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Optoelectronic materials are essential for today’s scientific and technological development, and machine learning pro-
vides new ideas and tools for their research. In this paper, we first summarize the development history of optoelectronic
materials and how materials informatics drives the innovation and progress of optoelectronic materials and devices. Then,
we introduce the development of machine learning and its general process in optoelectronic materials and describe the spe-
cific implementation methods. We focus on the cases of machine learning in several application scenarios of optoelectronic
materials and devices, including the methods related to crystal structure, properties (defects, electronic structure) research,
materials and devices optimization, material characterization, and process optimization. In summarizing the algorithms
and feature representations used in different studies, it is noted that prior knowledge can improve optoelectronic materials
design, research, and decision-making processes. Finally, the prospect of machine learning applications in optoelectronic
materials is discussed, along with current challenges and future directions. This paper comprehensively describes the ap-
plication value of machine learning in optoelectronic materials research and aims to provide reference and guidance for the
continuous development of this field.

Keywords: optoelectronic materials, devices, machine learning, prior knowledge
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1. Introduction
Optoelectronic materials have a wide range of applica-

tions in various fields of modern technology, including fiber
optic communication, UV detectors and LEDs, power devices,
solar cells, optical sensors, and lasers.[1–8] These materials ex-
hibit excellent performance, and with continuous research and
development, they keep offering more efficient and reliable so-
lutions.

The research and development of traditional opto-
electronic materials require a lot of trial, error, and
improvements.[9] Meanwhile, computational methods such
as density functional theory (DFT),[10] molecular dynam-
ics simulation,[11] and Monte Carlo simulation[12] have been
widely used in the prediction of material properties and
structures.[13–15] The results of theoretical and computational
simulations can better guide experiments. For example, Monte
Carlo simulations study carrier transport[16] or finite element
methods to simulate optical properties.[17] However, although
experimental and theoretical research has produced massive
databases, their capabilities are still limited. The methodol-
ogy is time-consuming and costly, not only for optoelectronic
materials but for all other materials.

In 2011, the materials genome initiative (MGI) was
launched[18] to accelerate the optimization and application of
new materials by integrating experimental, theoretical, and

computational approaches.[19,20] High-throughput computing
is a vital tool and method that provides computational sup-
port for the MGI.[21–23] Currently, materials informatics,[24]

as an interdisciplinary discipline covering the fields of mate-
rials simulation and computer, is intertwined with the MGI
to provide more opportunities for materials research.[25] Fig-
ure 1 shows the stages of development of materials science,
and the integration of knowledge and technology between the
locations has contributed to the progress of materials science.
The data-driven stage has evolved towards fast, efficient, and
sustainable.

Machine learning (ML) empowers computers to learn
from experience and continually enhance their performance
across various tasks, broadening the scope of computational
applications and improving efficiency. Leveraging ML can
significantly reduce the number and costs of traditional trial-
and-error experiments in optoelectronic materials. By analyz-
ing large amounts of data and patterns, ML can predict the
properties and behaviors of materials. This approach signifi-
cantly reduces the required experiments and expedites the de-
velopment process.

According to the data from Web of Science, there are a
total of 222 papers when searching for the topic of machine
learning and optoelectronic materials, with 197 published in
the past five years, and the progress is astonishing. These re-
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searches apply ML to material design, process optimization,
properties prediction, structure analysis, and more. For exam-
ple, support vector machine (SVM), random forest (RF), and
other ensemble models have been important tools in electronic
structure properties prediction.[26–29] Deep learning (DL) has
been widely used in optoelectronic materials and often neces-
sitates substantial volumes of data. Convolutional neural net-
work (CNN), recurrent neural network (RNN), generative ad-
versarial network (GAN), and graph neural network (GNN)
are mainly applied to properties prediction,[30–32] structure
prediction,[33–35] image analysis,[36] and optimization.[37]

Nevertheless, numerous material or device datasets in prac-
tice fall short of achieving such scale. Transfer learning (TL)
emerges as a valuable technique, enabling DL models to be ef-
fectively trained even when confronted with limited data.[30,31]

With the development of ML in materials, advanced ML algo-
rithms have gradually been applied to optoelectronics, provid-
ing more intelligent, efficient, and adaptive methods for the
research and application of optoelectronic materials. Active
learning is used in applications such as property prediction,[38]

discovering new materials,[39] and capturing atomic force
fields.[40] Reinforcement learning[41] improves the efficiency
of material optimization.[42] ML interatomic potentials (ML-

IAPs) and force fields (MLFFs) perform nanosecond molecu-
lar dynamics simulations.[43,44]

ML enhances research efficiency, improves material
properties, and advances optoelectronic materials through
these applications. However, choosing proper ML models to
achieve desired characteristics is still challenging when re-
lating entirely new material. Review articles could supply
some methodologies for beginners. Unfortunately, we no-
tice that most of these articles focus more on a specific mate-
rial, such as new 2D materials,[45] perovskite materials,[46–48]

nanoplasmonics,[49] etc. Seldom covers a wide range of opto-
electronic materials and devices.

In this paper, we initially provide a brief development of
ML and an overview of the typical workflows in optoelec-
tronic materials ML. Subsequently, we delve into the method-
ologies and techniques employed to apply ML in predicting
and optimizing optoelectronic material structures and device
properties. These applications underscore how ML is well-
positioned to expedite research, enhance performance, and
drive the development of optoelectronic materials. Finally,
we discuss the challenges and prospects within this domain,
offering insights and recommendations for future research di-
rections and trends.
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Band theory

Thermodynamic laws

Statistical physics

Computational materials

Monte Carlo
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Molecular dynamics

Finite element analysis

Data-driven

High-throughput
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Data integration 

Statistical analysis
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Fig. 1. Advances in materials science.

2. Fundamentals of ML

Research problems in optoelectronic materials are di-
verse, and different ML algorithms and techniques apply to
different problems. Understanding the development of ML
can help researchers select appropriate methods to solve spe-
cific optoelectronic materials problems. Understanding the
general process of ML can help researchers plan better, exe-
cute, and improve applications in optoelectronic materials and
increase the efficiency and quality of research. This section is
organized around two subsections, and we focus on the general
process of ML of optoelectronic materials.

2.1. The development of ML

In 1956, John McCarthy et al. introduced the concept
of artificial intelligence (AI) at the Dartmouth Conference,
and various theories and algorithms emerged after decades
of development.[50–52] ML, as a branch of AI, has developed
from simple to complex and can be summarised in the follow-
ing stages.

In the early stages of ML, algorithms relied heavily on
manual feature engineering, requiring the manual extraction of
relevant features as model inputs. Typical algorithms included
linear regression and SVM. While these algorithms performed
well in many tasks, the reliance on manual feature engineer-
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ing limited their applicability. With DL, multilayer neural net-
works can learn hierarchical representations directly from the
raw data, thus eliminating the need for explicit feature engi-
neering. CNN and RNN have demonstrated strong capabilities
in feature learning and have made significant progress in nat-
ural language processing (NLP).[53] Reinforcement learning
focuses on intelligent autonomous decision-making to maxi-
mize gains and is suitable for online learning and optimiza-
tion in control tasks. Current multimodal learning integrates
information from different sources, while TL enables knowl-
edge transfer across domains. These models allow ML to solve
complex real-world problems.[54]

ML has experienced a leap from weakness to strength,
from simple statistical analyses to autonomous learning func-
tions. Its application domains and boundaries expand, pro-
viding novel tools and methods for solving multifaceted chal-
lenges.

ML opens up new opportunities in various subfields of
materials science. Butler et al.[55] presented advances in ML
in chemical sciences regarding material design, material syn-
thesis, and theoretical guidance. Piccinotti et al.[56] sum-
marized AI’s research progress in photonics, nanophotonics,
and plasmonics. Schleder et al.[57] outlined using DFT, high-
throughput computing, and ML, modern methods of comput-
ing materials, to design novel materials with enhanced prop-

erties. Choudhary et al.[58] outlined advances in DL meth-
ods for atomistic simulations, materials imaging, and spectral
analysis. In addition, Golmohammadi and Aryanpour[59] col-
lected and organized the articles containing keywords such as
ML and materials discovery from 2011–2022 and predicted
the properties of more than thirty materials using ML and pro-
posed four guidelines to help researchers develop better mod-
els. Kadilkar et al.[60] discussed the progress of using ML to
design materials with target properties and how ML can re-
duce the design space’s dimensionality. Liu et al.[61] reviewed
advances in research for semiconductor materials and manu-
facturing, where ML has become a powerful tool for semicon-
ductor research, helping to analyze large-scale datasets and
solve complex problems in semiconductor materials science
and manufacturing. As an emerging strategic material, apply-
ing ML to assist the research and development of optoelec-
tronic materials is an important direction of current research.

2.2. ML process for optoelectronic materials

The general ML process for optoelectronic materials is
shown in Fig. 2. It typically includes data collection and pre-
processing, feature engineering, model selection and training,
and model evaluation and optimization. Below, we detail the
application of these steps to research in optoelectronics.
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Fig. 2. The general ML process for optoelectronic materials.

2.2.1. Data collection and preprocessing

Data collection and preprocessing are the first steps in
ML of optoelectronic materials. Constructing high-quality
datasets requires acquiring data from multiple sources, includ-
ing data obtained from experimental measurements, compu-
tational simulation results, and materials reported in the pa-
per. Researchers can collect primary data, such as compo-
nents and structures of actually synthesized optoelectronic ma-

terial samples, and property data, such as conductivity and op-
tical properties obtained from measurements from COD,[62]

and ICSD[63] databases. Computational material databases in-
clude AFLOW,[64] MP,[65] NOMAD,[66] and CMR.[67] Con-
tain property data of optoelectronic materials that have been
predicted using first-principle calculations and other methods.
Data related to optoelectronic materials can also be extracted
from the published literature.
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In addition to numerical data, it is possible to create
datasets of topographic images of optoelectronic materials ob-
tained by instruments such as scanning electron microscopy
(SEM) and atomic force microscopy and datasets of charac-
teristic spectra of optoelectronic materials obtained by testing
with devices such as UV-vis spectrometers.

By integrating and processing heterogeneous data from
multiple sources, a comprehensive and high-quality optoelec-
tronic material dataset can be constructed for training ML
models, material property prediction, and new material discov-
ery. These rich and influential data will significantly improve
the learning ability and generalization of the models.

ML in optoelectronic materials science is highly de-
pendent on standardized, high-quality data, and many open
initiatives that provide standardized materials data follow-

ing the FAIR (findable, accessible, interoperable, reusable)
principle[68] are of great significance. Table 1 lists some vi-
tal standardized initiatives that allow different researchers to
compare and reproduce on a uniform database, accelerating
research progress. Statistical techniques and data mining can
be used to normalize or discretize the raw data to obtain high-
quality data. For example, missing data imputation[69] can
be used to improve the completeness of datasets; sampling
strategy[70] can be used to achieve model performance bench-
marks with fewer data; and data augmentation[71] can be used
to reduce the reliance on more labeled data. Through these
standardization and quality control measures, we can provide
high-quality and uniform data sources for ML, reduce the im-
pact of data noise on the model, and promote the development
of research in optoelectronic materials.

Table 1. Standardization initiatives.

Name URL Description

JCAMP-DX http://www.jcamp-dx.org/
Electronic data standards for chemical and
spectroscopy information.

KIM API https://openkim.org/kim-api/
API standard for connecting molecular
simulation codes with interatomic models.

Nomad meta info https://nomad-lab.eu/services/metainfo
Schema for storing results of ab initio and
force-field atomistic simulations.

Open force field toolkit https://docs.openforcefield.org/
Specification for encoding molecular
mechanics force fields.

CIF https://www.iucr.org/resources/cif A standard for crystallographic information.
CML http://www.xml-cml.org/ Molecules, compounds, reactions, spectra, crystals.

ESCF
https://gitlab.com/ElectronicStructureL An initiative of the electronic structure
ibrary/escdf/escdf-specifications library contributors.

2.2.2. Feature engineering

Feature engineering is an integral part of data science and
ML and can significantly impact the performance and effec-
tiveness of models. Feature engineering mainly includes fea-
ture extraction, construction, and selection.

Feature extraction is a critical step in extracting use-
ful information from raw data. This process helps reducing
the feature matrix’s dimensionality, reducing computational
complexity and shortening training time. Among the dimen-
sionality reduction methods, principal component analysis[72]

(PCA) and linear discriminant analysis (LDA)[73] are com-
monly used techniques. Potapov and Lubk[74] applied PCA
to denoise spectral images. They believed the data needed to
be smoothed, filtered, and weighted. Otherwise, the denois-
ing effect of PCA will be reduced, and human error will be
introduced.

Feature construction is constructing new features from
material data by combining and transforming them. The opto-
electronic material features are constructed as shown in Fig. 3
and include in the following aspects.

(i) Basic attribute features Use the basic attributes of the
optoelectronic material, such as components, crystal structure

parameters, energy gap, electronic density of states, etc., as the
initial features.

(ii) Structural descriptors Construct various types of de-
scriptors describing the component and structural information
of the material, such as atomic symmetry functions, crystal
fingerprints, etc., to capture the topological structural features
of the material.

(iii) Graph network features Use GNN or graph con-
volutional network (GCN) to extract the connectivity network
features of the material to describe the atomic arrangement and
crystal symmetry.

(iv) Spectral features Extract features from experimental
or computational spectra to construct spectral fingerprints and
other features to describe the optical properties of materials.

(v) Image features Use computer vision technology to
process SEM and transmission electron microscope (TEM)
images of materials to extract image features that character-
ize the size, shape, distribution, and other information.

(vi) Multi-source feature fusion Synthesize the features
obtained from the above channels to construct a comprehen-
sive material descriptor.
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Fig. 3. Feature construction methods for optoelectronic material.

Feature selection plays a crucial role in data analysis and

ML, which can improve the performance and interpretability
of models. Wang et al.[75] introduced standard feature selec-
tion methods for perovskite materials. Whether used individ-
ually or in combination, the Pearson correlation coefficient in
the filtering method, recursive feature elimination in the wrap-
ping method, and tree model in the embedding method ap-
peared more frequently. Choosing appropriate feature selec-
tion methods can significantly reduce model complexity and
improve model interpretability. Through practical feature en-
gineering, data redundancy can be eliminated, the robustness
of model prediction can be improved, and the model’s learn-
ing of fundamental physical mechanisms can be more explicit.
Table 2 lists some of the commonly used features.

If the dataset is small, the complexity of the data distribu-
tion is low. In that case, too many features make the model
complex overcapacity, resulting in overfitting.[76] When the
number of features is close to or exceeds the number of sam-
ples, the model can simply memorize each training sample and
lose the ability to generalize.

Table 2. Common features.

Electronic structure Geometric structure Elemental composition Material fingerprint Potential function Spectrum

band gap lattice constant atomic number Coulomb matrixa ACSFb XRD
electron affinity dihedral angle covalent radius 2D diffraction fingerprintc SOAPd XAS
charge density bond angle electronegativity morgan fingerprint GAPe XES

band center radial distribution function first ionization energy voronoi fingerprint DEEPmdf UVS

aRef. [77], bRef. [78], cRef. [34], dRef. [79], eRef. [80], fRef. [81] .

Randomly omitting half of the feature detectors[82] can
prevent the problem. The regularization technique prevents
neural network overfitting and improves the model’s gener-
alization ability. Its basic idea is to randomly drop some of
the hidden layer nodes with a certain probability during the
training process to avoid these nodes from over-dependence
on the features of other nodes. In testing, all nodes participate
in the prediction, but the output is scaled to compensate for
the effect of ignoring nodes. It regularizes the network by ran-
domly ignoring nodes during training, encouraging nodes to
learn features that do not depend on each other, thus improv-
ing generalization.

It is also possible to transform the regression problem into
a classification problem by simply determining whether the
bandgap is within a specific range without predicting the ex-
act value of the bandgap.[83] To better adapt to the needs of
practical applications, we convert continuous bandgap values
into binary labels and simplify the task of judging whether the
material is usable instead of accurately predicting the bandgap
values. This method reduces the difficulty of the prediction
task and focuses more on determining the availability of the
material.

TL can utilize the information of rich data in the source
domain, which is suitable for the case of relatively few sam-

ples in the destination domain. Some material representation
methods, such as GNN and crystal fingerprints, can be applied
to various optoelectronic materials to realize TL. These meth-
ods are widely used in materials science and other fields to
help understand and interpret complex features. They can re-
duce the difficulty of the target task and make it easier for ML
models to capture essential patterns, thus improving the accu-
racy and interpretability of predictions.

2.2.3. Model selection and training

Model selection and training is an iterative process that
needs to be adjusted and optimized according to the actual sit-
uation. The experience of the experts, as well as the types of
models and methods used in previous studies, are factors to be
considered.

ML algorithms are classified into supervised, unsuper-
vised, weakly supervised, and reinforcement learning. The
ML models built based on ML algorithms are shown in Fig. 4.
Many papers describe the process of ML algorithms.[84–87]

Depending on the nature and characteristics of the problem,
we need to choose the appropriate model architecture.

Supervised learning relies on explicit labeling informa-
tion, unsupervised learning does not use labeling information,
and weakly supervised learning uses partial, incomplete, or in-
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accurate labeling information. Reinforcement learning learns
decision-making strategies by interacting with the environ-
ment. The core idea of TL is to improve performance on a
new task by utilizing existing knowledge rather than learning
from scratch.

Classification algorithms include support vector classi-
fication (SVC), logistic regression, decision tree (DT), RF,
k-nearest neighbor (KNN), etc., and common regression al-
gorithms include linear regression, support vector regression
(SVR), gradient boosting regression (GBR), etc. In artificial
neural network (ANN), the nature of tasks, whether classifi-
cation or regression, is typically determined by the network’s
output layer. Softmax and sigmoid output layers are employed
for classification tasks, while linear and single-neuron output
layers are used for regression tasks. Furthermore, choosing the
neural network’s loss function determines whether the network
performs classification or regression. For instance, classifica-
tion tasks typically utilize cross-entropy loss, whereas regres-
sion tasks utilize mean squared error loss.

2.2.4. Model evaluation and optimization

Objectively evaluating model performance is necessary to
improve the model’s generalization ability and better adapt
to unknown data. Researchers usually use cross-validation
methods to measure model performance.[88] Error assessment
in classification tasks can use metrics such as accuracy, F1-
score, AUC-ROC curve, etc.; regression tasks can use mean
absolute error, root mean square error (RMSE), R2 score, etc.
Different evaluation metrics can measure the performance of
the model from different perspectives. By adjusting hyper-
parameters, regularization techniques, and adopting a stacked
ML model,[89] the model’s performance can be effectively im-
proved, and more accurate ML models can be constructed.

This subsection summarizes the general ML process. Ta-
ble 3 lists the optoelectronic material ML tools. These tools
can fully support and accelerate the development of optoelec-
tronic materials. Researchers must establish a solid mathemat-
ical foundation, deeply understand ML algorithms and princi-
ples, and utilize these tools for rigorous experimental design
and validation to avoid misleading results.
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Fig. 4. Common ML models.

Table 3. Resources for materials ML.

Name URL Description

ML frameworks
Pytorch https://pytorch.org/ Programming deep neural networks (DNN) specifically for GPU acceleration.
Scikit-learn https://scikit-learn.org/stable/inde-x.html Encompasses mainstream ML algorithms.
Tensorflow https://www.tensorflow.org/ Used for building and training various ML models.
Keras https://keras.io/ Advanced neural network API.
Materials ML tools
Atomate https://atomate.org/ Materials workflows based on FireWorks.
Datamol https://github.com/datamol-io/data-mol Molecular processing tool.
HTTK https://httk.openmaterialsdb.se/ High-throughput toolkit.
Matminer https://github.com/hackingmater-ials/matminer A library for data mining in materials science.
Pymatgen https://pymatgen.org/ A library for materials analysis.
ASE https://wiki.fysik.dtu.dk/ase/ Manipulating, running, visualizing, and analyzing atomistic simulations.
JAMIP http://jamip-code.com/ An open-source integrated infrastructure for computational materials informatics.
CDVAE https://github.com/txie93/cdvae Generating new stable materials.
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3. ML applications in optoelectronic materials and devices

This section will introduce the application of ML in optoelectronic materials and devices. The basic information of related
literature is summarized in Table 4, including the research content, best ML algorithms (some of the literature used only one

Table 4. Literature analysis.

Research topic Optimal algorithm Feature Contribution

Band gap

RF Atomic number, atomic orbitals, electronegativity,
formation energy, etc.

Prediction of eleven undiscovered materials with
desired band gaps and formation energies.a

RF Electronegativity, molar mass, etc. Screening of four new quaternary sulfur-based
semiconductor materials.b

SVR As, P, Sb percentages, strain, etc. Importance of high-quality first principles com-
putational training data for ML model prediction
accuracy.c

SVR Average mass, electronegativity, phase type, etc. Best results were obtained using PBE results and
element information as features.d

SVR Covalent radius, electronegativity, valence, etc. Best results obtained using PBE results and ele-
ment information as features.e

SVR Atomic radius, atomic number, valence, etc. ML predictions of band gaps are closer to experi-
mental values than DFT.f

GBR Tolerance factor, octahedral factor, electronegativ-
ity, polarizability, etc.

Establishment of a comprehensive structure-
property map of hybrid organic–inorganic
perovskites.g

GBR Crystal space group, electronegativity, energy lev-
els, atomic distance, etc.

Discovery criteria for novel lead-free perovskites
through statistical analysis of selected features.h

GBR Octahedral factors, ionization energy, electron
affinity, polarizability, etc.

Feature vectors, including element-related prop-
erties and DSOf, provide the best prediction
accuracy.i

GPR Grain size, lattice parameters, etc. High prediction accuracy and stability using a
small sample size (65 samples) in the GPR model.j

ANN Reciprocal of layer number, ionic radius, oxida-
tion state, etc.

Screening of promising candidate perovskite
materials.k

GPR, active learning Atomic radius, electronegativity, ionization en-
ergy, etc.

Discovery of optimal heterostructures with mini-
mal first-principles calculations.l

Defect properties

Linear regression Branch-point energy, charge neutrality level Prediction of point defect formation energies and
transition levels using only branch-point energy
from bulk-phase unit cells.m

RF Element properties, cell defect properties Optimal features combining impurity atom’s el-
ement properties with energy and electronic in-
formation calculated through low-cost cell defect
calculations.n

RF Structural descriptors, chemical descriptors, com-
parison of defect structures with host materials

Exploration of two-dimensional materials’ defect
design space, revealing numerous promising can-
didate defects.o

Defect classification
CNN-TL SEM image Introduction of CNN-based TL for automatic de-

fect classification.p

CNN Photoluminescence spectrum images Introduction of FCN framework for pixel.q

Device characteristic

Logistic regression Photoresponse current Higher reconstruction accuracy using an ML al-
gorithm compared to traditional computational
methods.r

GPR J–V curve Discovery of 5% Mn-doped CMZTSSe solar cells
with an efficiency of 8.9%.s

Ensemble learning Voltage, current, power, etc. Tracking the maximum power of PV panel
systems.t

Ensemble learning Resistivity, emission layer resistance, diffusion
boat, and tube numbers

Understanding solar cell efficiency and its tempo-
ral trends.u

ANN, CNN Doping concentration, voltage, barrier layer thick-
ness, C–V curve

Analysis of the C–V curve of barrier infrared
detectors.v

DL Molecular fingerprints, molecular physics, chemi-
cal properties

Efficient additive screening in perovskite LEDs.w

RNN Solar zenith angle, dry bulb temperature, cloud
cover

Comparison of physical and ML models in es-
timating solar radiation and photovoltaic power
accuracy.x

LDA [Zn]/[Ge] ratio, Raman spectra, photovoltaic pa-
rameters

Establishing relationships between Raman spec-
tra, composition, and efficiency.y
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Table 4. Continued.

Research topic Optimal algorithm Feature Contribution

Crystal structure

RF Atomic number, atomic radius, electronega-
tivity, etc.

Identification of eight descriptors for crystal
structure determination.z

RF BVVS, atomic number, atomic radius, elec-
tronegativity, etc.

Ten feature descriptors to recognize crystal
structures.aa

CNN 2D diffraction fingerprint Introduction of 2D diffraction fingerprint.ab

Thin film morphology identification GAN, ANN 2D standard deviation, similarity index, etc. Selection of optimal features using a ther-
mal diffusion search algorithm and genera-
tion of enhanced morphology images using
SinGAN.ac

Nanopore identification CNN TEM images Image segmentation methods applied to in-
situ TEM image analysis.ad

Identifying chemical composition CNN UV-vis spectra Effective identification of component infor-
mation from UV-vis spectra.ae

Stability GPR, active learning Voronoi tessellation Generalization of the model for searching
binary metal-oxide structures.af

DOS GPR SOAP Simulation and explanation of complete
phase transitions in disordered silicon.ag

Energy, quality ANN Effective mass, band gap, lattice parameters Reduction in solving Schrödinger’s equa-
tion time using ANN.ah

Orbital energies GCN Molecular graph Effective use of DL models for virtual
screening of optimal host molecules and
emitting molecules for OLEDs.ai

Luminous intensity RNN Humidity and photoluminescence time se-
ries

Framework for designing stable perovskite
devices.aj

Molecular properties ANN Molecular fingerprints Discovery of new OLED materials with ex-
ternal quantum efficiency up to 22%.ak

aRef. [28], bRef. [29], cRef. [26], dRef. [100], eRef. [101], fRef. [102], gRef. [103], hRef. [104], iRef. [105], jRef. [108], kRef. [106], lRef. [38], mRef. [112],
nRef. [113], oRef. [114], pRef. [36], qRef. [127], rRef. [126], sRef. [120], tRef. [125], uRef. [119], vRef. [117], wRef. [124], xRef. [118], yRef. [123],
zRef. [33], aaRef. [35], abRef. [34], acRef. [128], adRef. [130], aeRef. [129], afRef. [39], agRef. [43], ahRef. [109], aiRef. [31], ajRef. [32], akRef. [23].

approach), feature selection, and main contributions. Choos-
ing an appropriate model needs to consider the specifics of the
task, and prior knowledge can help researchers identify more
effective methods for dealing with specific problems.

3.1. Crystal structure

Studying crystal structures provides essential information
for deeply understanding materials’ fundamental properties,
structural characteristics, and behavior. Takahashi Keisuke
and Takahashi Lauren[33] demonstrated that Gaussian mixture
models are used to understand the data structure of material
databases, while RF is used to predict crystal structures. Ziletti
et al.[34] constructed a CNN model to classify structures based
on crystal symmetry automatically. They proposed a descrip-
tor called 2D diffraction fingerprint. Zhang et al.[35] utilized
bond-valence vector sum (BVVS) and elemental information
to describe the complex geometric shapes of perovskites. It
has been demonstrated to adapt well to small-sample datasets
for prediction without constructing large datasets, and even
with just 10 feature descriptors, it can identify space groups
and crystal systems.

By learning the latent representation space of crystal
structures, the variational autoencoder (VAE) can generate

new structures with features similar to known ones. Banko
et al.[90] utilized the crystal structure representations learned
by VAE to reveal latent information, such as structural simi-
larities in texture diffraction patterns. Ren et al.[91] introduced
a framework for universal reverse design (not limited to a spe-
cific set of elements or crystal structures). It features a uni-
versal reversible representation encoding of crystals in both
real and reciprocal space and attributes structural latent spaces
from the VAE.

The crystal structure can be represented as a crystal struc-
ture graph (CSG). GNNs provide a powerful tool for under-
standing, modeling, and optimizing crystal structures. Xie and
Grossman[92] utilized crystal structures for predicting mate-
rial properties and designing knowledge extraction. The au-
thors proposed a crystal graph convolutional neural network
(CGCNN) framework. The crystal structure encodes atomic
information and bonds interactions between atoms. Then, a
CNN is constructed on the CSG to automatically extract the
optimal representation of the target property through training.
CGCNN is able to predict eight different properties with high
accuracy.

GNNs provide a learning approach for representing mate-
rial structures as graph structures. Researchers have proposed
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GNNs to predict different properties of materials and contin-
uously optimize the structure and performance of the models.
Chen et al.[93] developed universal materials graph network
(MEGNet) models for predicting the properties of molecules
and crystals. Karamad et al.[94] proposed the orbital graph
convolutional neural network (OGCNN), which showed the
potential to accurately predict the properties of materials such
as metals, minerals, and oxides. Park and Wolverton[95] devel-
oped an improved variant of the CGCNN model (iCGCNN),
which showed a reduction of about 20% in prediction error
compared to the original CGCNN model. Choudhary and
DeCost[96] presented an atomistic line graph neural network
(ALIGNN), which utilizes bond lengths and bond angles as
the edge features of the line graph and explicitly and efficiently
incorporates the delicate atomic structure information. Lee
and Asahi[97] proposed TL using a crystal graph convolutional
neural network (TL-CGCNN) to improve prediction accuracy.
Wang et al.[98] proposed an attention mechanism-based crys-
tal graph convolutional neural network (A-CGCNN), which
enhances the integration of crystal topology and atomic fea-
tures.

Table 5 compares these models’ differences in applica-
tions and methods. Most of these models are applied to ma-
terial property prediction, the inputs are mostly CSG, and the
methodology draws on GNNs for modeling, with various im-
provements based on CGCNN.

Table 5. Process optimization flowchart.

Model Input data Method overview

CGCNN CSG Encoding atomic information and bonding
interactions between atoms.

MEGNet Crystal chem-
istry graph

Introducing a unified free energy model
with global state variables, extracting inter-
pretable element embeddings, and capable
of handling both molecules and crystals.

OGCNN Crystal atomic
orbital graph

Enhancing feature representation by incor-
porating orbital interactions and using an
encoder–decoder structure.

iCGCNN CSG Connecting each node to its Voronoi neigh-
bors explicitly introduces 3-body terms in
convolution functions and optimizes edge
embeddings.

ALIGNN Lattice-based
line graph

Utilizing bond length, bond angle, and
other factors as edge embeddings, perform-
ing message passing alternatively on atomic
bond graphs and corresponding line graphs.

TL-CGCNN CSG Improving CGCNN through TL techniques.
A-CGCNN CSG Incorporating attention mechanisms into

CGCNN.

3.2. Properties research

One of the primary objectives of ML is to predict the
physical and chemical properties of optoelectronic materials.
We can predict and understand materials’ optical and elec-
tronic properties more accurately, which is crucial for op-
toelectronic devices, energy conversion, and optical appli-
cations. Additionally, research on electronic structure and

defects profoundly impacts optoelectronic materials because
they directly relate to the material’s optical and electronic
properties.[99] By delving into the study of these two aspects
of properties, we can highlight the importance of ML in opto-
electronic materials research and provide powerful tools and
methods for the discovery and performance optimization of
new materials. These studies contribute to advancing the fore-
front of science and provide essential support for innovative
technologies and sustainable development.

3.2.1. Electronic structure

Bandgap is an essential concept in electronic structure,
which describes the energy difference between the valence
band and conduction band in a material. By predicting and
controlling the bandgap of semiconductor materials, electronic
devices such as transistors, solar cells, and photodetectors can
be designed for different applications. When researchers use
different models to solve similar problems in different studies,
comparing the performance and results of these models can re-
veal commonalities and differences between them. The SVR
and GBR models are strong for bandgap prediction.

Mondal et al.[26] used ML to predict the properties of the
bandgap for quaternary III–V semiconductors. The author em-
phasized that the most widely used ML model in semiconduc-
tor material bandgap prediction is SVM. They trained an SVR
model to predict the bandgap and utilized the trained SVC
model to filter out unreliable data. The authors also provided a
comprehensive view of the material’s properties, constructing
bandgap phase diagrams of GaAsPSb, allowing researchers to
identify which compositional ranges and strain conditions the
material may be suitable for optoelectronic devices and which
conditions may not.

Zhu et al.,[100] Huang et al.,[101] and Zhuo et al.[102] used
first-principles calculations combined with ML to predict the
electronic structure properties of materials. Zhu et al.’s re-
search objective was to predict the bandgap, valence band
maximum (VBM), and conduction band minimum (CBM) of
two-dimensional materials. Huang et al. aimed to predict ni-
tride materials’ bandgap and band offset, and Zhuo et al. pre-
ferred to predict the bandgap of inorganic solid materials. We
analyze the prediction results of bandgap in these three stud-
ies because it is a critical parameter in determining the op-
toelectronic properties of the materials. Table 6 analyzes the
bandgap prediction results of the best models in these three
studies, along with their chosen algorithms and features. Miss-
ing data indicates that the best model does not apply to this
simple feature space.

Zhu et al. and Huang et al. are very close to each other re-
garding dataset size. Both of them use the PBE method, which
is less computationally expensive, and the HSE method, which
is more accurate but more computationally expensive. Still,
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there are some differences in the specific content and focus of
the studies.

Table 6. Experimental comparison.

Researchers
Data

Algorithms Feature
Bandgap

size RMSE (eV)

PBE results, bandgap,
Zhu et al.a 451 LR VBM, CBM. –

RFR Element features only. 0.57
Radial SVR (best) PBE results and 0.13

element features.

Huang et al.b 300 Linear SVR 18 element properties. 0.298
Poly SVR Expanded to 26

Radial SVR (best) dimensions via 0.293
LR feature engineering.

ANN With an additional PBE 0.099
DNN bandgap feature.

Zhuo et al.c 3896 Linear SVR 34 element properties. 0.45
Poly SVR

Radial SVR (best)
KNN
KRR

aRef. [100], bRef. [101], cRef. [102].

Zhu et al. used three models to predict the bandgap and
band positions of 2D semiconductor materials and constructed
three different feature sets. Set-I relies on the results of PBE
calculations, Set-II is based on the basic properties of the el-
ements only, and Set-III is a combination of Set-I and Set-II.
The selection and combination of these feature sets provide
diversity in their study. Huang et al. focused on predicting ni-
tride semiconductor materials’ bandgap and band alignment,
employ six models, such as SVM and LR, and construct three
different feature sets. Set-I contains 18 elemental attributes,
Set-II adds the bandgap obtained from PBE calculations as
features to Set-I, and Set-III constructs a new 26-dimensional
feature space using feature engineering. By comparison, the
relative importance of each attribute of SVR-based bandgap
prediction is electronegativity, covalent radius, valence, and
first ionization energy in descending order. Zhuo et al. trained
an ML model using only experimentally measured bandgap
and compositional information to quickly and accurately pre-
dict the material bandgap. The model predictions are closer
to the experimental values than the DFT calculations and can
accurately predict the bandgap of inorganic solids.

The three studies explored the applicability of the mod-
eling algorithm in predicting the material properties and pro-
vided valuable experience for subsequent studies. The results
show that the SVR model can predict the bandgap of mate-
rials more efficiently than the DFT calculation with a certain
accuracy. In addition, by comparing the RMSEs of bandgaps
of the three articles, we can find that the error of predicting
bandgaps is still too high compared with the first two studies,
although Zhou et al. have a larger dataset. So, the accuracy of

bandgap prediction can be improved by utilizing PBE calcula-
tion results and elemental features.

Similarly, Lu et al.,[103] Im et al.,[104] and Ma et al.[105]

had combined ML with first-principles calculations to discover
desired materials rapidly. Lu et al. collected bandgap data
of reported organic–inorganic perovskites and established a
nonlinear mapping between material features and bandgaps
using the GBR algorithm. They trained six suitable lead-
free candidate materials out of unexplored organic–inorganic
perovskites. Further first-principles calculations on these
six candidates’ thermal stability, environmental stability, and
electronic structures revealed three lead-free hybrid organic–
inorganic perovskites that meet the design requirements for
ideal optoelectronic materials. Im et al. generated a database
of hypothetical lead-free halide double perovskites and ob-
tained their enthalpies of formation and bandgaps using first-
principles calculations. Prediction models for enthalpy of for-
mation and bandgap were built using the GBR algorithm, giv-
ing importance scores for each feature. Ma et al. acquired
geometric and electronic structure data of 2D octahedral oxy-
halides as training datasets for ML models. After testing SVR,
RF, bagging, and GBR algorithms, the GBR algorithm was
chosen to build the prediction model.

However, there are some differences in feature engineer-
ing and research objectives. Lu et al. obtained 14 critical fea-
tures, including structural characteristics and elemental prop-
erties, from 30 initial features, thereby discovering stable lead-
free hybrid organic–inorganic perovskites for solar cells. Im
et al. used 32 features, including octahedral factors and ele-
mental properties, to find lead-free perovskites for solar cells.
Ma et al. obtained 26 essential features, including stacked oc-
tahedral factors and elemental properties from 62 initial fea-
tures, discovering new two-dimensional oxyhalides for opto-
electronic devices. Despite different research goals, the com-
bined computational and GBR for materials discovery is sim-
ilar, demonstrating the applicability of this approach to dis-
cover various types of optoelectronic functional materials.

In addition, several studies utilized different approaches
to predict the band gap. Allam et al.[106] utilized an ANN
model to explore the chemical space of possible layered per-
ovskite structures and to screen suitable material candidates as
solar cell materials. They found the number of layers, anion
oxidation state, and cation ionic radius to be the most crit-
ical factors affecting the bandgap. Choubisa et al.[107] pro-
posed the deep adaptive regressive weighted intelligent net-
work (DARWIN) framework to accelerate material discovery.
A GCN model was utilized to predict the bandgap. The au-
thors used DARWIN to extract several chemical rules that
explain the direct–indirect nature of bandgaps, such as the
fact that p-block elements with larger atomic masses are more
likely to form direct bandgaps. These rules reconfirmed the
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patterns reported in the paper and provide new statistically sig-
nificant chemical patterns. In designing stable UV-emitting
direct bandgap materials, the authors found from halide mate-
rials that electronegativity differences within an optimal range
are an essential feature for predicting the performance of such
materials. Based on this criterion, the authors successfully
synthesized K2CuCl3 and characterized its structure and lu-
minescence properties. The results showed that the emission
wavelength of K2CuCl3 is lower than 400 nm, which meets
the requirements of the designed UV-emitting materials. First-
principles calculations also verified the bandgap and lumines-
cence properties.

Gao et al.[29] screened four new quaternary semiconduc-
tors (Ag2InGaS4, AgZn2InS4, Ag2ZnSnS4, and AgZn2GaS4)

with direct bandgap by RF algorithm. Takahashi et al.[28]

visualized and analyzed the data and found several implied
trends determining the material’s band gap. The authors built
an RF model to predict the bandgap of perovskite materi-
als, and 11 previously undiscovered perovskite materials with
ideal bandgaps and formation energies were discovered.

By adjusting the types and concentrations of different
doping elements, the electronic structure of material films can
be modified, thereby tuning their bandgap. Zhang and Xu[108]

developed a GPR model to predict bandgap based on lattice
constants and grain size. The authors collected experimental
data on 65 doped ZnO thin films, and the model achieved ex-
cellent prediction accuracy on bandgap. It can assist in design-
ing and comprehending these multi-doped materials to make
them have a tunable bandgap. The GPR model is a powerful
regression method for small sample and uncertainty modeling.

In addition to the bandgap, highest-occupied molecu-
lar orbital (HOMO) and lowest-unoccupied molecular orbital
(LUMO) also provide crucial information about the material’s
electronic structure and energy level distribution. Saleh et
al.[27] predicted the energy levels of organic semiconductor
materials in photodetectors to find new building blocks by
mining a photovoltaic database. ML methods such as light gra-
dient boosting machine (LGBM) and GBR model were used to
train models for predicting HOMO and LUMO energy levels
and power conversion efficiency. Jeong et al.[31] developed
a GCN model to predict the HOMO and LUMO energies of
molecules. Using TL, they initialized the model with parame-
ters from a previously developed model for predicting spectral
properties and then trained it on the HOMO and LUMO en-
ergy databases. Comparing from-scratch training to TL, they
found the TL model had lower prediction errors. Using this
model to assist in designing and preparing deep-blue OLED
devices resulted in an external quantum efficiency of 6.58%.
The model enabled rapid and efficient prediction of HOMO
and LUMO energies to aid in designing optoelectronic mate-
rials.

Studying the properties of quantum wells allows for an
in-depth understanding of the electronic structure of semi-
conductor materials. The ground state energy and effec-
tive mass are usually properties closely related to a quantum
well’s electronic structure. Da Silva Macedo et al.[109] used
ML to rapidly and accurately predict the electronic proper-
ties of quantum well semiconductor heterostructures. The au-
thors obtained the eigenstate energies and effective masses for
thousands of heterostructure configurations to train an ANN
model. The trained model can accurately predict the properties
of new heterostructures in milliseconds, saving approximately
1000 times the time it would take to solve the equations di-
rectly. This significantly reduces the computational barriers in
designing quantum well devices.

Crystalline materials exhibit excellent electronic and op-
tical properties in optoelectronic devices. Nevertheless, amor-
phous materials have extensive prospects for specific appli-
cations such as flexible electronics and solar cells.[110,111] De-
ringer et al.[43] revealed the amorphous silicon’s structural and
electronic phase transition at the atomic scale under high pres-
sure. Predicted changes in the electronic structure indicate a
semiconductor-to-metal transition in amorphous silicon under
high pressure. This transition significantly impacts the opto-
electronic response of amorphous silicon. Although optoelec-
tronic applications are primarily focused on crystalline silicon,
the methods used in this study can be extended to investigate
the structural stability and electronic structure of other opto-
electronic materials.

3.2.2. Defects

Defects can alter crucial properties of materials, such as
electronic structure and conductivity. Understanding and con-
trolling defects can assist in optimizing the performance of
materials to meet the requirements of various applications.

Varley et al.[112] showcased a computationally efficient
model capable of accurately predicting the formation energies
of cation vacancies and pinpointing the positions of their elec-
tronic states in an extensive range of II–VI and III–V materi-
als. Importantly, this model eliminates the need for calcula-
tions involving supercells composed of ∼ 100 atoms, relying
exclusively on parameters derived from the primitive unit cell
of bulk materials, typically consisting of 2–4 atoms.

By using a dataset generated through DFT, Mannodi-
Kanakkithodi et al.[113] developed accurate and widely appli-
cable models for predicting impurity properties in cadmium-
based chalcogenides. Researchers initially converted the ma-
terial systems into numerical descriptors, encompassing im-
purity element attributes, defect site information, and low-cost
single-cell calculated defect attributes. Subsequently, model-
ing was performed using RF, kernel ridge regression (KRR),
and LASSO regression, with their predictive performances
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compared. The RF model can precisely predict impurity prop-
erties in cadmium selenide-sulfide mixtures. Furthermore, in-
cluding PBE-calculated transition levels as descriptors signif-
icantly enhances the accuracy of transition level predictions.

Frey et al.[114] utilized a pre-trained MEGNet model for
TL to predict critical properties of 2D materials to identify
ideal host materials for quantum dot emission. They created
nearly ten thousand defect structures and trained an ensemble
ML model capable of accurately predicting fundamental de-
fect properties without requiring first-principles calculations.
The research team identified 100 promising defect structures,
including deep center defects suitable for quantum emission
and engineered dopant defects for resistive switching.

Wang et al.[115] investigated the fluctuation of defect en-
ergy levels in metal halide perovskites (MHPs) and its effect
on material properties. They developed an MLFF trained on
DFT data to perform nanosecond molecular dynamics (MD)
simulations. They demonstrated that the intrinsic softness and
anharmonicity of the MHP lattice lead to large defect level

fluctuations. The study provided insights into how dynamic
defects can produce desirable MHP properties for solar cells
and other optoelectronic applications. Liu et al.[116] studied
the structural dynamics of the Σ5(120) grain boundary (GB)
in CsPbBr3 on the nanosecond timescale and how the struc-
tural changes affect the electronic structure and potentially
create detrimental mid-gap trap states using MLFF. The au-
thors first constructed a CsPbBr3Σ5(120) GB model and per-
formed ab initio DFT calculations to analyze its initial struc-
ture and band structure. Based on the DFT data, they trained
an MLFF model and used it to perform longer timescale ML-
based MD (MLMD) simulations. The authors established cor-
relations between structural and electronic property changes
by analyzing the GB’s structural fluctuations and periodic DFT
calculations. Figure 5 shows the simulation results based on
the MLFF at the nanosecond scale. The article investigated
grain boundary defects in CsPbBr3 materials, revealing how
the structural dynamics of grain boundaries affected the elec-
tronic structure and providing guidance for defect repair.

Fig. 5. Results based on MLMD. (a) Evolutions of the potential energy fluctuation and the frontier energy levels in the MLMD trajectory.
(b) Evolutions of the energy level differences in the MLMD trajectory and the distribution histograms. (c) LUMO charge densities and Pb
configurations at the labeled states.[116]

3.3. Materials and devices optimization

The optimization of materials and devices in the field of
optoelectronics is essential for advancing technology, improv-
ing performance, and addressing the growing demand for effi-
cient and sustainable optoelectronic solutions.

By predicting device properties, unnecessary device fab-
rication or expensive experimentation can be avoided, thus
providing a more cost-effective route to device optimiza-
tion. Using physics-assisted ML, Pratik et al.[30] estab-
lished the relationship between process conditions and device

capacitance–voltage (C–V ) curves. The models were trained
using theoretical C–V data at frequencies of 1 kHz, 3 kHz,
5 kHz, 10 kHz, 50 kHz, and 100 kHz and measured C–V data
at 1 kHz and 100 kHz. They were subsequently tested with
3 kHz, 5 kHz, 10 kHz, and 50 kHz frequencies. The most sig-
nificant advantage of their data-driven model is that it scales
smoothly to any number of process parameters. Glasmann et
al.[117] investigated two ML algorithms for the C–V charac-
teristics of InAsSb-based barrier infrared detectors: an ANN
was used to predict the capacitance values of the devices, and
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the results showed that the neural network model had a high
generalization ability. As shown in Fig. 6, the CNN model is
used to predict the doping concentration of the absorber, baf-
fle, and electrical contact layers, as well as the thickness of the
baffle layer, using the C–V curve as input. The results show
that the CNN can accurately extract the structural parameter
information from the C–V curves.

Fig. 6. The CNN framework for predicting capacitance–voltage
characteristics.[117]

By carefully designing structures, researchers can cus-
tomize the optoelectronic properties, advancing developments
in fields such as solar cells, lasers, photodetectors, and more.
Bassman Oftelie et al.[38] constructed a GPR model for pre-
dicting material properties of input heterogeneous structures.
Additionally, the authors applied an active learning model
based on Bayesian optimization (BO), which can discover the
optimal heterogeneous structures with minimal first-principles
calculations. Through extensive simulation experiments, Epps
et al.[42] optimized the AI strategy for autonomous materials
synthesis and proposed an efficient ensemble neural network
framework based on reinforcement learning to enhance the ef-
ficiency of synthesizing quantum dot materials. The algorithm
comprehensively considers the global context of the synthesis
process rather than just local optimization, enabling a more ef-
ficient search for global optimality and significantly improving
the success rate. Compared to traditional methods, this algo-
rithm can simultaneously optimize multiple objectives, such
as emission peak, full width at half maximum, and more, mak-
ing material optimization more comprehensive and systematic.
The research findings are of significant importance in advanc-
ing automated synthesis technology, and the framework and
methods have broad application prospects and potential for ex-
pansion in the field of automated synthesis.

Time-series data typically encompass the variation of de-
vice performance parameters, such as photocurrent, open-
circuit voltage, short-circuit current, etc. RNNs hold sig-
nificant application value for handling such time-series data.
Howard et al.[32] studied the influence of humidity on the
luminescent properties of perovskite materials. They con-
ducted dynamic luminescence measurements by controlling
relative humidity and established a predictive model using
RNN, demonstrating the potential application of ML in pre-
dicting the long-term stability of materials. Ramadhan et
al.[118] systematically compared physical and ML models’
performance in estimating solar irradiance and photovoltaic
power. The study selected and compared ML models such as
SVR, RF, RNN, gated recurrent unit (GRU), and long short-
term (LSTM) memory with widely used physical models.
LSTM and GRU are two commonly used variants of RNNs.
They are both designed to address issues such as vanishing
and exploding gradients present in traditional RNNs. Fig-
ure 7 provides a comprehensive view of the accuracy of the
different models in estimating the global horizontal irradiance
(GHI), direct normal irradiance (DNI), and global titled irra-
diance (GTI). LSTM and GRU are better for estimating solar
radiation and photovoltaic power.

Fig. 7. Comparison of accuracy between ML and physical models on
output variables.[118]

Battery conversion efficiency can directly impact the per-
formance and availability of batteries. Wasmer et al.[119] used
ensemble learning to predict solar cell conversion efficiency
and explain the impacts of different features on the predic-
tions. They analyzed the time trends of feature impacts, differ-
entiating which features were more sensitive to short-term ef-
ficiency changes versus long-term efficiency levels. For exam-
ple, the wet bench process significantly influenced the overall
efficiency trend, belonging to short-term influencing factors.
Wafer base resistivity, emitter sheet resistance, and other in-
line measurement data had a persistent impact on efficiency
but did not vary with time. This study effectively parsed the
time trends of solar cell efficiency and its influencing fac-
tors through interpretable ML, providing valuable guidance
for production process optimization.
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The material’s conductivity can be changed in semicon-
ductor devices by adjusting the dopant and doping ratio. Dif-
ferent dopants and doping ratios can lead to other electronic
structures and properties.[120,121] Li et al.[122] predicted the
optimal manganese doping concentration to optimize the per-
formance of Mn-doped CMZTSSe solar cells. The authors
used GPR to predict the optimal Mn doping concentration of
5% in CMZTSSe solar cells. The experimental results verified
this prediction, and a conversion efficiency of 8.9% was ob-
tained for CMZTSSe solar cells based on 5% Mn doping. Fur-
ther characterization results showed that compared with pure
CZTSSe, the main defect of the 5% Mn-doped CZTSSe solar
cell has been changed from CuZn inversion to VCu, which is
one of the reasons for the improved efficiency. This study once
again underscored the reliability of GPR models for small
datasets.

Grau-Luque et al.[123] analyzed the influence of off-
stoichiometry in Cu2ZnGeSe4 on defect formation and so-
lar cell performance using ML. A combinatorial sample con-

taining around 200 Cu2ZnGeSe4 solar cells with different
[Zn]/[Ge] compositions was prepared. The samples were char-
acterized by x-ray fluorescence spectroscopy and Raman spec-
troscopy and correlated with electronic parameters. Further-
more, the Raman spectral data was analyzed using the LDA
algorithm. Specifically, all the Raman spectra measured un-
der different excitation conditions for each cell (a total of
588 spectra) were used as inputs. At the same time, effi-
ciency, open-circuit voltage, and [Zn]/[Ge] ratio were set as
outputs. Each output target was classified into four groups
containing approximately equal data. Figure 8 shows the re-
sults of ML analysis of Raman spectral data for different clas-
sification targets. The training and test scores were close for
the efficiency and open-circuit voltage targets. Solar cells
with the highest efficiency (around 6.3%) were obtained when
1.05< [Zn]/[Ge]< 1.15. This range was considered as the op-
timal cationic composition. The study demonstrated that solar
cell efficiency can be effectively predicted solely based on the
Raman spectral and compositional data.

Fig. 8. Results of the ML analysis of the Raman spectroscopic data for different classification targets: (a) efficiency, (b) Voc, and (c) [Zn]/[Ge] ratio.[123]

Quantum efficiency is an essential tool for assessing and
optimizing the performance of photonic devices. DL provides
strong support in designing highly quantum-efficient devices.
Gómez-Bombarelli et al.[23] designed and synthesized a series
of high-performance organic LED emitter materials. The re-
searchers first conducted large-scale quantum chemistry calcu-
lations using DFT to systematically predict the optical proper-
ties of over one million emissive molecules. They then applied
DL methods to prescreen the computational results and identi-
fied the most promising candidates. These molecules achieved
high maximum external quantum efficiencies of up to 22% af-
ter synthesis and characterization.

Zhang et al.[124] developed an enhanced molecular in-
formation model based on DL to accurately predict the per-
formance of perovskite LEDs using a small dataset of addi-
tive molecules. Using a predicted new additive, they achieved
a high external quantum efficiency of 22.7% for perovskite
LEDs, significantly higher than the previous best of 22%. This
work demonstrated the power of DL for efficient molecular
screening with limited data, providing new insights to boost

the performance of emerging optoelectronic devices.
The data-driven approach based on real-world data, mul-

tidimensional data collection, and high-precision ML models
can potentially support device optimization. Anshul et al.[125]

tracked the maximum power of photovoltaic panel systems.
The ensemble learning algorithm achieved the highest predic-
tion accuracy of 98%. Wang et al.[126] significantly enhanced
the performance of filter-free microspectrometers based on
perovskite materials, providing important references for inte-
grated microspectrometry systems.

Vandermause et al.[40] developed an interpretable GPR
model and an efficient active learning method, enabling the
rapid training of accurate machine-learned force fields with
minimal first-principles computational data. They introduced
a novel active learning approach named fast learning of atom-
istic rare events (FLARE), which successfully trained accurate
potential energy fields for multiple materials. The obtained
machine-learned potential energy fields exhibited a 1000-fold
acceleration compared to first-principles calculations while
maintaining accurate physical descriptions. In this study, the
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authors demonstrated that the noise uncertainty of the GPR
model accurately reflects baseline model errors, while the
norm uncertainty assesses model extrapolation errors. The
GPR model can actively select new training data points dur-
ing molecular dynamics simulations using the FLARE method
based on its own uncertainty estimates. This article lacks spe-
cific cases, but the adaptability and efficiency demonstrated
by this method lead me to believe that it is highly suitable for
application in the study of interfaces and surfaces of optoelec-
tronic materials, providing a precise and efficient potential en-
ergy field description.

3.4. Material characterization

ML models can handle various types of data related to
optoelectronic materials, including but not limited to images,
spectral data, and electron microscopy imaging. This versa-
tility in processing multimodal data empowers ML with re-
markable flexibility and broad applicability in optoelectronic
materials.

Using CNNs to recognize and classify material films and
defects is a reasonable choice. Stern and Schellenberger[127]

used training to test a fully convolutional network (FCN)
for the defect classification of LED chips. The researchers
demonstrated significant success using the DL model, partic-
ularly fully convolutional network (FCN), for LED chip de-
fect classification tasks. Through techniques such as data
augmentation, pretrained CNNs, improved connectivity mech-
anisms, and the application of weighted loss functions, re-
searchers substantially enhanced the accuracy of defect classi-
fication. Furthermore, incorporating additional measurement
values into the analysis further improved performance. These
findings are significant for automated defect detection and
quality control applications.

Imoto et al.[36] developed a method to automatically clas-
sify semiconductor process defect images using CNN and TL
to reduce the expensive manual classification workload. The
method adopts a two-stage TL strategy: firstly, a large amount
of noisy labeled data is used for network pre-training, and then
a tiny amount of accurately labeled data is used for model
fine-tuning. Even with minimal training data, the method can
achieve high classification accuracy. The results show that the
method can accurately classify the main defect types and re-
duce the manual inspection workload by nearly 2/3, fully uti-
lizing the advantages of TL in the case of insufficient training
data and effectively reducing the labor cost of the semiconduc-
tor manufacturing process.

GAN can generate images useful for data scarcity in op-
toelectronic materials research. This approach is expected to
improve the performance of DL models significantly and has
potential for a wide range of applications. Vakharia et al.[128]

employed ML techniques to analyze and predict surface prop-
erties of hybrid perovskite films. Initially, they utilized a GAN
model known as SinGAN to generate multiple morphologi-
cal images at varying scales from a single image. Subse-
quently, they extracted ten image quality assessment features
from these generated images. To determine the most relevant
feature subsets, they applied a heat transfer search algorithm
for feature optimization. Finally, these selected feature subsets
were input into four ML models: DT, SVM, KNN, and ANN
for recognizing the morphology of different perovskite films.
The findings demonstrated that combining optimized features
with ANN yielded the highest prediction accuracy compared
to other combinations. This study underscored the potential of
using GAN-based data augmentation and ML models to rec-
ognize film morphology and defects in semiconductor manu-
facturing automatically.

Fig. 9. Prediction of electrical conductivity using CNN. Panels (a), (b) and (c) show six DF example images representing low, medium, and high
conductivity values. Panel (d) shows the predicted values compared with the true value.[131]

CNNs can also be applied to analyze properties, struc-
tures, and components. Chen et al.[129] developed a CNN
model to establish correlations between the UV-vis absorption

spectra and chemical compositions of gold nanoclusters, en-
abling the identification of nanocluster compositions from fea-
tureless absorption spectra. Wang et al.[130] demonstrated the
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feasibility of CNN-based TEM image analysis for the struc-
tural control of 1T-phase CrTe2. The approaches in this study
could be extended to the structural control of other 1T or 2H
phase 2D materials, providing vital support for emerging 2D
material optoelectronic devices.

Srivastava et al.[131] applied fundamental ML models to
address various problems, such as time-series photolumines-
cence intensity prediction, extrapolative device power output
prediction, and extracting conductivity information from im-
ages. They proposed a holistic, integrated ML pipeline con-
cept encompassing multiple stages of perovskite solar cell de-
velopment, from component screening to material fabrication
and device testing. This allowed the establishment of feedback
loops between different stages, enabling end-to-end learning
and optimization from material design to device enhancement.

We will use the prediction of conductivity as an exam-
ple. They constructed a CNN model using dark field (DF) im-
ages. The researchers divided the DF image data of 210 spiro-
OMeTAD films into training, test, and validation sets in the ra-
tio of 16:5:4. Seven conductance measurements were acquired
for each image at different locations using I–V data. Then, all
measurements for each image were averaged and normalized.
Data enhancement (rotation, scaling) was performed during
the training process to obtain a model that predicts the con-
ductance values of individual images. In Fig. 9, they compared
the conductivity predicted using the CNN model with the ac-
tual value, yielding a correlation between the visible DF image
and the conductivity.

3.5. Process optimization

Optoelectronic material processes typically involve
tuning multiple parameters and variables with complex
interrelationships.[132,133] ML can process high-dimensional
data and find complex correlations between parameters to op-
timize the process.

Miyagawa et al.[134] optimized the process conditions of
TiOx/SiOy/c-Si heterostructures in hydrogen plasma treatment
(HPT) using the BO method to improve their surface inter-
face passivation properties. The researchers first deposited
3 nm TiOx films on c-Si substrates, and some of the samples
were oxidized by H2O2 to form a SiOy interlayer before TiOx

deposition. Then, the team performed HPT on the samples,
which involved six variable parameters: process temperature
(THPT), process time (tHPT), hydrogen pressure (pH2), hydro-
gen flow rate (RH2), radio frequency power (PRF), and elec-
trode distance (d). To optimize the process conditions for
HPT, they first conducted ten sets of randomized experiments
to obtain initial data, predicted the best combination of param-
eters based on a GPR model, and repeated the optimization
cycle until the global optimum was found. The results showed
that the six parameter combinations of HPT were optimized
through only 15 rounds of optimization cycles, and the carrier
lifetime was increased to more than three times than that of
the untreated one. This study proved that BO is a practical
method for efficient optimization of multidimensional param-
eters, which provides valuable inspiration for preparing high-
efficiency silicon heterojunction solar cells using TiOx.

Multi-round optimization

Narrowing variable range

Collecting more data

Iterative model optimization, etc.

Define optimization objectives

Optimize yield

Improve performance

Reduce costs, etc.

Application validation

Preparation of device samples

Stability testing

Evaluation of performance

Experimental design

Variable range and quantity

Statistical methods

Feature selection

Model establishment, etc.

Identify influencing factors

Doping ratio

Ligand concentration

Temperature

Reaction time, etc.

Process

Optimization

Fig. 10. Process optimization flowchart.

Wei et al.[135] investigated the use of ML to optimize the
chemical deposition method for preparing p-type transparent
conductive materials Cu–Zn–S thin films. The researchers
strategically designed two rounds of orthogonal experiments:
the first round examined the effects of four parameters, and

the results of the first round guided the second round to opti-
mize the parameters further. Based on the first round of ex-
periments, the authors built an SVR model to obtain a predic-
tive mapping map in the parameter space. The SVR model
was built again for training and prediction to guide parame-
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ter selection in the second round of experiments. The results
show that the optimized Cu–Zn–S thin film can reach a con-
ductivity of 430 S/cm with an average visible light transmit-
tance of 80%, and the efficiency of the p–n heterojunction op-
toelectronic device it prepares is two times higher than that of
the unoptimized film. This study demonstrates that ML opti-
mization combined with the orthogonal design of experiments
can effectively find the optimal parameters for preparing high-
performance p-type transparent conductive CuZnS thin films
and improve the efficiency of material and device develop-
ment. This idea of multi-round optimization is worth learning
and applying, and we have established the flow chart of pro-
cess optimization in Fig. 10. The method can be extended to
optimize other material synthesis processes.

ML can control parameters such as deposition rate, tem-
perature, and gas flow rate by optimizing and adjusting the pa-
rameters of the fabrication process, and the optimization and
adjustment of these parameters can improve the properties of
the thin film layer and make the semiconductor device perfor-
mance more reliable. Jin et al.[136] optimized a showerhead
design for semiconductor manufacturing to improve airflow
uniformity. The authors developed a CAD showerhead param-
eter model with 30 design variables, including the stem, back
plate, porous baffle, and panel dimensions. The main design
variables were the hole diameter distribution on the panel and
the fillet radius of the stem. The authors collected data through
CFD simulation and established the relationship between de-
sign variables and flow uniformity using linear regression and
GPR models. Through sensitivity analysis, the authors found
that the hole diameters in the inner regions and the second
fillet radius significantly affected the airflow uniformity. The
authors then used genetic algorithm (GA), stochastic gradi-
ent descent (SGD), and BO algorithms to optimize the panel
design. Like conventional optimization algorithms, GA and
SGD required a large amount of data and ran independently.
Both algorithms found the optimal design, improving the air-
flow uniformity by 5.7% compared to the baseline. Based on
Gaussian process modeling and acquisition functions, the BO
algorithm utilized CFD feedback. It only needed one tenth of
the baseline design data and improved the airflow uniformity
by 9.6% compared to the baseline. The computational cost
was reduced by 10 times.

However, when considering the fillet radius design vari-
ables, the performance of BO was inferior to GA and SGD
algorithms. The main reasons were: first, the BO algorithm
relies on the GPR model, and its fitting accuracy may not
be as high as other models trained on large datasets. Sec-
ond, the fillet radius variables had local optima, which BO
was more prone to get trapped in. Finally, the large range
of the fillet radius variables resulted in an overly large search
space, which was also disadvantageous for BO. In compari-
son, GA and SGD were more capable of handling complex

and high-dimensional design spaces through multi-round iter-
ative search.

GA has shown potential for application in the optimal de-
sign of optoelectronic materials. For example, Zhu et al.[137]

used a GA to optimize the design of III–V nitride light-
emitting diodes and balanced luminous efficiency and oper-
ating voltage. Patra et al.[138] established a model based on a
GA to predict and optimize the defect configurations in mono-
layer MoS2, which improves the optoelectronic conversion ef-
ficiency. The BO algorithm excels at tackling highly noisy and
non-convex complex problems, making it applicable to opti-
mizing the structure and composition of optoelectronic materi-
als. SGD, on the other hand, can be utilized for training large-
scale DL models to predict the performance of optoelectronic
materials. These algorithms can be employed individually or
in combination to optimize optoelectronic materials coopera-
tively. They hold great promise in advancing the design and
optimization of optoelectronic materials, thereby contributing
to the further development of optoelectronic technologies.

We summarize representative ML methods in the last six
years in Fig. 11, the application and development of which
are expected to bring breakthroughs in optoelectronic materi-
als. They improve the performance and efficiency of optoelec-
tronic materials and expand the functions and applications of
optoelectronic materials, providing strong support for devel-
oping a new generation of high-performance, low-cost, envi-
ronmentally friendly, and sustainable optoelectronic technolo-
gies.

Figure 11(a) breaks through the computational barriers
of DFT, making first-principles methods infinitely scalable.
It represents a milestone in materials science. Figure 11(b)
employs DL to predict complex spectra from composition and
structure, avoiding the cumbersome first-principles calcula-
tions. This model is vital for advancing various functional
materials, including optoelectronics. Figure 11(c), employing
NLP techniques such as word embeddings, has been used for
the first time to analyze scientific literature, extracting knowl-
edge in materials science. This method has provided a fresh
perspective for materials science research, and its framework
can be extended to predict various functional materials and
applied to paper in other scientific domains. Figure 11(d) has
surpassed various limitations of empirical potentials and, re-
lying on high precision, can be widely applied to crystalline,
defective, liquid, and interfacial materials. They have opened
up new frontiers in atomic simulation and provide robust sup-
port for theoretical exploration and optimization of optoelec-
tronic materials. Zuo et al.[142] comprehensively evaluates
the current major ML-IAPs, provides insights on the tradeoffs
between accuracy, training data requirements, and computa-
tional cost, and provides benchmarks and guidance for future
ML-IAPs development and applications. Figure 11(e) has
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Fig. 11. Representative machine learning methods. (a) The materials learning algorithms (MALA) framework.[139] (b) The Mat2Spec model
architecture.[140] (c) Corpus training process.[141] (d) ML-IAP development workflow.[142] (e) The CGCNN model.[92] (f) The inverse design
network (IDN).[143] (g) An overview of the JARVIS infrastructure.[144]
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pioneered a new field in crystal structure prediction and under-
standing using DL. It is a significant milestone in developing
materials representation learning and GNNs. Figure 11(f) has
introduced a new approach to materials reverse engineering.
It generates structural parameters based on given spectral re-
sponses, representing an emerging research area in applying
optoelectronic materials. Figure 11(g), utilizing DL for effi-
cient first-principles calculations has significantly reduced the
time required compared to traditional computational methods.
It is one of the essential achievements in developing optoelec-
tronic materials.

4. Conclusion and perspectives
We have outlined the general process of applying ML to

optoelectronic materials. We have discussed standard methods
for data collection and feature engineering in optoelectronic
materials and have addressed the issue of overfitting. Our main
focus has been on the applications of ML in optoelectronic
materials. Through discussions of various research works,
we have examined the impact of feature selection on research
outcomes and summarized the applicability of different ML
models in studying photonic materials and device properties.
SVM and ensemble learning methods like GBR demonstrate
exceptional performance in handling high-dimensional sparse
data, making them invaluable for predicting material proper-
ties. The GPR model performs exceptionally well with small
datasets, such as predicting band gaps after doping. RNNs
are well-suited for managing time series data, such as assess-
ing the stability of solar cells and estimating the lifetime of
excited states. GNNs excel at modeling the intricate relation-
ships between material structure and properties, encompass-
ing electronic band structures, conductivity, and optical prop-
erties. CNNs are widely employed for defect detection and
property prediction tasks. Reinforcement learning is effec-
tively applied to optimize materials and device performance.
TL proves its worth in scenarios where data is limited. Active
learning offers an efficient means to reduce the search space
and experimental costs through iterative feedback, making it a
valuable tool for process optimization. ML-IAPs and MLFFs
are pivotal in investigating molecular systems’ properties, re-
actions, and behaviors.

ML has excellent potential in optoelectronic materials.
However, the challenges in data requirements, transferability,
and feature selection must be overcome to better apply them
to real-world materials research and design.

(i) The main goal of optoelectronic databases is to col-
lect, store, manage, and share various data, including exper-
imental, computational, and literature data. Researchers can
utilize NLP techniques to search for the required information.
One of the goals of the materials and genomics initiative is

to unify the materials innovation infrastructure (MII) by ex-
tending its scope to include properties, synthesis, processing,
and fabrication methods of optoelectronic materials to build a
comprehensive data infrastructure.

(ii) Property research is the focus of optoelectronic ma-
terials, and we take defect research as an example, where we
first build a defect database containing structural and chemical
information about defects and extract features based on this in-
formation. Hand-designed features can utilize domain knowl-
edge and a priori information and apply them to semiconduc-
tor domains and tasks. However, automatically generated fea-
tures can handle large-scale and complex datasets. Therefore,
we can use automatic feature selection and dimensionality re-
duction techniques to simplify the feature space and discover
more data patterns and relationships. Then, we can train dif-
ferent models, such as regression algorithms to predict defect
properties and classification algorithms to predict defect en-
ergy level locations. According to the prediction results of the
model, combined with the material’s properties, we can screen
out the eligible candidates.

(iii) According to the no free lunch theorem,[145] algo-
rithm A, outperforming algorithm B on a specific dataset, must
be accompanied by algorithm A’s inferior performance to al-
gorithm B in another dataset. This theorem reminds us to
consider the particular material system and performance re-
quirements when choosing an ML algorithm. Different algo-
rithms may be better adapted to different types of materials
and properties. Therefore, we must take a cautious and ex-
perimentally evaluated approach to determine which algorithm
performs best in a given materials science problem. The ability
of machines to actively collect and analyze data through active
learning will be one of the future directions of ML for photo-
voltaic materials. Labeled data is often time-consuming and
costly compared to unlabeled data, which is relatively easy to
access, making semi-supervised learning potential for a wide
range of applications in semiconductor materials science. Ap-
plying already trained models or knowledge to optoelectronic
materials through TL across material systems can reduce the
need for new data and increase the generalizability and adapt-
ability of models.

With the advent of new supercomputers,[146] the develop-
ment of more powerful computational capabilities and inno-
vative algorithms will allow for the simulation of more real-
istic material models, which will be necessary for the discov-
ery of tailored materials as well as for the prediction of mate-
rial behaviors, and the concept of self-driving labs,[147] which
combine ML, laboratory automation, and robotics to acceler-
ate the discovery of new materials and molecules. We can
expect more innovations and breakthroughs in optoelectronic
materials from these emerging technologies.
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Montréal, Canada, p. 4441

[82] Hinton G E, Srivastava N, Krizhevsky A, Sutskever I and Salakhutdi-
nov R R 2012 arXiv: 1207.0580v1

[83] Agiorgousis M L, Sun Y Y, Choe D, West D and Zhang S 2019 Adv.
Theory Simul. 2 1800173

[84] Wang A Y T, Murdock R J, Kauwe S K, Oliynyk A O, Gurlo A, Brgoch
J, Persson K A and Sparks T D 2020 Chem. Mater. 32 4954

[85] Fang J, Xie M, He X, Zhang J, Hu J, Chen Y, Yang Y and Jin Q 2022
Mater. Today Commun. 33 104900

[86] Wei J, Chu X, Sun X, Xu K, Deng H, Chen J, Wei Z and Lei M 2019
InfoMat 1 338

[87] Chen A, Zhang X and Zhou Z 2020 InfoMat 2 553
[88] Xiong Z, Cui Y, Liu Z, Zhao Y, Hu M and Hu J 2020 Comput. Mater.

Sci. 171 109203
[89] Pant D, Pokharel S, Mandal S, Kc D B and Pati R 2023 Sci. Rep. 13

3277
[90] Banko L, Maffettone P M, Naujoks D, Olds D and Ludwig A 2021 NPJ

Comput. Mater. 7 104
[91] Ren Z, Tian S I P, Noh J, Oviedo F, Xing G, Li J, Liang Q, Zhu R,

Aberle A G, Sun S, Wang X, Liu Y, Li Q, Jayavelu S, Hippalgaonkar
K, Jung Y and Buonassisi T 2022 Matter 5 314

[92] Xie T and Grossman J C 2018 Phys. Rev. Lett. 120 145301
[93] Chen C, Ye W, Zuo Y, Zheng C and Ong S P 2019 Chem. Mater. 31

3564
[94] Karamad M, Magar R, Shi Y, Siahrostami S, Gates I D and Barati Fa-

rimani A 2020 Phys. Rev. Mater. 4 093801
[95] Park C W and Wolverton C 2020 Phys. Rev. Mater. 4 063801
[96] Choudhary K and DeCost B 2021 NPJ Comput. Mater. 7 185
[97] Lee J and Asahi R 2021 Comput. Mater. Sci. 190 110314
[98] Wang B, Fan Q and Yue Y 2022 J. Phys. Condens. Matter 34 195901
[99] Liu Y H, Wang W, Xiao F, Xiong L B and Ming X 2021 Chin. Phys. B

30 108102
[100] Zhu Z, Dong B, Guo H, Yang T and Zhang Z 2020 Chin. Phys. B 29

046101
[101] Huang Y, Yu C, Chen W, Liu Y, Li C, Niu C, Wang F and Jia Y 2019

J. Mater. Chem. C 7 3238
[102] Zhuo Y, Mansouri Tehrani A and Brgoch J 2018 J. Phys. Chem. Lett. 9

1668
[103] Lu S, Zhou Q, Ouyang Y, Guo Y, Li Q and Wang J 2018 Nat. Commun.

9 3405
[104] Im J, Lee S, Ko T W, Kim H W, Hyon Y and Chang H 2019 NPJ

Comput. Mater. 5 37
[105] Ma X Y, Lewis J P, Yan Q B and Su G 2019 J. Phys. Chem. Lett. 10

6734
[106] Allam O, Holmes C, Greenberg Z, Kim K C and Jang S S 2018

Chemphyschem 19 2559
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