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A B S T R A C T   

To accelerate the application of perovskite materials in photovoltaic solar cells, developing novel lead-free 
perovskite materials with suitable band gaps and high stability is vital. However, laborious experiment and 
density functional theory (DFT) calculation are time-consuming and incapable to screen promising perovskites 
rapidly and efficiently. Here, we proposed a novel search strategy combining machine learning and DFT 
calculation to screen 5,796 inorganic double perovskites. The eXtreme Gradient Boosting Regression (XGBR) 
algorithm was first applied to build a robust and predictive machine learning (ML) model for perovskite ma
terials. XGBR algorithm yielded a lower mean square error (MSE) than both Artificial Neural Network (ANN) 
algorithm and Support Vector Regression (SVR) algorithm. From the ML model, two novel lead-free inorganic 
double perovskites: Na2MgMnI6, K2NaInI6, were obtained, suitable direct bandgaps of 1.46 eV for K2NaInI6 and 
1.89 eV for Na2MgMnI6, which are similar to the organic–inorganic perovskite (MAPI3) CH3NH3PbI3 (Eg = 1.6 
eV), high thermal stability and good optical properties were also confirmed by DFT calculation. The method of 
combining ML and DFT exhibits high accuracy and significantly speeds up the discovery of promising perovskite 
materials.   

1. Introduction 

Perovskites, a promising candidate material for photovoltaic solar 
cells, have attracted intensive and wide attention for its high power 
conversion efficiency (PCE), simplicity of preparation, and low cost [1]. 
Therefore, the development of new perovskite materials with high sta
bility, suitable band gap, and low toxicity is the focus of much research. 
Due to the joint efforts of many researchers over the past decade, the 
PCE of perovskite has steeply increased from ~ 3.8% to over 25% 
[2–8,63]. 

From prior studies, it makes sense that the stability of hybrid 
organic–inorganic perovskite can be significantly improved by doping 
methylammonium and formamidinium by metal atoms, such as Cs atom 

[9]. Compared with hybrid organic–inorganic perovskite, inorganic 
perovskites show stronger stability, and as a consequence, inorganic 
perovskites have attracted intense attention recently. With these in 
mind, two main directions have evolved for developing novel promising 
perovskite candidates: 1. double perovskites [11,12] and 2. mixed pe
rovskites [9,13,14]. 

For double perovskites, the halide double perovskite is the most 
popular type with a common formula of A2BB’X6, in which A is the 
monovalent metal cation, X is monovalent halide anion, B and B’ can be 
monovalent B(I), and trivalent B(III) cations or can be two divalent B(II) 
cations. Since Cs2AgBiX6 (X = Br, Cl) perovskites were first successfully 
synthesized through solid state or solution methods [11,12,15,16], More 
than 104 decomposition energy of A2B(I)B(III)X6 double perovskite 
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structures have been investigated through DFT calculation and machine 
learning [5]. 

For mixed perovskites, A cations or X anions can be made up of two 
different elements [9,17]. In mixed halide CH3NH3PbI2X (X = Cl, Br, I) 
perovskites, the band gap and absorption onset can be tuned by 
substituting different halogen atoms [13]. Similarly, the mixed cation 
perovskites with formamidinium (HN = CHNH3

+, FA) and methyl
ammonium (CH3NH3

+, MA) have been experimentally synthesized, and 
their fluorescence lifetimes and light-harvesting abilities can be regu
lated with different mixing ratios [18]. In addition, the unstable pe
rovskites of RbPbI3, CsPbI3, and FAPbI3 can be converted to the stable 
mixed-A-site perovskite through proper mixing of Rb, Cs, and FA on the 
A-site [9,16,19,20]. Furthermore, a novel mixed (HC(NH2)2)0.83Cs0.17Pb 
(I0.6Br0.4)3 perovskite can achieve open-circuit voltages of 1.2 V and PCE 
over 17%, and its photostability and thermal stability can also be 
significantly enhanced by varying the composition ratio [21]. 

Therefore, constructing mixed or double perovskites can facilitate 
the design of candidate perovskite materials with high stability and 
suitable band gap. Combining double perovskites and mixed perovskites 
to create mixed double perovskites can provide abundant possible 
structures for developing novel promising perovskites, but the explora
tion for mixed double perovskites is still in its infancy. In addition, it is 
also a challenge to quickly screen suitable perovskite structures from the 
vast multitude of material composition options. Traditional trial-and- 
error experiments and DFT calculations are both expensive and ineffi
cient to obtain promising perovskites from the abundant possible 
structures [22–25,27–29]. Recently, machine learning based on data 
science has been a popular and efficient tool to discover new or 
improved materials providing a new approach to complete the challenge 
of the rapid search for promising mixed-double perovskites [30-36]. 
However, there are few studies on screening promising mixed inorganic 
double perovskites through machine learning based on DFT calculation. 

To obtain a promising inorganic double perovskite for photovoltaic 
solar cells, finding perovskites material with suitable band gaps has 
become a top priority. However, it is still a challenge to investigate via 
manual and iterative DFT calculation stable perovskite candidates with 
reasonable band gap due to its expensive computational cost. For 
example, there are more than 10,000 related compounds needed to be 
calculated for only 980 double perovskites [37]. Therefore, based on 
previous perovskite band gap data, a robust prediction model of band 
gap for perovskite is needed to explore the diversity of stable mixed 
inorganic double perovskites with reasonable band gaps. 

In this work, promising inorganic double perovskites with high 
thermodynamic stability and suitable band gaps from more than 5,000 
possible structures are evaluated using a combined machine learning 

and DFT calculation approach. The overall material design method of 
inorganic double perovskite is shown in Fig. 1. According to the 
screening methods, a machine learning database of inorganic double 
perovskite was constructed by 481 of 980 reported band gap values of 
A2B(I)B(III)X6 perovskites [37] and 264 A2B(II)B(II)X6 perovskites band 
gap values calculated by ourselves, and the input data was characterized 
by feature construction and feature selection, and the selected features 
were used to train and validate the model. With a robust trained model, 
we apply it to predict a set of novel possible candidate material struc
tures. Finally, the thermodynamic stability and optical properties of the 
lead-free inorganic double perovskite structure candidates that were 
obtained by the ML model were studied by detailed DFT calculation. 

2. Method 

2.1. Machine learning methods 

A variety of ML algorithms were tried for the training of the ML 
model, including the Support Vector Regression (SVR) algorithm, Arti
ficial Neural Network (ANN) [38,39] algorithm, and eXtreme Gradient 
Boosting Regression (XGBR) [40] algorithm. These algorithms are 
implemented using the Scikit-Learn package [41]. The data set was 
randomly divided into 70% training set and 30% validation set to train 
and validate the machine learning model. 

We used the Pearson correlation coefficient (p) to evaluate the 
characteristics of the input model which is expressed by: 

p =

∑n

i=1

(
Xi − X

)(
Yi − Y

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
Xi − X

)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n

i=1

(
Yi − Y

)2
√

where Xi and Yi are features for comparison. The p ranges from − 1 to 
1. The higher is the absolute value of p, the greater is the correlation 
between the two features. The correlation coefficient (R2), Pearson’s r 
(r), and the mean square error (MSE) are used to evaluate the perfor
mance machine learning model. They are defined as follows: 

R2 = 1 −
∑n

i=1(Yi − yi)
2

∑n
i=1

(
Yi − Y

)2  

r =
Cov(Yi, yi)

σYi σyi  

Fig. 1. Lead-free inorganic double perovskite structure search flowchart, through a combined ML and DFT calculation approach. The combined approach enables an 
effective and relatively fast way to search for stable lead-free inorganic double perovskite structures with suitable band gaps. 

Z. Gao et al.                                                                                                                                                                                                                                     



Applied Surface Science 568 (2021) 150916

3

MSE =
1
N

∑n

i = 1
(Yi - yi)

2 

where Yi represents the calculated value from the DFT calculation, yi 

represents the predicted value from the machine learning model, Y 
represents the average value of the value from the DFT calculation, Cov 
represents the covariance, σ represents the standard deviation. A good 
machine learning model should have R2 and r values close to 1 with an 
MSE value close to 0. 

2.2. DFT calculations 

The Vienna ab initio simulation package (VASP) [42,43] was used to 
determine the band gap based on density functional theory (DFT). To 
ensure the accuracy and consistency of the calculations, we used the 
same calculation parameters as the Material Project database [39] 
(projector augmented wave (PAW) [40] method, generalized gradient 
approximation (GGA) with the Perdew-Burke -Ernzerhof (PBE) [41] 
functional, and plane-wave cutoff energy (520 eV). Gaussian smearing 
with a width of σ = 0.05 eV was adopted for the occupation of the 
electronic levels. To save calculation time and guarantee calculation 
accuracy, the Brillouin zone consists of a 6 × 6 × 6 Gamma K point grid 
for sampling and structural optimization calculations, with a conver
gence threshold of 0.02 eV Å− 1 Heyd-Scuseria-Ernzerhof (HSE) [44] 
functional was used to obtain accurate band gap values closer to the 
experiment. Spin polarization calculations were used when calculating 
the HSE band gap and the PBE band gap. The value of NEDOS (Number 
of data points) was set to 1000. To ensure the consistency of the data 
sources of the machine learning model, and to facilitate the prediction of 
the model, we have controlled both the space group and the crystal 
system to Fm3m and cubic [45]. The total energy convergence criterion 
in VASP (EDIFF) is 10− 5. Ab initio molecular dynamics (AIMD) simu
lations were performed at 300 K and 800 K to verify the thermal stability 
of the selected inorganic double perovskite. To ensure the accuracy of 
thermal stability studies, X-ray diffraction (XRD) and MSD (Mean 
Square Displacement) were used to verify. 

3. Results and discussion 

3.1. Establishment of data set 

As shown in Fig. 2a, the halogen ions X - (X = F -, Cl -, Br -, I -) are 
distributed at the apex of the BX6 octahedron, and 19 different divalent 
cations B 2+ (Pb 2+, Sn 2+, Ge 2+, Be 2+, Mg 2+, Ca 2+, Sr 2+, Ba 2+, Mn 2+, 
Fe 2+, Co 2+, Ni 2+, Cu 2+, Zn 2+, Pd 2+, Ir 2+, Pt 2+, Te 2+, Cd 2+) and 8 
different monovalent cations B + (Li +, Na +, K +, Rb +, Cs +, Cu +, Au +, 

Ag +), 8 different trivalent cations B 3+ (Al 3+, Ga 3+, In 3+, Sb 3+, Bi 3+, 
Au 3+, Sc 3+, Y 3+) can occupy the central position of the octahedral 
factor, and 8 monovalent cations A + (Li +, Na +, K +, Rb +, Cs +, Cu +, Au 
+, Ag +) can be located in the cavity of adjacent octahedrons. These 
elements constitute the potential 6541 inorganic double perovskites, 
from which 745 inorganic double perovskites were selected as the 
training set. To ensure the balance of the training set samples, 481 types 
of A + B 1+ B 3+ X - type inorganic double perovskites come from 980 
reported inorganic double perovskites [39] and 264 types of A + B 2+ B 
2+ X - inorganic double perovskites have been calculated. The band gap 
distribution range of these 745 inorganic double perovskites is shown in 
Fig. 2b. 

3.2. Feature identification 

Ideal features can greatly enhance the predictive ability of the ML 
model. Hence, the selected features should be rich enough to define the 
physical and chemical properties of the material. Therefore, in the 
process of selecting features, we adhere to two basic principles: 1. fea
tures need to be easily obtained and 2. the selected features must be 
complete enough as a basis set to describe the physical and chemical 
properties of the perovskite band gap. In the process of feature selection, 
the number of features should be far less than the number of input 
materials. Too many features will not only lead to a decrease in the 
effectiveness of the training of the model but also degrade the predictive 
ability of the model [46]. 

To study the relationship between the direct characteristics of inor
ganic double perovskites and band gap, 28 initial direct characteristics 
were selected to describe the chemical properties of the band gap of 
inorganic double perovskite including the ionic radius of A site (RA), 
ionization energy of A site (IA), valence electron number of A site (VA), 
polarizability of A site (PA), atom formation enthalpy of A site (EA), 
atomic number of A site (NA), ionic radius of B site (RB), electronega
tivity of B site (XB), valence electron number of B site (VB), polarizability 
of B site (PB), atom formation enthalpy of B site (EB), atomic number of B 
site (NB), ionic radius of B’ site (RB’), electronegativity of B’ site (XB’), 
valence electron number of B’ site (VB’), polarizability of B’ site (PB’), 
atom formation enthalpy of B’ site (EB’), atomic number of B’ site (NB’), 
ionic radius of X site (RX), electronegativity of X site (Xx), valence 
electron number of X site (VX), polarizability of X site (PX), atom for
mation enthalpy of X site (EX), electron affinity of X site (AX), atomic 
number of X site (NX), bond energy of A-X (BEAX), bond energy of B-X 
(BEBX), bond energy of B’-X (BEB’X) specific list of features are presented 
in Table S1 in the Supplementary Information. According to previous 
studies [47,48], the ionization energy of the A site has a direct impact on 
the stability of perovskite band gap, while B and X sites affect the band 

Fig. 2. Input data of inorganic double perovskite used to train and validate machine learning models. a. A site of these 745 inorganic double perovskites is composed 
of 8 different metal cations, and the B site is composed of 19 different divalent metal ions or 8 different monovalent metal ions and 8 different trivalent metal ions, X 
is a typical halide. b. Band gap distribution range of 745 inorganic perovskites. 
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gap mainly through the size of the BX site volume. The lower ionization 
energy of the A site reduces the corresponding reaction enthalpy of the 
perovskite material, so that the perovskite material can be transformed 
into a stable cubic phase at room temperature, which ultimately affects 
the band gap in stable structure. B and X sites affect the band gap mainly 
through the volume of BX site rather than the ionization energy of B and 
X sites. The volume of BX site affects the Rashba splitting. The Rashba 
splitting will allow the perovskite to generate an indirect band gap at the 
R point in the Brillouin zone, which is beneficial to strengthen the charge 
carrier life. The ionization energy of the B and X sites has no direct effect 
on the band gap of the perovskite material. When selecting features, the 
volume of BX site was performed by the ionic radius of B and X sites in 
our final machine learning model. Therefore, only the ionization energy 
of A site was used in our final machine learning model. In the process of 
feature selection, overmuch features will lead to data redundancy 
whereas too few features will lead to the under-fitting of the model. To 
solve this problem, a Pearson correlation heat map and feature impor
tance ranking of the XGBR algorithm were used to select the initial 
features. The numbers in the Pearson correlation heat map express the 
correlation between the features. For any pair of features with an ab
solute correlation value greater than 0.8, one of the features was 
removed from the feature list. The decision of which features to remove 
is based on the feature importance ranking: the feature with the lower 
importance ranking was deleted. From this process, 13 final features 
were selected to build the model. These features mainly include the 
basic chemical properties of the A site, B site, B’ site and X site (ionic 
radius of A site (RA), ionization energy of A site (IA), ionic radius of B site 
(RB), valence electron number of B site (VB), atom formation enthalpy of 
B site (EB), ionic radius of B’ site (RB’), valence electron number of B’ site 
(VB’), polarizability of B’ site (PB’), atom formation enthalpy of B’ site 
(EB’), ionic radius of X site (RX), atom formation enthalpy of X site (EX), 
bond energy of B-X (BEBX), bond energy of B’-X (BEB’X)). The feature 
importance ranking and Pearson correlation heat map of these 13 fea
tures are shown in Fig. 3. The absolute value of the autocorrelation of 
the features is below 0.8, which shows that redundant features have 
been deleted to avoid the impact of multicollinearity on the construction 
of the model. The order of the feature importance of these features is 
shown in Fig. 3a. The number of valence electrons at the B site has the 
highest impact on the band gap of the inorganic double perovskite, 
followed by the polarization rate at the B’ site and the bond energy of B’- 
X. The reasons for this phenomenon are as follows, bond length and 
bond angle exhibited by valence electrons is essential to the core of 
chemistry. At present, a paper has reduced the band gap of HC 
(NH2)2PbI3 from 1.489 eV to 1.337 eV by adjusting the valence electron 
wavefunction under the water pressure of 2.1 GPa which proving the 
importance of the valence electron number to the band gap [49]. High 

polarizability helps to protect carriers from the scattering of charged 
defects and optical phonons, thereby prolonging carrier lifetime, which 
is the key to realizing the conversion of solar energy to chemical energy. 
Therefore, the polarization rate has an important influence on the band 
gap [50,51]. The band gap originates from the intracluster hybridization 
and is stabilized by the strong covalency bonds, and the bond energy has 
an important influence on the strength of the chemical bond, so the bond 
energy also has an important influence on the band gap [52]. 

As shown in Fig. 3a, the influence of the chemical properties of the B 
and B’ sites on the band gap is higher than the influence of the chemical 
properties of the A and X sites on the band gap. 

3.3. Model training and validating 

Many ML regression algorithms have been used in materials science 
research. Examples include the gradient boosting regression (GBR) al
gorithm, ANN algorithm, and SVR algorithm. The results in the litera
ture reveal that these regression algorithms have achieved prediction 
accuracy comparable to DFT calculations. Here, we have selected the 
XGBR algorithm, ANN algorithm, and SVR algorithm, and comparing 
their performance on the validation dataset. The R2, r, and MSE were 
compared between the three models, as shown in Fig. 4. The comparison 
found that XGBR algorithm has the best performance with R2 = 0.956, r 
= 0.977, and MSE = 0.102. 

In the process of building the machine learning model, the choice of 
hyperparameters is very critical. To improve the performance of the 
XGBR algorithm, the learning_rate, max_depth, n_estimators, subsample, 
reg_lambda, reg_alpha, gamma, colsample_bylevel, and colsample_by
tree were tuned. This is a high-dimensional parameter matrix with 9 
hyper-parameters. The optimal hyper-parameters in this high- 
dimensional space cannot be found by using traditional grid search 
methods. To solve this problem, an evolution algorithm was used to tune 
the parameters of the model. Evolutionary Algorithm (EA) is a kind of 
random search algorithm that simulates the natural selection and nat
ural evolution of natural creatures. Compared with traditional search 
algorithms such as dichotomy, Fibonacci, Newton, and parabola, 
evolutionary algorithms have high robustness and the ability to solve 
highly complex nonlinear problems. The algorithm can be implemented 
using the geatpy package [53]. In the process of tuning the parameters, 
the goal of global optimization is to maximize the R2 value of the ten- 
fold cross-validation of the training set, then using the R2 value of the 
validation set to verification. This method greatly improves the accuracy 
and optimization efficiency of hyperparameters. (values listed in Sup
plementary Information Table S2). To verify the accuracy of the model, 
we divide the training set and the validation set according to 80% of the 
training set, 20% of the validation set, 90% of the training set, and 10% 

Fig. 3. The importance and correlation diagram of 13 features. a. importance ranking of 13 features. b. Pearson correlation heat map of 13 features.  
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of the validation set. The verification diagram is shown in Figure S1. 
From the figure, we can see that the MSE, R2, and r of the three division 
results are very similar, which further proves the accuracy of our model. 

3.4. Model validation and material screening 

After obtaining the trained ML model, all possible inorganic double 
perovskite structures were evaluated by using the model (this set is 
referred as the prediction set). As shown in Fig. 5, we visualized the data 
of the predicted 5,796 perovskite structures. As displayed in Fig. 5a, we 
take the feature polarizability of B’ site (PB’) as an example, finding that 
the training set, the validation set, and the prediction set all have the 
same scope, which shows us the accuracy and consistency of the ML 
model prediction (the other feature range diagrams in Supplementary 
Figure S2). As shown in Fig. 5b-c, the band gap value of inorganic 
double perovskite increases as the radius value of the X-site halogen 
decreases, which demonstrates the credibility of our prediction results 
(other band gap value distribution range diagrams in Supplementary 
Figure S3). 

To obtain a stable inorganic double perovskite, the predicted set 
structure data has been screened. First, extracting those candidates with 
the predicted value of the band gap according to the tolerance factor Tf 
(0.82–1.08) [54] and the octahedral factor Of (0.4–1.0) [54] yields a 
subset of 863 perovskite materials. The definitions of tolerance factor 
(Tf) and octahedral factor (Of) are as follows: 

Tf =
RA + RX

̅̅̅
2

√
((RB + RB′ )/2 + RX )

Of =
RB + RB′

2RX 

RA, RB, RB’, RX representing the radii of the A, B, and B’ site cations 
and the X-site halide anion, respectively. Although GGA usually un
derestimates the band gap compared with HSE, GGA can still roughly 
reflect the trend of band gap changes, which can provide the theoretical 
guidance for material design [55]. Machine learning, as a data-driven 
method, can effectively accelerate the discovery process of the novel 
materials, such as catalysts, battery, and perovskite. The ML model 

Fig. 4. ML model fitting diagram. a. XGBR algorithm fitting graph. b. SVR algorithm fitting graph. c. ANN algorithm fitting graph.  

Fig. 5. ML prediction results and analysis. a. The range comparison of training set data, validation set data, and prediction set data of the input features. Visual
ization of band gap data of inorganic double perovskite, including b. tolerance factor (Tf), c. octahedral factor (Of). d. Data fitting graph of ML predicted value and 
DFT calculated value. e. The comparison chart of the ML predicted value and the DFT calculated value of the selected lead-free inorganic double perovskite. 
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based on GGA-bandgap data can accurately predict the tendency of 
bandgap with the accuracy GGA [56,57]. Although the results given by 
this model often have some deviations, the significance of GGA com
bined with ML is to quickly obtain some potential candidate configu
rations through less time-consuming. In addition, to ensure the 
rationality of screening results, we have also carried out further HSE 
verification. In turn, it is ensured that the candidate obtained by 
screening is correct. Only 23 of these materials have the suitable PBE 
functional band gap values (0.65 eV − 1.5 eV) (Under the same struc
ture, the band gap of PBE functional is underestimated by 1 – 2 eV 
compared to HSE functional [26]. According previous studies, perov
skite materials with PBE band gap value of (0.9 − 1.6 eV) are regarded as 
ideal candidates [58,59]. However, there are other studies that use PBE 
band gap values of (0.9 eV− 2.2 eV) [56] or (0.5 eV− 2.0 eV) [60] as a 
judge of whether a perovskite material is an ideal candidate. This shows 
that the selection range of PBE band gap has no strict scientific signifi
cance. At the same time, our band gap selection range is in the middle of 
these studies, which shows that our PBE band gap selection range (0.65 
eV − 1.5 eV) is also reasonable. Different screening threshold may allow 
us to obtain some different potential candidates, but the subsequent 
verification including HSE-bandgap, stability and optical absorption 
properties can guarantee the rationality of screening results.). for solar 
cell materials. In addition, the experimental cost of perovskite materials 
containing noble metals (Au, Ag) is expensive and should be eliminated; 
this eliminates 9 perovskite materials containing Au and Ag at the A site 
and B’ site leaving 14 remaining candidates. The fitting diagram of the 
ML predicted values and DFT calculations of these 14 perovskite mate
rials is shown in Fig. 5d (values of 14 perovskite structures listed in 
Supplementary Information Table S3). The result shows that the pre
dicted value from the ML algorithm and the calculated value from the 
DFT calculation are well-matched, confirming the prediction accuracy 
of the ML model. Finally, according to the hybrid functional direct band 
gap values (0.8 eV − 2.0 eV), 9 more candidates were removed leaving 5 
stable inorganic double perovskites (K2PbGeI6, Cs2PbGeI6, Rb2BeMgI6, 
Na2MgMnI6, K2NaInI6) that meet the band gap requirements. Consid
ering that two of the five candidate structures contain Pb element and 
one structure contains the harmful element Be, finally choosing 
Na2MgMnI6 and K2NaInI6 as candidate structures (the specific lattice 
parameters and related data are shown in Table 1 and Table 2, and the 
selected structures are shown in Supplementary Figure S4). To verify 
the stability of the screened perovskite structure, a new tolerance factor 
was used to verify the two screened structures. The formula for the new 
tolerance factor [61] is shown below: 

Tf =
rX
rB

− nA(nA −
rA/rB

ln(rA/rB)
)

where nA is the oxidation state of A, ri is the ionic radius of ion i, the 
tolerance factors of Na2MgMnI6 and K2NaInI6 are 2.54 and 1.56, both of 
which are less than 4.18, indicating that the two screened perovskite 
structures are stable. Two candidates are further analyzed for their 
environmental stability and optical and electrical properties. 

Fig. 5e is a comparison diagram of the ML prediction results and DFT 
calculation for the final 2 remaining perovskite materials. From the re
sults, it is evident that the ML prediction and DFT calculation results are 
in good agreement (the error value is ~ 0.1 eV). This shows that the ML 
model has high prediction accuracy with the ability to screen thousands 
of candidates at a fraction of the computational time of running DFT 
calculations on all the candidates. Through the ML method, we can 

predict the band gaps of all 5,796 inorganic double perovskites within a 
few seconds whereas in the DFT calculations, for the same number of 
candidates, the time required is in the order of a week. 

3.5. Chemical properties of the selected perovskite materials 

Electronic structure of the two selected lead-free inorganic 
double perovskites. Structure optimization according to DFT shows 
that these two lead-free inorganic double perovskites are typical 
perovskite structures with corresponding lattice parameters listed in 
Table 1. Fig. 6a-b are the HSE electronic band structures of K2NaInI6 and 
Na2MgMnI6. As shown in Fig. 6a-b, the Fermi level is set to 0 which is 
represented by the black dashed line, the occupied state below the Fermi 
level corresponds to the valence band, and the empty state above the 
Fermi level corresponds to the conduction band. Furthermore, the 
electronic band structures show that these two lead-free inorganic 
double perovskites have direct band gaps at the Γpoints in the Brillouin 
zone. 

Table 1 
Lattice parameters of two screening structures.  

Structure a(Å) b(Å) c(Å) α(◦) β(◦) γ(◦) 

K2NaInI6 8.38 8.38 8.38 59.99 59.99 59.99 
Na2MgMnI6 8.15 8.15 8.15 60.0 60.0 60.0 

a, b, c are the lattice lengths. α, β, γ are the lattice angles. 

Table 2 
Related data for two screening structures.  

Structure Tf Of EML
g(ev) EPBE

g(ev) EHSE
g(ev) 

K2NaInI6 0.85 0.82 0.652 0.651 1.463 
Na2MgMnI6 0.84 0.59 0.766 0.914 1.895 

Tf and Of denote tolerance factor and octahedral factor, respectively. EML
g(eV) 

and EPBE
g(eV) are predicted data of ML and PBE functional calculation data of 

DFT respectively. EHSE
g(eV) is the accurate hybrid functional data calculated by 

DFT. 

Fig. 6. The chemical properties of the two selected lead-free perovskite ma
terials. a-b. electronic band structures. c-d. Projected density of states (PDOS). 
e. Optical absorption properties of Na2MgMnI6 and K2NaInI6. 
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The projected density of states (PDOS) diagrams in the energy range 
of − 1 – 2 eV were shown in Fig. 6c-d, the position where the energy is 
0 in the PDOS diagram represents the Fermi level, which is represented 
by the gray dashed line. The left side of the Fermi level represents the 
valence band (VBM), and the right side represents the conduction band 
(CBM). As shown in Fig. 6c-d, it can be seen from the projected density 
of states (PDOS) that the maximum value of the valence band (VBM) of 
K2NaInI6 is mainly due to the p orbital of the halogen element, and the 
minimum value of the conduction band (CBM) of K2NaInI6 is also mainly 
because of the p orbital contribution of halogen atoms. However, the 
maximum value of the valence band (VBM) of Na2MgMnI6 is mainly due 
to the p orbital of halogen atoms, and partly to the d orbital of the metal 
element (Mn), the minimum value of the conduction band (CBM) of 
Na2MgMnI6 is mainly because of the d orbital contribution of the metal 
element (Mn), and partly to the p orbital of halogen element. A site 
element regulates the band gap by adjusting the overall structure of the 
perovskite, rather than directly regulating VBM and CBM [10]. The two 
lead-free perovskite materials have reasonable hybrid functional direct 
band gap values (0.8 eV − 2.0 eV) [46] and low material production 
costs and thus are better choices for perovskite photovoltaic cells. 

Optical properties. The optical properties of the two lead-free 
inorganic double perovskites were calculated. Fig. 6e shows the ab
sorption spectra of the two lead-free perovskites in the 200 – 800 nm 
wavelength range. We can find that in the range of 300 – 800 nm, these 
two lead-free perovskites all have absorption peaks indicating that the 
two lead-free perovskites absorb the main part of the solar spectrum and 
their good light absorption properties can be used as good perovskite 
solar cell materials. 

Thermal stability of the two selected lead-free inorganic double 
perovskites. The thermal stability of the perovskites is important for 
their practical application. We used AIMD simulations to analyze the 
thermal stability of the two selected lead-free perovskite materials, as 
shown in Fig. 7a-b. The two lead-free inorganic double perovskite ma
terials were simulated under a working environment of 300 K for 10 ps. 
The results show that the fluctuation range of the total energy and bond 
length of the two lead-free inorganic double perovskites is small, indi
cating that the two lead-free perovskite materials maintain thermal 
stability at room temperature [61]. At the same time, we also derived 
the MSD patterns and XRD patterns of the two lead-free inorganic 
double perovskites. The formula of MSD is as follows: 

〈r2
i (t)〉 =

1
N

∑N

i− 1
[ri(t) − ri(0)]2 

Where ri(t) represents the position of the ion, and ri(0) represents the 

initial position of the ion. The slope of the MSD represents the ion 
diffusivity (D), and its formula is as follows: 

〈r2
i (t)〉 = 6Dt+B 

As shown in Fig. 7c-d, the ion diffusivities (D) of K2NaInI6 and 
Na2MgMnI6 are both very small and close to 0, which indicates that 
these two structures are stable at 300 K. As shown in Fig. 7e-f, the initial 
state of the two lead-free inorganic double perovskites is very consistent 
with the peak positions of the XRD patterns of the final state after 10 ps, 
indicating that the two lead-free inorganic double perovskites do not 
decompose thus showing the thermal stability of the two inorganic pe
rovskites [62]. To study whether the two selected lead-free perovskite 
materials can maintain thermal stability in a high-temperature envi
ronment, we also give the AIMD, MSD and XRD diagrams of the two 
selected lead-free perovskites at a temperature of 800 K (AIMD, MSD 
and XRD diagrams in Supplementary Figure S5, Figure S6 and 
Figure S7). We found that these two lead-free perovskites can also 
maintain thermal stability at high temperatures of 800 K. 

4. Conclusions 

By combining DFT calculations and machine learning, a robust 
prediction model was successfully established to screen promising 
inorganic double perovskites for photovoltaic solar cells. The XGBR al
gorithm provided more accurate results than that of the ANN and SVR 
algorithms, suggesting that the XGBR algorithm can provide a new more 
rapid pathway for material discovery. Based on the high accuracy and 
efficiency of the ML model, from an initial set of 5,796 candidate inor
ganic double perovskites, two new lead-free inorganic double perov
skites (K2NaInI6, Na2MgMnI6) were selected that exhibited suitable 
band gap, high thermal stability, and good optical properties. Stable and 
direct band gap values close to MAPI3 make K2NaInI6 and Na2MgMnI6 
as proposing candidates in the field of lead-free hybrid perovskite solar 
cells. Moreover, the approach combining DFT calculations and machine 
learning to yield robust prediction models can not only facilitate the 
development of perovskite materials but also the discovery of other 
advanced materials. 
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