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Preface 

The evolving field of Machine Learning (ML) and Artificial Intelligence (AI) 
contributed tremendously to the advancement of various branches of science and 
technology. Machine learning has attracted great interest from the research commu-
nity in material science, because of its ability to statistically analyze a large collection 
of data. Along with the computational task, time-efficient tools of machine learning 
have also been applied for the prediction of the design and properties of new materials. 
A noticeable shift from trial and error-based laboratory approach to the modeling 
and simulation-based software techniques in the preparation and characterization 
of functional materials manifests the emergence of big data in the field of mate-
rial science. The efficient algorithms enable data collection, and storage with high 
security, fast processing, and interpretation of physically generated results. It has 
put the research of physical and chemical science at the forefront with the advance-
ments in image processing, photonics, optoelectronics, and other emerging areas of 
material science. Although there have been a lot of research articles on this topic, 
no comprehensive scientific reference book on machine learning for advanced func-
tional materials has been published so far. This book aims to provide an in-depth 
examination of recent achievements in material science by focusing on topical issues 
using machine learning methods. 

In this book, there are a total 13 chapters. Muhammad Abdul Basit describes 
the ML about organic and inorganic solar cells, making a discussion about the 
use of machine learning, various classes of machine learning, common algorithms, 
and basic steps for ML. Detailed discussion about specific types of ML for solar 
cells, and application of ML for prediction of suitable materials, for optimization 
of device structure and fabrication processes, and reconstruction of measured data 
for solar cells. Shirong Huang demonstrates the application of machine learning 
toward gas identification focusing on two main strategies: the conventional elec-
tronic nose strategy relying on sensor arrays with different materials or functional-
ization providing different maximum response values with each, and the utilization 
of single sensors but utilizing multiple transient features of their response. Similarly, 
Elsa M. Materón discusses artificial intelligence tools utilized to assist electrochem-
ical, optical, and gas sensors, including the advantages, advances, limitations, and
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vi Preface

strategies of the most commonly used machine learning algorithms. Nitesh Sureja 
discusses the design, implementation, and effectiveness of the application of ML 
on data generated by healthcare devices. Gisela Ibáñez-Redin outlines a general 
overview of the application of machine learning algorithms to wearable technologies 
with special emphasis has been placed on the application of this approach to health 
monitoring, sports analytics, veterinary medicine, and agriculture. Humaira Rashid 
Khan demonstrates the need and necessity of developing new energy materials to 
contribute to global carbon neutrality with the most recent advancements in data-
driven materials research and engineering reviewed, including alkaline ion battery 
materials, photovoltaic materials, catalytic materials, and carbon dioxide capture 
materials. Purvi Bhatt reviews applications of machine learning algorithms to study 
experimentally obtained results of physical systems and concludes the chapter with 
a discussion of future directions and challenges in the acceptability of this advanced 
technique to the existing vast area of material science. Ramandeep Kaur includes a 
brief discussion of perovskite materials and the developments made in the lead-free 
perovskite for photovoltaics. Further, this discussion turns to the collection and anal-
ysis of materials data and extends to the descriptors used to describe the performance 
and properties of lead-free perovskites. Shulin Yang discusses the models applied for 
machine learning and the enhanced mechanism of the novel sensors or sensor array 
to better understand the machine learning methods. R. Vignesh covers the challenges 
in advanced functional materials research and the role of machine learning in design, 
simulation, and evaluation. Also, significant pointers to successful machine learning 
applications are addressed, as well as the remaining hurdles in machine learning 
for next-generation functional materials. Tulsi Satyavir Dabodiya provides a brief 
introduction to the ML process that could benefit the photocatalysis field. Further, 
the chapter provides basic PC research knowledge that could potentially be useful 
for machine learning methods. Additionally, we also describe the pre-existing ML 
practices in PC for quick identification of novel photocatalysts. G. Sudha Priyanga 
explains the state of the art in materials informatics as it pertains to photocatalysts and 
indicates the combination of ML with photocatalysis expertise could pave the way 
for the creation of a comprehensive catalyst screening platform that would greatly 
help in making photocatalysis prominent and technologically relevant, at the same 
time. V. Balasubramani focuses on impedance-based sensors such as chemical and 
biosensors using graphene-based nanocomposite materials and the role of machine 
learning in addressing the challenges of these sensors in the detection of chemical 
and biomolecules, advantages, drawbacks, current improvement, and future direction 
are illustrated. This book will benefit the students, researchers, and working profes-
sionals working in the field of machine learning, pattern recognition, and artificial 
intelligence using advanced functional materials. 

São Paulo, Brazil 
Jammu, India 
Atlanta, USA 

Nirav Joshi 
Vinod Kushvaha 

Priyanka Madhushri
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Solar Cells and Relevant Machine 
Learning 

Muhammad Abdul Basit, Muhammad Aanish Ali, and Mamoona Yasmeen 

Abstract Machine learning (ML) and data science is the most emerging compu-
tation tool which has been recently incorporated in emerging fields of materials 
science and engineering including but not limited to solar cells. It helps us to opti-
mize materials and their photovoltaic performance for various types of solar cells 
through algorithms and models, which is easy, cost-efficient, and rapid compared 
to conventional programming methods. Although the family of solar cells has been 
classified into various types based on their generations, however, the basic two types 
(i.e., organic, and inorganic solar cells) are more specific owing to the contrast in 
their materials, fabrication techniques, and corresponding characterizations. A large 
number of materials can be used for developing photoanode/photocathode in solar 
cells; however, it is too difficult and complex to design the most proficient one 
practically. In this chapter, we will comprehensively review ML about organic and 
inorganic solar cells, making a discussion about the use of machine learning, various 
classes of machine learning, common algorithms, and basic steps for ML. A detailed 
discussion about specific types of ML for solar cells and the application of ML for 
the prediction of suitable materials, optimization of device structure and fabrica-
tion processes, and reconstruction of measured data for solar cells are given. In the 
end, we shall cover the current research status and future challenges, and expected 
progress of ML, and will propose suggestions that can enhance the usefulness of 
machine learning. 

1 Introduction 

Modern day world faces unprecedented challenges caused by global warming and 
energy crisis. Researchers and scientists continue to work for finding novel and smart 
solutions to address these challenges.
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There is a large gap between the supply of fossil fuels and the energy demands, 
and on the other hand, burning fossil fuels for energy production is a cause of global 
warming. Green, renewable solar energy can maintain a balance between the envi-
ronment and the demands of energy [1]. Annually 23,000 TWy of energy can be 
harvested from solar radiation and the annual consumption of energy in the world 
is 1,600 TWy. Similarly, the current energy needs of the global can be met for eight 
years if per day of sunlight that reaches the earth could be harvested. The above facts 
and figures are good evidence that solar energy can meet the ever increasing energy 
demands and resolve environmental problems of the world [2]. 

1.1 Generations of Solar Cells 

In 1839, Alexandre-Edmond Becquerel gave the concept of photovoltaics, and in 
1940, the first silicon-based solar cell was developed in Bell lab [3]. The efficiency 
of silicon-based solar cells is around 47.1% to date [4]. Further discussion is about 
the categorization of solar cells, in three generation based on the photoanode junc-
tion’s cost of manufacturing, performance, and limitations. Figure 1 presents a broad 
overview of major categories of solar cells and their classifications according to type 
[5].

1.1.1 First-Generation Solar Cells 

The first generation belongs to wafer-based solar cells like mono-crystalline silicon, 
polycrystalline silicon, and multi-junctions. Mono-crystalline silicon-based solar 
cells are expensive but durable under ambient conditions, stable under high temper-
atures, and have a longer life span. Polycrystalline silicon solar cells have a short 
life span, less durability under ambient conditions, and stability compromises under 
elevated temperatures but are low cost. Multi-junction solar cells consist of multiple 
p − n junctions. In these p − n junctions, different semiconductors are used and can 
respond to a wider range of light, so more electron-hole generation occurs, and as 
a result, more current is produced, and the efficiency of multi-junction solar cells is 
increased [6]. 

1.1.2 Second-Generation Solar Cells 

This type of solar cell is made of thin films and is cheaper than the first generation. 
The absorbing layer is mounted on a suitable substrate, and mostly three types of 
substrates are used in this generation; copper, cadmium, and silicon. Amorphous 
silicon solar cells are extremely low cost, but the problem is degradation under 
sunlight; as a result, efficiency is decreased [7]. Cadmium telluride solar cells (CdTe) 
are inexpensive and chemically stable and has a wide range of absorbances due to
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Fig. 1 Classification of solar cells. Reprinted with permission from Ref. [5]. Copyrights 2017 
Elsevier

a low band gap, but cadmium is highly toxic. Copper Indium Gallium Selenide 
(CIGS) solar cells are less expensive, toxic, and efficient around 20%, but expensive 
in manufacturing [8]. 

1.1.3 Third-Generation Solar Cells 

In 1839, calcium titanium oxide (CaTiO3) perovskite was discovered by German 
researcher Govstave Rose. Organic cations are present in the corner, inorganic cations 
are present at the body-centered, and anions are positioned at the face center. In 2009, 
perovskites were reported for solar cells, with around 4% efficiency. 29% efficiency 
is reported for tandem perovskite solar cells [9]. Perovskites are cheaper and have a 
wide range of absorbance due to a low bang gap, but the problem with perovskite is 
a short life scan due to instability under ambient conditions, and high temperature. 
For the last few decades, Quantum Dots Sensitized Solar Cells (QDSSCs) have been 
a hot area of research for researchers due to their wide range of absorbance; highly 
stable under thermal, and moisture, as well as facile fabrication methods; and low
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cost. Various photoanode sensitizers, electrolytes, and counter electrodes have been 
investigated to increase the efficiency of QDSSCs [10, 11]. 

1.2 Machine Learning 

Machine learning is a subcategory of Artificial Intelligence (AI) that utilizes knowl-
edge of computer science, mathematics, and statistics to build algorithms for a 
specific purpose. Now algorithms and tools of ML are providing new devise ways 
to investigate the chemical and physical properties of the material and their corre-
sponding efficiencies. ML allows us to investigate hidden properties of the material. 
Generally, ML is categorized into three groups namely Supervised Learning (SL), 
Unsupervised Learning (UL), and Reinforcement Learning (RL) as shown in Fig. 2. 
The basic difference between them is input and output data. In SL, labeled data 
is used as input and output is known. In UL unlabeled data is used as input, and 
output is discovered after understanding the pattern. RL is semi-supervised learning 
in which learning data is not predefined and work on trial-and-error method. The 
performance of the material is significantly dependent on the selection of the ML 
algorithm. For the analysis of ML, the first step is data preparation. Data can be 
collected from computational simulations or experimental measurements with at 
least 50 data points necessary for a reasonable ML model. In the second step, data is 
perfectly cleared to avoid inconsistency and normalize for better interpretation. The 
third is the proper selection of an algorithm for analysis. Clustering, classification, 
regression, and probability estimates are widely used in material science. The last 
step is model evolution; for this, purpose root means squared error (RMSE) and 
coefficient of determination (R2) are used. Its values range is 0–1 and close to 1 
indicates accuracy [12]. 

Fig. 2 Various types of machine learning relevant to solar cells
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In the first section of this chapter, we have tried to reveal the importance of 
ML to predict the PCE of solar cells by exploiting the properties of materials and 
optimal device structure. In the second section of this chapter, the basic workflow 
of ML in material science and solar cells is elaborated. In the third section, we have 
briefly described the ML algorithms which can be used to predict the band gap of 
materials, and the role of acceptor and donor (D/A) for the performance of the solar 
cells. In the fourth section, we have explored the role of ML algorithms to predict 
highly efficient materials and have the potential to discover new efficient materials 
to improve the performance of solar cells. ML algorithms also helped to optimize 
the device structure of solar cells. This work provides practical guidance for the 
acceleration of the discovery of new efficient materials to improve the performance 
of solar cells. 

2 Workflow of Machine Learning 

The main purpose of ML is to explore hidden patterns of data and help predict new 
data patterns. For this purpose, ML adopts a systematic workflow like data collection 
and its preparation, model building, and its evaluation. Here the discussion is about 
a few steps of machine learning regarding solar cells. 

2.1 Data Collection and Preparation 

The first and most crucial step in the machine learning process is data collection. The 
type or amount of data collected depends on algorithms. For SL labeled input data 
is required but for UL labeled input data is not compulsory. The amount of data also 
varies from model to model, e.g., ANN required a large amount of data but in general, 
almost 50 points are necessary for the response of ML. The performance of the model 
also depends on the splitting of data methods, and the original dataset can be split into 
training and testing subsets and can be split into ratios. ML gives knowledge of the 
hidden patterns of given data and helps to predict the patterns of new data. For efficient 
performance of model data, cleaning and transformation are performed to avoid noise 
and redundant information. Properties of various descriptors fall on different scales, 
like structural which can be controlled by synthetic rules. If the descriptor features are 
higher than the observation features, then we used dimensional reduction tools like 
principle component analysis (PCA), and independent component analysis (ICA) 
[13].
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Fig. 3 The general workflow of ML for solar cells includes data collection and feature engineering, 
model selection and evaluation, model application, and experimental evaluation 

2.2 Model Building and Evaluation 

Every algorithm has its pros and cons. Clustering, regression, and classification are 
mostly used for material properties prediction. Probability estimation is used for the 
discovery of new material. Common conditions for a good model are to perform well 
for both training and testing data. To check the performance of the model, different 
metrics are used; metrics vary from algorithm to algorithm, and mostly root mean 
squared error (RMSE) and coefficient of determination (R2) metrics are used. Value 
range between 0 and 1, near to 1 indicates efficiency of prediction of the model 
[13]. To verify the performance of the model, split the original data into test and 
training sets several times, and observe each set with different groups. Finally, sum 
up the performance of all training and test sets; this way observe the performance of 
the model. This method is called cross-validation [14]. Figure 3 presents a general 
workflow of ML for solar cells. 

3 Machine Learning for Solar Cells 

3.1 Naïve Bayes (NB) 

Naïve Bayes classifier is a Supervised ML algorithm that works on the principle of 
Naïve Theorem. In the eighteenth century, Thomas Bayes and Clergy describe the 
concept of probability of events.
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Fig. 4 Structure of Naïve Bayes 

P

(
A 

B

)
= 

P(A)*P(B/A) 
P(B) 

(1) 

Here posterior probability P( A 
B ) describes the conditional probability that calculates 

the hypothesis in the light of relevant observations, prior probability P(A) describes 
probability before collection of new data, likelihood probability P( B A ) is the inverse 
of the posterior probability, and at the end, marginal likelihood probability P(B) is 
evidence. NB classifier selects the feature of class independently to the other classes 
as an input, applies the Naïve Bayes algorithm, and works on conditional probabil-
ities by using prior knowledge after the calculation results were obtained based on 
prior records, as shown in Fig. 4 [15]. NB classifier is simple and computationally 
efficient and can operate categorical features directly without pre-processing, and 
can also handle missing, noisy data pretty well [16]. 

3.2 Artificial Neural Network (ANN) 

In 1943, Warren McCullah and Water Pitts conceived the idea of ANN; the purpose 
of the ANN approach is to create a computational system that can solve real-life 
problems like the human brain. In the human brain, neutrons are interconnected 
similarly, in ANN neurons are interconnected in various layers, and these neurons 
form nodes [17]. Generally, ANN is consists of three layers as shown in Fig. 5. The  
input layer accepts inputs in various formats inserted by the user. Hidden layers are 
present between input and output layers, its main function is to calculate and find out 
hidden features and patterns of data. After the operation of the ANN algorithm data 
is transferred to output layers. Output layers present a series of transformations of 
hidden layers. The main advantages of the ANN algorithm are it can perform properly 
even if inadequate data is provided, programming data is stored in a network, not on 
a database, and can perform more than one simultaneous task.
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Fig. 5 Structure of an artificial neural network 

3.3 Decision Trees (DT) 

DT belongs to supervise ML and is very popular, user-friendly compared to other 
algorithms. Its tree-like structure represents the relationship between prediction and 
outcome. It works for both discrete (classification tree) and continuous (regression 
tree) [18]. It works on the principle of recursive partition, a single partition known 
as the root node. Nodes are conditions, branches represent the results of conditions, 
and leaf nodes are decisions based on conditions. Partition of the tree depends on 
decision-based conditions, splitting the original dataset into subsets until each subset 
is homogenous. Leaf nodes (tree terminates) represent predicted results depending on 
the conditions of roots and decision nodes. The advantage of DT is that it can handle 
missing and noisy data very well and can better work with discrete and continuous 
features. Figure 6 shows the structure of the decision tree.
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Fig. 6 Structure of decision 
trees 

3.4 Other Machine Learning Techniques 

ANN, NB, and DT SVM machine learning models are mostly used to investigate 
optimal material prediction, fabrication process, and device structure for solar cells. 
But not limited to these techniques, several other models can be used for this purpose 
like Random Forest (RF) [19], K-nearest neighbors (K-NN) [20], Boosted Regres-
sion Trees (BRT) [21], Kernel Ridge Regression (KRR) [22], Convolutional Neural 
Network (CNN) [23], Gradient Boosting Regression Tree (GRBT) [24], Artificial 
Neural Network (ANN) [25] Support Vector Machine (SVM) [26], and Genetic 
Algorithm (GA) [27]. 

4 Typical Applications of ML Tools for Solar Cells 

Solar cells can meet human energy demands but finding suitable materials for high-
performance solar cells is a crucial problem. Most often designing or predicting mate-
rials based on conventional methods (lab experiments) is expensive, time-consuming, 
and needs a lot of manpower. ML is a promising avenue for finding suitable and 
most efficient materials without a trial-and-error approach. Recently, researchers 
have published significant articles to predict properties of the material by ML like 
band gaps, solubility, density, refractive index, scattering, absorption, transmittance, 
reflectance, etc. ANN algorithm is most extensively used due to its superior properties 
and other algorithms are also used for this purpose as shown in Table 1 [28].
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Table 1 List of ML models used for material prediction 

Sr. No Material Property Algorithm 
for ML 

Precision 
accuracy 

References 

1. Perovskite Optical ANN 66.5% prediction 
coefficient 
improved 

[29] 

2. Y6 non-fullerene 
acceptor 

PCE DFT, RF Means Absolute 
Error (MAE) ≈ 
0.43, Correlation 
Efficient r ≈ 0.97 

[30] 

3. Organic solvent Solubility of 
Solvent 

Light GBM log ± 0.59 [31] 

4. Dye-sensitizer Charge transfer, 
optoelectronic 
properties, PCE 
of device 

DFT, 
TD-DFT, 
GA-MLR 

Average relative 
error ≈ 3.1% 

[32] 

5. Pentacene Charge carrier 
mobility 

KRR MAE of 3.0 ± 
0.2, 5.3 ± 0.4, 9.7 
± 0.6 

[33] 

6. ZnO Morphology, 
PCE 

DT, RF, 
ANN 

Adj. R2 = 0.7232 [34] 

7. Perovskite Stability and 
Band Gap 

XGBoost, 
RF 

Prediction 
accuracy of 
XGBoost R2 = 
0.9935 and MAE 
= 0.0126, and for 
Random Forest 
R2 = 0.9410 and 
MAE = 0.1492 

[35] 

8. Kesterite 
I2-II-IV-V4 
Semiconductors 

Band Gap SVG with 
Radial-Bias 
Kernel 

Root mean 
squared error = 
283 meV 

[36] 

9. Perovskite PCE SCAPS-1D N/A [37] 

10. Mono-crystalline 
module, CIGS 
Thin Film 

I–V ANN Means Absolute 
Percentage Error 
(MAPE) = 
0.874% 

[38] 

11. Benzene HOMO-LUMO GA N/A [39] 

4.1 Effect of Material Properties on PCE of Solar Cells 

4.1.1 Effect of Band Gap 

Li and his co-workers used real experimental data from the literature and predicted 
the values of band gaps and power conversion efficiency (PCE) using the ANN 
algorithm of ML, which further correlated with their experimental results of thin
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film. In the first model, material composition is used as input and output is band 
gap values. In the second model, PCE is found by using band gap, ΔH, and ΔL as  
input [39]. The research is basically theoretical as DT algorithm is used to predict 
the PCE of perovskite solar cells, as shown in Fig. 7. For simulation parameters 
of the DT algorithm, solar cell capacitance simulator-one-dimensional (SCAPS-1D) 
software has been used. PCE of perovskite solar cells especially depends on band gap 
but many other input parameters are important like hole mobility, electron affinity, 
the concentration of donor and acceptor, etc. Furthermore, the device efficiency is 
improved from 13.29 to 16.68% by optimizing the band gap, thickness, number of 
defects, relative permeability, band gap energy, etc. [37]. 

Fig. 7 Machine learning approach to delineate the impact of material properties on physics of solar 
cell device. Reprinted with permission from Ref. [37]. Copyrights 2022 American Chemical Society
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4.1.2 Effect of Non-Fullerene Acceptor 

Non-fullerene acceptors are a special type of acceptor used for organic solar cells. 
Recently, Zhao et al. aimed to predict the efficiency of novel non-fullerene acceptors 
by the leave-one-group out (LOGO) cross-validation method and give more accu-
rate prediction than conventional ML methods [40]. Mahmood and his co-workers 
theoretically investigated the planar non-fullerene acceptors by DFT. Planar is intro-
duced by restricting specific bond movement, these planars helped to tune band gap 
and improved absorbance of material, due to high planar conjugate system charge 
carrier and found improvement in mobility and photovoltaic performance [41]. Simi-
larly, Xiao and his co-workers designed small molecule acceptors for P3HT-based 
organic solar cells. Voc increased and device efficiency improved from 4.93 to 6.08% 
[42]. In this research article five algorithms RL, MLR, RF, ANN, and BRT have been 
constructed by Yoa and his co-workers; after predicting the ability evaluation of these 
five models, RL, MLR, and ANN algorithms show low correlation coefficient, and 
RF and BRT algorithms exhibit batter performance. To discover optimal D/A pairs 
for non-fullerene solar cells 32 million donor-acceptor (D/A) pairs were screened 
using RF and BRT algorithms, and six photovoltaic D/A pairs were selected and 
synthesized by a high screening method. Both models show good correlation effi-
cient r ≈ 0.72 of RF and r ≈ 0.70 of BRT for experimental and predicted PCE [21]. 
Padula et al. evaluated 280 datasets of organic donors and acceptors and exploited 
the electronic and chemical properties of organic molecules for the prediction of the 
efficiency of solar cells. K-NN and R-NN are used for this purpose, and further, found 
the prediction capability of models to be up to r ≈ 0.7. Such prediction capability of 
models may allow us to discover new materials [43]. 

4.1.3 Effects of Morphology 

For PCE of OPVs Random Forest (RF), Gradient Boosting (GB), Artificial Neural 
Network (ANN), and k-Nearest Neighbor (k-NN) algorithms are used and considered 
13 important microscopic properties of molecules as descriptors [35]. To predict 
the performance of OPVs, the thickness of film, morphology, topology, and band 
gap are studied but here we elaborate the importance of donors and acceptors in 
photocurrent generation. Firstly, Bayesian Machine Scientist (BMS) algorithm is 
used for intrinsic JSC-vol% for material that is synthesized by a high-throughput 
screening method. Secondly, Random Decision Forest (RDF) is used for normalized 
Jsc-vol% of binary OPVs and the mean absolute error (RME) is below 0.20. The 
Decision Tree (DT) algorithm can be used to exploit the effects of morphology by 
hydrothermal experimental parameters while on the other hand, the effect of synthetic 
parameters on PEC of ZnO DSSCs can be investigated by ANN and Regression Tree 
(RT) [34]. In this article, the investigation is about the effect of annealing temperature 
on morphology, grain size, and PCE of organic solar cells (OSCs). The optimal grain 
size was found to be 9.5 nm at 110 °C for stimulatory discussion, in which DT, and 
Support Vector Machine (SVM) algorithm were used [45].
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4.2 Prediction of Optimal Device Structure 

To study the effect of mesoporous structure TiO2 on the efficiency of DSSCs and 
PSCs, for the sake of analysis and optimization RF algorithm was employed. Simu-
lation data was collected from SCAPS-1D software and more than 200 simulation 
samples were seeded. The thickness of mmp-TiO2 increased from 0.0 to 0.5 μm, and 
comp-TiO2 increased from 0.1 to 1.0 μm [46]. 

4.2.1 Anti-Reflective Coating (ARC) 

Yan et al. investigated anti-reflection (AR) coating by a genetic algorithm [46]. There 
is a comparison of the double and four discrete layers and low refractive index AR 
coating of the SiO2/TiO2 and fabricated by RF magnetron sputtering method. In 
four discrete layers, low refractive indexes show omnidirectional AR characteristics 
because 34.4% Jsc improvement is observed and contribute to the enhancement of 
the photovoltaic efficiency of inverted metamorphic (IMM) solar cells [47]. They 
were able to successfully deposit 4-layer AR coatings on Si substrate and the results 
of SEM (at a scale of 200 nm) can be viewed in Fig. 8. Our careful observation of this 
micrograph clearly identifies the distinct layer boundaries as shown in Fig. 8a. This 
SEM image further indicates that such AR coating would have least nanoporosity of 
thin film and hence the lesser refractive index. Figure 8b shows the top view of the 
same substrate. It can be seen that the diameter of the nanorod is much smaller than 
the wavelength of visible light.

Ant Colony Algorithm (ACA) was used for three layers of refractive index for Si-
based solar cells. 2.98% average reflectance is obtained, when the angle of incident of 
light varies from 0° to 80°, and by further increasing the angle of incident light from 
0° to 90°, average reflectance also increased 6.56% [48]. GA algorithm was used to 
get the optimal combination of almost 1.4 × 109 potential candidates. The optimal 
combination of uniform and opal like structure of active layer show 98.1% quantum 
efficiency which is relatively higher than homogenous photoactive perovskite active 
materials [49]. AR coating for CuIn-GaSe (CIGS) solar cells is inquired from Simu-
lated Annealing (SA) algorithm. 8.46% average reflectance is observed in MgF2 
layer, the range of wavelength is 350–1200 nm, and the angle of incident is from 0° 
to 80°. On the other hand, 11.30% average reflection is reduced, when a double layer 
of SiO2/TiO2 AR coating is investigated from 400 to 1100 nm wavelength and inci-
dent angle from 0° to 80° [50]. Figure 9 shows the schematic of a typical perovskite 
solar cell. As indicated by the arrow, the incident radiation comes from a medium 
with n = 1.5. As soon as the incident ray hits the surface, it interacts with fluorine-
doped tin oxide, commonly referred to as FTO. The “tFTO” refers to the thickness of 
this layer and is typically between 50 and 800 nm. Right above the perovskite layer 
is a uniform, homogeneous layer of TiO2 of thickness 40 nm with the purpose of 
hole blocking. Since the optical band gap of TiO2 is 385 nm, it is able to absorb some 
of the visible light. Below is the hybrid photoactive layer of methylammonium lead
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Fig. 8 a SEM micrograph 
of multiple layers of AR 
coatings on Si wafer. b Top 
view of the substrate. 
Reprinted with permission 
from Ref. [47]. Copyrights 
Material Views 2012

triiodide (MAPbI3) perovskite. It is arranged in face centered cubic (FCC) struc-
ture with “ABC” stacking sequence. The radius of spheres and the thickness of this 
perovskite layer are important attributes that play a significant role in determining its 
photoactive nature. It is pertinent to mention here that due to the presence of hybrid 
perovskite layer beneath, hybrid character is induced in the photoactive layer. The 
“tuni” as indicated in the diagram varies between 0 (absence of layer) to 100 nm. The 
hole transporting layer is placed below this uniform layer of perovskite and above the 
gold (Au) counter electrode. The “tspiro” ranges from 50 to 800 nm. This optimum 
level of thickness allows the layer to maximize the reflection of non-absorbed light 
by Au counter electrode. Moreover, it also aids in constructive interference which 
in turn increases the light absorption inside the hybrid photoactive layer. Generally, 
the thickness of Au is limited to 100 nm so that it is able to completely block and 
reflect the light remaining. In conclusion, the iQE value increased to 2% more than 
the unstructured photoactive layer [49].

4.2.2 Effects of Light Scattering 

Generally, absorbance is improved by introducing light-trapping structure, but on the 
other hand, electrical degradation occurs. Wang and his co-worker employed finite 
element method (FEM) software for addressing the issue of electrical degradation 
[50]. Optical properties were improved by introducing GaP (high refractive index 
> 3) as the first layer, and flat a-Si:H active layer has been used to avoid electrical 
degradation in hydrogenated amorphous silicon (a-Si:H) solar cells. Through this
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Fig. 9 Schematic of 
perovskite solar cell 
composed of hybrid 
photoactive structured and 
homogeneous layer designed 
to increase the light 
absorption. Reprinted with 
permission from Ref. [49]. 
Copyrights 2020 MDPI

strategy, the power conversion efficiency of solar cells was enhanced [51]. Alsaigh 
et al. [52] improved the power conversion efficiency of crystalline and amorphous 
solar cells by introducing them to the top layer of multi-layer optical designs. Two 
designs were heightened, inverted multi-element lenslet array (MELA) and non-
uniform MELA. With the help of these layer reflection losses, they are reduced and 
promote light trapping from a wide range of incident angles. For these optical designs, 
optimal simulations are performed by COMSOL Multiphysics [53]. A bit more about 
the prediction of optimal solar cells (device optimization) through machine learning 
is summarized in Table 2. 

Table 2 List of ML models used to predict optimal device structure 

Sr. No Material Properties ML (model) References 

1. SiO2 
TiO2 

Anti-reflection coating GA [54, 55] 

2. TiO2 Light scattering RF [56] 

3. – Doping profile GA [57] 

4. Polymer-fullerene Charge transfer, 
optoelectronic properties, 
PCE of device 

RF, ANN [58] 

5. GaN/AlGaN quantum wells Structural parameter of 
GaN/AlGaN quantum 
well 

GA [12]
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5 Conclusion and Future Recommendations 

This book chapter aimed to introduce the importance of machine learning in material 
science and engineering. This chapter reviewed solar cells and relevant ML algo-
rithms like ANN, DT, and NB. Review was classified into four categories, the aim of 
the first category was to briefly introduce the workflow of machine learning, e.g., raw 
data collection and its future engineering, selection and evaluation of models, and its 
applications. The second category briefly introduced ML algorithms that have a role 
in efficient material prediction and device optimization. The third category reviewed 
the impact of morphology, band gap, non-fullerene acceptor, solubility, and charge 
transfer on PCE of solar cells. Furthermore, device optimization was investigated, 
e.g., anti-reflective coating of low refractive index materials, and trapping of light 
from high refractive index materials. GA and ANN algorithms are extensively used 
for this purpose because they are user-friendly. This review highlights that ML tech-
nology has a lot of potential to accelerate the discovery of high-performance efficient 
material for solar cells. 

Recently, research on ML for Organic Solar Cells (OSCs) has tremendously 
increased. The performance of OSCs specifically depends on solvents, crystallinity, 
molecular orientation of absorbing layer, and morphology of active and interfa-
cial layers. The complex nature of organics is demanding more efficient and eco-
economic, and eco-friendly ML models such as photovoltaic phenomena are related 
to microscopic properties and require high-accuracy quantum calculations. For high 
accuracy, large-scale virtual screening is required, but on the other hand, high compu-
tational cost made it difficult for large-scale virtual screening. To get trade-off situa-
tion between cost and accuracy, molecular fingerprints and descriptors are used for 
organic solar cells. Experimental validation is another important point to get a fruitful 
result of ML algorithms. Materials are screened through heuristic rules, but it is not 
sure whether they are synthesizable or not [60]. There are few papers in literature 
such as Saeki et al. in which they synthesized donor and fabricated device and its PCE 
was 0.53% and the prediction of RF model was 5.0–5.8% [58]. Much more work 
is needed in this aspect. In the present era, some degree of programming ability is 
required to use ML tools. It could be an easy task for those who have deep knowledge 
about data science and programming. There are many materials scientists who are 
working on OSCs and do not have such good command on ML tools. This may lead 
to incorrect interpretation of results. This problem can be solved by interfacing user-
friendly graphics for material scientists and engineers. With the evolution of modern 
photo-energy sensitization in solar cells,i.e., quantum-dots (QDs) and metal clusters 
(MCs), the ML tools have gained even more importance as it has become critical to 
control the size of these sensitizers (i.e., QDs/MCs) to achieve well-optimized solar 
light harvesting, electron-hole transfer, and recombination control. All such charac-
teristics are more often dependent on the size of the photosensitizers in emerging 
photovoltaic devices and relative energy band positions. The experimental develop-
ment of such materials is quite expansive as compared to conventional absorbing
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layers, which makes it vital to investigate and apply the ML concepts in solar cell 
technology for the cost-effective and time-saving development of modern solar cells. 
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Machine Learning-Driven Gas 
Identification in Gas Sensors 

Shirong Huang, Alexander Croy, Bergoi Ibarlucea, 
and Gianaurelio Cuniberti 

Abstract Gas identification plays a critical role in characterizing our (chemical) 
environment. It allows to warn of hazardous gases and may help to diagnose medical 
conditions. Miniaturized gas sensors, and especially those based on chemiresistive 
detection mechanisms, have gained rapid development and commercialization in the 
past decades due to their numerous advantageous characteristics, such as simple 
fabrication, easy operation, high sensitivity, ability to detect a wide range of gases, 
and compatibility with miniaturization as well as integration for portable applica-
tions. However, they suffer from a remarkable limitation, namely their low selec-
tivity. Recently, machine learning-driven approaches to enhance the selectivity of 
gas sensors have attracted considerable interest in the community of gas sensors, 
increasing the analyte gas identification ability. In this chapter, firstly, we introduce 
the general approaches to enhance the selectivity of gas sensors implemented by 
machine learning techniques, which consists of the architecture scheme design of 
gas sensors (sensor array and single sensor architecture), the selection of gas sensing 
response features (steady-state feature and transient-state feature), and the utilization 
of gas sensing signal modulation techniques (sensing materials modulation, concen-
tration modulation, and temperature modulation). Afterward, a specific application 
case using a machine learning-enabled smart gas sensor for the identification of 
industrial gases (PH3 and NH3) is presented, which is based on a single-channel 
device and utilizes multiple transient features of the response. We believe machine
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learning in combination with efficient sensing signal modulation techniques could 
be a feasible way to gain the gas identification capability of gas sensors. 

Keywords Chemiresistive gas sensors · Selectivity · Machine learning ·
Electronic nose · Transient response features · Signal modulation 

1 Introduction 

Air pollution is the presence of substances in the atmosphere that are detrimental to the 
health of humans and other living beings, which is presently one of the major global 
social and environmental issues accompanied by terrible consequences. According to 
an estimate of the world health organization (WHO), there are seven million people 
killed by the air pollution around the world annually [1]. The European Union (EU) 
has identified seven main air pollutants (excluding greenhouse gases): nitrogen oxides 
(NOx), carbon monoxide (CO), particulate matter (PM), sulfur dioxide (SO2), ozone 
(O3), ammonia (NH3), and volatile organic compounds (VOCs) [2]. 

Take NH3 as an example, it is an inorganic compound widely utilized in many 
industrial processes, such as manufacturing, food processing, refrigeration systems, 
and fertilizer production [3]. However, even exposure to ultra-low concentrations 
of NH3 adversely affects human health [4]. Another example, phosphine (PH3) is a  
colorless, flammable, toxic gas, which is widely used in the semiconductor industry 
(silicon semiconductors and photovoltaic process applications) [5]. Nevertheless, 
PH3 is extremely toxic and exhibits an acute lethal effect on humans and animals by 
inhibiting aerobic respiration at even extremely low concentrations. Another large 
category of pollutants, volatile organic compounds (VOCs), are organic chemicals 
with a high vapor pressure at room temperature, among which some are promi-
nent and representative indoor pollutants, such as benzene, toluene, ethylbenzene, 
xylene (BTEX), formaldehyde, and acetaldehyde [6] The United States Environ-
mental Protection Agency (U.S. EPA) estimates that the VOCs level in indoor air 
is typically 2–5 times higher than that of outdoor air [7]. Commonplace items in 
our dwellings such as building materials, paints, furniture, cleaning agents, and 
cosmetics are potential sources of VOCs. However, considerable evidence suggests 
that a substantial number of these VOCs could cause adverse health effects, including 
sensory irritation, respiratory symptoms (asthma, allergy, etc.), and even cancer [8], 
as shown in Fig. 1. Indoor air quality of residential units and workplaces has been a 
serious concern since human beings spend more than 80% of their lifetime indoors, 
including domestic residences and working places [9].

Gas sensors play vital roles in monitoring and detecting hazardous gases, and 
ensuring public safety, air quality, or analyzing environments throughout many 
different fields [10]. They are useful not only in monitoring toxic gases in the atmo-
sphere emitted from industry, but also in the control of indoor air quality [11], as 
well as safety in the vehicle. Their applications are virtually countless in the industry 
and span across a lot of industrial branches, including automotive, underground


