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ABSTRACT

The concentration of air pollutants and solid waste plastic is increasing, creating many severe
problems for humankind. There are many causes for their generation, such as transporta-
tion, industries, household activities, etc. In this thesis, we try to address these problems
and showcase some applications of deep learning and natural language processing tools that
would help in making decision-support systems to keep the environment clean and sus-
tainable. Specifically, we target the following application areas: harnessing solar energy,
generating alternative green fuel methanol and hydrogen, and recycling waste plastic. In
finding the solution, we also need to focus on the novel conversion process, where waste could
be transformed into value-added products, e.g., alternative fuels and laboratory/industrial
chemicals that can lower the dependency on non-renewable energy sources for developing
sustainable systems. The work done in this thesis can be broadly segregated into two major
parts: first, a data-driven approach for modeling, and second, data mining for extracting

the information for designing decision support systems.

In the first part, a data-driven approach has been implemented to enhance the photocat-
alytic synthesis reactions and methanol production from syngas. Solar energy is abundant in
nature, and it can be utilized easily. A recent trend in chemical synthesis is photo-catalysis,
which uses photo-active catalyst materials such as semiconductor materials. Its well-known
electronic property is the band gap. Herein, we propose an integrated deep learning-based
framework to classify the photo-active catalysts and predict their band gap using compo-
sitional features. It helps rationalize the synthesis of photo-active catalysts as an initial
screening parameter. We propose (i) the 2D-CNN model as classification with an accuracy
of 0.886 and (ii) prediction of a band gap using 1D-VGG +XGBoost regressor with 2 0.750
for the test dataset. This framework provides preliminary information on catalysts, such
as a band gap value. This prior knowledge about any catalyst material will accelerate the
designing and synthesis procedures. Further, this photo-catalytic reactor can be utilized in
methanol production. It has gained considerable interest on the laboratory and industrial

scale as it is a renewable fuel and an excellent hydrogen energy storehouse. The methanol
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synthesis process has been modeled, optimized, and proposed as an interpretable Gaussian
Process Regression (GPR) regressor and Multi-objective Objective Bayesian Optimization
(MOBO), respectively. Our trained GPR models have R? values in the range of 0.97 to
1.00, irrespective of predicting variables and datasets. We have interpreted the models us-
ing “SHAP" technique and found the most important input features, as follows: inlet mole
fraction of CO (Y(CO,in)) and net inlet flow rate (Fin(nl/min)). GPR and MOBO’s
performance was excellent compared to other machine learning models. The computational
time to train the above-mentioned ML/DL models is approximately 5-10 minutes for each

run. The configuration utilized by the machine is as follows: 16GB RAM, 4GB GPU Card.

The second part of the thesis aims to extract crucial information from available litera-
ture using Natural Language Process (NLP) tools that build knowledge extractor language
models to help make rational decisions. In Hydrogen production, we developed a deep
learning model, Extend-SciBERT (Ex-SciBERT), which extracts the process and catalyst
information from the literature. It has two layers of screen-like classification of sentences
and is followed by a NER task with accuracy values of 0.890 and 0.997 for the test dataset,
respectively. With the same literature data, H, — BERT, is also developed that extracts the
catalyst information using the task of Q&A with an accuracy of 0.823 for random abstracts.
Such knowledge would be crucial for enhancing Hydrogen production as it is a renewable

fuel that helps in driving towards a sustainable environment.

Similarly, waste plastic recycling technologies are also a supporting factor in making
sustainable and circular system systems. A vast amount of knowledge about waste plas-
tic recycling is stored in literature. We develop an NLP model, namely, Recycle-BERT,
that employs fine-tuned BERT models, including Class-BERT for screening and a Q&A
module, and four models specifying reactant, methodology, recycled product, and catalyst
details for efficient recycling information extraction. The classification model achieved an
accuracy of 0.974 on the test dataset. For the Q&A task, Fl-score values for Catalyst-
BERT, Method-BERT, Reactant-BERT, and Product-BERT were 0.7646, 0.8014, 0.8221,
and 0.8512, respectively. Recycle-BERT performed well and extracted reliable information

from the literature.

As an extension, an NLP-based framework has been proposed that processes the recy-

cling of polyethylene terephthalate (PET) plastic waste-based literature to study the evo-
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lution of recycling technologies and methodologies. It comprises the three approaches as
follows: (i) Time Series Knowledge Graphs (TSKGs), which extract the three pieces of in-
formation such as reactant, technology name, and product formed, and shown in knowledge
graph; (ii) Dynamic Transformer-based Topic Modeling (DTTM), which is to model the
topics using a transformer based approach and followed by series of steps to extract the
methodologies of PET-based plastic waste recycling, (iii) which are further quantified using
popularity index calculation. With it, one can quickly identify and select an efficient and
suitable recycling method. This combined study shows the potential to choose the efficient
and trending approach in the recycling field. The computational time to train all above-
mentioned transformer-based models is at least 4-5 hours for each run. The configuration
utilized by the machine is as follows: 32GB RAM, 32GB GPU Card. In short, the afore-
mentioned techniques and created models demonstrate their capacity to contribute to the

establishment of sustainable processes and environments in a complete manner.

KEYWORDS: data-driven models; text mining; deep learning; natural
language processing; solar energy; photo-active catalyst;
methanol; hydrogen production; transformer; Ex-SciBERT;
sustainable processes; waste plastic recycling; Recycle-BERT;

TSKGs; DTTM, PI
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I T 3R 31 URTS WRed &1 Aigal 96 a1 5, o o iR fRufoai a1 g1 <t
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