the 
previous optimizations that the metal-side emitter structure is beneficial 
for the TPV in terms of power density and system efficiency. The electric 
field distributions of the two optimized structures at 1.708 μm are shown 
in Fig. 5e and f, respectively. The filled regions are consistent with the 
material distributions in Fig. 1. The electric fields outside the emitters 
are typical sine function. Focusing on the inner electric intensity, 
stronger intensity occurs in the metal-side TPV system compared to that 
in the DBR-side system, corresponding to stronger thermal emission. 
Furthermore, to quantitatively discuss the thermal emission, we calcu-
late the local power dissipation density Ploc in the dissipation layer with 
volume Vloc (i.e., W and alloy layers), because it is assumed that there is 
no loss in the rest layers with zero extinction, which is given by 
Plocðx; zÞ ¼ 0:5ε0ω∭ Im½εðx; zÞ�jEðx; zÞj2dVloc [46], where ε0 is the vac-
uum permittivity, ω is the angular frequency, Im½εðx; zÞ� is the imaginary 
part of the permittivity. For the metal-side emitter, the majority of 
thermal emission comes from the alloy layer which reaches 2.8 � 10� 3 

W/m (W/m3 for a three-dimensional structure), which is almost 3.8 
times larger than that in the DBR-side emitter at the bandgap, which can 
be used to explain the better performance for the metal-side emitter. 
Indeed, for standard Tamm emitters, metal film thickness must be 
optimized to obtain perfect emission in metal-side structures, while a 
thick metal film behaving as a good reflector is required to have good 

performance in DBR-side structures. This principle is also applicable for 
the proposed aperiodic Tamm emitters here, where the thin alloy 
dissipation layer is not perfectly reflective due to the intrinsic loss [47]. 
As a result, metal-side emitters usually perform better in this kind of 
cases. Furthermore, we also compare their TPV performances with the 
corresponding periodic DBR Tamm emitters. The corresponding binary 
sequence of the periodic DBR is 010101010101010 with fw ¼ 60% and 
fw ¼ 70%, respectively for the metal- and DBR-side Tamm emitters. 

Similar to Fig. 5, the incident power spectra, system efficiency, the 
photocurrent, and the electric field distributions of the two periodic- 
DBR TPV systems are shown in Fig. 6. It is seen that the metal-side 
Tamm emitters are beneficial to the TPV performance, which is 
consistent with previous conclusion. The mechanism is also illustrated 
by the electric field distribution. From the values of incident power 
spectra, system efficiency, and the photocurrent, it is seen that the 
machine-learning optimized aperiodic-DBR Tamm emitters are much 
better for the TPV performance. Such aperiodic DBR cannot be designed 
by handwork, which is the merit of the present machine learning algo-
rithm for TPV system optimization. Note that the Tamm emitters con-
tains many interfaces, and the interface quality, including the 
roughness, material defects, thickness accuracy and consistency, will 
influence the emission intensity, direction, and polarization of thermal 
emission of the emitter, which consequently affects the performance of 
TPV system greatly [48,49]. As inspired by our analysis, the material 
configurations will change the electric field distribution and the thermal 
emission, thus very precise manufacturing of the experimental samples 
is of great significance for experimental validation, which should be well 
designed and optimized in terms of the manufacturing processes and 
parameters [47,50]. 

Fig. 6. Comparisons between the metal-side and DBR-side TPV systems with periodic DBR. (a) Incident power spectra comparisons. (b) System efficiency and (c) 
photocurrent comparisons at different input voltages. (d) Electric field intensity distributions of metal-side and DBR-side emitter with periodic DBR at 1.708 μm. 
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4. Conclusion 

In summary, we employ machine learning algorithm to optimize the 
Tamm emitter structures in TPV system with full considering of the 
photocurrent generation in the PV cells through the detailed balance 
analysis. The Pareto front lines of the competing power density and 
system efficiency are obtained for the metal- and DBR-side Tamm 
emitters. The ideal emissivity spectrum is initially discussed for both 
power density and system efficiency first. Then through optimization, 
the non-trial aperiodic Tamm emitters are obtained and the metal-side 
one is preferable in terms of the TPV performance. The mechanism is 
identified by the local power dissipation density and further validated 
by comparing with the periodic-DBR Tamm emitters. The present 
machine-learning optimization method is demonstrated to be feasible 
and efficient, and can be extended for the multi-objective optimization 
problems in other fields. 
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