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Abstract

Defect Modeling and Device Optimization in Chalcogenide Photovoltaics from First Principles to
Al-assisted Design

Xiaofeng Xiang

Chair of the Supervisory Committee:
Scott T. Dunham
Electrical and Computer Engineering

This dissertation presents a comprehensive framework for defect modeling and device optimiza-
tion in chalcogenide photovoltaics, focusing on Cu(In,Ga)Ses (CIGS) and CdSeTe materials. By
integrating first principles density functional theory (DFT), continuum modeling, and Al-driven
methods, a robust predictive model for electronic performance and optimization of thin-film solar
cells has been developed.

Detailed analyses of defect formation and diffusion mechanisms were conducted using DF'T cal-
culations, enabling precise control over defect profiles to optimize material properties and enhance
device performance. Continuum modeling and device modeling were employed to bridge atomic-
scale defect properties with macroscopic device behavior, successfully predicting the impact of
defect distributions on carrier lifetimes, providing insights into manufacturing process impacts and
solar cell performance optimization. The developed predictive Technology Computer Aided Design
(TCAD) model offers a detailed depiction of defect behaviors and their impact on device perfor-
mance, serving as a powerful tool for guiding experimental efforts and advancing the development
of high-efficiency thin-film solar cells.

The integration of Al-driven methods positively influences TCAD simulations by employing
machine learning (ML) for defect property prediction, thereby accelerating technology advancement.

A framework powered by ML and DFT has been developed for predicting and screening functional



impurities in semiconductors. This framework can be further implemented into the TCAD model

to explore new dopants in solar cells and other electronic devices.
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Chapter 1

INTRODUCTION

The market for thin-film solar cell has grown rapidly in recent years due to predicted future
energy trends and the drive toward zero carbon emissions. Traditional photovoltaic technologies,
such as Si and GaAs solar cells, demonstrate high efficiencies (20% - 30%), but they require high
quality crystalline material, which largely increases the cost of production. Thin-film solar cell,
however, have higher defect tolerance, lower temperature coefficient, tunable bandgap, high ab-
sorption coefficient, and lower material costs. In addition, they are light and flexible, and thus can
be seamlessly integrated into windows, cars, or road surfaces. Two of the leading thin-film solar

cell materials are Cu(In,Ga)Ses (CIGS) and CdSeTe.

Despite tremendous efforts in thin-film solar cell technology in recent years, performance of
thin-film solar cell devices are still well below theoretical limits. Defect-assisted Shockley-Read-Hall
(SRH) recombination, as well as grain boundary and interface recombination significantly limit car-
rier lifetime and impact solar cell device performance. A detailed understanding of the coupling of
manufacturing processes to device behavior through Technology Computer-Aided Design (TCAD)

modeling is essential to fully understand and optimize thin-film solar cells technology.

However, while TCAD modeling has been successful in optimizing silicon-based electronic de-
vices, its application to chalcogenide thin-film solar cells is still limited. This limitation is partly
due to the complex nature of intrinsic point defects and extrinsic dopants in compound semicon-
ductors. As a result, many TCAD models for chalcogenide solar cells rely on effective lifetime and
carrier density parameters, which fail to capture the many of the connections between device be-
havior and the fabrication process. In this work, device modeling combined with ab initio quantum
mechanical calculations has helped to guide device performance improvement through quantifying

the influences of material properties and variant device designs.



In chapter 2, some background on chalcogenide photovoltaics and the methodology used in
this work are discussed, including Density Functional Theory (DFT), TCAD, and Machine Learn-
ing. Some basic theories involving semiconductors, defects and generation-recombination are then
introduced.

In chapters 3 and 4, process and device simulations are coupled to develop TCAD model for
thin-film solar cells. In general, density functional theory calculations are firstly used to determine
the formation energy and diffusion energy barriers of dominant defects in CIGS and CdSeTe. Next,
continuum reaction-diffusion models are developed to analyze the redistribution of defects during
manufacturing processes. We estimate defect capture cross sections using a first-principles based
approach. These cross sections are combined with our calculated defect profiles and trap energy
levels to parameterize a Shockley-Read-Hall (SRH) recombination model, which we implement into
a device simulator to predict carrier lifetimes and device performance. In that way, a predictive
TCAD model is built to predict and optimize the performance of CIGS and CdSeTe solar cells.

In chapter 5, Al-driven methods are applied for point defect formation energies and charge
transition level prediction. Descriptors based on tabulated elemental properties, defect coordination
environment, and relevant semiconductor properties are used to train ML regression models for the
DFT computed data. Kernel ridge, Gaussian process, random forest, and neural network regression
models are firstly applied to screen impurities with lower formation energy than dominant native
defects in all compounds. Moreover, advanced convolutional neural network model based on defect
supercell structure is utilized to augment the basic ML framework to achieve quantitative prediction

accuracy.



Chapter 2
BACKGROUND

2.1 Chalcogenide Photovoltaics

2.1.1 CIGS

Photovoltaic devices are essential for renewable clean energy systems. While silicon-based solar
modules currently dominate the market, various emerging techniques based on thin-film semicon-
ductors are rapidly developing. Among these technologies, chalcopyrite Cu(In,Ga)Ses (CIGS) show
excellent light conversion efficiency[166]. The world record efficiency of CIGS is 23.6%[160], which
is still below theoretical efficiency limit of 33%. Defects in CIGS such as Group III antisites (Incy,
Gacy) and copper antisites (Cuyyr) often possess deep energy levels within the energy band gap
which can act as Shockley-Read-Hall (SRH) recombination centers limiting solar cell performance.
The distribution of these defects is highly dependent on atomic composition[187]. Therefore, it
is crucial to develop predictive models to explore how composition variations in CIGS absorber
layers as well as growth and annealing conditions impact defect profiles and thus affect device per-
formance. However, current TCAD tools lack models that couple composition-dependent defect

distributions with device simulations.

2.1.2 (CdSeTe

CdTe and its alloy, CdSeTe, are widely regarded as promising materials for thin-film solar cells, at-
tributed to their high light absorption coefficients, low fabrication costs, and optimal band gap[108].
Recent advancements have pushed the efficiency of these materials to a remarkable 22.3%[114].
Typically, undoped CdTe films exhibit only weak p-type conductivity. To enhance p-type conduc-
tivity, Cu doping has been traditionally employed; however, this can lead to device instability and

degradation due to the high diffusivity of Cu [174].



Recent efforts have demonstrated that Group V doping—utilizing elements such as P, As, and
Sb—yields higher carrier densities, improved efficiency and enhanced long-term stability [23, 130,
92, 22]. These elements, when substituted for Te, act as effective acceptors [174]. Despite ongoing
progress, the defect properties of Group V doped CdSeTe, particularly in alloys, remain poorly
understood. Furthermore, the development of a comprehensive TCAD model for CdSeTe is essential
to fully understand and optimize these materials. Current TCAD models need to incorporate
the effects of Group V doping and accurately simulate the impact of these dopants on device

performance.

2.2 Methodology

In this study, we combine multiple modeling methods, including DFT, process simulation, device
simulation and Al-driven method. As shown in Fig. 2.1a, thermodynamic and kinetic parame-
ters of defects are obtained from DFT. These parameters are then implemented into Technology
computer-aided design (TCAD), which is a branch of electronic design automation that simulates
semiconductor fabrication (process simulation) and device operation (device simulation). The out-
come from these models is compared to experimental data for validation. If any discrepancy found,
the experimental data is used as reference to optimize our models. Al-driven method is also ap-
plied here to accelerate/replace time consuming modeling by providing high throughout prediction,

especially for DFT computation. This section is a brief overview of these modeling methods.

2.2.1 Density Functional Theory (DFT)

Density Functional Theory provides a computational quantum mechanical modeling method applied
generally in physics, chemistry and materials science to study material properties at atomic scale.
There are many DFT packages available. In this study, we use plane wave basis code VASP
(Vienna Ab-initio Simulation Package)[97, 96]. In this section, we will introduce how to extract

critical parameters of defects, which will then be used in TCAD and machine learning.
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Figure 2.1: Workflow of Modeling Methods.

2.2.1.1 Defect Formation Energy

The defect formation energy can be derived from DFT using the supercell method[50] by the
following equation,

El{,q = Ekvq — Epux — Z nifti + q(EVBM =+ ,UFermi) + Ecorr »

i
where E,{ , is the formation energy of a defect k, Fj 4 is the total energy of one defect state with
charge q, Epuy is the total energy of a bulk unit cell with the same size of the defected cell, and
n;ip; is the reference energy of n; added /removed atoms of element i at given chemical potential p;.
Evpum is the valence band maximum as computed from electronic structure of bulk supercell. Ecopy
is the charge correction energy using the FNV scheme implemented in PyCDT[21] to account for

interaction between periodic images.



2.2.1.2 Migration Barrier

Defect migration barrier is one of the important parameters for defect diffusion. The nudged
elastic band (NEB)[63, 62] is a method in VASP for finding saddle points and minimum energy
path between initial and final state. The method is used here to identify defect migration path and

associated barrier energy.

2.2.1.83 Defect-assisted Recombination

Recombination in semiconductors is a process in which carriers (electrons and holes) annihilate
each other. There are mainly three types of recombination: Radiative recombination, Auger re-
combination and Shockley-Read-Hall (SRH) recombination.

Radiative recombination is also called band-to-band recombination. During radiative recombi-
nation, electrons jumping down from the conduction band to the valence band and emit photons.
Radiative recombination is efficient in direct bandgap materials such as GaAs. However, in indirect
bandgap materials, radiative recombination is less significant because it must be accompanied by
a change in momentum of the electron and the generation of phonons.

In Auger recombination, the energy of recombined carriers is given to a third carrier which is then
excited to a higher energy level without moving to another energy band. After the excitation, the
third carrier loses its excess energy via thermal vibrations. Auger recombination is a nonradiative
recombination process. It is most important at high carrier concentrations caused by heavy doping
or high level injection under concentrated sunlight.

In this section, we will mainly focus on the third type of recombination: SRH recombination,
which is a defect-assisted recombination process. We will introduce how to use DFT calculation
to compute capture cross section for each defect. There are two types of SRH recombination:
radiative and nonradiative. Configuration coordinate diagram (CCD) is used to closely resemble
the actual transition of carriers. Underlying idea of the CCD is the observation that the initial and
final states can typically be connected by a one-dimensional collective reaction coordinate. In fact,

it is this difference in relaxation that leads to the difference between thermodynamic transition
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Figure 2.2: Representation of carrier capture at a defect: (a) band diagram and (b) configuration
coordinate diagram. The defect in the diagram is a deep acceptor with a negative and a neutral
charge state. AF is the ionization energy of the defect, and @ is a properly selected configuration
coordinate. In (b), step(1) is the change of the electronic state due to electron-phonon coupling
(nonradiative), step(1*) is the change of the electronic state due to electron-photon coupling (ra-
diative) and step(2) is the vibration relaxation due to phonon-phonon interactions.

levels and optical levels. As shown in Fig 2.2, if a carrier capture process follows step(1)+step(2),
it would be a nonradiative recombination. On the other hand, step(1*)+step(2) leads to radiative

recombination. @) in Fig 2.2 is defined as

Q2 = Z MAR?lisplacmentv (21)

where M is atomic mass of any element of defects, Rgisplacment is the displacement vector from its
equilibrium position.

The rate of SRH recombination can be estimated by the following equation,

—n?
RSRH _ P T 1 (2.2)

7o [ + nieE—BV/RBT] 4 7. Tp + neBi—Ey)/keT]

in which, RS is the net SRH recombination rate, n and p are electron and hole concentration,
n; is the intrinsic carrier concentration, £ is the energy level of defect j calculated by DFT in

Fig. 3.1, and E; is the intrinsic Fermi level. The carrier lifetimes, 7, and 7, of electron and holes



are given by

1 1 (2 3)
Tn — 7 Tp = ) .
" VinNtop P UthpNtUp

where vy, and vy, are the thermal velocities of electrons and holes, and N; is the trap density.
In Radiative SRH recombination, optical transitions happens due to coupling to the electric field.
The capture cross sections o, and o, of electrons and holes for defects can be estimated by the

following expression[39],

‘pzf’

T sp * Ve = (5.77 x 107 ) (V fropmsp Eopt S

) em® 571 (2.4)

where V' is the volume of supercell. n, is the index of refraction, 7y, accounts for the spin selection
rule (nsp = 1 for transitions from a spin singlet to a doublet, 75, = 0.5 for a transition from a doublet
to a singlet or from a triplet to a doublet), m is mass of carriers and E,, is the optical transition
energy corresponding to energy difference in step(1*) according to Franck-Condon approximation.
P;; is the momentum matrix element for perturbed conduction-band or valence-band state v; and
defect state 1;. It is described by P;;(Q) = (¥;(Q)|P|¥;(Q)). This momentum matrix element
can be derived from WAVEDERF output file in VASP by setting LOPTICS=True (In fact, the
interband dipole matrix elements are presented in the output, but can be easily transferred into

momentum matrix elements[58]).

Nonradiative capture cross section are determined by NONRADI5, 198] based on evaluation of
electron-phonon coupling for a special phonon mode in the capture process. The equation is shown

below:

27 —
O fp * Vil = ngmZ | AHfm’}}; 2 X0(Bim — Egn) em® 571 (2.5)

Here, g is atomic configuration degeneracy. wy, is the thermal occupation of the vibrational state
m of the excited state. Ej, and Ef, are the energies of the initial and the final vibrational state.

The electron-phonon coupling matrix elements AH; ' are evaluated in terms of wavefunction

im; fn

overlaps via the NONRAD code. The delta functions in Eq. 2.5 denotes energy conservation on



the vibronic transitions. Detailed derivation and implementation of this equation can be referred
to Ref. [5, 198].

The scaling function f in Eq. (2.4) and Eq. (2.5) has two contributions: the interaction between
defect supercell periodic images and the Coulombic interaction between the defect and delocalized
carrier is the defect is not neutral (known as Sommerfeld parameter). These two corrections have

been considered in NONRAD.

2.2.2  Continuum Modeling
2.2.2.1 Process Simulation

Process simulation (implemented in Sentaurus SProcess[193] via Alagator) aims to model defect
redistribution, defect complex formation processes during cooling and annealing process in semi-
conductor manufacture. The defect diffusion and evolution are described by continuity equations.
The model of defects diffusion is based on Fick’s first law: the flux of a diffusing specie is linearly

dependent to the concentration gradient and electrochemical potential gradient[123],
J=-DVC —-CuVU , (2.6)

where D is the diffusivity, C is the number density of particles, p is the mobility of the diffusing
species, and U is the local electrochemical potential. The potential is dependent on electric potential
and local chemical compositions, so the variation of electric field and composition causes drift of

species. Poisson’s equation is used to derive the electric potential ¥ from the charge density p,

V2 =2 (2.7)

€ Y
p:p—n—l—ZziNgi - szNXj ) (2.8)
i J

in which p is the hole density, n is the electron density, Ng is the density of defects acting as donors

and N is the density of defects acting as acceptors. z; is the charge state of donor ijri and z;
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is the charge state of acceptor Ngj. To incorporate the reactions between defects when computing
the defect concentration’s change with time, Fick’s second law is augmented by a reaction rate term

R,
0hCy==V-J, =Y nuRy, (2.9)
l

n 1 p h m
R=ky HCQ—E <n> I1¢s] . (2.10)
a=1 p=1

kp=drr> Do, (2.11)
k¢ = onpum, (2.12)
K= CzlneAElf /BT (2.13)

where 7, is the number of species v consumed by reaction I, and k; is the forward reaction
rate coefficient which is diffusion limited and estimated by a simple kinetic approximation. r is the
interaction radius and D, is the diffusivity of the reactant . The reaction equilibrium constants
K are calculated from the formation energy difference AElf of products and reactants. Cjs is the
concentration of possible defect sites and 6; is the entropy term. For defect interaction reactions,
Eq (2.11) is used to estimate reaction rate. For defect ionization reactions, Eq (2.12) is used, where
on,p is defect electron/hole capture cross section and vy, is thermal velocity. The electron/hole

capture cross sections are estimated via the NONRAD method as mentioned in Section 2.2.1.3.

The diffusivity D, of the defects in above equation is computed based on random walk theory[126],

in which defects diffuse via a random walk on the sublattice:
D, = gz\*TY, (2.14)

where ¢ is a geometric factor determined by the dimensionality of the crystal lattice, z is the

coordination number of the atomic sites in the lattice. A is the nearest neighbor hopping distance,
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which represents the distance between neighboring defect sites which involved in diffusion. 7' is the
jump frequency of the defects, it is denoted as:

Em
T = vemp(—ﬁ), (2.15)

in which v is the attempt frequency, which is estimated to be in the order of the Debye frequency

103571, E,, is the migration barrier of defect diffusion calculated via DFT.

2.2.2.2 Device Simulation

Device simulation (implemented in Sentaurus SDevice[192]) describes carriers behavior across the
device and thereby providing optical and electrical characteristics of electronic devices. Device
models are based on Poisson’s equation (Eq. 2.7) and continuity equations. The former calculates

the electrostatic potential in the device. The continuity equations solve the carrier concentration:

O~V dnfat (G R) (2.16)
Ip .
L=V pa+ (G~ R (2.17)

where j, and j, denote electron and hole current densities, G and R represent the carrier generation

and recombination rate, respectively. Drift and diffusion of carriers can be described by:

) on
Jn = qpnne + an% (2.18)
op
o= — gD, — 2.19
Jp = appe = 4Dn7 (2.19)

where p,, and p, are electron and hole mobility, D, and D, are diffusivities of electron and hole,
and ¢ is the electric field derived from Poisson’s equation.
Process simulation provides information about doping concentration and defect densities in a de-

vice. This information will be coupled into device simulator. Shallow level defects are considered as
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dopants via Incomplete Ionization model, while deep level defects are described by Shockley-Read-
Hall recombination model to trap carriers. Capture cross sections of these defects are computed
via the procedure mentioned in Section 1.1.1. Physical Model Interface is exploited to smoothly
combine process simulation with device simulator, and account for the variation in defect transition
levels due to material properties.

Another important part for device simulation is optical modeling, which is critical for modeling
optoelectronic devices such as solar cells. The optical simulator models light propagation through
the device layer and calculates the amount of light absorption and corresponding carrier generation
rate G in Eq. 2.16 and Eq. 2.17. Specifically, quantum yield model is used to describe how many
of the absorbed photons are converted to generate electron-hole pairs. This model considers the
band gap. If the excitation energy is greater than or equal to the bandgap energy F,, the quantum
yield is set to one; otherwise, it is set to zero.

In this work, transfer-matrix-method (TMM)[192] is used to simulate the optical generation of
CulnGaSe and CdSeTe solar cells. ElementWise option is turned on to account for the variation
of materials properties within the device. The complex refractive index and other parameters for
optical modeling come from reported experimental data. FExcellent match between experimental
data and simulation results are achieved, which establishes the accuracy and validity of this method.

The final output of the device simulation are distribution of electric potentials, carrier densities,
and optical and electrical characteristics which are of interest. These data provides understanding
of the device behavior and insight for optimization of the device performance. An example SDevice

cmd file is provided in appendix A.

2.2.8 AI-Driven Methods

Recently, with tremendous material data and powerful supercomputer available, data-driven mod-
els, also called machine learning (ML) or artificial intelligence (AI) expand their application in
semiconductor industry. In this section, we will discuss critical components of a common ML

pipeline in semiconductor material design.
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Figure 2.3: Schematic of neural network machine learning algorithms.

2.2.8.1 Training Data

DFT is a widely used source of training data and descriptors among material discovery. Recently,
DFT calculation of large-scale materials has become more accessible as computational power has in-
creased. The construction of high-throughput DFT databases now has become a major contributor
to material informatics. DFT provides a supplement to experimental data as it is well structured,
computationally accessible, and self-consistent. In this work, DFT is used to construct baseline of

training data.

The selection of features can have a large impact on ML model performance. Normally, empirical
descriptors are typical used in ML for materials discovery. For example, physical features of atoms,
such as electronegativity, ionic radius. These features are encoded into a machine-readable format,
normally as a vector of descriptors. Including as many features as possible is one route to ensure that
no known physics is excluded in a model. However, the existence of redundant and/or meaningless
features could deteriorate model performance. Therefore, feature dimensionality reduction methods,
such as k-nearest neighbor and principal component analysis, are often used to obtain a reduced

set of features which preserve sufficient information.
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2.2.8.2 Basic Machine Learning Algorithms

After building a reliable database, it is necessary to select suitable machine learning algorithms.
Popular ML algorithms include least squares method, Gaussian process, random forest, and neural
network. Each algorithm has its own pros and cons. Here, we introduce several algorithms that

are being exploited in our research.

Multiple linear regression (MLR) is a basic least squares method. Given a vector of properly
standardized features X7 = (Xi,Xa,...,X,), and calculated output vector Y, the matrix of
coefficients 8 corresponding to each feature and output is determined by minimizing the least
square error |Y — XTﬂlz. While MLR yields an unbiased predictor, it is prone to overfitting
when several features are highly correlated with the output. To address this issue, we use three
shrinkage methods, namely LASSO (least absolute shrinkage and selection operator) regression,
ridge regression, and elastic net regression [60], all of which yield a biased predictor but with lower
variance, leading to less overfitting compared to standard least square. Ridge regression shrinks
the coefficients 8 by imposing an Lo penalty whereas LASSO uses an L; penalty [139]. Elastic Net
is another regularized linear regression technique that combines both L; penalty and Ly penalty.
Typically, 8 shrinkage inside LASSO regression progresses more severely compared to the other two

approaches, and some of the coefficient are brought down to 0.

Kernel ridge regression (KRR) is another regression technique which uses the kernel trick to
solve a non-linear problem in a linear fashion. The original low-dimensional features are used as
input and mapped to a high-dimensional kernel space in which they can be linearly interpreted.
There are different possible choices for the kernel function, such as polynomial, radial basis function

(RBF), and Laplacian.

Another non-linear regression technique that employs the "kernel trick” is Gaussian process
regression (GPR) [213, 177]. GPR uses the kernel and the observation to define a likelihood
function on account of the covariance of a prior distribution over the target functions. The prior
and likelihood function is assumed to have a Gaussian distribution. Based on Bayes’ theorem [161],

we get a predictive posterior distribution, from which we can attain a point prediction using its
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mean, and an uncertainty value using its variance. A major difference between GPR and KRR is
that GPR can internally choose each kernel’s hyperparameters by applying gradient-ascent on the
marginal likelihood function, while KRR requires a grid or random search using a loss function.

The decision tree method splits source dataset (root node) into several subsets (successor chil-
dren). RF consists of multiple decision tree models based on randomly bootstrapped subsets of the
traning data. Predictions are made according to the collected prediction of the decision trees. The
main advantages of RF are robustness to sparse data and easy to perform feature selection.

NN is another type of ML algorithm that imitates biological neurons. A NN model consists of
many interconnected logical gates, called perceptrons. A typical network consists of an input layer,
hidden layer and output layer as illustrated in Fig. 2.3a. NN is a highly flexible algorithm. If we
allow enough nodes in hidden layer, a NN model can represent any function, which is also likely to
overfit. Some techniques are generally applied to avoid it, like regularization, early stopping, and

use of a better topology.

2.2.3.3 Cross-Validation

The main purpose of machine learning models is prediction; Thus, it is critical to measure the
performance of ML models. Cross-validation (CV) is the standard approach for testing the quality
of the ML models. In CV, models are trained on a subset of data and then employed to predict
values for regression problems or label data for classification problems for a holdout dataset. CV
is generally used to estimate an ML model’s ability to generalize to unseen data.

The most widely used technique is k-fold, in which the training data are randomly separated
into k£ folds. The ML models are trained on k-1 folds and used to predict the holdout fold over &
iterations. It is the most widely used generalization error estimation method. There are also some
other techniques, such as leave-p-out cross validation (LPO)[164], Monte Carlo cross validation

(MCCV)[222], etc.
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Chapter 3

COUPLED PROCESS AND DEVICE MODELING OF CIGS SOLAR CELLS

In this work, we employ a multi-scale modeling framework, combining first principles calcu-
lations, continuum models, and device simulation tools to predict CIGS defect distributions and
device performance. Density functional theory (DFT) calculations are utilized to determine the
formation energies and diffusion energy barriers of defects as well as binding energies of defect
complexes. Equilibrium defect concentrations are calculated through compositionally constrained
thermodynamics (CCT) calculator[133] for any given composition. After that, continuum models
are developed for the defect diffusion and redistribution processes. Finally, the process simulation
results are coupled with device simulation in which the deep level defects limit the carrier lifetime
and solar cell efficiency via SRH recombination. In the end, a predictive model is built to help
interpret experimental data and provide new perspectives for engineering CIGS composition with

desirable functionality.

3.1 Process Simulation in CIGS

We used the DFT code VASP with projected augmented wave (PAW) approach[98]. To correct
the bandgap error, the Heyd-Scuseria-Ernzerhof (HSE06)[65] is used to calculate defect formation
energies and diffusion energy barriers[97, 96]. The defect formation energy can be derived from DFT
using the method mentioned in Section 2.2.1.1. Under dilute approximation, defect concentrations
per CIGS lattice sites are given by x, = %e_H’{’q/kBT, where 0}, , is the degeneracy factor
counting the number of equivalent defect configurations. N**® is the total number of lattice sites
in a perfect material. The formation entropy is neglected. Since the atomic fractions f, are

experimentally measurable, one can obtain deviations from perfect stoichiometry f5 under given

defect concentrations in the material using the following relation
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f& = 2 ohq TR

= )
1- Zk,q Lk,qOk,q

fa (3.1)

where zy, 4 is defect concentrations per CIGS lattice sites, ng is the number of atoms of type o added
or removed from the system when one defect k exists. o4 = Y, 1y is the atom amount differences
in a system with and without the defect k. If atomic fractions and standard reference chemical
potentials are provided, one can determine the defect concentration, chemical potentials for each
element and the Fermi level by solving the set of equations defined by (3.1). We refer to this method
as compositionally constrained thermodynamics (CCT) [133]. The CCT model in this work contains
major defects reported in literature[157, 187], namely, vacancies (Vcy, Vi, Vge), interstitial (Cu;,
In;, Gaj, Sej), antisites (Incy, Gacy, Curr), and typical defect complexes (Vou+Incy, 2Veou+Incy,
VeutGacy, 2Veu+Gacy, VoutVse, VeutIney+Curnr, Vou+Gacy+Curp). The transition level
£(q1/q2) of these defects are calculated by

E{ 4, (#ermi = VBM = 0) — Bl | (jtermi — VBM = 0)

k7q2
. 3.2
q2 —q1 (3:2)

ela/q2) =

These defect transition levels are depicted in Fig. 3.1. Diffusion energy barriers were calculated
using the climbing-image nudged elastic band method[63]. Then the continuum models are built in
accordance with the DFT results and implemented within the Sentaurus 1/2/3D process simulator
via the Alagator scripting language[193]. Through CCT and the continuum models, we can obtain

the defect concentrations across the thin film.

3.1.1 Defect Diffusion in CIGS

We have reported in previous work that copper in Cu-poor CIGS diffuses via copper vacancies[185,
186]. However, the diffusion mechanism for group III is different since there are very few group
IIT vacancies in Cu-poor CIGS. We found the group III antisite formation energy to be low, and
there is a significant binding energy between group III antisites and copper vacancies (Table 3.3),

which are abundant in Cu-poor CIGS. Therefore, it is not difficult for copper vacancies to find
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Figure 3.1: Defect transition levels in (a) CulnSey; (b) CuGaSes. Dashed lines indicate valence
band maximum and conduction band minimum.

group IIT antisites and form mobile defect complexes in the material. Group III antisites may bind
with either one or two copper vacancies due to their respective charges (nominally +2 for group
IIT antisites and -1 for Cu vacancies) and substantial Coulomb attraction. We considered two
energetically competitive routes for the long-range diffusion of these vacancy complexes (shown

in Table 3.1), involving either (i) a vacancy restricted to nearest-neighbor hops out to a third
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Table 3.1: CIGS Defect Diffusion Mechanism

Migration barrier E,, in eV

Vou — Veu 1.10(-1), 1.12(+0)

(Incy+Veu) = (Incu+Veu) [Direct] 1.21(+), 1.26(+0)
(Incy+2Ven) = (Incy+2Vey) [via 3NN] 1.24(+0)

(Gacu+Veu) — (Gacy+Vey) [Direct] 1.21(+), 1.19(+40)
(Gacut2Veu) = (Gacu+2Veu) [via 3NN] 1.75(+0)

nearest-neighbor (3NN) site from an antisite, or (ii) a nearest-neighbor vacancy hopping directly to
another nearest-neighbor site. The latter “direct” mechanism (ii) requires a second nearest-neighbor
hopping distance and effectively bypasses mechanism (i). Based on DFT and CCT[55, 186], we
determined that single vacancy complexes mainly diffuse through this direct mechanism, while

mechanism (i) is the dominant process for the diffusion of double vacancy complexes.

3.1.2 Continuum Models for Defect Diffusion

The continuum model is based on Section 2.2.2. The formation energy of each defect is different in
CulnSey and CuGaSe; as In-Ga composition could affect Eypy in Eq. (2.1). Thus, we assume that
the formation energy of one defect can be linearly interpolated by [Gal]/([In] + [Ga]) ratio (GGI)
and defect formation enthalpy H l{ g 18 also dependent on GGI ratio. C, is the concentration per
unit volume of reactant o, C'z is the concentration per unit volume of product 3, n; is the intrinsic
carrier concentration and A is the net number of holes released by the reaction. It is noteworthy
that x4 = Cj 4/Cs, where Cj is the concentration of possible defect sites.A list of defect reactions
is shown in Table 3.2. We assume there are no fluxes and transfer across the interface and thus

Neumann boundary condition are used for all defects.

3.1.8 Comparison Between Simulation and Fxperiment

As we reported previously, the copper diffusion model has good consistency with experiments [186].

To verify the group IIT (In, Ga) diffusion mechanisms, we have performed a simulation under the
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Table 3.2: Defect Reactions in Continuum Model (charge exchange reactions are assumed to be
fast for process simulation, so all equations are listed just in terms of holes)

Exchange Reaction

Complex Formation

Ionization Reaction

Incu®* + Vin* — Voo + Inmg

Inc®™ + Vi = Ve + Inmr + A

Incy®t + Vin® = Veo? + Ingp + 2pt

Ve + Cumr — Vir

Voo + Cumn™ — Vi

GacuzJr + VHIZ’ — ch[) + Gayp

Gacu®t + Vir — Voo + Ganp + b+

GilcuzJr + VH]O — ch[) + Gayr + 2])Jr

(Incy+Veu)t + Cunr — (Incy+Cum) ™t + Voo™

Incy+Vea) ™ + Curr = (Incy+Cunn)® + Ve

Incu+Veou)t + Cum® = (Incu+Curm)?t + Ve

Incu+2Vew)? + Cunr = (Incu+Cumn) ™ + 2Vey™

Incy+2Vew)? + Cumr = (Incu+Curn)® + Vo + Voo

Incu+2Vew)? + Cum® — (Incy+Cummn)®t + 2Vew
(

Ve + Incy?t = (Incy+Veu) ™ + AT

Veou + Ince?™ = (Incy+Veu)t

Ve + (Incut+Vew) ™ = (Inca+2Vea)® + 27
Veu + (Incut+Veu) ™ = (Incy+2Vew)?

Veu + (Incut+Veu)™ = (Incu+2Vew)? + h*
Vcno + Gacuer — (Gacu+ch)+ + ht

Vou + Gace®™ = (Gacu+Vea)*

Veu! + (Gacu+Vew)t = (Gacu+2Ven)? + Rt
Vou + (Gacu+Vew)t = (Gacut+2Ven)®
Vse? + Veu = (VoutVse)

Vse? + Ve + ht = (Vout+Vse) ™
(Incu+Vew) ™ + Cumn® = (Incy+Cum+Veu)t
Incu+Vew)t + Cunr = (Incu+Cun+Vew)?
Incu+Vew)t + Cumn® — (Incu+Cumn+Veu)

Vcno — Voo + AT

Vi’ = Vi + ht

Vir — Vin® + bt

Cum® = Cuir™ + At

Cunr — Cumz’ + hT

Vse? = Vg + bt

Vse? + ht — Vgt

(VeutVse)™ = (VeutVse)® + h*
(Veu+Vse) + ht = (VCU+VS(‘)0
Inc,?t — Ingyt + At

Inc,™ — Ing,” + T

Gaco?t — Gacyt + h*

Gacut — Gaca? + h*

(

(

(

( (

( ( (Incu+Cup)** — (Incy+Cur)* + At
(Incu+2Ven)® + Curt® = (Incu+Cumr+Vea) " + Voo (Gacu+Vew) ™ + Cum® — (Gacy+Cumn+Veu) ™ | (Inge+Cumn) ™ — (Ingu+Cumy) + A+
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conditions reported by Beckers et al[12]. They tracked indium tracer diffusion from a thin In
isotope layer deposited on the top of CIGS. Experimental data extracted from the paper is plotted
in Fig. 3.2a and Fig 3.2b. Since there are few group III vacancies and In diffuses mainly via the
copper sublattice, we assume that the initial indium tracer resides on the copper sublattice. Our
continuum model simulated curves are plotted in Fig. 3.2c and Fig. 3.2d. Moreover, the authors
also tracked tracer diffusion for different temperatures and diffusion times, and we compared our
models with their non-linear fitting curves. The simulation results are in good agreement with the

experimental measurements and supports the group III diffusion mechanism as proposed previously

in Section 3.1.1[55].
3.2 Coupling of Process and Device Simulations

The defect distributions obtained from process simulation can be implemented into Sentaurus De-

vice simulator [192]. Specifically, ionization model, which provides an ionization probability model
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Figure 3.2: Indium tracer diffusion experiment vs. continuum model (a) normal scale non-linear
fitting curve (blue); (b) log scale non-linear fitting curve (blue); (¢) normal scale continuum model
simulated curve (green); (d) log scale continuum model simulated curve (green). Experimental data
points are shown in gold scattered points above.

based on activation energy for each species, is used for shallow defects and trap model[192], which
explicitly models SRH recombination by taking into account the occupation and space charge stor-
age of defects, is used for deep level defects in device simulator. Here, CCT [187] was applied
to derive the equilibrium defect profile. We used GGI ratio, [Ga]/([In] + [Ga]) ratio, copper-to-
group IIT (CGI) ratio, [Cu]/([In] + [Ga]), and selenium chemical potential, jige, as three constraints
in CCT. The reason we selected selenium chemical potential rather than valence (SeM) ratio,

(2[Se]/([Cu] + 3([In] + [Ga]))), is due to the valence ratio of CIGS has a large variance during
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three-stage manufacture process. However, the pressure of the chamber, which mainly contributed
by selenium vapor, is well controlled in each stage[54, 170], which suggests the selenium chemical
potential would be roughly constant in the material if steady state is assumed. In addition, we
also found from Fig. 3.4 that pse changes rapidly even with tiny variance (1073) of SeM ratio
under typical material composition while the SeM ratio changes only around 0.05% with uge from
-0.8[eV] to -1.2[eV]. Moreover, state-of-art characterization techniques are not able to detect such
minor change of SeM ratio in CIGS layer but the selenium vapor pressure can be roughly fixed as
we discussed previously. Thus, we conclude that applying pge as third constraint will provide more
stable and trustful simulation results. In this work, we used -1.0[eV] as uge at 873K with respect to
the standard elemental Se reference (the solid trigonal phase of Se with space group P3;121) used
in our DFT calculations. At this selenium chemical potential, the resulting carrier densities and

Fermi level match with experiment.

Bulk SRH recombination has been implemented using the SRH recombination model in the
Sentaurus TCAD device simulation software. The SRH recombination rate RS® is described by
Eq. 2.2 as mentioned in Section 2.2.1.3. There are two fundamental steps for carrier capture:
the change of the electronic state due to electron-phonon coupling and vibrational relaxation due
to phonon-phonon interactions. The electronic transition is much slower and thought to be the
rate-limiting step for non-radiative capture. Following Alkauskas et al[5], the capture cross section
is derived from the perturbation that causes the transitions between initial atomic configuration (Q
= 0) and one special phonon mode of the excited state (Q = AQ). The configuration coordinate
diagrams for a commonly recognized deep level defect Cuyyr are given in Fig. 3.3. For Cuyy transition
state (0/-1), we obtained approximately 10723 ~ 1072! em? for both electron and hole capture cross
section. While we got around 1072 ~ 10~ cm? for hole capture cross section and 1074 ~ 10713
cm? for electron capture cross section for Cuyyy transition state (-1/-2). This suggests that (-1/-
2) state is more likely to be deep level transition center while (0/-1) is shallow. This has been
further validated by Bader charge analysis[61]: we found that Cuyyy transition state (-1/-2) is more

localized than transition state (0/-1). We also used NONRAD to examine Gac, in CGS and find
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Figure 3.3: Configuration coordinate diagram of Cuyy (0/-1) (3.3a) and (-1/-2) (3.3b) transition
states. Q in X-axis corresponds to the mass-weighted configuration coordinate. AQ is the difference
in the equilibrium geometries of the initial and final state. AE is the energy difference between the
initial and final state.

the capture cross section is approximately 10717 ~ 10716 ¢cm? for holes and 1074 ~ 107! cm?
for electrons. These values are consistent with experimental measurement[68]. However, the defect
tends to be shallow in CIS and have very low capture cross sections. This indicates Gacy, could
be a dominant recombination center in CIGS devices with high GGI. The observation is consistent
with reports by other groups[64, 188]. In fact, gallium antisites tend to have large concentration
after high temperature film growth process according to CCT thermal equilibrium calculation.
However, during cool-down process in the continuum model, they bind with copper vacancies,
transforming into shallow defect complexes. This is due to large binding energy between group
IIT antisite and copper vacancy as mentioned in Section II.A, which means cooling and annealing
processes during manufacture could lower the deep level defect concentrations and improve the

device performance. We also find significant binding energy between gallium antisite and copper
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Figure 3.4: SeM vs. puge for GGI=0.15, 0.35 and 0.55 at CGI=0.85; uge is Se chemical potential
referenced to standard Se chemical potential used in DFT calculation. Temperature for uge is 873K.

Table 3.3: Binding energy (eV) of defect complexes in CulnSes and CuGaSe;. Binding en-
ergy in pure CulnSes and pure CuGaSey phases is calculated respectively. Binding energy in
Culn;_,Ga,Ses alloy is linearly interpolated according to Ga/In ratio. Charge states of complexes
are noted in brackets

Defect CulnSeq CuGaSes
Incu+Veu 0.18 (+1) 0.50 (+1)
Gacut+Veu 0.30 (+1) 0.66 (+1)
Incy+Cupnp 0.89 (0), 0.44 (+1) | 0.92 (0), 0.46 (+1)

Incy+Cumr+Veu | 0.69 (0), 0.46 (+1) | 0.72 (0), 0.48 (+1)
Gacy+Curnr 0.89 (0), 0.46 (+1) | 0.93 (0), 0.46 (+1)
Gacy+Cur+Vey | 0.69 (0), 0.46 (4+1) | 0.70 (0), 0.47 (41)

antisite. This may also lead to formation of triplets such as Gagy + Vou + Currr. A summary of
defect binding energy is listed in Table 3.3. We have used NONRAD to examine these defects as
well. However, the capture cross sections for both electrons and holes are very low (< 10724 cm?).
Thus, we consider these triplet defects, Gacy + Vcou + Cuppr and Incy + Vou + Cun, as delocalized
shallow defects. To verify the model, we compare the device simulation with experiment[73] as

described in Section 3.2.3.
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3.2.1 Cooling Process

Cooling process simulation is conducted in Sentaurus Process by the continuum model we built
for defect diffusion. We find that the cooling process diminishes the density of unpaired group
III antisites (Gacy). This is due to a lowered probability for bound antisite-vacancy complexes to
thermally dissociate following cool-down. Similarly, the concentration of unpaired Cu antisites also
drops down during the cooling process. The final defect density (and thus carrier lifetime) depends
on the post-growth thermal exposure, and, due to the low activation energy for Cu vacancy diffusion,
even room temperature storage can impact the density of recombination-active defects in CIGS.
A typical example for how cooling process could affect deep level defect concentration is shown in
Table 3.4. By applying this model to a range of CGI ratio, GGI ratio and use, we can track how

these deep level defects concentration changes with compositions.

As shown in Fig. 3.5a, for a fixed GGI ratio, and puse, gallium antisite concentration only
changes slightly until CGI is higher than 0.95. Gagc, drops sharply when CGI is larger than 0.95,
which is accompanied by a significant drop of copper vacancy concentration when CGI is close to
stoichiometry. Copper antisites increase drastically with CGI>0.95, suggesting a CGI ratio close
to stoichiometry could be detrimental to device performance. We find a similar trend in Fig. 3.5b.
Changes in the Gacy concentration are within an order of magnitude, while copper antisites see
large reduction when ug,e is decreasing due to group III vacancy deficiency. However, when the uge
is lower than —1.10[eV], the valence ratio SeM will be lower than 1.0000 as shown in Fig. 3.4. Under
such circumstance, the CIGS becomes n-type, which is generally not applicable for state-of-the-art
CIGS solar cells. According to Fig. 3.5¢, Gag, density decreases a lot especially for high GGI
materials. Even though the capture cross section for Gacy, is large as mentioned before, the low
density of Gacy makes it impossible to be an effective recombination center. When the GGI is low,
there is significant amount of Gac,. However, it is considered as shallow defect and has very low
capture cross section in the low GGI region, which is also hard to be a deep level defect. On the
other hand, Cury increases faster when GGI goes higher than 0.60. Thus we conclude that Gacy,

has little impact on CIGS solar cell performance but Cuyy is at least partially responsible for the
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Table 3.4: Impact of cooling process on deep level defects. *Equilibrium concentration was calcu-
lated via CCT. CGI, GGI, and psg, ratio for this sample are 0.85, 0.35, -1.00[eV], respectively. The
cooling process is simulated via Sentaurus Process with a cooling rate of -20°C/min.

Concentration(cm —3) Defect Type
— Gacu | Cum
Condition
Equilibrium at 873K* 2.41el8 | 1.46el5
Cooling (873K to 300K, ramp = -20°C/min) | 1.38¢16 | 9.31el3

efficiency loss in wide-gap CIGS solar cells[64].

From Fig. 3.5, we can infer that controlling atomic ratio of elements in CIGS absorber is critical
as it impacts defect concentration, lifetime, and finally device behavior. Also, it is obvious from
the three plots that the cooling process could help decrease the deep defect concentrations for both
gallium and copper antisites. Once we obtain the defect distribution profile of CIGS absorber layer,

it is possible to predict solar cell performance via device simulation.

3.2.2 Solar cell device simulation

We used the above model to simulate solar cell device in [73]. The solar cell structure simulated is
equivalent to the literature with some minor changes shown in Table 3.6. Some critical parameters
used in device simulation are shown in Table 3.5. For the thickness of MgFs and ZnO:Al layer, we
used values slightly different than reported. The reason is that the refractive index values of these
two layers are not specified in the experimental paper[73]. The values we used here are typical
values reported in literature[179, 7, 197, 37, 212], but we found large variances in refractive index
values due to disparate synthesis and deposition processes. The function of both layers, however,
is to reduce the reflection of photons which can be absorbed at maximum efficiency. Thus, we
optimized the thickness of these two layers to maximize carrier generation in the absorber layer
as calculated via d = ’\jj%, where d is the thickness, A4, is the maximum absorbed wavelength
of CIGS, and n is the refractive index of anti-reflective material at A,q.. For the other layers, we
keep them as reported. The complex refractive index values of CulnGaSey are dependent on the

material composition[154]. To accommodate the index value change with GGI across the CIGS
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Figure 3.5: Deep level defect distribution with different CGI, uge and GGI. (a) CGI = 0.60 ~ 0.99,
GGI = 0.30, pge = —1.00[eV]; (b) pge = —0.76 ~ —1.20[eV], CGI = 0.85, GGI = 0.30; (c) GCI
= 0.05 ~ 0.75, CGI = 0.85, pge = —1.00[eV].

layer, we used a linear interpretation with a shift in the spectrum according to the band gap. The

relation between band gap and GGI are demonstrated in the following equation[190]:

El°tol = (1 — a) EJ™ + aEJYS — ba(1 — o) + 1.7 (f2, — fcu) - (3:3)

Here o denotes the GGI value, b is the optical bowing parameter which we chose as 0.20 in
our work, and (f&, — fcu) accounts for the change in band gap with deviations in Cu composition
from perfect stoichiometry (ff&,, = 0.25) [190]. Values for EJ™ = 1.04[eV] and EJ%S = 1.68[eV]

are applied for all calculations[209, 6].
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Figure 3.6: Complex refractive index of CIGS with different GGI values computed by Eq. (3.4). k
is extinction coefficient while n is refractive index.

The refractive index n for a specific GGI value can be calculated by

n(a, E+aAE,) = (1 —a)n(0,E) + an(l, E + AE,) . (3.4)

Here E is the energy of photon, AE, is the band gap difference between CIS and CGS, a is GGI
ratio while «AE, in Eq. (3.4) indicates the band gap energy change for a specific GGI versus band
gap of CIS. The refractive index n of a photon with energy F 4+ aAE, for GGI ratio « is linearly
interpolated by n of a photon with energy F in CIS and n of a photon with energy £ + AE, in
CGS. The extinction coefficient k follows a similar relationship. Using the relation above, we can
obtain complex refractive index values for any given GGI values. When the energy of photon is
lower than the band gap, we applied an exponential decay in the extinction coefficient to account
for the reduction in absorption intensity. Some cases are shown in Fig. 3.6. This method is used to
obtain the complex refractive index for any GGI profile. Subsequently, the Transfer Matrix Method
(TMM) is used in Sentaurus Device to calculate the propagation of plane waves through layered

media[192] under the AM 1.5 Global spectrum with an integrated power of 1000 W/m?.

In CIGS layer, we used GDOES profile in the literature to extract GGI profile as illustrated in
Fig. 3.7. To set constraints on the composition, a constant CGI value of 0.85 from paper and uge

(-1.00[eV]) are used in CCT. After that, we obtained distribution of all the defects. Among them,
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Table 3.5: Critical parameters in CIGS Device Model

Cu(In,Ga)Ses Cds i-ZnO ZnO:Al
Bandgap (eV) Eq. 3.3[190] 24 3.3 3.3
Carrier Density (cm™) varies with composition 1.0 x 1017 1.0 x 10? 1.0 x 101?
Refractive Index Eq.3.4 [154] Data [197] Data [179] Data [7]
Effective mass e/h  0.08(CIS), 0.13(CGS)/0.35  0.25/0.70 [113] 0.24/0.59 [183] 0.24/0.59 [183]
Mobility e/h (cm?/V s) 300/30 [100] 100/25 [113]  200/25 [109]  200/25 [109)]
Lifetime e/h (ns) Defect-assisted SRH Model 1.0/1.0 - -

Table 3.6: CIGS solar cell structure of experiment and simulation

Material Layer Thickness (Ref. [73]) | Layer Thickness (Simulation)
MgF, (105 £ 10) nm 100 nm
Zn0O:Al 100 nm 55 nm
i-ZnO 50 nm 50 nm
Cds (50 £ 5) nm 50 nm
Cu(In,Ga)Ses (2.8 £0.2) um 2.8 pm
Mo (1.5 £ 0.2) um 1.5 pm

shallow defects like Cu vacancy were implemented as dopants in the device simulation through
ionization model while deep level defects were considered as traps in the trap model[192]. The deep
level defects profile are shown in Fig. 3.8. The carrier recombination due to deep level defect is
modeled by SRH recombination model. We applied 5x 10~ and 10~!2 for electron and hole capture
cross sections of Cur, respectively , while 5 x 107 and 5 x 10~'7 for electron and hole capture
cross sections of Gacy. In addition to recombination due to deep level defects Curr and Gacy, we
also include radiative recombination with the radiative recombination rate 1 x 10710 cm3/s[211],
surface recombination at back and front surface with recombination velocity 1 x 1077 c¢m/s[210].
Grain boundaries and other structural defects are accounted for via a uniform background midgap
SRH recombination with lifetime of 15ns. The third recombination source is likely to be attributed
to Vou+Vse[69, 188, 77, 70, 71]. However, the detailed examination of this metastable defect is out
of the scope of this paper. The effective lifetime in the device simulation is between 1 — 20 ns for

typical material compositions, which is within the range of reported data in literature [77, 206].

In addition, we found in literature that there is a thin n-type layer located at CIGS/CdS
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Figure 3.8: Deep level defect concentration distribution in CIGS absorber before and after cooling
process.

interface, which may be due to Cd diffusion into CIGS and occupies copper sites[105, 2, 142, 218].
Other people argue that there is a layer with high resistance between CdS and CIGS[142, 75]
possibly due to ordered defect compound. Accordingly, we added n-type doping at interface from
0.00 — 0.01 gm in the device structure at Fig. 3.9, which results in a low carrier density region
thus high resistance layer. The additional surface doping provides a smooth transition from heavily

p-type CIGS to n-type CdS, which facilitates electron transfer and boosts device performance.

3.2.3 Simulation Results

As shown in Table 3.7, four typical parameters which are used to characterize solar cells, short circuit

current (Jy), open circuit voltage (Vyc), fill factor, and efficiency (n%) are all in good agreement
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Table 3.7: Solar cell device performance of experiment and simulation

Jse (mA) | Voo (V) | n% | Fill Factor
Experiment (Jackson, P. et al) 34.7 0.7113 | 19.0 7.1
Device Simulation 34.7 0.7146 | 19.2 77.6

with experiment values. This confirms the validity of our simulation model. To determine the most
critical deep level recombination center, we turned off the SRH recombination of Gacy, and there
is little effect on the solar cell efficiency. The reason is discussed previously in Section ITI.A. Thus,

we conclude that Cuypp is the only deep level bulk defect in the model that significantly impacts
the solar cell performance.
3.2.3.1 Effect of GGI Gradient on Device Performance

The GGI gradient directly impacts the band gap variation in CIGS layer, which essentially changes

the conduction band position. A typical three-stage process will generate a GGI profile which
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has a minimum notch close to the CdS interface. Then GGI increases towards both CdS and Mo

interface, which is known as double gradient or V-shaped profile[140].

Generally, the common consensus is that double gradient profile is or could be beneficial to the
device performance[53]. However, it is difficult to judge if gains of device efficiency are due to GGI
grading or solely from three-stage deposition process, as the latter is believed to increase grain size
as compared to one-stage process[171, 33]. Generally, the back gradient toward Mo side is thought
to be beneficial. Based on electro-optical modeling[110], an increased GGI ratio towards Mo contact
creates a quasi-electric field that repels minority carriers (electrons) from the high recombination
region at back contact. In addition, high energy photons that have not been absorbed at front
region can be further absorbed at back region because of the advantageous absorption coefficient
for high energy photons according to Fig. 3.6. Thus the effect of higher GGI toward Mo layer is
considered as positive. However, the role of increased GGI towards the CdS is not clear. Actually,
a theoretical study suggests that the increased GGI in front part does not lead to performance
gain[110], and, under certain conditions, a front grading has been found to be detrimental to device
performance[195]. In fact, CIGS solar cells in experiment appear to have higher performance when
the minimum GGI position is close to CdS interface[29]. Also, people found a nearly flat GGI
gradient toward CdS interface shows great efficiency[52]. In our model, we find the notch in GGI
profile generates electron traps due to formation of quantum well which increase non-radiative
recombination. Even though the lower band gap at the notch facilitates the absorption of low
energy photons, in our simulations it cannot totally compensate the loss due to additional SRH
recombination. Thus, we conclude that the front Ga gradient towards CdS is only a consequence of
three-stage process but it does not lift the device efficiency per se. The increase in grain size from
the three-stage process as compared to the one-stage process and the back GGI gradient would
likely be the reasons of higher solar cell efficiency[171]. Therefore, we believe the optimal GGI

profile should have a gradient toward Mo layer and flat GGI toward CdS interface.

To explore the effect of GGI gradient and find the optimal GGI profile, we systematically

investigated a wide range of possible GGI profiles to create a contour maps of device efficiency
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using our device simulation model as shown in Fig. 3.10. We used three constraints to determine
GGI profile: GGI at back Mo interface, GGI at CdS interface, and the turning point location. The

turning point location indicates where GGI transitions from flat to graded.

The simulation results are shown in Fig. 3.12. One key finding of our simulation is that the
optimal GGI at CdS interface is 0.35~0.40, at which the offset between CdS and CIGS has been
optimized. In an optical GGI profile, the turning point location should be very close to CdS
interface, which is consistent with report from experiment[53]. Also, Yang et al.[228] found that
when the back GGI is increased from around 0.5 to 0.65~0.70 with front GGI of approximately
0.35, the efficiency gain is around 0.3%~0.4%. This is in line with our simulation results and it
suggests our model can provide quantitatively comparable results with experiment. Also, we did not
find a loss in device performance when further increasing GGI at back region, but the performance
gain did slow down when back GGI hits 0.65. We believe this is due to the Cuyy defect density
drastically increasing when GGI>0.60, as shown in Fig. 3.5c. Thus, controlling the back GGI over
a reasonable range should be beneficial to device performance. Generally, CIGS solar cell has a
large tolerance for GGI profiles for which the device performance is nearly optimal, which allows

flexibility during manufacture process.

Additionally, we cut the CIGS layer thickness in half to see how device efficiency would differ in
Fig. 3.11. Surprisingly, the efficiency of solar cell can still be maintained at high level (~21.6%) if
the GGI profile is optimized. Compared to the device with 2.8um CIGS, the optimal back GGI is
lower (0.63~0.73) and the turning point location is further from CdS interface. The reason is that
there is less effective light absorption area for CIGS with thickness of 1.4pum. Thus, the absorption
coeflicient of thin film becomes more critical. Lower GGI region is more favored than higher GGI
region at front region as the former has more optical absorption and generation. On the other
hand, the back region in thin CIGS samples is close to high generation and recombination region.
As a result, the impact of deep level defect Curp would be more significant. Consequently, a lower

GGI profile is favored at both front and back region of 1.4um CIGS layer.
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Figure 3.10: Schematic of GGI profile tuning. Three constraints in the GGI profile are back GGI
(Mo interface), front GGI (CdS interface) and the turning point location. All the device simulations
are conducted under the same conditions except GGI profile and corresponding defect level change.
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Figure 3.11: Simulation of device efficiency for various GGI gradients with CIGS thickness of 1.4pum.

3.3 Summary

We have demonstrated coupled process and device modeling for CIGS solar cells with excellent
match to experimentally-observed device performance. A detailed set of continuum models for
defect, ion, impurity and complex evolution using parameters calculated via DFT has been imple-
mented in 1/2/3D process/device simulation tool Sentaurus. Continuum models based on DFT
parameters successfully predict Cu diffusion and In tracer diffusion in CIGS. The effect of GGI
gradient is also explored in this work. We found that a high GGI value at back contact (Mo) would
reduce the recombination but the slope toward the front side (CdS) will possibly lead to minority
carrier trap region and increase the non-radiative recombination. Also, the increased amount of

deep level traps with increasing GGI would hinder the device performance gains by raising the back
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at two interfaces, mapped for several GGI at CdS interface (0.15, 0.25, 0.35 and 0.40). The turning
point location ranges from 0.20 pm (close to Mo layer) to 2.80 pum (CdS interface). GGI at Mo
interface ranges from 0.45~0.73.

GGI gradient. Besides, we notice there is a large range where the CIGS solar cell performance can
reach optimal level which allows flexibility in CIGS manufacturing. Additionally, the CIGS solar
cell efficiency can be maintained at a high level even if the thickness of the absorber layer has been
halved. This suggests less materials have to be used for an almost equivalently efficient solar cell

module.
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Chapter 4

POINT DEFECTS ENGINEERING IN CDTE AND CDSETE ALLOY

Cadmium telluride (CdTe) and its alloy with selenium (CdSeTe) have been extensively studied
due to their high potential for use in optoelectronic devices, including solar cells and radiation
detectors. Compared to CdTe, the addition of Se to the alloy has been shown to improve the
material’s electronic properties, such as its carrier lifetime and carrier mobility, allowing tuning
of bandgap, making it a promising candidate for high-efficiency solar cell applications [48]. The
performance of these devices, however, can be significantly impacted by the presence of point
defects, which can affect the material’s electrical and optical properties. To better understand
the effects of defects on the properties of CdSeTe, it is necessary to investigate the formation
and recombination of defects and defect complexes in this material. In this work, we use density
functional theory (DFT) calculations to investigate the properties of intrinsic defects, copper and
group V dopants in CdSeTe, with a focus on the properties of these point defects and their impact
on the material’s electronic properties.We consider intrinsic defects that have been widely reported
and are considered to be significant, such as V4[226, 94, 79, 182, 16|, Tecq[223, 149], Vre[223,
40, 152, 127], Cdr.[223, 40, 152], Cd;in[223], Tein[94, 223, 89, 40], Secq[178], Voq + Tecq[93] and
Teint + Tecq[93]. For copper in CdTeSe, we consider four dominant extrinsic defects reported
in the literature, including Cucq[227, 38], Cuint[227], Cucg + Cdint[227]) and Cucg + Cuing[227].
And for group V dopants, in addition to the commonly recognized AX defects and substitutional
defects Asr,[89, 225], we also consider two types of defects complexes that has not been thoroughly
studied, including (Cdyns + Aste)™ and (Ve + Aste)™. The choice of these two defects is based on

the potential Coulombic interaction between As}; and C’d?;; or V:/%:
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4.1 Methods

4.1.1  First Principles Calculation Methods

Most DFT calculations apply the generalized gradient approximation (GGA) or local density ap-
proximation (LDA) as the exchange-correlation functional. However, it is widely known that DET
with LDA or GGA is likely to underestimate the bandgap of semiconductors. For CdTe, GGA
gives us a bandgap of 0.68 eV, which is much smaller than experimental values (= 1.5 eV). This
can be explained by the overestimation of the delocalization of Cd-4d electrons, which lifts the
valence electron energies (the Te-5p valence band) [215]. There are many approaches to correct
the exchange-correlation functional, such as self-interaction correction (SIC) calculations[128], and
hybrid functional of Heyd, Scuseria and Ernzerhof (HSE)[79, 226]. However, these methods are
computationally expensive, which makes them impractical for study of defects in alloys due to the
massive number of possible configurations. DFT with coulomb self-interaction potentials (GGA+U)
is another method that has been frequently used to correct the calculated bandgaps [215]. This
method combines Hubbard-like model for a portion of states in the system with Coulomb self-
interaction potentials (U) to select bands for correction. Non-integer or double occupations of
states are described by introducing of two parameters: (1) U, which reflects the intensity of the
on-site Coulomb interaction, and (2) J, which adjusts the intensity of the exchange interaction.
Typically, for simplicity, an effective parameter Usg = U — J is used. This effective parameter Ugg

is typically referred to as U.

4.1.2  Computational Details

Our investigation reveals that setting U=12.2 eV[216] for Cd-4d orbitals in CdTe closely matches the
experimental lattice constant and bandgap, showcasing the effectiveness of the GGA+U method.
In comparison, while the HSE method accurately reproduces the experimental bandgap, it tends
to substantially overestimate lattice constants, indicating a larger error margin compared to the
GGA+U approach.

Applying the optimized U parameter to zinc blende and wurtzite structures of CdSe, we observe
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a surprisingly good agreement with experimental data, surpassing the performance of the HSE06
hybrid method. Specifically, the bandgap and lattice parameters of zinc blende CdSe align closely
with experimental results, as detailed in Table 4.1. For the wurtzite structure, although GGA+U

slightly underestimates lattice parameters, the bandgap predictions remain excellent.

This consistent accuracy across both CdTe and CdSe can be attributed to the similar d-s
coupling inherent to Cd-Te and Cd-Se bonds, with both Te and Se being group VI elements. The
GGA+U method effectively lowers the Cd 4d bands, enhancing d-s coupling. With U=12.2 eV, it
appears to provide a suitable correction for both materials. The details of U value determination

are provided in Appendix C.1.

Leveraging this optimized U value, we extend our study to the full composition range of the Cd-
SeTe alloy. A notable advantage of the GGA+U method is its lower computational cost compared
to HSEOQ6, facilitating the application to supercells of the CdSeTe alloy with varied Se/Te arrange-
ments and defect calculations. This approach also allows for the extension to larger supercells at a
manageable computational expense when some defect calculations yield less reliable results due to

finite cell-size errors|25].

Structural optimizations and energy calculations were carried out using the VASP code. For the
GGA+U calculations, we employed the Perdew, Burke, and Ernzerhof (PBE) exchange-correlation
functional. Additionally, the HSE06 functional with default parameters was utilized for comparative
analysis. The calculations were performed with a plane wave cutoff energy of 450 eV for the wave
functions. The chosen energy cutoff value is validated in Appendix C.2. Spin-polarized calculations
are performed by setting ISPIN to 2. The Brillouin zones for all structures under investigation were
sampled using I'-centered k-point grids. Specifically, a 2x2x2 k-point grid was employed for both

64-atom and 216-atom supercells, while a 1x1x1 grid was applied to the 512-atom supercell.

In the study of CdSeTe alloy, we focus on compositions of CdSeg 95Teg 75 and CdSeq.50Teq.50-
This selection is informed by the fact that the cubic phase of CdSeyTe;y is stable for 0 < x <
0.45[175]. In contrast, the hexagonal phase (wurtzite structure) of CdSe,Te;_, emerges for 0.55 <

x < 1, which is not considered to be photoactive[159, 175]. Moreover, in most state-of-the-art
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CdSeTe technologies, the Se ratio typically remains below 40%[102, 48, 99]. Consequently, we will
not extend our study to higher Se ratios.

Utilizing a supercell program[148], we generate 30 configurations for each alloy composition,
prioritizing those with the highest frequency of occurrence. The configuration selected as the
reference structure is the one whose formation energy is closest to the Boltzmann distribution
average of the formation energies for all configurations sharing the same alloy ratio. This reference
supercell then serves as the basis for generating defect supercells. In Appendix C.3, we demonstrate
that the Se-Se interaction, energy difference, and lattice constant difference in CdSeTe alloys with
the same Se ratio but different Se arrangements are all small. Therefore, the selection of one
reference structure will not significantly affect the overall results. In addressing defects within the
alloy, we examine multiple configurations that exhibit varying Se/Te arrangement environments.
We found some defects, such as Teqy, Aste AX defects, show a significant dependence on the local
environment. However, most defects with T; symmetry do not exhibit strong dependence on local
arrangements. For all these defects, we opt for the Boltzmann distribution average at 873 K as
a representative formation energy values across at least four configurations for each point defect.

873K is a typical annealing temperature for CdTe deposition process[173, 4].

Table 4.1: LATTICE CONSTANT, BANDGAP FOR CDTE AND CDSE OBTAINED FROM GGA+U HSE06 AND
EXPERIMENTS.

Method GGA+U HSE06 Experiment[101]
Bandgap (eV) ap (A) Bandgap (eV) ap (R) Bandgap (eV) ay (A)
CdTe (Zinc Blende) 1.50 6.46 1.50 6.58 1.50 6.48
CdSe (Zinc Blende) 1.72 5.95 - - 1.71 5.98
CdSe (Wurtzite) 1.79 a=b=421c=6.86 1.68 a=b=430c=7.01 1.80 a=b=430c="7.02

The defect formation energy can be derived from DFT using the supercell method[50] by the
Equation 2.1, E.o, is the charge correction energy to account for interaction between periodic
images. The conventional FNV correction method[51] exhibits a tendency for overestimating or
underestimating the charge correction, especially when dealing with partially or fully delocalized
defects[86]. In order to address this issue and enhance the accuracy of the correction process, a

strategic modification is implemented. Instead of directly applying the FNV correction to these
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complex defects, we choose to initiate the correction process by employing the density derived
electrostatic and chemical (DDEC) method to determine the net atomic charges (NACs)[194, 106,
121]. This preliminary step serves the purpose of precisely ascertaining the charge localization
within the system. Following the DDEC analysis, the gnac of the defects are determined. To find
out the unscreened localized charge used in FNV correction, a scaling factor k is introduced. This

scaling factor k is carefully calibrated to reintroduce the screening effect that may be lost during the
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charge localization process. Subsequently, gnac, scaled by the aforementioned factor k, is treated

as the input localized charge g, for the FNV charge correction method,

Qloc = k * gNAC- (41)

The factor k can be determined using one of two approaches. The first approach involves se-
lecting defects that are fully localized; in this scenario, the nominal charge of the defects is equal
to qioc, facilitating straightforward determination of k. However, this method may not always be
feasible due to the prerequisite knowledge required about defect localization. Alternatively, the
second approach entails adjusting the supercell size and iteratively testing k values to achieve con-
vergence in the defect formation energies across varying supercell dimensions. For both strategies,
it is advisable to select defects with substantial gxac values, as this can lead to significant correction
values. Such a selection ensures the derived k values are both reasonable and effective.

In this study, we select Teg 4 as the reference defect due to its advantageous properties. Specif-
ically, the Kohn-Sham level of T° eg o 18 located within the band gap, and it exhibits a large capture
cross section for both the (0/+1) and (+1/+2) transitions, as discussed in Sec. 4.2.1 and corrobo-
rated by existing literature[94]. We firstly apply first approach to determine universal k value of 3.5
for CdTe, CdSeg.o5Teq.75, and CdSeg s0Teg 50. This k value is then verified by the second approach
by increasing supercell size.

Figure 4.1 showcases the effectiveness of our charge correction method in overcoming the limita-
tions associated with the FNV correction approach. Our method notably addresses several critical

issues:

e Non-zero NACs in neutral defects, such as As)., illustrated in Fig. 4.1a, result in image inter-
actions that necessitate charge correction, a scenario not accommodated by FNV correction.
This issue has been observed in other work as well [145]. It occurs when a carrier fills states
with delocalized characteristics, such as states close to the CBM or VBM. Consequently, the
free carrier charges do not fully screen the nuclear charge of point defects, leaving a long-range

Madelung interaction between the point defects even in neutral supercells. Our method’s ap-
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plication of charge correction to these defects is supported by faster convergence, as evident in
Fig. 4.1a. For instance, the transition level for Asp, (0/-1) shifts from 0.22 eV without charge
correction to 0.13 eV with it, more closely aligning with experimental (~ 94 meV) [135] and
hydrogenic model predictions (=~ 113 meV) [176]. Similarly, the transition level for Pr. (0/-1)

improves from 0.16 eV to 0.11 eV, nearing experimental values (=~ 87 meV) [135].

For charged defects that are not fully localized, our method accurately accounts for the
discrepancy between localized charge ¢, and nominal charge, avoiding the overcorrection
observed with FNV correction. This accuracy is validated by the consistent formation energy

results for C'u;y,¢ across supercells of 64, 216, and 512 atoms, as shown in Fig. 4.1c.

Additionally, our approach adeptly determines the localized charge distribution of complex
defects, a task for which FNV correction’s charge assignment proves ambiguous and results
in poor convergence. Our method’s ability to assign ¢ to specific defect positions leads
to improved convergence for complex defects such as (Cdn + Asre)™, as demonstrated in

Fig. 4.1b.

For localized defects, such as As}i in Fig. 4.1a, Teall and Teg?l. Our methods show little

difference compared to FNV correction. These findings highlight the comprehensive capabilities of

our charge correction method in accurately modeling defect properties, surpassing the limitations

of existing approaches.

4.2 Results and Discussion of Point Defects

4.2.1 Intrinsic Defects

The cadmium vacancy Vg is a pivotal intrinsic defect in CdTe and its alloys, with its configura-

tion and transition levels being subjects of significant debate in both theoretical and experimental

literature[226]. Our research reveals that the neutral state of Vg primarily adopts Doy symmetry

(dimer structure), featuring two fully occupied degenerate states and one unoccupied state. In con-

trast, the -1 and -2 charged states are most stable in T,; symmetry. The transition levels of Vg4, as
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established in various studies, range from 0.1 to 0.8 eV above the VBM [42, 13, 208, 28, 40, 24, 167].
In this work, the transition levels for Vo4 in CdTe are identified as 0.17 eV for the (-1/0) transition
and 0.30 eV for the (-2/-1) transition. For CdSeq.25Teg 75, these levels are 0.16 eV and 0.30 eV,
respectively, while for CdSeq50Teq 50 they are 0.14 eV and 0.35 eV, respectively. These findings

indicate that the transition levels of Vo4 exhibit relative consistency in alloys with a selenium ratio

below 50%.
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Figure 4.3: Configuration Coordinate Diagram of Vg (-1/0) and (-2/-1). @ in X-axis corresponds
to the mass-weighted configuration coordinate. () indicates the configurational coordinate path
between equilibrium configurations. @ = 0 indicates defects ground state with Ty symmetry.

Furthermore, we calculated the defect capture cross section of Vg in CdTe based on static
approximation[153, 50, 191, 5, 84, 83]. The results, presented in Fig. 4.3 and Table 4.2, reveal
that the potential energy surface (PES) of the (-2/-1) transition is quasi-harmonic, while the PES
of the (-1/0) transition is anharmonic. This discrepancy can be attributed to the proximity of
metastable Dag V-, dl and Ty Vcod states, which merge with the most stable configurations of these
respective charge states—a phenomenon also observed elsewhere in HSE06 calculation of Vi4[79]
and defects in GaAs[83]. From the carrier capture cross section calculations, we determined that the
(-1/0) transition exhibits strong nonradiative recombination intensity, whereas the (-2/-1) transition
demonstrates only weak nonradiative recombination. This observation aligns with previous reports

using the HSE06 functional[79, 94].

The second critical intrinsic defect under investigation is Tecy. The charge states Teg 4 and



Table 4.2: Capture cross section of deep level defects in CdTe at 300K

Defect | Transition Level | Trapping Process | o(T = 300K )[cm?]
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Figure 4.4: Schematic of Tecy Cs, defect configuration. c¢ denotes length of the long bond. a
denotes length of three short bonds.

Te%d both exhibit C3, symmetry as shown in Fig. 4.4, while T(%'Z displays T; symmetry. A

significant dependence on the Se/Te arrangement is observed for T'ecy defects with Cs, symmetry.

To exemplify this, we considered Te%d and calculated its formation energy for 56 different local

Se/Te environments. These 56 Tel,, defects were randomly split into an 80% training set and a

20% testing set. We employed a neighbor counting linear regression model, as detailed in Table 4.3,

which effectively captures this dependence using eight features. This regression model was trained

using a bootstrapping strategy, a resampling technique that involves repeatedly drawing samples

from our dataset with replacement. We repeat this process 10 times. The fitting results, illustrated

in Fig. 4.5, demonstrate the model’s accuracy.
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The eight features considered in the model include the Se ratio, the square of Se ratio, the
presence of a first nearest neighbor (INN) Se atom with a long bond, the count of INN Se atoms
with short bonds, the square of the count of INN Se atoms with short bonds, the presence of
second nearest neighbors (2NN) with one long and one short bond, 2NN with one long bond, and
2NN with one short bond. The positive coefficients for the Se ratio and Se ratio squared suggest
that higher Se ratios make the formation of T e%d less favorable. The feature INN Se with a long
bond indicates whether the elongated bond in the Csy configuration is occupied by Se, with its
negative coefficient implying that the presence of Se in this bond promotes C3y defect formation.
The features INN Se with short bonds and its square capture a quadratic relationship between
the formation energy of Csy defects and the occupancy of short bonds by Se, with the minimum
of the quadratic function occurring near a Se ratio of 0.8. This indicates a decrease in formation
energy as more Se atoms occupy the 1NN short bonds with Se ratio less than 80 %. The final
three features account for the 2NN Se/Te atoms and whether they are neighbors to the INN with
elongated or short bond, or both. The positive coefficient for 2NN (1 Long, 1 Short) and negative
coefficients for both 2NN (1 Long) and 2NN (1 Short) reflect the diverse preferences for the Csy
defect configuration. This model can be further integrated with Lattice Monte Carlo simulations
to elucidate the impact of the local environment on Tery. Additionally, we performed calculations
for the capture cross section of this defect, with results presented in Table 4.2. These findings
validate that Tecq can create deep-level trap centers, aligning with previous HSE06 calculations

and experimental observations[94, 111].

Table 4.3: Te2,, Defect Neighbor Model: coefficients AE and their standard deviations for each feature.
For nearest neighbor counting features, the count is specific to Se atoms. The distinction between short bond
and long bond is shown in Fig. 4.4.

Feature AE (meV) Feature AE (meV)
Se ratio 383 £52 | (INN Se with short bonds)? 32+2
(Se ratio)? 760 4 70 2NN (1 Long, 1 Short) 38 +2
INN Se with long bond —74+4 2NN (1 Long) —44+2
INN Se with short bonds | —51+8 2NN (1 Short) —29+2
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Figure 4.5: Comparison between Defect Neighbor Model predictions and DFT calculations for the
TeOCd defect across Se ratios ranging from 0% to 50% (56 data included). The root mean square
error (RMSE) for test data and correlation coefficient (R?) demonstrate excellent agreement with
the data.

The defects Ve, Cdine, and Cdrpe are identified as shallow donors, exhibiting several common
characteristics. Both V. and Cdp, display negative-U behavior. The (+2/0) transition states of
Vre and Cdre, along with the (+2/+1) transition state of Cd;n, are situated near the conduction
band minimum (CBM) or embedded within the conduction band (CB). Consequently, the 42 charge
state is predominant for all three defects in p-type CdTe and its alloys. Only minor variations in
their formation energies are observed with Se alloying, suggesting that these defects will continue
to act as compensating defects in intrinsic CdSeTe alloys. Among these, Cdr,. exhibits the highest
formation energy under both Cd-rich and Te-rich conditions, indicating that it is unlikely to be the
dominant compensating defect. The neutral state of Vp. is most stable in a Jahn-Teller distorted
structure, consistent with HSE06 calculations[226]. The VTf state is most stable in Ty symmetry,

while Cd;tft is most stable when positioned in a tetrahedral vacant site surrounded by four group
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VI atoms.

Interstitial tellurium T'e;,,; is identified as a donor. We used ab-initio molecular dynamics (MD)
to run simulated annealing, a technique for finding global energy minimums of Te;,; without an
initial guess structure. Essentially, the system begins at high temperature and is slowly cooled,
eventually settling into a low energy configuration. MD was run in the canonical (NVT) ensemble,
using the Nose-Hoover thermostat to control the system temperature. The system was advanced
with a 6 femtosecond time step for 1000 steps, starting at 1000K and ending at 1K. We found
Teint prefers to form split interstitial oriented along the [110] directions. Ref. [112] find identical
stable configurations. Some studies suggest that T'e;,; could be a deep-level defect[94, 111], and
our findings indicate that the transition level of Te;,; is indeed located near the mid-gap. However,
the formation energy of Te;,; is not particularly favorable, even under Te-rich conditions. Based
on its formation energy and our compositionally constrained thermodynamic (CCT) method[133],
we estimate that the density of Te;,; at 300K is around three orders of magnitude lower than
the carrier density and the densities of two other deep-level defects, Tecy and Vg, under Te-rich
condition. Consequently, the effectiveness of T'e;;,; in limiting carrier lifetime is questionable. This

aspect will be further explored in our future work.

The defect Tecq can potentially form complexes with Te;,; and Vg due to strong binding
energy[93]. We have investigated the formation energies of the Vg + Tecq and Tejn + Tecq
complexes in Fig. 4.2 and employed the CCT to estimate their densities. However, the results are
similar to those for Te;,:. We determined that the density of these two complexes at 300 K is
approximately three orders of magnitude lower than the carrier density. Further investigation is

required to ascertain whether these complexes significantly impact the defect distribution.

We have also explored dominant deep level defect formation energy in CdSeTe alloy with varied
Se/Te ratio. Dominant defect formation energy in CdTe and CdSeTe for different charge states are
depicted in Fig. 4.2. It is clearly observable that deep level defects have higher formation energy in
Cd-rich condition. In fact, both experimental observation and HSE06 results validate this observa-

tion that as CdTe becomes more Cd-rich, a longer minority carrier lifetime can be achieved[111].
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Figure 4.6: Schematic of T'e;,; split defect configuration

This conclusion remains valid in CdSeTe alloy. Moreover, from experiment observation[9, 91], the
bulk recombination in CdSeTe alloy is lowered in CdTe. Fig. 4.2 shows that the formation energy
of deep level defects (Tecq and Vig) slightly increases as we raise the Se ratio. Specifically, The
Ey of Vcod is 0.15 eV higher in 50% alloy while E¢ of Teg?l is 0.18 eV higher. This suggests a lower
density of deep level centers in CdSeTe alloy. In addition, Se alloying could possibly deactivate the
recombination centres by forming Se-complexes[91]. Thus, it is expected that bulk recombination

will be reduced in CdSeTe alloy.

Examination of Fig. 4.2d, Fig. 4.2e, and Fig. 4.2f reveals that the Fermi level Er is consistently
pinned around 0.6 eV across CdTe, CdSeg.o5Teq.75, CdSey.50Teg.50 compositions for Te-rich condi-
tion. Under such condition, the dominant acceptor is Vioy and the dominant compensating donors
are Tecy, Cdint, Vre and Secy. For Cd-rich condition, Fr is observed to be pinned between 1.2

eV and 1.3 eV for the same compositions. Under such condition, the dominant acceptor is V4 and
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Figure 4.7: Schematic of AX center defect configuration

the dominant compensating donors are C'd;,;, and Vp.. These findings align closely with Yang’s
first-principles calculations using the HSE06 functional[226], highlighting the intrinsic self-doping
limits under equilibrium growth conditions. Interestingly, this limitation may potentially be circum-
vented by employing rapid cooling from high temperatures[226]. Nonetheless, the current method
for calculating defect formation energies in the alloy, utilizing a Boltzmann distribution average at
873 K, simplifies the analysis but might not adequately address the intricacies arising from defects
significantly influenced by the Se/Te arrangement. In addition, defect interaction is omitted when
the material is cooling down from high temperature. Achieving a more detailed defect profile neces-
sitates the integration of Lattice Monte Carlo simulations and continuum simulations[218, 55, 219].
These advanced simulation techniques are planned for inclusion in our future work, promising a

deeper understanding of defect dynamics within the alloy.
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Figure 4.8: Schematic of AX center defect band splitting. Left one indicates AX in CdTe and right
one indicates AX in CdSeqg.25Teg.75. AEgy is the band splitting energy

4.2.2  Group V Dopants

Arsenic (As) and phosphorus (P) have been identified as effective dopants in CdTe-based materials,
offering potential for enhancing p-type doping in solar cells[225]. However, the behavior of As and P
in CdSeTe, such as the primary sources of compensating defects in As- and P-doped CdTe, remains
less understood[30].

As anticipated, As can substitute for Te or Se in CdSeTe, acting as an acceptor due to its group
V nature, possessing one electron fewer than Te. In this study, we focus on the substitutional
defect Asp. and Pre, as other related defects, like As/P interstitials, exhibit relatively higher
formation energies[225]. Our calculations show that the neutral and -1 charged states of As7. and
Pr. display T, symmetry, consistent with previous reports[225]. The calculated (0/-1) transition
levels for Aspe and Pr. are 0.13 eV and 0.18 eV, respectively (Table 4.6, Table 4.7), indicating
shallow levels suitable for p-type CdTe doping. However, the transition level of Asp, shifts toward
the CBM, reaching 0.31 eV above the valence band maximum (VBM) when the Se ratio is 50%.
Conversely, the transition level of Pr. remains close to the VBM even as the Se ratio increases.
This suggests that for As-doped CdSeTe, careful control of the Se ratio is necessary to maintain
reasonable As doping efficiency.

Furthermore, As and P can form a +1 charged AX center defect, converting it into a donor[225,

89]. As depicted in Fig. 4.7, this asymmetric defect occurs when As/P shifts toward one of the
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neighboring Te atoms, causing the triply degenerate Ty state to split into two fully occupied states
and one empty state, as illustrated in Fig. 4.8. This process results in the breaking of one bond
with a neighboring Cd atom for each of the two atoms. If the band splitting energy AF,;;; exceeds
the bonding energy Epong with Cd, the AX defect becomes more stable than the tetrahedral As/P
substitutional defect. However, our calculations indicate that in CdTe the formation energy of the
As AX center is 1.92 eV, similar to that of Ty As}i at 1.93 eV. Similarly, the P AX center has a
formation energy of 2.04 eV, close to Ty P;fel at 2.10 eV, suggesting that the AX center does not

provide additional stability.

As the Se ratio increases, the T;; +1 charge state of Ast. exhibits a formation energy of 1.93 eV in
CdTe, 1.89 eV in CdSeq.25Teq.75, and 1.84 eV in CdSeq 50 Teq 50, indicating a slight preference for the
Ty +1 defect with higher Se alloying. However, the formation energy of the AX defect significantly
decreases with increasing Se ratio in the CdSeTe alloy. For instance, in CdSeg.25Teg.75, the formation
energy of the AX defect ranges from 1.57 eV to 1.79 eV for different Se/Te arrangements, compared
to 1.92 eV in CdTe. This suggests a possible interaction between Se and the AX defect that could
lower the formation energy of the AX defect and compensate for p-type doping. As shown in
Fig. 4.8, the favorable formation energy of the AX defect is not attributed to an increase in A Egjis,
but rather to the nearby Se atom potentially weakening the bond between Cd and As/Te. In fact,
our study of a 64-atom supercell of CdSeTe alloy with only one Se atom in the group VI lattice
revealed that the lowest formation energy of the AX defect occurred when either the Te4 or Teb
atom was replaced with a Se atom. From Fig. 4.7, it can be inferred that when a smaller Se atom is
placed into positions Te4 and Teb, the nearby Cd atoms are compressed in the direction of Asl1-Tel,
strengthening the Asl-Tel bond but weakening the Asl-Cd6 and Tel-Cd7 bonds. Moreover, we
observed that the As atom tends to move toward the Te atom to form a dimer structure in the alloy,
while moving toward the Se atom is not energetically favorable. A similar behavior is observed for

Pr. as well.

To determine the optimal group VI positions for AX defect formation, we established a new

coordinate system in a 64-atom supercell of the CdSeTe alloy. In this system, an As/P atom was
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Figure 4.9: New coordinate system for defining atom locations relative to an oriented AX dimer.
The coordinates are defined by As (0, 0, 0), the distorted Te (1, 0, 0), and the Cd bonded to both
(0.5, 0, 0.5). Additional sites for a Se at (0.5, 0.5, 1) and a Te at (0, 0, 2) are also depicted. Black
arrows show the As and Te deformation when the AX center forms.

placed at the origin, and a distorted Te atom was located at (1, 0, 0), as depicted in Fig. 4.9,
with all other atoms labeled accordingly. This expanded 128-atom configuration enabled us to
systematically vary the number of Se atoms at different vector positions originating from As/P
and assess their impact on AX defect formation. As the b-direction vectors are symmetrically
equivalent, their sign is considered arbitrary.

We calculated 54 formation energies of AX defects for As in CdSeTe with Se alloy ratios ranging
from 0% to 50% and developed a regression model (Table 4.4, Fig. 4.10a) to predict the AX defect
formation energy based on Se/Te ordering. A similar model was also constructed for phosphorus
defects, as shown in Table 4.5 and Fig. 4.10b. In both Table 4.4 and Table 4.5, some vectors exhibit

a positive effect on formation energy, while others have a negative effect. This can be attributed to



54

Table 4.4: Arsenic AX Center Defect Vector Model

Vector AFE (eV) Vector AE (eV)
(0.5,40.5,—1) | —0.100 | (0,%£1,2) | —0.015
(0.5,£0.5,1) —0.030 (—1,0,2) 0.023
(—0.5,£05,-1) | 0.045 | (1.5,£0.5,1) | —0.020

Table 4.5: Phosphorus AX Center Defect Vector Model

Vector AE (eV) Vector AFE (eV)
(0.5,4£0.5,—1) -0.110 (0,£1,2) -0.017
05,£05,1) | 0.024 | (-1,0,2) 0.009
(—0.5,£0.5,—1) | 0.054 | (1.5,£0.5,1) | -0.023

the strain effects caused by the formation of AX defects and the substitution of Se for Te, which
results from the mismatch in atomic radii. If these two strain effects lead to similar lattice expansion

or contraction, it will favor the formation of AX defects.

To further unveil the impact of AX center defects on group V dopability, we explore the transition
mechanism between the AX center defect and the neutral Asy. substitutional defect within a
25% CdSeTe alloy, we plotted the configuration coordinate diagram (CCD) of Asz. (+1-AX/0) in
Fig. 4.11a. The barrier (~ 0.4 V) between the AX and Ty Asf! states likely limits the occurrence
of AX defects, a finding consistent with similar transition barriers reported in CdTe [89]. Although
certain alloy arrangements may promote AX defect formation, the overall quantity of AX defects
may be limited, due to the transition barrier between the AX defect and the positively charged
Ty Aste defect. Recent computational findings [30] suggest that AX centers do not constitute a
bottleneck for p-type doping in CdTe and CdSeTe alloys. However, the significance of AX centers
on the dopability of group V elements requires further investigation, taking into account both the

kinetic and thermodynamic aspects of AX defect formation.
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Figure 4.10: Defect Vector Model Prediction vs Calculation of (a) Arsenic AX defect and (b)
Phosphorus AX defect in CdSeTe alloy (Se ratio ranges from 0% to 50%).

Table 4.6: Arsenic Defect Formation Energy and Complex Binding Energy (eV) in CdSe,Te; «.

AS;; AX AS;; Td Asg“@ AS;; ('1/0) Ebinding (Cdznt + AST@)Jr Ebinding (VTe + ASTe)jL
CdTe 1.92 1.93 1.94 2.07 0.13 1.21 0.55
CdSeg.o5Teg.75 | 1.57~1.79 1.89 1.93 2.11 0.18 1.32 0.37
CdSeg50Teg50 | 1.70~1.87 1.84 1.87 | 2.19 0.31 1.35 0.47

4.2.2.1 Defect Complex

A key unresolved issue in the study of compensating donors in CdSeTe is the possible existence
of dominant compensating donors other than the AX center. Chatratin 2023 suggests that V.
and Cdp,. could serve as potential compensating donors, although Cd;;,; is excluded from consid-
eration due to its high mobility[30]. However, the likelihood of Cdr. becoming the predominant
compensating donor is debatable, given its relatively unfavorable formation energy, especially under
Cd-rich conditions where As and P doping prove most effective [135, 220]. Thus, we lean towards
Vre and Cd;pny as the likely dominating compensating defects.

Despite concerns regarding the instability caused by the high mobility of C'd;,:, we find that
Cd? can form stable complexes with AsJTri or P;fel through electrostatic interactions and/or cova-

int

lent bonding, resulting in (Cd;ns + Aste)™ (Fig. 4.12) or (Cdjnt + Pre)t complexes. The formation
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Figure 4.11: Configuration Coordinate Diagram of Asr. (+1-AX/0) and Cdin: (+2/41) in
CdSeq.25Teq.75. As;6 with formation energy close to the Boltzmann distribution at 300 K is se-
lected as the excited state. As%e exhibits minimal dependence on the Se/Te arrangement, and
the choice of ASOTE does not significantly affect the results. In (b), E,y corresponds to the optical
transition level. @) = 0 indicates interstitial ground state positioned in a octahedra vacant site.
Q ~ 30 indicates interstitial ground state positioned in a tetrahedral vacant site. Cd;'! is favorable

nt
in octahedra site while C’d;ﬁ is favorable in tetrahedral site.

energies of these complexes are comparatively low, indicating their potential significance in the
CdSeTe system (see Table 4.6, Table 4.7). Additionally, while there is a noticeable binding energy
between Group V acceptors and Vr, it is significantly lower than that observed with Cd;y, leading

us to discount (Ve + Asre)™ and (Ve + Pre)t as the most dominant donor.

We carefully examine the bonds between C’d;;ft and As;g or P;f el, as detailed in Table 4.8. This

table reports the bond lengths (in angstroms, A) and bond orders (BO) for the nearest neighbor
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Table 4.7: Phosphorus Defect Formation Energy and Complex Binding Energy (eV) in CdSe,Te;_y.

PIUAX [ P T, | PO | Pl ] (-1/0) | Evinding (Cdint + Pre)™ | Evinding (Vre + Pre) ™
CdTe 2.04 2.10 1.93 | 2.04 0.11 1.14 0.35
CdSeg.o5Teg75 | 1.72~1.94 2.08 2.05 | 2.09 0.04 1.31 0.31
CdSep.50Teg50 | 1.82~2.01 2.10 2.07 | 2.13 0.06 1.31 0.38

atoms surrounding Cd interstitials within (Cdj,; + Aste)t and (Cdint + Pre)™ complexes in both
CdTe and CdSeTe alloys. The BO values, estimated via the density derived electrostatic and
chemical (DDEC) approach [122], range from 0 (indicative of a purely ionic bond) to 1 (indicative
of a purely covalent bond). From the data, it is observed that the bond lengths between Cd-Te,
Cd-Se, Cd-As, and Cd-P decrease very slightly as the alloy ratio increases, potentially due to lattice
constant contraction. Additionally, the BO values exhibit minimal variation across different alloy
ratios, suggesting that the bonding nature of (Cdjpn; + Aste)™ and (Cdipns + Pre) ' remains relatively
consistent regardless of alloy composition. We infer from these metrics that the Cd-Te and Cd-Se
bonds approximate a 50% ionic and 50% covalent character, whereas the bonds between Cd-As and
Cd-P are predominantly covalent. This predominance of covalent bonding contributes to the strong
bonding energies observed, indicating the significance of both Coulomb interactions and covalent

bonding in these complexes.

Table 4.8: Bond Lengths (A) and Bond Orders for Nearest Neighbors Surrounding Cd Interstitial
in (Cdint+ Aste)™ and (Cdine + Pre) ™. Bond lengths are provided outside the brackets, while bond
orders are denoted inside the brackets.

Defect Type (Cdiny + Aste)™ (Cding + Pre)™
) Bond |0y e | Cd-Se | Cd-As | Cd-Te | Cd-Se | Cd-P
Material
CdTe 2.84 (0.52) - 2.57 (0.64) | 2.83 (0.52) - 2.49 (0.66)
CdSegosTeors | 2.82 (0.52) | 2.65 (0.52) | 2.55 (0.65) | 2.81 (0.52) | 2.64 (0.52) | 2.47 (0.67)
CdSeos0Teos0 | 2.80 (0.55) | 2.64 (0.53) | 2.54 (0.69) | 2.79 (0.55) | 2.63 (0.54) | 2.46 (0.70)

Recently, Kuciauskas et al.[99] investigated defects in CdSeTe with As doping[99]. Their spectral
data revealed a defect with an activation energy of 0.14 eV — 0.22 eV from the CBM in undoped

CdSeTe, which changes or disappears after As doping. They speculated that this defect could be
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Figure 4.12: Defect Structure of (Cd, + Aste)t in CdTe.

Vre. To test this hypothesis, we calculated the formation energy and transition levels of Vr. in
a 25% CdSeTe alloy. From two typical configurations of V., we found that the transition levels
are 0.64~0.66 eV for (0/+1) and 1.38~1.41 eV for (+1/+2), which do not support the assumption

that the defect is V..

Furthermore, we investigated the defect-assisted optical transition of C'd;y,s using first-principles
methods[39]. Intriguingly, from the CCD of Cd;y,; in CdSeq 25Teg 75 shown in Fig. 4.11b, the optical
transition level E,,; of tetrahedral site interstitial C'd;,; is approximately 1.12 eV from the VBM,
or 0.23 eV to the CBM. This level aligns well with the photoluminescence (PL) signal detected by
Kuciauskas et al.[99]. The significant binding between Cd;y,; and As;ﬁ; could explain why the PL
signal disappears after As doping. These calculations suggest that the change in the PL signal is

likely due to Cd;ys rather than Vpe.



99

4.2.8  Copper

Copper (Cu) is well-known for enhancing carrier density in CdTe solar cells, leading to higher
power conversion efficiency[104]. However, the doping instability of Cu and the presence of a large
number of compensating defects[8, 92, 32] result in inferior efficiency and stability compared to
group V-doped counterparts[104, 92]. To explore the dopability of Cu in CdSeTe, we calculated the
formation energies of Cu defects under Cd-rich and Te-rich conditions (Fig. 4.13). Four dominant
defects, Cucg, Cuint, Cucq + Cdine and Cugg + Cuing, along with the dominant intrinsic defects,

are considered in this study.

Our calculations show that the defect transition level of Cugg (-1/0) in CdTe is 0.33 eV above
the valence band maximum (VBM). Experimental results for this transition level vary between
0.15 and 0.37 eV[9, 56, 27, 169], with our result falling within the upper bound of this range, while
HSEO06 calculations suggest lower bound values around 0.20 eV[226]. Despite appearing deep in
the gap, Cu can still act as an effective acceptor due to its relatively low formation energy, as
shown in Fig. 4.13d. In CdTe, C'u;,; and Cd;,e emerge as dominant compensating defects, with the
Fermi level being pinned around 0.3 eV, a significant improvement over intrinsic CdTe (Fig. 4.2d).
However, as the Se ratio increases, the pinned level shifts toward the conduction band minimum
(CBM) (Fig. 4.13e, Fig. 4.13f), rendering the system more n-type. This shift suggests a decrease
in the doping efficiency of Cu in CdSeTe, which may account for the observed degradation in net

acceptor density in Cu-doped devices[92].

In conclusion, we believe that group V dopants hold more promise than Cu in CdSeTe alloys.
Apart from the doping efficiency challenges associated with Cu in CdSeTe, Cu implantation in CdTe
typically necessitates a Te-rich environment[230, 8], which may lead to the introduction of more
deep-level traps, as illustrated in Fig. 4.2 and Fig. 4.13. In contrast, group V dopants generally

favor a Cd-rich environment[136, 135], which can enhance carrier lifetime in solar cells.
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Figure 4.13: Defect formation energies vs Fermi level of Cu related defects and dominant intrinsic
defects in CdTe under (a) Cd-rich and (d) Te-rich condition, CdSeq.25Te 75 under (b) Cd-rich and
(e) Te-rich condition, CdSeqs50Tep 50 under (¢) Cd-rich and (f) Te-rich condition. The chemical
potential condition is pcg + pre = —1.28 €V, pcg + pse < 0.15 eV and poy, + pre < —0.42 V.

4.3 Continuum Modeling and Optimization of Group-V Doping in CdTe and CdSeTe

Building on the insights derived from the point defect calculations, we now shift our focus to the
continuum model, which allows for a more comprehensive understanding of the defect dynamics

and thermodynamics in the CdSeTe system under varying conditions.
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4.3.1 Defect Thermodynamics

Compositionally Constraint Thermodynamics (CCT)[133] is a canonical approach to calculate the
defect concentrations. Under a dilute approximation, defect concentrations are given by
Org —AH! JksT
Tha = yagar (4.2)
where 0y, is the degeneracy factor that counts the number of equivalent defect configurations,
AH ,{ q is the formation energy of defect k£ at charge ¢, which we obtained from KLMC and DFT.
The formation entropy is neglected. N is the total number of lattice sites in a perfect material.

One can obtain deviations of atomic fractions f, from perfect stoichiometry f% under given defect

concentrations in the material using the following relation

1- Zk,q ThqOky

fa = (4'3)

where n§ is the number of atoms of type o added or removed from the system when one defect &
exists. o4 = Y , 1y is the atom amount differences in a system with and without the defect k.
If atomic fractions and standard reference chemical potentials are provided, one can determine the
defect concentration, chemical potentials for each element and the Fermi level by solving the set
of equations defined by (5.6). In this study, the atomic fractions in CdSeTe are hard to determine
with sufficient accuracy via characterization, since the material is very close to stoichiometric.
Instead, we can use the chemical potentials of Cd, Te, Se and extrinsic dopants and impurities
under thermodynamic constraints to determine the defect concentrations and the Fermi level. If
the formation energies H ,32 are known for given reference values ,ug) and Eg), then Hy , for any

values of u, and Er can be expressed using the following equations:

AHy (pa, EF) = AH(T + Z ng' )
(4.4)

+ q(EF — El([:))
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Using equations (4.2) and (4.4), we can represent the total defect density for any defect using

the density of a single neutral defect:

AngfAHgg+«EF7EgU

Orq —
T = Tk Z #e kBT . (4.5)

From (4.2) and (4.5), we can easily obtain

T % Ntotal ,
anua = anug) — kpT1In MT - AH,EB. (4.6)

By applying equation (4.6) and the charge neutrality equation (4.7), we can determine the
equilibrium defect distribution and the Fermi level for any given set of chemical potentials and

temperature.

n+ZZ’¢J|$k,q :p+zquk,q (47)

k ¢<0 k q>0

Here, we need to consider chemical potential constraints for each element. Under thermody-

namic equilibrium, CdTe should satisfy

ficd + pre = AH(CdTe) = —1.28(eV). (4.8)

AH¢(CdTe) comes from previous GGA+U calculation[220], and this formation energy value is very
close to experimental measurement -1.30(eV)[18]. There are other competing phases when group V
is introduced, such as CdzAss, CdAss, and CdP,. However, due to the difficulty determining the

formation energy using solely GGA or GGA+U[74], we instead use experimental values for these
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Figure 4.14: Chemical potential range for Group-V dopants. Compounds above indicate competi-
tive phases.

compounds[156, 26, 143, 67, 95]. This gives following constraints:

pea < p(Metal Cd), pure < p (bulk Te),
tas < p(bulk As), pp < p (bulk P),
Bpcd +2pnas < AHp(CdsAsy) = —0.52(eV),
ficd + 2pas < AHp(CdAsy) = —0.267(eV), (4.9)
3pcd +2pup < AHp(CdsPy) = —0.79(eV),
tea + 2pp < AHp(CdP) = —0.888(eV),

pica+ App < AH(CdPy) = —1.335(eV).

The resulting chemical potential range for Group-V dopants is depicted in Fig. 4.14.
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Table 4.9: CdSeTe Defect Migration Barrier (NEB)

Migration barrier | E,, in eV

Ved 0.93
Ve 1.20
Cd; 0.52
Te; 0.16

4.83.2  Process Simulation

CCT can be applied to extract defect densities in thermodynamic equilibrium[218; 219]. Process
simulation described in Section 2.2.2 is then be employed to simulate defect reactions and diffusion
processes during cooling and annealing.

We consider Vg, Ve, Cd; and Te; as mobile species. The migration barriers are determine via
Nudged Elastic Band (NEB) in VASP[62] (Table 4.9). For defect ionization reactions, Eq (2.12)
is used, where oy, ) is defect electron/hole capture cross section and vy, is thermal velocity. The

electron/hole capture cross sections are estimated via the NONRAD method]5, 198].

Table 4.10 presents a comprehensive list of defect reactions for the As-doped CdSeTe solar
cell continuum model. We operate under the assumption that there are no fluxes or transfers
across the interface; therefore, Neumann boundary conditions are applied to all defects. The defect
reactions summarized in Table 4.10 can be categorized into four main types: vacancy-interstitial
pair annihilation, complex formation, exchange reactions, and ionization reactions. These reactions

are integral to understanding the defect dynamics within the solar cell structure.

4.3.83  Results and Discussion

Continuum models are applied to both As-doped and P-doped CdTe as well as CdSeg.o5Teq.75 under
873K, 1023K, and 1173K. These results are shown in Fig. 4.16, Fig. 4.18, Fig. 4.17, and Fig. 4.19.

We plots domiant defect densities, carrier densities and activation percent in these plot. Here, the
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Table 4.10: Defect Reactions in Continuum Model: Example of As dopant

Vacancy-Interstitial Pair Annihilation Complex Formation Ionization Reaction

Vea? + Tei?t — Tecg?
Vea + Tei2+ — TeCd+
Ved? + Tei?t — Teqy®t
Ved? + Te® — Teqy®
Vear + Cdi*t — (Cdca)

Tecq™ + AT — TeCd2Jr
Tecdo + At = TeCd"‘
Te? + bt — Tet
Teﬁ + ht = Tei2Jr
Secq™ + AT — SeCdQ+

Teio + TeCdO — (Tei+TeCd)0
Vea® + Teca®t = (Vea+Teca)”
Vea + Teca™ = (Vea+Tecq)?
VTe2+ + ASTe_ — (AASTe'i‘\/Te)Jr
Cdi2+ + Aste” — (ASTe+Cdi)+

Voa + Cdi?t — (Cdcq) + At
VTe/SeQJr + Tei0 - (TeTe/Se) + 2h*
VTe/Se2+ + Cdi2+ — CdTe/Se2+ + 2hT
Vea® + (Astet+Cdi) ™ — Aspe

Vea + (Aste+Cdi) T — Aste”

Exchange Reaction

Secdo +ht — SeCd+
VCdQ_ +ht = Voq

Veoa + At — Ved®

Aste + ht — ASTEO

Ast® + ht — Aspet (AX)

Cdi?T + Tecq? — Te?t + (Cdcq)

activation is defined as

GroupV acceptor — Group V donor

activation = (4.10)

Total Group V' Species

Additionally, we investigated the effects of varying cooling rates and storage durations in the simu-
lations, which showed minimal impact on the final acceptor and carrier densities (Fig. 4.15). This
is because certain reactions with high rates, such as ionization reactions, reach equilibrium rapidly
at 300K. Other reactions may not reach thermodynamic equilibrium, but their slow rates prevent
significant changes even after extended storage periods. This validates the stability of As and P

doping.

In Fig.4.16, Fig.4.17, Fig.4.18, and Fig.4.19, it is clear that the AX defect is not the predominant
compensating defect in As- or P-doped CdTe. However, due to favorable local arrangements in
the CdSeTe alloy, AX defects can become more significant at specific ucg levels. Higher initial
temperature also amplifies the role of AX defects. Despite this, the complexes (Aste+Cd;)* and
(Pre+Cd;)™ tend to be the dominant compensating donors, except at low ucq levels. Reducing picg

decreases the influence of compensating defects and increases hole density, but at the cost of reducing
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Figure 4.15: Hole and acceptor densities in As doped CdTe and CdSeg.o5Teq 75 with pueog = -0.80
eV. Initial temperature is 873K. Cooling rate is 2°C/min in (a) and 20°C/min in (b).

the solubility of As and P. In addition, in Te-rich conditions, deep-level defects Vg and Tecq become
significant. Thus, an optimal pcg is needed to minimize compensating defects while maintaining
Group-V dopant solubility, achieving optimal carrier densities and carrier lifetime. These optimal
ranges are approximately -0.80 eV for As-doped CdTe, -0.90 eV for As-doped CdSeg.o5Teg 75 at
873K, -1.00 eV for As-doped CdTe and CdSego5Teq.75 at 1173K, -0.70 eV for P-doped CdTe, -0.80
eV for P-doped CdSeyo5Teg 75 at 873K, -0.90 eV for P-doped CdTe, and -0.95 eV for P-doped
CdSep.o5Tep.75 at 1173K. Even though Cd-rich conditions favor Group V doping, overly Cd-rich
conditions should be avoided due to the rise in compensating defects, while overly Te-rich conditions
must also be avoided due to deep-level defects.

On the other hand, raising the initial temperature from 873K to 1173K results in about a tenfold
increase in carrier density for both As- and P-doped CdTe and CdSeg 25Teq.75 from ~ 10%em =3 to
~ 10'7em=3. The higher doping level is consistent with experimental report[135]. This is because
Group V acceptors formed at 1173K are an order of magnitude higher in concentration than those
formed at 873K, providing more carriers after cooling and annealing. While compensating donors

also increase, (Aste+Cd;)™ and (P.+Cd;)™ complexes are significantly reduced at optimal chemical
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Figure 4.16: Dominant defect densities, carrier density and As activation in As doped CdTe and
CdSep.25Teg 75. Initial temperature is 873K. Cooling rate is 20°C/min.

potential conditions, enabling greater carrier densities. However, the AX defect become quite
significant especially in CdSeTe alloy at 1173K, as shown in Fig.4.17d and Fig.4.19d. AX defects
remain relatively stable across different chemical potentials and can even drive activation rates to
negative values, making them a significant issue under these conditions (Fig. 4.17¢). A further
concern when increasing the initial growth temperature is the overlapping of the Cd chemical

potential regions that yield high carrier densities with those that have high levels of deep level

defects. This necessitates a careful balance between beneficial and detrimental effects.
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Figure 4.17: Dominant defect densities, carrier density and As activation in As doped CdTe and
CdSep.25Teg 75. Initial temperature is 1173K. Cooling rate is 20°C/min.

Further analysis of Figs. 4.16, 4.18, 4.17, and 4.19 reveals that optimal hole densities achieved
by doping with P are slightly higher than those in As-doped CdTe, despite P’s lower solubility due
to the chemical potential constraints shown in Fig 4.14. This pattern holds true in CdSeq 25Teq 75 as
well. This can be attributed to P’s higher activation efficiency. This higher efficiency results from a
significant reduction of the (Pr.+Cd;)" complex at higher 4. The lower chemical potential limits
for P increase the formation energy of this defect complex, leading to a more pronounced reduction

of this complex donor at higher u.y compared to As, which exhibits higher solubility. A similar
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Figure 4.18: Dominant defect densities, carrier density and P activation in P doped CdTe and
CdSep.25Teg 75. Initial temperature is 873K. Cooling rate is 20°C/min.

trend is observed with a Se ratio at 25%. Notably, the AX defect is less favorable in P-doped CdTe

and CdSeTe, rendering it less detrimental in these materials.

In comparison to previous experimental observations, Nagaoka et al. (2020) [135] fabricated Cd-
rich CdTe single crystals doped with As at an initial temperature of 1173K, achieving a hole density
close to 107, em™ with a 15% activation efficiency at 300K. This result is remarkably consistent
with our simulations shown in Fig.4.17a. For P-doped CdTe, the hole density is slightly higher than

that of As-doped CdTe, as confirmed in Fig.4.19a. Several reports using As-doped polycrystalline
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Figure 4.19: Dominant defect densities, carrier density and P activation in P doped CdTe and
CdSep.25Teg 75. Initial temperature is 1173K. Cooling rate is 20°C/min.

CdTe or CdSeTe show an As activation ratio ranging from 0% to 6% [78, 114, 1, 104]. Despite
this low activation ratio, the reported hole densities are on the order of 10'6,cm™3, with solar
cell efficiencies near or above 20%. This suggests that a low activation ratio isn’t a critical issue
for achieving excellent solar cell performance. As illustrated in Fig.4.16, Fig.4.18, Fig.4.17, and
Fig.4.19, an activation ratio below 10% can still yield good carrier density, which is either close
to or at the optimal point. A high activation ratio isn’t always advantageous, as it comes at the

expense of Group V solubility in CdTe and CdSeTe, potentially reducing overall carrier density.
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However, if a higher carrier density or activation ratio is needed, we propose a possible approach
involving adjusting the Cd chemical potential towards the optimal point. This could be achieved

experimentally by varying the Cd content during the growth phase.

4.8.83.1 Grain Boundary Segregation

5nm Tum 5nm

Figure 4.20: Grain boundaries and grain structure of polycrytalline CdSeTe. The width of GBs is
5nm and width of grain is 5um. Se ratio is chosen to be 25% and pcyg is -0.8 V.

Today, most state-of-the-art thin-film photovoltaics, including CdSeTe, CulnGaSes, and per-
ovskite materials, are polycrystalline and contain grain boundaries (GBs) [57] There is evidence
suggesting that the two-dimensional (2D) compound CdCls forms at interfaces and GBs in CdTe,
reducing surface energy and eliminating surface trap states [125, 180]. Here, we explore whether
grain boundary segregation affects the dopability of Group V species. Given the existence of CdCly
in GBs, GBs or interfaces can act as sinks for Cd interstitials due to the large binding energy[180]
between interface structures. This can lead to Cd accumulation in these regions during cooling and
annealing, which may subsequently influence the number of complexes and carriers. To investigate
this phenomenon, we constructed a 2D model (Fig.4.20) to simulate the effect of grain boundary

segregation through process simulation.

If the total dopant fluxes at the interfaces between the grain boundary and the neighboring
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layer are balanced, the rate of segregation G is given by[115, 193]

Cop

o kcomreoation’ 4.11
fgbks@gregation ) ( )

G= kTransfer(Cgrain -

where Cy, is the defect concentration in grain boundary, Cyrqin is the concentration of defect in
grain interior, k7pqnsfer is the transfer rate, and kgegregation is the segregation rate of defect in the
grain boundary. fg is the fraction of unfilled boundary sites:

_ Cab
GBMaxDensity’

fp =1 (4.12)

where G BM axDensity represents the density of available sites on grain boundaries. We use diffu-

sivity of Cd; in Table 4.9 as k1 ansfer, and

GBMazDensity = 5 x 101 em ™2 (4.13)
GBMaxDensit
kSegregation = GMaxConc Y emp(AEseg/ka)a (414)

where E,, is the intersitial-GB segregation energy, GMaxConc represents the density of lattice
sites inside grain. Here, we explore serveral different scenarios where F.4 is set from 0.5 eV to 2.5
eV. We have also examined varied storage time. However, there is minimal change after extended
storage periods. The reason is similar to what we observed in Fig. 4.15. Generally, the transfer

rate in room temperature is too slow to make a significant change.

From the results in Table 4.11, it can be seen when the GBs act as a sink of Cd;, there is an
accumulation of Cd;%Ps. The amount of Cd;B* depends on the Egeq. At growth temperature 873K,
only when Eq, is larger than binding energy Epinding of (Aste+Cd;)™ in Table 4.6, the amount of
Cd;SBs can exceed Cd;S™@". After cooling and annealing, we can observe that the concentration
of Cd;Gr" is significantly dropped. It could be either due to the formation of defect complexes or
Cd;&#in is being annihilated via vacancy-interstitial pair annihilation (Table 4.10). However, even

if the Cd;C" is significantly lower than Cd;“Bs at 300K, only a small portion of Cd;®Bs is reversely
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Table 4.11: Selected defect densities and carrier densities in polycrystalline CdSeg.o5Teq 75 with

varying Eseq. Baseline model has no GBs. Initial temperature is 873K. Cooling rate is 20°C/min.

Storage time at 300K is 2 weeks. Units of defect/hole density are em 3.

Condition Eseq (eV) | T (K) | hole density | Ca?™*" CdsPs (AsTe+Cd;) T
Baseline, no GBs - 300 2.60 x 10'° | 1.79 x 107! - 4.56 x 1016
. 873 | 1.08 x 1010 | 6.62 x 103 | 5.10 x 10 | 4.56 x 106
CdSeg.25Teo 75 with GBs 0-5 300 | 2.60 x 107 | 1.23 x 10° | 4.61 x 10 ¥ | 4.56 x 10
. 873 | 1.08 x 1010 | 6.62 x 1013 | 3.93 x 101 | 4.56 x 106
CdSeg.25Teo 75 with GBs 10 300 | 2.60x 107 | 1.79x 101 | 2.84 x 1010 | 4.56 x 10™°
. 873 | 1.50 x 10™6 | 6.09 x 1013 | 2.14 x 1017 | 4.35 x 1016
CdSeg.25Teo 75 with GBs 2.0 300 | 347 x107 | 1.71x10° 1| 233 x 107 | 4.33 x10™®
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Figure 4.21: Hole density vs. E,4. Red dotted line indicates baseline model without GBs.

transported into grain region when El.4 is smaller than Epy;pging. This is due to the slow transport
rate at 300K. On the other hand, when E,., is greater than Ej;y,qing, We see a slight increase of
Cd;Ps at 300K due to the dissociation of (AsTe+Cd;)*. This will raise the carrier density. When
we further increase Fgey to be 2.5 eV, we can observe from Fig. 4.21 that the carrier density is
increased by around 3 times.

From the results shown in Table 4.11, it is evident that when grain boundaries (GBs) act as

a sink for Cd;, there is an accumulation of Cd;B%. The extent of this accumulation depends

on the segregation energy F,,. At a growth temperature of 873K, the concentration of Cd;CBs

surpasses that in the grain only when E,., exceeds the binding energy Ep;pding of (AsTe+Cd;) ™, as
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listed in Table 4.6. Following cooling and annealing, a significant reduction in Cd;“*™ is observed.
This reduction may result from the formation of defect complexes or the annihilation of Cd;Grain
through vacancy-interstitial pair reactions, as detailed in Table 4.10. At 300K, a portion of Cd;&Ps
is transported back into the grain region when FE.4 is less than Ejpging. In this scenario, GBs
serve as a reservoir for Cdj, but the impact on carrier density is minimal because the amount of
Cd;“Bs accumulated at GBs is not significant. Conversely, if Eieq is greater than Epnging, there is a
substantial accumulation of Cd;®P® at the GBs and a slight increase at 300K due to the dissociation
of (Aste+Cd;) ™, which enhances the carrier density. Increasing Es., to 2.5 eV, as shown in Fig. 4.21,
leads to a tripling of carrier density compared to baseline model.

Based on these findings, we conclude that GBs can significantly influence carrier densities by
accumulating Cd; within the GBs and reducing the presence of compensating defects. Nevertheless,
further first principles and experimental research are required to verify whether GBs act as a sink
in CdSeTe and the strength of this segregation. Nonetheless, this study presents a novel approach
to boosting carrier density by tailoring GBs to serve as an effective sink for compensating defects

or as a component of such defects.

4.4 Summary

In this study, we have undertaken a comprehensive investigation of intrinsic defects, copper, and
group V dopants in CdSeTe alloys using DFT calculations. Our tailored charge correction approach
demonstrates its advantage over traditional FNV correction methods, particularly when applying
to defects with delocalized charge or multiple charge centers. Systematic evaluations reveal that our
refined methodology not only improves convergence characteristics but also delivers results that are
more consistent with experimental data. Specifically, when analyzing defects such as Ast, and P,
the transition levels calculated by our method show close agreement with experimental findings,
underscoring the enhanced accuracy and reliability of our proposed approach.

Within the CdSeTe framework, the formation energy of point defects is noticeably influenced
by the local spatial arrangement of Se and Te atoms. This phenomenon is notably evident in

instances such as Tecq (41, 0) and Aspe (+1), where the interplay of Se and Te positions exerts a
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pronounced effect. Our investigation extends beyond the mere identification of point defects to a

deeper exploration of their intricate relationships with the local atomic environment.

Our study provides insights into the effects of arsenic and phosphorus defects on the electrical
properties of CdSeTe alloy. We found that AX formation is more favorable in the alloy due to the
interaction of selenium and group V species, which could potentially deteriorate the dopability of
As/P in CdSeTe alloy. Our findings could help guide the development of new doping strategies for

the fabrication of more efficient solar cells based on CdSeTe alloy.

Overall, we believe that group V dopants hold more promise than Cu in CdSeTe alloys, due
to the doping efficiency challenges associated with Cu in CdSeTe and the potential introduction
of more deep-level traps in a Te-rich environment. In contrast, group V dopants generally favor a

Cd-rich environment, which can enhance carrier lifetime in solar cells.

Furthermore, by employing the continuum models, we investigated the dominant defect types
and their effects on doping efficiency and carrier densities. Our analysis reveals that the AX center
defect is not the predominant compensating defect in As- or P-doped CdTe. Instead, the complexes
(AsTe+Cd;)" and (P.+Cd;)™ tend to dominate, except in low-Cd chemical potential conditions.
However, the AX defect becomes significant at particular chemical potentials, particularly in the

CdSeTe alloy, where higher initial temperatures amplify its prominence.

This research identifies an optimal range for chemical potential, which balances minimizing
compensating defects and maximizing dopant solubility. While Cd-rich conditions generally favor
Group V doping, extremely Cd-rich or Te-rich conditions result in higher concentrations of compen-
sating and deep-level defects, respectively. Higher initial temperatures significantly increase carrier
densities by fostering the formation of Group V acceptors and reducing compensating complexes

under optimal chemical potential conditions.

Our simulations are consistent with experimental observations that show low activation ratios
do not severely impact carrier densities or solar cell performance. The improved doping efficacy
can be achieved through precise chemical potential adjustment. Grain boundaries functioning as

sinks for cadmium interstitials can potentially reduce compensating defects and enhancing carrier
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densities. However, additional experimental and theoretical research is required to quantify these
effects.

Overall, this comprehensive study elucidates the dynamics of As and P doping in CdTe and
CdSeTe, revealing practical doping strategies and providing critical insights into the optimization
of solar cell materials. The findings contribute significantly to understanding the challenges of

Group V doping and pave the way for enhancing thin-film solar cell performance.
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Chapter 5

ACCELERATED DEFECT PROPERTY PREDICTIONS AND DEVICE
DESIGN OF CUBIC SEMICONDUCTOR CRYSTALS

Compositional manipulation of semiconductors is one of the primary methods utilized to ob-
tain optimal properties [59, 144, 141, 85, 172, 117]. Apart from alloying, the primary means for
compositional control of semiconductor properties is the introduction of dopants or impurities, i.e.
guest atoms at a cation, anion, or interstitial sites. Such impurities, even in a very dilute con-
centration, can potentially cause major changes in the electronic structure and physical properties
of the material [162, 93, 229, 153]. The complete understanding of a semiconductor’s optoelec-
tronic behavior requires estimating the formation energies of point defects, whether accidental or
intentionally introduced [117, 119, 118].

While ~ 90% of solar cells still rely on crystalline Si as the absorber, related group IV semi-
conductors such as SiC, II-VI semiconductors such as CdTe, III-V semiconductors such as GaAs,
and various derivative compounds are all viable as photovoltaic (PV) materials and are currently
in use in single terminal as well as tandem solar cells [144, 184, 107, 205, 137, 196]. Many of these
compounds have also been used in transistors, photodiodes, lasers, and qubits or quantum sensors.
The chemical space of binary group IV, III-V, and II-VI semiconductors contains compounds that
exist in the cubic zinc blende (ZB) or wurtzite crystal structures and show systematic trends in
lattice constants, electronic band gaps, optical absorption coefficients, and defect properties [168].
Alloying in these spaces has frequently been used for tuning properties and performance, with
some prominent examples including the use of CdSeTe in solar cells [17, 41] and AlGaAs in LEDs
[10, 204].

Although the structure and optoelectronic properties of binary, ternary and even quaternary
compounds in the group IV, I1I-V, and II-VI semiconductor space have been widely studied both

computationally and experimentally [144, 141, 119, 168], a comprehensive understanding of the
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formation likelihood and electronic levels of point defects and impurities is missing. A look at
functional atomic defects in semiconductors reveals that the energy levels created inside the band
gap can (a) reduce PV efficiency via nonradiative recombination of charge carriers, (b) enable
sub-gap absorption or emission if the levels are partially filled or if they have low photoionization
energies, and (c) enable quantum computing, quantum sensing, and quantum communication via
their nuclear or electronic spins. A universal prediction framework for impurity behavior in known
and novel semiconductor spaces is thus paramount [119]. Given such a framework for group IV,
III-V, and II-VI semiconductors, it would be possible to perform high-throughput screening of
impurity atoms from across the periodic table in terms of their energetics relative to dominant
native defects (such as vacancies and interstitials), nature of equilibrium conductivity, and location

of energy levels with respect to band edges.

Predictive machine learning (ML) models, trained from existing or freshly generated data, act as
surrogates for DE'T calculations by providing statistical estimates of the desired properties[119]. The
burgeoning field of materials informatics has led to many successes, with some of the most notable
contributions resulting from the combination of first principle computations and machine learning.
ML applied on DFT data has seen the development of predictive and design tools [82, 207, 3], the
discovery of novel materials for batteries, capacitors, solar cells, and thermoelectrics [36, 116, 81,
47, 72], and the efficient exploration of extremely large chemical spaces [129, 201]. Indeed, ML has
been instrumental in accelerating the prediction of properties related to point defects and dopants
in materials. This includes predicting vacancy formation and substitutional energies of oxides
using regression algorithms applied on DFT data [203, 34, 35, 181], machine learning formation
energies, transition levels, and migration energies of point defects in known semiconductors and
alloys [199, 49], and predicting dopability of semiconductors [131]. An extension of these studies in
terms of semiconductor and impurity chemical spaces as well as ML techniques can pave the path

towards a universal framework for impurity prediction and design.
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5.1 Machine Learning Framework for Qualitative Screening

In this work, we consider atomic impurities from across the periodic table, in a chemical space
of binary group IV, III-V, and II-VI semiconductors in the ZB structure, and use the DFT+ML
methodology to predict their complete charge, chemical potential, and Fermi level dependent for-
mation energies. We perform high-throughput DFT computations on impurity atoms simulated at
the cation, anion, and different interstitial sites in several selected compounds in the group IV (e.g.
Si, SiC, GeC, etc.), III-V (e.g. BSb, GaAs, InP, etc.), and II-VI (e.g. ZnSe, CdS, etc.) chemical
space, and use descriptors encoding information about the semiconductor, the impurity atom, and
the defect site coordination environment as input to train ML models that predict the neutral
state formation energy and 6 types of charge transition levels for any possible impurity. We used
sure independence screening and sparsifying operator (SISSO) for feature selection and K-nearest
neighbors (KNN) approach for outlier detection, followed by regression techniques such as random

forest, Gaussian process, and neural network to yield the predictive models.

5.1.1 Semiconductor and Impurity Chemical Space

The chemical space considered in this work has been pictured in Fig 5.1 in terms of the semiconduc-
tor compounds (b), possible defect sites (c), and impurity atoms (d). We include AB semiconductors
(with A broadly defined as the cation and B the anion) belonging to groups II-VI, III-V and IV-1V,
leading to 8 II-VI compounds (CdO, CdS, CdSe, CdTe, ZnO, ZnS, ZnSe, and ZnTe), 16 III-V
compounds (BN, BP, BAs, BSb, AIN, AIP, AlAs, AlSb, GaN, GaP, GaAs, GaSb, InN, InP, InAs,
and InSb), and 10 group IV compounds (C, Si, Ge, Sn, SiC, GeC, SnC, SiGe, SiSn, and GeSn).
The resulting 34 compounds are modeled in the cubic ZB structure, with A atoms occupying an
FCC lattice and B atoms occupying the tetrahedral sites.

In any AB compound in the ZB structure, defects or impurities could be found at the A-site,
B-site, or several possible symmetrically-inequivalent interstitial sites. Fig 5.1 also shows the defect
sites considered in this work, namely the A and B sites and 3 types of interstitial sites: the A-site

interstitial (with 4 neighboring A atoms), the B-site interstitial (with 4 neighboring B atoms), and
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Figure 5.1: (a) The DFT-ML workflow followed in this work, and the semiconductor-impurity
chemical space in terms of (b) the cation (A) and anion (B) choices for group IV, II-VI, and I1I-V
compounds, (c) types of defect sites, and (d) impurity atoms selected from across the periodic table.

neutral site interstitial (with 3 neighboring A and B atoms each). The 5 defect sites are considered
in the 30 binary compounds while in the remaining 4 elemental systems (C, Si, Ge, Sn), 3 defect
sites are considered (A-site, A-site interstitial and neutral site interstitial). In terms of impurity
atoms, we consider nearly all elements from periods II to VI as well as all lanthanides, leading
to a total of 77 species, as pictured in Fig 5.1. The total number of possible impurities in this
chemical space can thus be estimated as: 77 x5 x 30+ 77 x 3 x 4 = 12474. Out of these 12474 data
points, about 10% are considered for DF'T computations to determine their neutral state formation
energies and charge transition levels; ML models trained on these data based on the properties

of the semiconductor compound, defect site coordination, and impurity atom lead to generalized

predictions applicable to all the data points.
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5.1.2  Descriptors

Aside from generating the computational data, the need for domain expertise is most evident in
creating appropriate descriptors or sets of features that can uniquely represent every point in the
dataset. In the semiconductor+impurity chemical space used in this work, we can uniquely identify
every data point using the identity of the semiconductor, the identity of the impurity atom, and
the defect site it occupies. Thus, we define descriptors for any impurity M at any site S in any

compound AB by combining the following three levels of information:

1. ABjrop: Available computed or experimental properties of the semiconductor AB, namely the
formation energy, lattice constant, band gap, and the electronic and ionic dielectric constants;

this leads to 5 dimensions.

2. Elemy,qp: Tabulated elemental properties of the impurity M as well as species A and B, such

as ionic radius, ionization energy, electronegativity, etc.; this leads to 81 dimensions.

3. CMyprop: Quantifying the chemical coordination environment around the defect site S in terms

of A and B neighbors, using the Coulomb Matrix definition [46]; this leads to 8 dimensions.

The complete list of descriptors can be found on the x-axis of Fig 5.2, which shows the Pearson
coefficient of linear correlation between the properties of interest, AH and €(q;/q2), and each of

the descriptors.

5.1.2.1 Feature Selection

The primary feature set of 94 dimensions are all assumed to be relevant to describe the targeted
predictors, that is, the impurity transition levels and formation energies. To better explore the
nonlinear relationships that may exist between these descriptors dimensions and the properties, we
used the sure independence screening and sparsifying operator (SISSO) [150] method to perform
feature engineering. First, a set of operators, namely ‘+, -, *, /, exp, log, “(-1), "2, "3, sqrt, cbrt’,

are implemented recursively for feature space expansion. The total feature size goes from ~ 102



82

to ~ 10° after two iterations. Next, sure independence screening [44] is used to screen all features
from 0D feature space (no iteration) to 1D feature space (one iteration) to 2D feature space (two
iterations) using a linear correlation metric, leaving behind only highly correlated features. Finally,

a sparsifying operation [45] is applied to filter down the feature space to 80-150 for each output.

The detection of outliers in a dataset helps identify candidates with unusual properties which
may either be erroneous or lead to lower accuracy when used to train ML models. K-nearest
neighbors (KNN) is a method commonly applied to identify the outliers in a dataset based on a
feature space [87]. KNN assigns classes to data points based on the most common assignment of its
k nearest neighbors; any point that is surrounded by points belonging to a different class is denoted
an outlier. Here, the DFT computed transition levels and formation energy values were used as a
combined input to a KNN framework. Using KNN, we selected 10% of the data with the highest

outlier scores to be removed.

o
w

]
o o o o
EN . c.n » ~
Correlation Coefficient

o
[N

o

Figure 5.2: Absolute values of coefficient of linear correlation between every unique descriptor
and every property; darker boxes imply high correlation whereas white boxes mean there is zero
correlation.
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5.1.83 Training Regression Models

In the following sections, we will discuss the optimization and performance of various regression
models trained on the computational data, starting with linear regression and moving on to differ-
ent nonlinear regression techniques, namely random forests, Gaussian processes, kernel ridge, and
neural network regression. Common to every method used in this work is the way training-test
split, cross-validation, hyperparameter optimization, and error evaluation was performed. A sep-
arate model was trained for each of the 8 outputs, namely the 6 types of transition levels and 2
formation energies. Five-fold cross validation was implemented for each model because of a strong
dependence of the prediction ability on the exact points chosen for training. Cross-validation helps
reduce the reported bias and variance, and is important for avoiding overfitting. Various important
hyperparameters were optimized for each regression technique; for instance, for neural networks,
they include the number of hidden layers, the numbers of nodes in each layer, the dropout rate,
etc. All regression models were trained using functions in the Python machine learning library

scikit-learn [200].

The metric for evaluating model performance was chosen to be the prediction RMSE. Each
of the 5 folds was treated as a validation set over multiple training cycles, and the prediction
RMSE for each fold was averaged over the number of folds. This leads to an effective 80-20
training-test split in the dataset, and an effective ”test prediction error” is obtained for every data
point, providing an unbiased prediction that reveals the true predictive power of the trained model.
The optimal set of hyperparameters is chosen such that the cross-validation error is minimized;
we ultimately report training and test errors for every model, but optimization is based on the
validation error, such that the actual test set in each iteration remains unseen by the model during
the training process. Further, the standard deviation in predictions over the multiple training cycles
is defined as the uncertainty for each predicted point, providing an error bar that accompanies every
prediction. Results are presented as parity plots of ML predictions vs. DFT-calculated properties,
with reported RMSE values in eV, and plots between uncertainties and errors in every data point;

the predictions are also visualized in terms of semiconductor type. The test prediction RMSE
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values listed in Tables 5.1 and 5.2, divided in terms of property, ML technique used, and type of

data point.

5.1.3.1 Linear Regression

Fig 5.2 shows the Pearson coefficient of linear correlation between various (primary) descriptor
dimensions and the properties of interest. We see that many of the features are 50-70% corre-
lated with the properties, showing a certain degree of linear relationship. We further investigated
the correlation coefficients for the ten best SISSO-based compound features (essentially, complex
functions of combinations of original features). The highest correlated features reveal the specific
descriptors or combinations thereof that could best predict the defect formation energy and charge
transition levels. We notice that atomic radii and ionization energy differences (between defect
atom M and A/B atoms) are most important for e(+3/+2) while valence and electronegativity
differences dominate for e(4+2/41); coefficients for both remain small, ~ 0.35. Highest correla-
tions are between 0.5 and 0.55 for €(4+1/0) and ¢(0/-1), with ionization energy and atomic radii
differences dominating in both. €(-1/-2) and €e(-2/-3) show even higher correlations of between 0.7
and 0.75, with descriptors such as Mendeleev number, covalent radii and ICSD volume of M/A /B
atoms being most important. Finally, we find correlation maximums of ~ 0.45 for AH (A-rich)
and AH (B-rich), determined primarily by the semiconductor lattice constant, ionization potential,
boiling point, heat of fusion/vaporization, and specific heat capacity. Overall, these correlations
reveal that the relative electronegativities, ionization energies and radii of elements are important
in placing defect energy levels relative to band edges, while the size of the lattice and heat of fusion

may determine how likely it is for the defect atom to exist at site in consideration.

To explore linear relationships further, we chose multiple linear regression (MLR) as the method
to train the first predictive models. And then LASSO, ridge regression, and elastic net regression
are being applied to regularize linear regression. We see from the plots and from Tables 5.1 and 5.2
that there is a marginal improvement in prediction going from MLR to LASSO, ridge, or elastic net

regression. The presented results are using the SISSO features as they provide better predictions
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than using the primary feature set, which is presumably due to the non-linear nature of the input-
output relationship. We further find that there is a strong dependence of the prediction error on
semiconductor type and impurity site. We observe these effects in non-linear models as well, which
will be discussed in subsequent sections. Such prediction error differences can be attributed to the
imbalanced distribution of training data; the DFT datasets are biased towards II-VI semiconductors
and interstitial site impurities. In general, we get better performance on II-VI or interstitial data

points since the models we trained work better on majority groups.

Random Forest Regression

The improvement in linear regression model performances upon going from using the primary fea-
tures to the SISSO-based features shows the importance of interpreting non-linear relationships
between the features and properties. However, non-linearity is still limited by the set of operators
used in the SISSO method; to further explore this effect, we adopted a popular non-linear regression
algorithm known as random forest regression (RFR). RFR is an ensemble measurement method
that fits a designated number of classifying decision trees such that each tree is fit on a different
randomized sub-sample of the data set, chosen through bootstrapping. During the construction of
any tree, the best split for each node is found based on some number of input features. Averaging
over all the trees in the forest can be performed in several ways, and in this work, the model com-
bines the results of the trees by averaging their probabilistic prediction, which improves prediction

accuracy and can help control overfitting [19].

Hyperparameter tuning focuses on the five most important features in the RFR model, namely,
the number of trees in the forest, the maximum depth of each tree, the number of features to
consider when looking for the best node split, the minimum number of samples required to split an
internal node, and the minimum number of samples required to be at a leaf node. For each of the
eight outputs, Bayesian optimization was performed [14] using a function set to minimize both the
test RMSE and the difference between the training and test RMSE to balance the bias-variance

trade off in the model. Parity plots for the optimized models for all 8 properties are shown in Fig
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Table 5.1: ML test set prediction RMSE values for transition levels. Lowest prediction errors are
highlighted in bold.

Property | ML Method | II-VI Error (e¢V) | III-V Error (eV) | IV-IV Error (eV) | Total Error (eV)
(+3/+2) MLR 0.35 0.37 0.34 0.35
(+3/+2) Ridge 0.35 0.35 0.32 0.34
(+3/+2) LASSO 0.36 0.36 0.32 0.35
e(+3/+2) Elastic Net 0.35 0.35 0.32 0.34
(+3/+2) RFR 0.36 0.31 0.35 0.34
e(+3/+2) KRR 0.33 0.37 0.31 0.33
(+3/+2) GPR 0.32 0.36 0.32 0.33
e(+3/+2) NN 0.29 0.36 0.29 0.31
(+2/+1) MLR 0.42 0.46 0.46 0.44
(+2/+1) Ridge 0.42 0.43 0.45 0.43
e(+2/+1) LASSO 0.43 0.44 0.45 0.44
e(+2/+1) | Elastic Net 0.42 0.43 0.45 0.43
e(+2/+1) RFR 0.39 0.36 0.40 0.38
(+2/+1) KRR 0.33 0.38 0.40 0.36
(+2/+1) GPR 0.32 0.38 0.41 0.36
e(+2/+1) NN 0.29 0.35 0.38 0.33
€(+1/0) MLR 0.40 0.39 0.43 0.40
€(+1/0) Ridge 0.40 0.38 0.42 0.40
(+1/0) LASSO 0.41 0.39 0.43 0.41
e(+1/0) Elastic Net 0.40 0.38 0.42 0.40
€(+1/0) RFR 0.38 0.36 0.39 0.38
€(+1/0) KRR 0.31 0.34 0.38 0.33
e(+1/0) GPR 0.29 0.32 0.38 0.32
€(+1/0) NN 0.29 0.31 0.37 0.32
€(0/-1) MLR 0.37 0.42 0.34 0.38
€(0/-1) Ridge 0.37 0.40 0.34 0.37
€(0/-1) LASSO 0.37 0.40 0.34 0.37
€(0/-1) Elastic Net 0.37 0.40 0.34 0.37
€(0/-1) RFR 0.37 0.33 0.35 0.35
€(0/-1) KRR 0.32 0.36 0.32 0.33
€(0/-1) GPR 0.31 0.34 0.32 0.32
€(0/-1) NN 0.28 0.33 0.31 0.30
e(-1/-2) MLR 0.33 0.38 0.30 0.33
e(-1/-2) Ridge 0.32 0.37 0.29 0.32
e(-1/-2) LASSO 0.32 0.37 0.29 0.33
e(-1/-2) | Blastic Net 0.32 0.37 0.29 0.33
e(-1/-2) RFR 0.34 035 0.27 0.33
e(-1/-2) KRR 0.29 0.32 0.27 0.29
e(-1/-2) GPR 0.29 0.31 0.28 0.29
€(-1/-2) NN 0.26 0.29 0.28 0.27
(-2/-3) MLR 0.27 0.26 0.22 0.26
(-2/-3) Ridge 0.27 0.26 0.22 0.25
e(-2/-3) LASSO 0.27 0.26 0.22 0.25
€(-2/-3) Elastic Net 0.27 0.26 0.22 0.25
e(-2/-3) RFR 0.24 0.28 0.27 0.25
e(-2/-3) KRR 0.26 0.24 0.21 0.24
e(-2/-3) GPR 0.25 0.24 0.21 0.24
(-2/-3) NN 0.25 0.22 0.22 0.24
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Table 5.2: ML test set prediction RMSE values for formation energies. Lowest prediction errors
are highlighted in bold.

Property ML Method | II-VI Error (eV) | III-V Error (eV) | IV-IV Error (eV) | Total Error (eV)
AH (A-rich) MLR 0.85 1.57 1.81 1.16
AH (A-rich) Ridge 0.85 1.54 1.78 1.14
AH (A-rich) LASSO 0.88 1.55 1.79 1.16
AH (A-rich) Elastic Net 0.85 1.53 1.78 1.14
AH (A-rich) RFR 1.05 1.03 1.20 1.07

AH (A-rich) KRR 0.62 1.35 1.32 0.89
AH (A-rich) GPR 0.59 1.33 1.71 0.96
AH (A-rich) NN 0.62 1.30 1.40 0.89
AH (B-rich) MLR 1.04 1.82 1.81 1.31
AH (B-rich) Ridge 1.04 1.73 1.77 1.29
AH (B-rich) LASSO 1.08 1.74 1.80 1.32
AH (B-rich) Elastic Net 1.05 1.72 1.77 1.28
AH (B-rich) RFR 1.09 1.25 1.52 1.18
AH (B-rich) KRR 0.77 1.52 1.45 1.03
AH (B-rich) GPR 0.82 1.52 1.70 1.11
AH (B-rich) NN 0.81 1.34 1.44 1.01

5.3(a). Looking at the error values listed in Tables 5.1 and 5.2, there is a general improvement in
all the transition level prediction RMSEs from between 0.3 and 0.45 eV for the linear models to
between 0.25 to 0.38 eV for RFR, and the formation energy RMSEs drop from 1.2 eV or higher to
between 1.07 and 1.16 eV.

As observed in the linear regression results, we found that RFR was able to predict formation
energies of II-VI semiconductor impurities more accurately than III-V or IV-IV, owing to the larger
portion of II-VI semiconductor points in the training data set. Interestingly, the transition levels
showed much less of a dependence on semiconductor type; the difference could be due to the larger
range of values in the formation energy data versus the transitional levels. We found that the points
the model predicted most inaccurately for formation energies are relative outliers as predicted by
KNN, and of those points, III-V and IV-IV semiconductor types make up a larger portion than
in the data set as a whole. When analyzing the prediction results by site of impurity defect, it
was once again seen that interstitials are predicted slightly better than substitutionals, once again

owing to the predominance of the former in the dataset.
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5.1.3.2 Kernel Ridge Regression

Kernel ridge regression (KRR) is a regression technique which uses the kernel trick to solve a non-
linear problem in a linear fashion. The original low-dimensional features are used as input and
mapped to a high-dimensional kernel space in which they can be linearly interpreted. In this work,
we use different possible choices for the kernel function, namely polynomial, radial basis function
(RBF), and Laplacian. For hyperparameter optimization, we applied the grid search method to
search a dense space for the best combination of kernel choice and different parameters in the kernel,
separately for each output.

The prediction performances for the eight outputs arelisted in Tables 5.1 and 5.2. KRR shows
a marked improvement in formation energy prediction and slight improvements in transition level
predictions compared to RFR. The improvement is heavily owed to significant lowering of errors
for impurities in the II-VI compounds. We find the KRR RMSE for AH (A-rich) to be 0.89 eV and
for AH (B-rich) to be 1.03 eV, while the RMSE values for the 6 transition levels range between

0.25 and 0.35 eV.

5.1.8.3 Gaussian Process Regression

Subsequently, GPR is used for model training. It can be seen from the GPR parity plots in Fig
5.3(b) and from Tables 5.1 and 5.2 that the prediction RMSE values are very similar to those
obtained with KRR. The formation energy errors are between 0.96 and 1.1 eV while the transition
level errors range from 0.24 to 0.36 eV. This can be explained by the flexibility of the GPR models

which likely causes overfitting when dealing with a small dataset and high dimensional features [132].

5.1.3.4 Neural Network Regression

Finally, we used neural networks (NN) to train regression models and compared the results with
nonlinear regression models from RFR, KRR, and GPR. The Keras functional API model was used
to build a deep feed forward NN to machine learn a multi-output regression [15]. A sequential

model trained to predict the six transition levels and two formation energies was found to be time
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Figure 5.3: Parity plots for best regression models: (a) Random Forest, (b) Gaussian Process, and
(c) Neural Network regression.
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consuming and lacked the ability to predict multiple outputs at once effectively. Further, a grid
search employed to explore the number of hidden layers, number of neurons, learning rate, epochs,
batch size, optimizers, and activation functions was found to be inefficient. Separate models were
thus trained for each property using the SISSO generated descriptors, and scikit-optimize (skopt)
was utilized for Bayesian hyperparameter optimization. To overcome an overfitting problem arising
from minimizing only the test RMSE, the optimization function was revised to also include the

difference in train and test RMSE.

Each NN architecture contains two to three dense neuron layers, through which the input is
concatenated before returning the output through the final layer. The number of neurons in each
dense layer varies with the input dimensions for each specific property or output. Kernel and activity
regularizers were also integrated in each dense layer to prevent overfitting. The “relu” activation
function was ultimately used for each dense layer, beating out sigmoid, softmax, softplus, tanh,
and selu functions [163], while the Adam optimizer was selected over SGD, RMSEprop, Adadelta,
and Adagrad [31]. NN model training involved 10-repeated 5-fold cross-validation, where the mean
and standard deviation of prediction of every data point were used as the predicted value and
uncertainty value, respectively. Parity plots for the best models thus obtained are presented in Fig

5.3(c)

It can be seen from the parity plots and Tables 5.1 and 5.2 that NN predictions for both transition
levels and formation energies are similar to KRR and GPR. Transition level RMSE values are seen
to range from 0.24 to 0.33 eV while the formation energy RMSEs are between 0.9 and 1 eV. A
possible disadvantage of the NN models comes from the larger uncertainty values seen in general
compared to other methods, while the absolute error values are similar to other methods. This is
an effect of the stronger dependence of NN model prediction on the hyperparameter choice, leading
to a larger standard deviation in prediction; this is expected to affect NN predictions over the entire
chemical space. We further note that standard deviations over 10-folds may not be sufficient to
converge the uncertainties, but we use an ensemble of 10 predictions here to save on training time

and keep estimates consistent across different ML models.
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5.1.4 High-Throughput Screening of Dominating Impurities

The detailed machine learning analysis presented in this work reveals that multiple nonlinear re-
gression techniques can be trained to make predictions of impurity transition levels and formation

energies with errors that are within 10% of the range of values across the dataset.

We performed high-throughput prediction of the complete formation energies of the entire
dataset of 12,474 impurities, using the best NN, GPR, KRR, and RFR models. It is important to
note here that a significant amount of time is saved by replacing full DFT calculations with almost
instantaneous ML predictions. On average, any one point defect in a 64 atom supercell simulated
in the neutral state requires ~ 500 core hours, while 6 charged state calculations require a further
~ 2000 core hours (running on 8 Intel Broadwell XEON E5-2695 nodes with 36 cores each). For
the DFT datasets of ~ 1500 neutral state formation energies and ~ 1000 charge transition levels
of 6 types, this translates to ~ 2.75 million core hours. For the entire dataset of 12,474 impurities,
~ 32 million core hours would be required for complete DFT optimization and prediction of all
defect properties. On the other hand, every ML model takes a matter of minutes to train and make
predictions over the entire chemical space. Thus, based on computations using 1/10th of the total

computing time required, we can make reasonable predictions for all the data points.

In Table 5.3, we listed several impurities deemed to be dominating from both DFT and ML
(GPR used as example here), along with their stable charge states, the corresponding dominating
native defect, the type of shift induced in the equilibrium Ep, and whether mid-gap energy levels
are created. For example, it can be seen that Ti at the Al site in AlAs creates a stable +1 charged
donor type defect, and along with a -3 charged As vacancy acceptor, makes the conductivity more
n-type and creates a transition level in the band gap. Similarly, a Be interstitial defect in Si induces
a p-type shift in conductivity. Lists of dominating impurities with or without mid-gap energy levels

were thus generated for all compounds.
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Table 5.3: Selected dominating impurities identified by both DFT and ML (GPR), at A-rich chem-
ical potential conditions.

Semiconductor | Impurity | Shift in Eqm. Ep Dominating Defects Mid-gap Level?
CdS Incg n-type Incg, g =1and Vgg, q =-2 Y
CdS Is n-type Is,q=1and Vgg, q = -3 Y
CdS Ti; p-type Ti;, g =2and Vg, q =-1 Y
CdSe Cugyg p-type Cugg, q =-1 and Cd;, q =2 Y
CdSe F; p-type Fi,q=-1and Vg., q =2 N
CdSe Ni; p-type Ni;, q=-1and Vge, q =2 Y
CdTe Bicg n-type Bicg, q =1and Veg, q = -2 Y
CdTe Aspe p-type As7e, q=-1and Vpe, q =2 Y
CdTe Na; n-type Na;, q =1 and Vg, q = -2 N
ZnS Li; n-type Li;,q=1and Vgz,, q=-2 N
ZnS Ti; n-type Tij;, q=1and Vz,, q=-2 Y
ZnSe Alz, n-type Alzn,,q=1and Vgz,, q=-2 Y
ZnSe Brge n-type Brge, q = 1 and Znge, q = -1 Y
ZnTe Cr; n-type Cri,q=1and Vp.,q =-2 N
ZnTe Mn; n-type Mn;, g = 1 and Zngpe, q = -2 Y
AIN Sen p-type Sen,q=-1land Vy,q=1 Y
AlP Hfy n-type Hfs;, g =1 and Alp, q = -1 Y
AlP Cr; n-type Cri;,q=1and Vg, q=-2 Y
AlAs Tia n-type Tig, q=1and Vgs, q=-3 Y
GaN Tlga p-type Tlge, q =-1and Vy,q=1 Y
GaN Py p-type Py,q=-2and Vy,q=1 Y
GaP Nigq p-type Nige, q = -1 and Ga;, q = 2 Y
GaP Li; n-type Li;, g = 1 and Gap, q = -2 Y
GaAs Sc; n-type Sci, ¢ = 3 and Gayg, q = -2 Y
GaSh Alg, n-type Alge, q=1and Vgg, q = -2 Y
InN Zr; n-type Zr;,q=2and Vy,q=-1 Y
InP Cuy; n-type Cu;, g =1 and Inp, q = -2 Y
InAs Carp, p-type Carp, q = -1 and Ingg, q = 2 N

Si Tig; p-type Tigi;, q = -1 and Si;, q = 2 Y
Si Be; n-type Be;,q=1and Vg;,q =-3 Y
SiC Vsi n-type Vsi,q=1and V¢, q =-2 Y
SiC Cr; p-type Cri,q=-land Vgo,q=1 Y
SnC Asgn n-type Asgn, q=1and Vg, q = -2 N
SnC Crgp p-type Crgn, q =-1and Vg, q = 2 N
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5.2 Deep Learning Models for Quantitative Screening

In our previous work (Section 5.1), we introduced a machine learning (ML) framework for predicting
defect formation energies and charge transition levels in a diverse range of cubic phase semiconduc-
tors. We evaluated the performance of various ML models and identified the best-performing model,
which enabled efficient screening of deep level defects potentially induced by extrinsic dopants. Our
screening accuracy exceeded 95%; however, the limitations of the ML framework prevent quantita-
tive studies due to errors that are much larger than the thermal energy at relevant temperatures.
This results in carrier density prediction errors exceeding 10° in some cases, rendering it unsuitable
for an accurate high throughput prediction model. For rigorous quantitative analysis, we must
constrain the error to less than one order of magnitude, necessitating a prediction error within

around 0.2 eV [50].

In this current work[217], we aim to enhance our model using deep learning techniques. Firstly,
we incorporate the chemical environment of defects using the Smooth Overlap of Atomic Positions
(SOAP) representation[11] into our existing artificial neural network (ANN) model. We compare
this model with a fine-tuned Crystal Graph Convolutional Neural Network (CGCNN) model[221]
for defect predictions. Our findings reveal that both models significantly improve the prediction
accuracy of formation energies by around 50%. Among them, the chemical environment encoded
ANN model outperforms both formation energy and transition level predictions. Specifically, the
prediction errors for II-IV semiconductors are all lower than 0.21 eV, making it suitable for quan-

titative high-throughput screening.

Moreover, we seamlessly integrate our deep learning model with CCT[185] and TCAD technology[192]
to investigate potential dopants for enhancing semiconductor device performance. This collabora-
tive approach harnesses the predictive capabilities of our model and TCAD to identify optimal
dopants, thereby optimizing device functionality and enhancing overall performance. To validate
the efficacy of this design framework, we conduct tests on CdTe solar cell devices and compare to
experimental data. Within this framework, we predict four dominant figures of merit: efficiency

(n), open circuit voltage (Voc), short-circuit current (Jsc), and fill factor (FF) for solar cells with
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various potential dopants in the chemical space. These predictions enable us to determine the most

promising dopants that have the potential to significantly impact solar cell performance.

5.2.1 Training Dataset

Our dataset encompassed 1,640 doped semiconductors, incorporating AB-type compounds where
A’ denotes the cation and ’B’ signifies the anion, across groups II-VI, III-V, and IV-IV. This
categorization yielded 8 II-VI compounds (such as CdO, CdS, CdSe, CdTe, ZnO, ZnS, ZnSe, ZnTe),
16 III-V compounds (including BN, BP, BAs, BSb, AIN, AIP, AlAs, AlISb, GaN, GaP, GaAs, GaSb,
InN, InP, InAs, InSb), and 10 group IV compounds (such as C, Si, Ge, Sn, and binary combinations
like SiC, GeC, SnC, SiGe, SiSn, GeSn). These compounds, totaling 34, were modeled adopting the
cubic Zinc Blende structure, characterized by A atoms forming a face-centered cubic (FCC) lattice

and B atoms occupying tetrahedral sites.

Within any given AB compound crystallized in the Zinc Blende structure, potential defects
could emerge at the A-site, B-site, or multiple, symmetrically distinct interstitial positions. The
present investigation examines five defect locations: the A-site, B-site, A-site tetrahedral interstitial
(surrounded by four A atoms), B-site tetrahedral interstitial (surrounded by four B atoms), and
the neutral site hexagonal interstitial (equidistant from three A and three B atoms). For the binary
compounds, all five defect sites are considered, whereas for the four elemental systems (C, Si, Ge,

Sn), three defect sites are analyzed (A-site, A-site interstitial, and neutral site interstitial).

In terms of the doping elements, we take into account a wide spectrum from periods I to VI, along
with all lanthanides, culminating in 77 unique species. As a result, the overall count of potential
impurities within this chemical structure is 12474. Of these, around 10% have been calculated via
DFT to obtain neutral state formation energies under both A-rich and B-rich conditions and six
charge transition levels (e(-1/0), €(-2/-1), €(-3/-2), €(4+1/0), e(+2/+1) and €(+3/+2)). Following
the application of PCA for the removal of outliers, our training dataset includes formation energies
for 1,476 compounds and transition levels across 1,076 configurations. The data for this study are

obtained from our previous research[120].
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Throughout the research process, the physical and chemical descriptors gathered and encoded
from our previous work [120] were added to the training data set to be used by the neural net-
works. Such descriptors were based upon intrinsic properties from a variety of atomic impurities
across the periodic table, inherent properties of cubic-structured binary IV-IV, III-V, and II-VI
semiconductors, and the Coulomb Matrix which mimics the electrostatic interaction around defect

sites.

Furthermore, we collected six inner averages of SOAP power spectrum descriptors [66] with
a single radial basis function, degree 1 spherical harmonics and a cutoff distance of 6 A. These
descriptors accurately describe the invariant atomic positions within each semiconductor system by
considering the permutations of gathering atomic pairs from the atomic species that compose the
defect supercell structure. The input defect structures for ML models are pristine semiconductor
supercells with introduced defects, but without any structural relaxation. We experimented with
increasing the number of radial basis functions and degrees of spherical harmonics in SOAP, but we
observed minimal improvement in neural network models, prompting us to stick with the mentioned

configuration.

5.2.2  Chemical Environment Encoded Artificial Neural Network

We constructed our chemical environment encoded artificial neural network (ANN) once all cate-
gorical and continuous features from the training dataset were normalized and applied with one-hot
encoding. The algorithm was trained on the descriptors mentioned previously to learn and optimize
the features to predict defect formation energies and transition levels. Each NN architecture con-
tains two to three dense neuron layers, through which the input is concatenated before returning
the output through the final layer.

To determine the regression network’s effectiveness in predicting each of the eight outputs (two
types of formation energies and six different transition levels), we utilized a five-fold Stratified K-
Fold cross-validation sampling on the population of semiconductors in the input dataset based on

the type of semiconductor and defect atom type. Such sampling and validation ensure that the
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predictive results from the network are limited in bias and variance, reducing overfitting. Hyper-
parameter optimization was performed via Bayesian optimization to minimize the cross-validation
error for the average of each of the five splits; such parameters include learning rate, learning rate
decay for the Adam optimizer, the standard deviation for the Gaussian noise distribution, and the

kernel regularizer.

From each of the five splits from the Stratified K-Fold cross-validation, our baseline measure-
ment used and calculated to determine the network’s performance was the root-mean-square error
(RMSE) compared to the predictions and actual DFT values. All training and testing RMSEs for
each fold were then averaged. This procedure was repeated for another five runs or trials, in which

each run’s uncertainties were averaged together.

This procedure gives us a practical testing error obtained for every input data point, providing
us with the accurate predictive of the network on each of the eight output values. The optimal set
of hyperparameters is chosen to minimize the cross-validation error; we ultimately report training
and test errors for every model, but optimization is based on the validation error, such that the

actual test set in each iteration remains unseen by the model during the training process.

To better emphasize our testing RMSEs in principle, we crafted parity plots (shown in Fig. 5.4)
that compare the benchmark DFT-computed properties to the predicted values from the neural
network. As such, we present and visualize the testing results on the A-rich and B-rich formation
energies and the six charge transition levels, labeled with the reported average testing RMSEs
in eV from Table 5.4 and their standard deviations, for each binary semiconductor type. For
each semiconductor group, labeled with different colors for emphasis, all testing data points were

cataloged from every individual five Stratified KFold method splits across all five runs.

It can be observed that the integration of descriptors and SOAP power spectrum features
significantly enhanced the predictive performance. This improvement is quantified through the
average RMSEs obtained from five independent runs, which are systematically tabulated for various
output categories as delineated in Table 5.4. Notably, the RMSEs for formation energies exhibited

an over 60% enhancement, while the improvements for charge transition levels, specifically €(-1/0),
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€(-2/-1), €(+1/0), e(+2/+1), and €(+3/+2), approached nearly 50% relative to the precedent model
benchmarks presented in Table 5.1 and Table 5.2. The performance metrics for €(-3/-2) exhibited
only marginal advancements. These outcomes substantiate the significant impact of the SOAP

features in refining the model’s accuracy.

In the “Training Error” column of Table 5.4, we recorded low RMSE values for all output
properties across various semiconductor groups, suggesting that the model effectively assimilates
the descriptor data from the input and reliably predicts these outputs. Nevertheless, a notable
discrepancy between training and testing predictions raises the concern of potential overfitting.
To assess the robustness of our models, we determined the standard deviation through a five-fold
cross-validation process. As depicted in Fig. 5.4, the standard deviation hovers at approximately
half the magnitude of the prediction error, a variance deemed acceptable by prevailing reports in
literature[214, 158]. Although a larger regularization term might bridge the test-train performance
gap, such a modification was deemed unnecessary. The regularization parameter has been finely
tuned via Bayesian optimization, and further increases might introduce undue bias. Moreover,
the model’s predictions align closely with experimental data in subsequent evaluations of dopant

efficacy in devices, reinforcing our confidence in its exceptional performance.

In terms of the network’s performance on different outputs, it displays a minor improvement in
predicting formation energies of doped semiconductor systems that are A-rich compared to B-rich
ones. In addition, it is also shown that group II-VI binary group semiconductors have the lowest
RMSEs and have most of their data points in line with the diagonal of the parity plot for both

formation energy types compared with the III-V and IV-IV groups.

For each binary semiconductor type in each column of Table 5.4, the RMSE values relatively
change regardless of the charge transition level type being measured (with the notable exception of
e(-1/-2) and &(-2/-3) for IV-IV binary group semiconductors). For instance, the RMSEs for II-VI
semiconductors in each individual transition level remain roughly between 0.10 eV to 0.13 eV, while
for III-V semiconductors, the errors remain between 0.16 eV to 0.20 eV. Additionally, it is noted

that for the binary group II-VI semiconductors, the network again predicts their transition levels
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effectively compared to their counterparts, as observed from the low error values and having the
majority of their data points remain close to the diagonal, which show reduced variance from the

actual DFT values.

Table 5.4: ANN Model Performance

Predictors  Training Error (eV) Testing Error (eV) II-VI Error (eV) III-V Error (eV) IV-IV Error (eV)
AH (A-rich) 0.032 0.31 0.21 0.44 0.46
AH (B-rich) 0.036 0.36 0.24 0.56 0.51
€(-1/0) 0.018 0.16 0.11 0.18 0.22
e(-2/-1) 0.024 0.18 0.10 0.18 0.30
e(-3/-2) 0.042 0.24 0.10 0.16 0.47
e(+1/0) 0.012 0.16 0.12 0.20 0.21
e(+2/+1) 0.010 0.15 0.12 0.20 0.20
e(+3/+2) 0.010 0.14 0.13 0.17 0.15
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5.2.8 Crystal Defect Graph Neural Network

Our CDGNN follows closely with the original Crystal Graph Neural Network (CGCNN) framework
of Ref. [221]. We create a surrogate model Fopgnn parameterized by weight W, which has the

form:

Jqg = FCDGNN(Gda Uelem; Ustrucs W)v (51)

where G4 refers to the graph of unrelaxed defect structures, Uge, denotes the elemental properties
of atoms comprising the defect structures, and ugsye refers to compound properties (e.g., band
gap, compound formation enthalpy, and compound lattice constant) as well as defect structure
properties (e.g., Coulomb Matrix, SOAP descriptors). The function Fopgnyn, parameterized by
weights W, effectively maps a defected crystal G4 along with its corresponding features to the
target property 74. In this study, g4 are defect formation energy and transition levels.

As depicted in Fig. 5.5, the defect elemental properties and bonding information are initially
embedded in the feature vector v;. The convolutional layers then iteratively update v; by incor-
porating information from surrounding atoms and bonds, employing a nonlinear graph convolution
function (Eq. (5.2)). After T' convolutions, the CDGNN learns a comprehensive feature vector vq
that represents the unrelaxed defect crystal structure through pooling all nodes in the structure
(Eq. (5.3)).

Next, the CDGNN incorporates the compound and defect structure features, such as supercell
lattice parameter, bandgap, and SOAP features, by concatenating them with the graph-embedded
nodes (Eq. (5.4)). As shown in Table 5.5, we observe an improvement of around 10% in the
Root Mean Square Errors (RMSE) after encoding the structure features. This improvement is
achieved through several hidden layers, leading to the final output. Upon implementing the graph
of defects and their corresponding features into the model, we observed a significant improvement
in RMSEs of formation energy predictions compared to our previous models, achieving an RMSE
of approximately 0.5 eV (Table .5.5) using the same train-test splitting method from ANN model.
However, it is worth noting that no substantial improvement was observed in the transition level

predictions. This may be due to the CDGNN model including a large number of features, such as
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bonding and element properties of all atoms, which requires a sufficient amount of data for training.
To improve the CDGNN model’s performance, future work will focus on either incorporating a

feature pruning method or increasing the amount of training data

V§+1 = C’om}(vﬁ,v;, u(i’j)q), ug gy, € Gg (5.2)
va = Pool(v§" v{", ... .v{1) (5.3)
VZj = Vg D Ustruc (5'4)

Table 5.5: CDGNN Model Performance

Predictors Training Error (eV) Testing Error (eV)
AH (A-rich) w/o SOAP 0.103 0.589
AH (A-rich) 0.117 0.537
€(-1/0) 0.176 0.463
€(-2/-1) 0.420 0.488
€(-3/-2) 0.299 0.391
e(+1/0) 0.148 0.391
(+2/+1) 0.169 0.406
(+3/+2) 0.146 0.350

Elemental Properties

o Pooling
o —
o Output
I . I B
Bonding  Graph Embedding !

Defect/Compound Structure Features

Figure 5.5: Schematic of Crystal Defect Graph Neural Network
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5.2.4 ML-assisted Device Design Framework

Most state-of-the-art machine learning models for defects focus on predicting the electronic prop-
erties of individual defects. However, in complex real-world systems, such as transistors and solar
cells, multiple defects associated with a dopant coexist and collectively influence device perfor-
mance. Consequently, a comprehensive evaluation framework for dopants is essential to effectively
screen and identify optimal dopants. In response to this need, we propose a novel ML-assisted
device design framework (Fig. 5.6) that facilitates quantitative and efficient screening and explo-
ration of dopants in semiconductor devices. This innovative framework streamlines the process
of material discovery and device design, accelerating the exploration of new dopants for advanced

semiconductor devices.

In this framework, the ML-assisted device design framework operates as follows: Firstly, we
employ DFT to construct a comprehensive defect property database, encompassing defect formation
energy and thermodynamic transition levels. Subsequently, this dataset is used to train a surrogate
neural network model capable of predicting defect properties for dopants throughout the entire
chemical space. Next, we apply compositionally constrained thermodynamics (CCT) [133] to filter
and select dopants with desired properties. The defect information from these potential dopants is
then incorporated into the TCAD model specific to the device of interest, facilitating the assessment
of essential figures of merit. By leveraging this framework, we are able to identify promising
potential dopants with the capacity to enhance device performance. To validate the predictions,
experimental testing and validation are needed to ensure the suitability and efficacy of the selected

dopants for practical device applications.

CCT is a canonical approach to calculate the defect concentrations. Under a dilute approxima-

tion, defect concentrations are given by

(gk f
_ ,q _AHk /kBT
Lkq = Ntotale 4 ) (55)

where 0y, is the degeneracy factor that counts the number of equivalent defect configurations,
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AH ,{ q is the formation energy of defect k at charge ¢, and N is the total number of lattice sites
in a perfect material. One can obtain deviations of atomic fractions f, from perfect stoichiometry

f5 under given defect concentrations in the material using the following relation

4
f . fa - Zk,q wkﬂ”%
—

) 5.6
1- Zk,q Tk,qOk,q >0

where nf is the number of atoms of type o added or removed from the system when one defect k&
exists. opq = >, Ny is the atom amount differences in a system with and without the defect k.
If atomic fractions and standard reference chemical potentials are provided, one can determine the
defect concentration, chemical potentials for each element and the Fermi level by solving the set of

equations defined by (5.6). We refer to this method as CCT [133].

In this study, the atomic fractions of the semiconductor compound and its impurities are un-
known. Instead, we can use the chemical potentials of each element in the semiconductor compound
and its potential dopants to determine the defect concentration and the Fermi level. If the forma-

(r) (r)

tion energies Hy , are known for given reference values ug ) and E r’» then Hy , for any values of

e and Er can be expressed using the following equations:

AHjg(pta, BF) = AH) +Zn )
(5.7)

+q(Ep — EY).
Using equations (5.5) and (5.7), we can represent the total defect density for any defect using
the density of a single neutral defect:

AH(T> AH(T)+q(EF E(T>)

= xkoZ ek’q B : (5.8)

From (5.5) and (5.8), we can easily obtain

% Ntotal
S npa =Y ngul) — kpTn "W)T ~ AH. (5.9)
(0% (e )
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By applying equation (5.9) and the charge neutrality equation (5.10), we can determine the
equilibrium defect distribution and the Fermi level for any given set of chemical potentials and

temperature.

DY Y alwrg =p+ > arig (5.10)

k ¢g<0 k ¢>0

Taking CdTe as an example, a commonly used semiconductor material in thin-film solar cells
[20], we employ the above approach to screen dopants’ potential impact on device performance.
First, we utilize defect formation energies calculated via DFT for intrinsic defects and employ the
ANN model to predict formation energies and transition levels for extrinsic defects. With this in-
formation, we determine the equilibrium defect concentrations for different charge states at a given
temperature via CCT. Considering the typical manufacturing process of CdTe solar cells, which
involves high-temperature vapor deposition followed by cooling and annealing at room temperature
[165], we select a temperature of 893 K for the equilibrium defect concentration calculations, fol-
lowed by a quench to room temperature. We assume a ”frozen-in” approximation [88], where the
total defect concentrations are held constant from the prior equilibrium calculation. Defects are

then redistributed among available charge states based on the new Fermi level and temperature.

Once we obtain the defect distribution, we incorporate these defects into a well-constructed
CdTe TCAD device model. Here, defects are categorized as either shallow or deep levels. For deep
levels (Vg and Tecq[223, 79, 224, 90, 220]), we take Shockley-Read-Hall (SRH) recombination into
account, while for extrinsic defects, we exclude SRH recombination due to low capture rates. The
capture rates of deep levels are computed using the NONRAD method [5, 198]. Further details
about the device model are provided in the Supplemental material (Table B.1). In the end, we
generate a dopant screening table, as shown in Table 5.6 and Table B.2. For each dopant, we
explore two conditions in CdTe: Cd-rich and Te-rich. And the chemical potential for each dopant
is the maximum limit of their lowest formation energy binary or ternary compounds formed with
Cd or Te. This provides an optimistic or pessimistic estimation based on the dopants’ solubility in
CdTe. The table includes key characteristics of the defects, such as dominant defects, whether they

introduce deep levels (with energy levels within the band gap + 0.2 eV), the material type after
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doping, Fermi level relative to the valence band maximum (VBM) at 300 K, and the majority carrier
density predicted by the machine learning framework (negative values indicating electron density
and positive values indicating hole density). Experimental reports of majority carrier density at 300
K are also included for comparison. Additionally, the TCAD model provides four key performance
metrics for solar cell devices: efficiency (), open-circuit voltage (Voc), short-circuit current (Jsc),
and fill factor (FF). These metrics offer a clear indication of the dopants’ potential to enhance

device performance.

Using these features, we efficiently screen potential dopants to enhance device performance.
Table 5.6 presents a selection of promising dopants for CdTe solar cells, which do not introduce deep-
level defects and significantly increases carrier density compared to intrinsic CdTe, suggesting that
the formation energies of dominant extrinsic defects of these dopants are more favorable compared
to the intrinsic defects under specified conditions. In the first row, intrinsic CdTe is included as a
reference. We list several dopants which are able to raise carrier density several orders compared
to intrinsic CdTe. Remarkably, this framework exhibits excellent performance, selecting some of
the most commonly used dopants such as group V elements (As, P) and Cu. The carrier densities
closely align with experimental results, as indicated in Table 5.6. It is noteworthy that, based on
predicted carrier density, Cu appears to be a more effective dopant. However, experimental data
suggests that Cu doping is less effective when compared to group V species. This phenomenon
may be attributed to the instability of copper dopants and the presence of compensating defects
[155]. Additionally, it’s important to acknowledge that the ”frozen-in” approximation might not
hold in certain cases, particularly when the interactions between different defects are significant,
like vacancy-interstitial pair annihilation and exchange reactions [43]. Also, the strong Coulomb
interaction between defects with opposite charges can give rise to defect complexes[218; 219], a

consideration not addressed within the current framework.

Additionally, we’ve also identified experimental evidence supporting the efficacy of fluorine
doping in CdTe, which aligns with our results and suggests fluorine as a promising dopant, increasing

carrier density to around 10'7 ¢cm™ [147]. Furthermore, as research groups show growing interest
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in n-type CdTe solar cells [151], we have also identified potential dopants in Table B.2. Group
VII elements are predicted to be effective for rendering CdTe n-type, potentially achieving carrier

3

densities exceeding 10' cm™. However, the possibility of introducing deep-level traps by these

species may impact device performance.

( ML Surrogate Model \
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DFT Defect Input: Defect Properties ] ]
Dataset Compound Properties, of Dopants POtentla.I Popants Flltere_d by
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Figure 5.6:  Schematic of ML-assisted Device Design Framework. DFT is employed to build a
comprehensive defect property database including defect formation energy and thermodynamic
transition levels. A surrogate neural network model is trained using this dataset to predict defect
properties for dopants across the entire chemical space. Next, CCT is used to filter and select
dopants with desired properties. Then the defect information of these potential dopants is incorpo-
rated into the TCAD model of the specific device of interest, allowing us to gather figures of merit.
In the end, we identify promising potential dopants that demonstrate potential for enhancing de-
vice performance. Experimental testing and validation are conducted to assess the suitability and
efficacy of the selected dopants.

Thermodynamics (CCT)

5.2.5 Discussion

Based on the parity plots of Figure 5.4 and the columns of Tables 5.4 and Tables 5.5 that describe
the testing prowess of the models in predicting the two types of formation energies and six types of
transition levels, it is observed that the output RMS performance errors for all types of transition
levels are lower than the formation energies. A well-known principle that can explain why predicting

transition levels, such as reaction barriers or activation energies, is often easier than predicting
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Table 5.6: ML-assisted Dopant Screening for Device Design (Example of CdTe Solar Cells)

Dopant | Condition Dominant | Deep Type Fermi Qarrier Densi{ty Carrier Density Device Performance
' Defect Level? ! Level (eV) | @ 300K (cm™) (Experiment) n Voc (V) Jsc (mA) FF

Te-rich Ve, Teca Yes p-type 0.34 7.53e+13 1013 ~ 107 [226, 124, 232] | 16.59 0.86 22.56 85.69
F Te-rich F.int_A No | p-type 0.12 1.98e+17 10 ~ 1017 [147] 20.94 1.07 22.31 88.06
N Cd-rich N_Te No | p-type 0.25 1.16e+15 101 ~ 1017 [146] 1845  0.85 22,56  87.42
P Te-rich P_Te No | p-type 0.20 9.70e+15 1015 ~ 1017 [135, 124] 19.55 0.90 22.53 87.61
As Te-rich As_Te No | p-type 0.24 1.61e+15 10'° ~ 10'7 [135, 134, 1] | 18.54 0.94 22.56 87.17
As Cd-rich As_Te No | p-type 0.23 2.22e+15 101 ~ 1017 [135, 134, 1] | 18.55  0.95 22.59  87.44
Cu Te-rich Cu_Cd No | p-type 0.14 8.37e+16 10! ~ 10'° [80, 103, 155] | 20.53 1.05 22.29 88.10

formation energies is that they depend on the relative energies of the given states of the local,
isolated process within the system rather than considering the total energies of all particles that

composed the entire system.

From the formula describing the calculations for the transition levels within the semiconductor
(see Experimental procedures in [120]), such levels can be represented as the energy differences
between two charge states. Because these differences depend on the relative positions of the two
states in energy space, they can be more accurately predicted than the formation energies, which
depend on each particle that makes up the entire structure. Furthermore, it can be shown from
the derivation of the transition levels that the chemical potential variable is independent when
calculating any defined level compared to the formation energies. This suggests that predicting the
formation energies to get the same errors as the transition level requires more features to better

incorporate the chemical potential into the network.

Compared to its binary group counterparts, the artificial neural network demonstrates superior
prediction accuracy for all output DFT-computed properties in binary group II-VI semiconductors,
with smaller errors observed. This enhanced performance can be attributed, first, to the larger
portion of II-IV semiconductor data points available for training. However, it is important to
consider that the network’s underperformance for the IV-IV group can be attributed to the fact
that certain crystal compounds within this group may not be stable in their cubic phases (e.g.,
SiGe). Consequently, this instability leads to unrealistic defect formation energy calculations,
expanding the formation energy range, and rendering prediction more challenging. As II-VI binary

group semiconductors are the most common types of semiconductor system utilized in thin-film
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solar energy technologies, these low error thresholds suggest that the network is a great tool in

predicting the development of new dopants in newer semiconductors for such applications.

The improvements in the performance of ANN and CDGNN models due to the utilization of
the SOAP descriptors can be attributed to the fact that such features assist in adding additional
information regarding the local defect environment, which describes the region where electrons or
holes are exchanged from the atomic impurity to the conduction or valence band; therefore, can
assist in predicting electronic properties of defect within the system. Using the Gaussian-smeared
atomic density around each atom, the descriptors help catalog the overlaps of electron clouds and
the interactive effects of chemical bonding. At the same time, these descriptors are invariant to the
permutations of atomic indices, meaning that one can fine-tune the model to help consider such
invariance from the material structure without the input of a significant amount of training data to
learn such cases, allowing for faster computational times and reducing cost for our neural network

framework.

The relatively low error of ANN for II-IV group compound prediction makes quantitative screen
and prediction possible. The ML-assisted framework for device design presented in this work is a
powerful tool that leverages machine learning techniques to identify potential dopants to optimize
semiconductor device performance. The framework begins with a comprehensive database of defect
properties, including defect formation energies and thermodynamic transition levels, generated
using DFT and ANN predictions. However, several challenges and limitations must be considered.
Notably, while the ML model is capable of predicting a wide range of properties and can optimize
device design, it faces challenges when estimating the deep-level capture rate for defects. Accurate
predictions for deep-level defects necessitate theoretical calculations and experimental evidence
[231], which the ML model cannot provide at current stage. Additionally, the model’s consideration
is primarily focused on substitutional defects and interstitials, overlooking other critical point defect
types, such as defect complexes [189, 216], which can significantly impact semiconductor devices.
To enhance the framework, a more comprehensive defect dataset is required. The other limitation

is that the dataset does not include hexagonal phase semiconductors, such as CdSe and GaN. The
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framework’s performance and applicability are limited to the semiconductor materials present in the
available data. Expanding the dataset to include hexagonal phase semiconductors could enhance

the framework’s versatility.

5.3 Summary

The ML-assisted Device Design Framework presents a powerful approach to streamline the dopant
screening process, resulting in significant time and cost savings. Instead of relying solely on exhaus-
tive experimental trials, the framework utilizes machine learning to predict defect properties for
various dopants across the chemical space. This predictive capability enables researchers to identify
promising potential dopants more efficiently, reducing the need for extensive and resource-intensive
experimentation.

By employing the comprehensive defect property database generated through DFT, the frame-
work significantly narrows down the pool of potential dopants with desired properties. This targeted
selection process minimizes the need to perform numerous experiments, saving both time and labor.

Moreover, the integration of TCAD simulation further refines the search for dopants, focusing on
those that have the most favorable characteristics for device optimization. By combining machine
learning predictions with physical models in TCAD simulations, researchers can efficiently gather
figures of merit and assess the potential impact of selected dopants on device performance.

The ML-assisted device design framework represents a significant departure from traditional
dopant screening methods, providing an innovative, data-driven approach that streamlines the
search for superior dopants in semiconductor devices. This transformative framework optimizes
resources and expedites the discovery process. Nevertheless, some challenges remain, particularly
in accurately predicting deep-level capture rates and addressing the absence of defect complexes,
and hexagonal phase semiconductor data. Furthermore, there is room for improvement in achieving
quantitative analysis for I1I-V and IV-IV types, which might require additional data or more refined
descriptors. Future research efforts should be directed towards overcoming these limitations while

further advancing the application of this framework in semiconductor device design.
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Chapter 6

CONCLUSION

This dissertation presents a comprehensive framework for defect modeling and device optimiza-
tion in chalcogenide photovoltaics, specifically targeting CIGS and CdSeTe materials. By integrat-
ing first principles density functional theory (DFT), continuum modeling, and Al-driven methods,
we have developed a robust predictive model for the electronic performance and optimization of

thin-film solar cells.

One of the key contributions of this work is the detailed analysis of defect formation and diffu-
sion mechanisms in CIGS and CdSeTe. Through DFT calculations, we have accurately determined
the formation energies and migration barriers of various intrinsic and extrinsic defects. This funda-
mental understanding allows for precise control over defect profiles, which is critical for optimizing

the material properties and enhancing device performance.

Our continuum modeling approach further bridges the gap between atomic-scale defect proper-
ties and macroscopic device behavior. By incorporating defect thermodynamics and kinetics into
process and device simulations, we have successfully predicted the impact of defect distributions
on carrier lifetimes and solar cell efficiencies. This coupled simulation framework provides valuable
insights into the manufacturing process, enabling the fine-tuning of process parameters to achieve

optimal device performance.

Additionally, the incorporation of Al-driven methods, including machine learning algorithms,
has significantly accelerated the prediction and screening of defect properties. Our machine learning
models, trained on extensive DFT datasets, offer rapid and accurate predictions of defect formation
energies and charge transition levels. This integration of Al with traditional modeling techniques
exemplifies the potential of hybrid approaches in advancing semiconductor research and develop-

ment.
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The predictive TCAD model developed in this work represents a significant advancement in
the field of chalcogenide photovoltaics. By providing a detailed and accurate depiction of defect
behaviors and their impact on device performance, this framework serves as a powerful tool for
guiding experimental efforts and accelerating the development of high-efficiency thin-film solar
cells.

In conclusion, this dissertation not only enhances our understanding of defect physics in chalco-
genide materials but also establishes a versatile and efficient framework for the optimization of
thin-film photovoltaic devices. The methodologies and insights presented here are expected to have
far-reaching implications, paving the way for future innovations in photovoltaic technology and

beyond.
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Appendix A
SDEVICE EXAMPLE (CIGS SOLAR CELLS)

R i L i L L L L L i L L A L T T T T i 1 1 1

Electrode{

{ Name="Base” Voltage= 0.0}

{ Name="Emitter” Voltage= 0.0}

L L L L L L L i (i
File{

#-Predefined paranmeters

Grid = 7@tdr@”

Plot = 7 @tdrdat@”
Current = ”@plot@”
Output = ”Qlog@”

Param = ”@parameter@”

DevFields="@Qtdr@Q”
PMIUserFields = ”@tdr@”

IlluminationSpectrum= ”"amlbg_1.2um_equi—10nm. txt” #AM1.5 G Spectrum

}
Physics (Materiallnterface = ”Molybdenum/CulnGaSe”)
{
Recombination ( surfaceSRH )
¥
Physics (Materiallnterface = ”CulnGaSe/CdS”)
{
Recombination ( surfaceSRH )
}

Physics (Region="CIGS_Region”){

Incompletelonization (Dopants = ”VcuConcentration IncuCuthConcentration GacuCuthConcentration”)
Traps (
#Gacu

(Donor fromValBand Sfactor="PMIUserField6” EnergyMid=0.73335 eXsection=@exsection@ hXsection=Q@hxsection@)

#Culll
(Acceptor fromValBand Sfactor="PMIUserField10” EnergyMid=0.3801 eXsection=@exsection@ hXsection=Q@hxsection@)

Physics{
HeteroInterface
Fermi

Mobility ( ConstantMobility )



132

EffectivelntrinsicDensity (NoBandGapNarrowing)

Recombination (Radiative

Optics (

ComplexRefractivelndex ( WavelengthDep(real

,SurfaceSRH)

OpticalGeneration (

imag) )

QuantumYield (Stepfunction (Bandgap))

ComputeFromSpectrum (

Excitation (

Theta=

180

Window ("L17) (

)

)

OpticalSolver (
™M (

)

Origin = (0,4.5)
OriginAnchor = Center
Line ( Dx = @QWidth@ )

PropagationDirection

NodesPerWavelength

LayerStackExtraction

WindowName

) * end of OpticalSolver

) * end of Optics

Perpendicular
50
(

»L1”

Plot{

xMoleFraction
yMoleFraction

BandGap

eMobility

hMobility
LatticeTemperature
hEffectiveStateDensity
eEffectiveStateDensity
IntrinsicDensity
DonorPlusConcentration

AccepMinusConcentration

#—OpticalGeneration :

AbsorbedPhotonDensity
OpticalGeneration
TotalConcentration
DopingConcentration
ComplexRefractivelndex

OpticalAbsorptionHeat



#—Density and Currents, etc:

eDensity hDensity

TotalCurrent eCurrent hCurrent

eMobility hMobility

eVelocity hVelocity

eQuasiFermi hQuasiFermi

eTrappedCharge hTrappedCharge
eGapStatesRecombination hGapStatesRecombination

DeepLevels

#—Fields and charges:

ElectricField /Vector Potential SpaceCharge
ElectricField

#—Doping Profiles:

Doping DonorConcentration AcceptorConcentration

#—Driving forces:

eGradQuasiFermi/Vector hGradQuasiFermi/Vector
eEparallel hEparallel eENormal hENormal

#—Band structure/Composition:

BandGap
BandGapNarrowing

ConductionBand ValenceBand

#—Recombination:

TotalRecombination
SRHRecombination
AugerRecombination

SurfaceRecombination

Math {
Extrapolate
Derivatives
RelErrControl
Notdamped=100
Iterations=40
SubMethod=ParDiSo
Method=Blocked
Stacksize= 200000000
Traps (Damping=100)

Number_of _Threads = maximum
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Solve {
Coupled(Iterations=100){ Poisson}
Coupled{ Poisson Electron Hole}

Quasistationary (
InitialStep=1le—3 Increment=1.2
Minstep=1le—13 MaxStep=0.01
Goal{ Name="Base” Voltage= 1.0}
){ Coupled{ Poisson Electron Hole} }
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Appendix B

ML-ASSISTED DOPANT SCREENING FOR DEVICE DESIGN (EXAMPLE
OF CDTE SOLAR CELLS)

B.1 Device Simulation Details

Sentaurus TCAD is used for device simulation [192]. The model consists of three semiconductor
layers, CdTe, CdS and ZnO. Critical parameters of these layers are listed in Table B.1. Mo is used
as back contact. The back surface recombination velocity is set to 10° cm/s. The Transfer Matrix
Method (TMM) is used in Sentaurus Device to calculate the propagation of plane waves through
layered media under the AM 1.5 Global spectrum with an integrated power of 1000 W/m?2. There
are two deep level defects considered in CdTe, Vg and Teqq. We use NONRAD [5, 198] to compute
carrier capture for both two defects. The hole/electron carrier capture cross sections found for Vg
(-1/0) are 8.66 x 1071¢ and 1.34 x 10716, respectively. The hole/electron carrier capture cross sections
for Tecq (4+1/0) are 1.19 x 107*% and 3.73 x 107'?, respectively. These capture cross sections are
then implemented into SRH recombination model in device simulation to simulate defect influence

on carrier lifetime.

Table B.1: Critical parameters in CdTe Device Model

CdTe CdS Zn0O
Thickness (nm) 4000 50 50
Bandgap (eV) 1.50 24 3.6
Carrier Density (cm™) varied 1.1 x 10 10%®
Dielectric Constant 10.2 [138] 8.4 [113] 9.0 [202]
Effective mass e/h 0.095/0.84 [226] 0.25/0.70 [113]  0.24/0.59 [183]
Mobility e/h (cm?/V s) 320/80 [76] 100/25 [113] 200/25 [109]

Lifetime e/h (ns) Defect-assisted SRH Model 0.01/0.1 0.1/0.1
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Table B.2: ML-assisted Dopant Screening for Device Design (Example of CdTe

Solar Cells, Full Table)

Dopant| Condition Dominant Defects Deep Type Fermi Level Carrier Density @ 300K (cm™3)
Level? (eV)
Li Cd-rich Li_Cd, Li_int_A, Li_int_B, Yes p-type 0.37 9.85e+12
Li_int_neut
Li Te-rich Li_Cd, Li.int_A Yes p-type 0.12 1.64e+17
Na Cd-rich Na_Cd, Na_int_A, Na_int_B Yes n-type 1.18 -5.20e+12
Na Te-rich Na_Cd, Na_int_A Yes p-type 0.28 3.86e+14
K Cd-rich K int_A, K_Cd, K_int_B Yes n-type 1.34 -2.30e+15
K Te-rich K_Cd Yes p-type 0.19 1.47e+16
Rb Cd-rich Rb_int_A, Rb_Cd Yes n-type 1.27 -1.40e+14
Rb Te-rich Rb_Cd Yes p-type 0.26 8.11e+14
Cs Cd-rich Cs_Cd Yes n-type 1.27 -1.39e+14
Cs Te-rich Cs_Cd Yes p-type 0.38 6.65e+12
Be Cd-rich Be_Cd No n-type 1.20 -8.42e+12
Be Te-rich Be_Cd No p-type 0.62 6.17e+08
Mg Cd-rich Mg_Cd No n-type 1.26 -1.15e+14
Mg Te-rich Mg_Cd No p-type 0.56 7.92e4-09
Ca Cd-rich Ca_Cd No n-type 1.27 -1.40e+14
Ca Te-rich Ca_Cd No p-type 0.50 6.75e+10
Sr Cd-rich Sr_Cd No n-type 1.27 -1.39e+4-14
Sr Te-rich Sr_Cd No p-type 0.42 1.58e+12
Ba Cd-rich Ba_Cd No n-type 1.27 -1.39e+14
Ba Te-rich Ba_Cd No p-type 0.36 1.67e+13
B Cd-rich B_Cd, B_Te Yes n-type 1.27 -1.39e+-14
B Te-rich B_Cd Yes p-type 0.32 7.53e+13
Al Cd-rich Al_.Cd Yes n-type 1.31 -5.94e+14
Al Te-rich Al.Cd Yes n-type 1.28 -2.20e+14
Ga Cd-rich Ga_Cd Yes n-type 1.25 -6.07e+13
Ga Te-rich Ga_Cd Yes n-type 1.19 -6.67e+12
In Cd-rich In_Cd Yes n-type 1.27 -1.34e+414
In Te-rich In_Cd Yes n-type 1.12 -3.99¢+11
T1 Cd-rich TI.Cd, Tl.int_A Yes n-type 1.25 -7.96e+13
T1 Te-rich TI1_.Cd Yes n-type 0.92 -1.86e+08
C Cd-rich C_Te Yes n-type 1.27 -1.39e+14
C Te-rich C_Cd, C_Te Yes p-type 0.32 7.53e+13
Si Cd-rich Si_Te Yes n-type 1.26 -1.09e+14
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F.int_ A
Cl.Te
Cl_Te, Cliint_A
Br_Te
Br_Te
I.Te
I.Te
Sc_Cd
Sc_Cd
Ti_-Cd
Ti_-Cd
V_Cd
V_.Cd
Cr_Cd
Cr_Cd

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Yes

Yes
Yes
No

No
No
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

p-type
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0.55
1.27
0.73
1.27
0.65
0.25
0.32
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0.23
0.24
1.27
0.32
0.39
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0.87
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0.54
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0.81
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0.89
0.82
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Mn_Cd
Mn_Cd
Fe_Cd
Fe_Cd
Co_Cd
Co_Cd
Ni_Cd, Ni_int_neut
Ni_Cd
Cu-Cd
Cu.Cd
Zn_Cd
Zn_Cd
Y_Cd
Y_Cd
Zr_Cd
Zr_Cd
Nb_Cd
Nb_Cd
Mo_Cd
Mo_Cd
Tec_Cd
TcCd
Ru_-Cd
Ru_-Cd
Rh_Cd
Rh_Cd
Pd_int_neut, Pd_int_B
Pd_Cd
Ag Cd, Ag-int_B

Ag_Cd, Ag_int_B, Ag_int_neut

La_Cd
La_Cd
Hf_Cd
Hf_Cd
Ta_Cd
Ta_Cd
W_Cd
W_Cd
Re_Cd

Yes
Yes
Yes
Yes
Yes
Yes
Yes

n-type
p-type
n-type
p-type
n-type
p-type
n-type
p-type
n-type
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1.22
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0.93
0.62
0.91
0.51
1.27
0.45
1.26
0.14
1.22
0.61
1.38
1.37
1.27
1.06
1.27
0.37
1.27
0.32
1.27
0.32
1.27
0.32
1.27
0.48
1.27
0.33
0.25
0.12
1.27
1.26
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0.32
1.27
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-9.97e+13
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7.53e+13
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Ir
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Pt
Au
Au
Hg
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Te-rich
Cd-rich
Te-rich
Cd-rich
Te-rich
Cd-rich
Te-rich
Cd-rich
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Cd-rich
Te-rich

Re_Cd
0s_Cd
0s_Cd
Ir_Cd, Ir_int_neut
Ir_Cd

Pt_int_neut, Pt_Te, Pt_Cd

Pt_Cd
Au_Te, Au_Cd
Au_Cd
Hg_Cd
Hg_Cd

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

No

p-type
n-type
p-type
n-type
p-type
n-type
p-type
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p-type
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1.27
0.32
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0.32
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Figure C.1: Dependence of lattice parameter ag and bandgap on U of different methods: standard
DFT (U=0 eV) and GGA+U. The stars represent the HSE06 values. The dashed lines represent
the experimental values.

Appendix C
POINT DEFECTS ENGINEERING IN CDTE AND CDSETE ALLOY

C.1 Hubbard U Values Determination

The determination of the optimal U value for each material remains a matter of debate because
a U value is often optimal for some calculated properties, but not all of them[215]. Here, we
systematically vary the U value and compare the calculated results with experimental data, such as

bandgap, lattice constant, and formation enthalpy. The comparison with other methods is shown



141

2.30 -0.70
—— Asz!

o
nNo
Q

2.25}

2.20¢

T ;}. T
L 4
L 4
.

Energy Difference (eV)
N
b =
ul
Energy Difference (eV)
S 6 o o o
H (0, (0] o)} @)
u o ul o ul

2.00

400 450 500 550 940750 450 500 550
Energy Cutoff (eV) Energy Cutoff (eV)

Figure C.2: Energy difference (Epur — Egefect) of defects (As}; and Teood) without correction with
energy cutoffs ranging from 400 eV to 550 eV.

in Fig C.1. The U value we chose (U=12.2 eV) show excellent agreement with the experimental
bandgap and lattice constant. Besides, the experimental formation enthalpy of CdTe is -1.30 eV[18],

which is close to -1.28 €V obtained in this work.

C.2 Energy Cutoff Validation

The energy cutoff for the plane-wave basis set in this work is set to 450 eV. To ensure that this
energy cutoff is reasonable, we compared the energy difference between the bulk CdTe supercell
and the CdTe supercell with defects (such as As;; and Te2,;) without correction across a range of
energy cutoffs from 400 eV to 550 eV. This comparison plot shows athat the error between large
energy cutoff (550 eV) and 450 eV is within 11 meV, confirming (Fig C.2) that our chosen energy

cutoff is appropriate.
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Table C.1: Mean Values and Standard Deviation (o) of CdSeTe Alloy Bulk Energy Fjp,x and Lattice
Constants ag.

Alloy Eputk (V) | opuk (eV) | ag (A) [ 014t (A)
CdSe0.25Te0,75 -44.25 0.048 6.34 0.003
CdSe0.50Te0_50 -47.84 0.039 6.21 0.013

Table C.2: CdSeTe Alloy Linear Regression Model: coefficients AFE for each feature. All features are
standardized before training. For nearest neighbor counting features, the count is specific to Se atoms. The
training error is 0.1 meV while the testing error is 0.6 meV.

Feature | AE (meV) | Feature | AE (meV)
Se ratio 57 INN Se 8

(Se ratio)? 24 2NN Se 0.4
3NN Se 2 4NN Se 6

C.3 Se Distribution Dependence in CdSeTe Alloy

Utilizing a supercell program [148], we generated 30 configurations for each alloy composition,
prioritizing those with the highest frequency of occurrence. In Table C.1, we list the average values
and standard deviations of bulk energy and lattice constant of 25% and 50% CdSeTe alloy (30
configurations for each). In Table C.2, we use a linear regression model to explore the relationship
between the Se local arrangement and bulk energy. The data consists of 66 points, with Se ratios
ranging from 0% to 50%. The small standard deviation values and coefficients in Table C.2 imply
that there is minimal Se-Se interaction and negligible dependence of lattice constants and bulk

energy on Se arrangement.
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