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Prediction of Gas Adsorption Isotherm on Zeolite 

Materials by Using Machine Learning 

ABSTRACT 

Zeolites find extensive application in adsorption heat pumps and exhaust gas separation treatment 

because their ion exchange and adsorption properties. Given the diverse range of zeolites, their 

adsorption performance for different gases varies significantly. When dealing with practical adsorption 

equipment and operational situations, the pivotal challenge lies in selecting adsorption materials with 

both high gas adsorption capacity and a rapid adsorption rate to enhance equipment efficiency. 

Identifying suitable gas adsorption materials through experimental trial and error is a lengthy, expensive, 

and inefficient process. In recent years, the rapid development of computational simulation and machine 

learning technology has opened promising prospects for computer-aided material design. 

The CIF file is a kind of information file describing the new standard crystallography, which records 

the species and three-dimensional coordinates of each atom in the zeolite cell in detail. This 3D structural 

information contains various physicochemical properties of the zeolite itself, therefore, in this paper, we 

consider the use of deep learning techniques to explore the constitutive relationship between the 3D 

structural information and the gas adsorption performance.  

Using machine learning methods, we can establish non-linear relationships between multiple physical 

and chemical features and gas adsorption performance. This allows us to identify the physical and 

chemical features of zeolites that significantly influence gas adsorption performance and subsequently 

make more accurate predictions for the specified gases. 

In this paper, deep learning is applied for the first time to predict the adsorption values of zeolites for 

multiple gases. While the traditional GBDT model has been considered a good choice in previous 

machine learning for zeolite adsorption prediction, this study incorporates the GBDT model, the 

XGBoost model modified by GBDT, and deep learning ANN and DNN models for predicting the 

adsorption isotherms of zeolites, with a subsequent comparison of results. 

The experimental results show that the DNN prediction model proposed in this paper predicts the 

adsorption values of zeolites on gases with an error of 10% from the true values, with an average absolute 
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error percentage (MAE) of 15% and proves that the prediction model designed by using a deep neural 

network is better than the traditional machine learning method in the model comparison experiments. 
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Chapter 1: Introduction 

1.1 Research background 

The continuous development of human society and the increasing level of industrialization have led 

to a series of pollution issues, with air pollution emerging as a significant global environmental problem. 

Common primary pollutants like carbon (𝐶𝑂2 ) and ammonia (𝑁𝐻3 ) are widely prevalent in the 

atmosphere. The threat posed by air pollution extends to both human health and the ecological 

environment, presenting a substantial challenge to our well-being and the balance of ecosystems. 

In the field of energy and environmental science, porous materials, particularly zeolite-type porous 

materials, have become ideal candidates for gas adsorption, separation, and storage due to their unique 

microporous structure and chemical properties. Zeolite porous materials offer a highly controllable pore 

structure, offering excellent gas adsorption performance. Therefore, they hold broad application 

prospects in areas such as natural gas storage, carbon dioxide capture, and gas separation [1]. 

However, the comprehensive and effective evaluation of the adsorption properties of zeolite porous 

materials through experimental means is a time-consuming and labor-intensive task. Traditional 

experimental methods are resource-intensive and constrained by experimental conditions. To better 

understand and optimize the gas adsorption capacity of zeolite porous materials, researchers have 

increasingly turned to machine learning-based prediction and optimization methods in recent years. 

Machine learning technologies, especially supervised learning, and regression analysis, provide an 

innovative approach to addressing the gas adsorption challenges of porous materials. By collecting a 

large amount of experimental data and combining it with the physical and chemical characteristics of 

zeolite materials, machine learning models can learn and predict the adsorption process of various gases 

in zeolites [2]. This data-driven approach provides researchers with a more comprehensive understanding 

and has the potential to accelerate the design and development of novel porous materials. 

This study aims to explore in-depth the application of machine learning in the prediction and 

optimization of gas adsorption capacity in zeolite porous materials. By constructing accurate prediction 

models, we aim to achieve a precise grasp of the adsorption performance of zeolite porous materials and 

propose targeted optimization strategies to meet diverse gas adsorption requirements. This research 
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direction is expected to provide robust support for the design and synthesis of novel porous materials, 

advancing their applications in the field of energy and the environment. 

1.2 Theory of adsorption 

Adsorption is a surface phenomenon, involves the accumulation of liquid or gas on the surface of a 

liquid or solid [3]. The adsorption process is illustrated in Fig.1-1. The strength of adsorption forces is 

determined based on the interaction between the adsorbent and the refrigerant. Additionally, adsorption 

phenomena are generally categorized into chemical adsorption and physical adsorption based on the 

forces and interactions between the refrigerant and the adsorbent. Adsorbed molecules do not undergo 

chemical reactions, but they easily lower their energy when immobilized. This implies that the 

adsorption process is a phase transition process from fluid to adsorbent, known as an exothermic process. 

Furthermore, this process should be reversible. Physical adsorption occurs whenever the adsorbable gas 

contacts with the surface of the adsorbent. 

 

Fig.1-1 Adsorption/desorption process 

 

The interface layer of the adsorbent can be divided into two regions: the adsorbent surface layer and 

adsorption sites, where adsorption enhancement can occur at the adsorption sites. The adsorbable gas 

(refrigerant) is commonly referred to as the adsorbate. In physical adsorption, the adsorption events can 

be caused by intermolecular forces, and these forces are related to van der Waals forces, which are 

considered equivalent to intramolecular cohesive forces. 

Chemical adsorption is a bonding phenomenon between the surface particles of the material and the 

contacting substance such as gas or liquid. The heat released during chemical adsorption is 
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approximately 50 to 100 kcal/mol. Since the effective distance of van der Waals forces is greater than 

the effective distance of chemical reactions, physical adsorption occurs before chemical adsorption. 

Therefore, when refrigerant molecules approach the adsorbent, physical adsorption will occur first, 

transitioning into chemical adsorption as the distance decreases [4]. 

1.3 Zeolite materials overview 

Zeolite is a porous crystalline aluminosilicate characterized by a complex crystal structure that gives 

rise to specific-sized molecular pores [5]. It can be synthesized by hydrothermal treatment of a caustic 

alkali synthesis solution containing a silicon dioxide source and a suitable structure-directing agent. In 

practical applications, some widely used zeolite materials closely resemble a pure silicon structure, as 

depicted in Fig.1-2. Zeolites can exhibit a rich variety of topological structures formed by silicon-oxygen 

tetrahedra through different connecting methods [6].  

 

Fig.1-2 Zeolite Topological structure  

 

The skeletal structure of zeolite resembles a honeycomb, facilitating the selective adsorption of 

molecules with different shapes and sizes. Molecules with diameters smaller than or approximately equal 

to the pore size of the molecular sieve can diffuse into the cavities of the molecular sieve, while 

molecules with kinetic diameters much larger than the pore size are blocked outside the crystal pores of 

the molecular sieve [7]. This adsorption selectivity of zeolites for different molecules is particularly 

valuable for gas separation purposes. 

Zeolites not only possess a relatively high specific surface area within the range of 200-1000 m²/g and 

a wide micropore volume [8], but they also exhibit chemical stability and high hydrothermal stability. 
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Even at elevated temperatures and lower adsorbate partial pressures, zeolites maintain high adsorption 

capacities. Additionally, zeolites demonstrate the ability to preferentially adsorb polar and unsaturated 

molecules [9]. 

1.4 Adsorption isotherm determination methods 

Adsorption isotherm describes the equilibrium adsorption of a substance on a specific surface at a 

constant temperature [10]. When assessing the performance of adsorption materials comprehensively, the 

single-component adsorption isotherm of the target gas often represents the only available information. 

Therefore, the following introduces three methods for determining adsorption isotherms: experimental 

methods, molecular simulation methods, and machine learning methods. 

1.4.1 Experimental methods 

Experimental methods for determining the adsorption isotherms of single components can be broadly 

classified into two main types: static methods and dynamic methods. Among these, static methods offer 

higher precision and can be further divided into classical techniques such as the volumetric method and 

the gravimetric method [11], as well as the electromagnetic method and the oscillation method developed 

by Keller et al. [12]. Although the latter two exhibit high measurement precision, their higher costs have 

limited their widespread adoption. Volumetric and gravimetric methods, on the other hand, are more 

mature, and fully automated experimental setups are commercially available. 

The volumetric method measures adsorption based on the relationship between gas volume and 

pressure, while the gravimetric method measures adsorption by monitoring the change in sample weight 

before and after adsorption. The gravimetric method tends to have larger measurement errors for 

adsorbates with low molecular weights, whereas the volumetric method exhibits the opposite trend. 

Additionally, dynamic methods have shorter measurement times compared to static methods, but they 

come with lower precision and are more susceptible to interference from equipment and other factors. 

Dynamic methods include the permeation method and the chromatographic method, where the 

permeation method calculates adsorption by simultaneously measuring the outlet gas concentration 

under certain inlet concentration conditions, and the chromatographic method measures retention time 
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by injecting a pulse of gas and calculates the equilibrium between the gas phase and the adsorption phase 

[13]. 

In general, traditional experimental methods for measuring adsorption isotherms offer a 

straightforward and intuitive approach in material research. However, these methods require a high level 

of expertise in equipment, experimental environments, and researchers, making the process labor-

intensive and time-consuming. 

1.4.2 Molecular simulation methods 

Methods guided by computer simulations for measuring adsorption isotherms offer significant 

reductions in the time and cost required for experimental processes. Compared to experimental methods, 

theoretical calculations in molecular simulations facilitate the provision of realistic experimental 

environments, such as high temperature and pressure, since they allow complete control over relevant 

conditional variables. Moreover, molecular simulations enable the observation of phenomena and details 

that are not directly observable in experiments. 

With the rapid development of computers, molecular simulation has paved a new path for 

quantitatively measuring adsorption equilibrium data for gases. Molecular simulation methods allow the 

study of molecular-level properties (such as surface area, pore size, or pore shape) and their impact on 

adsorption process [14]. Molecular simulations primarily include classical mechanics simulations and 

quantum mechanics simulations. Classical mechanics simulations rely on molecular mechanics, 

molecular dynamics, Monte Carlo simulations, and Brownian dynamics. Quantum mechanics 

simulations are based on ab initio methods, semi-empirical methods, and density functional theory. 

Among these, quantum mechanics, molecular dynamics, and Monte Carlo simulations are commonly 

used to simulate the adsorption processes in mesoporous/microporous materials. However, quantum 

mechanics methods are only suitable for handling simple molecules or systems with a small number of 

electrons. Even when simulations for larger systems are possible, most of the information needs to be 

discarded, and the computational time is excessively long. Molecular dynamics mainly simulates the 

process of individual atoms or molecules passing through the adsorbent material, and the simulation 

time for molecular diffusion processes is relatively long. Monte Carlo, on the other hand, can simulate 
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the adsorption positions of molecules without being affected by the diffusion process of guest molecules 

in the pores, and it has been widely used in the study of adsorption performance in zeolite materials. 

Monte Carlo simulations typically employ ensembles such as the microcanonical ensemble, canonical 

ensemble, and grand canonical ensemble. The Grand Canonical Monte Carlo (GCMC) method is often 

used to simulate the adsorption behavior of gas on adsorbent materials [15]. This is because the grand 

canonical ensemble requires constant temperature, volume, and chemical potential, making it suitable 

for studying gas adsorption and separation phenomena. For example, Rahmati et al. [16] found a 

significant correlation between adsorption capacity and pore size by simulating the isothermal 

adsorption curves of hydrogen molecules in different zeolite structures at a certain temperature using the 

grand canonical Monte Carlo method. In the simulation process, adsorbed molecules can be removed 

from the system or new molecules can be inserted into random positions in the system using random 

movement methods (translation and rotation, etc.). However, as the number of materials increases, the 

computational load of the GCMC method also increases. Since computer simulations depend heavily on 

the microscopic structure of the materials involved, high-performance computing devices are required. 

Typically, these simulations run on large computing clusters, resulting in high time and cost requirements. 

1.4.3 Machine learning methods 

In recent years, the integration of Machine Learning (ML) methods has injected new vitality into the 

efficient and rapid discovery of materials, providing a time-saving approach. Machine Learning is a 

powerful tool capable of identifying patterns in high-dimensional data. Through using of ML algorithms, 

computers can simulate linear or nonlinear relationships between material properties and influencing 

factors, learning from empirical data. Against the backdrop of advanced materials characterization 

techniques and the ever-growing number of materials, the application of ML techniques and big data 

methods has successfully addressed the modeling challenges between material properties and complex 

physical factors [17]. The determination of adsorption isotherms for materials essentially involves 

extensive data analysis for different materials and combinations of pressure and temperature. Therefore, 

it is highly suitable for employing machine learning methods. Once appropriate descriptors for material 

structure and external conditions (such as temperature and pressure) are identified and standardized, 
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models capable of predicting adsorption isotherms can be trained through machine learning. 

1.5 Previous research 

Zeolite materials, known for their well-defined microstructure and uniform microporous morphology, 

showcase exceptional adsorption and separation performance, leading to their widespread applications. 

A crucial challenge in designing novel high-performance zeolite structures lies in establishing the 

relationship between pore size, pore structure, and adsorption/separation performance. The research 

group led by Yu [18] proposed utilizing structural analysis to obtain local atomic distances as descriptors, 

assessing the differences between various zeolite structures. They further introduced stacking sequence 

descriptors to characterize the three-dimensional structures formed by stacking different structural units 

[19]. Lin et al. [20], employing machine learning techniques, investigated the adsorption relationship 

between zeolite structures and siloxanes. They used lattice parameters, pore diameter, and specific 

surface area as descriptors, rapidly screening 230 zeolite structures with excellent performance. This 

approach can be applied for the rapid screening of high-performance adsorbents suitable for other 

organic or inorganic pollutants. In comparison to screening based on known structures, machine learning 

techniques can design structures with optimal performance based on specific requirements. Lee et al. [21], 

addressing the methane storage capacity limit in zeolites, introduced an energy shape descriptor that 

establishes a mapping relationship with the zeolite structure. By calculating the interaction energy 

between methane and zeolite, they obtained the energy shape and further trained a Generative 

Adversarial Network (GAN) to generate more energy shape diagrams. The predicted maximum CH4 

capacity (156.74 𝑐𝑚3/𝑐𝑚3) closely matches the performance of ACO zeolite (159.41 𝑐𝑚3/𝑐𝑚3). 

With the rapid advancement of artificial intelligence, materials science has entered a new research 

paradigm propelled by data-driven machine learning. Machine learning also proven effective in 

predicting materials adsorption. Jaffari et al. [22], used ten tree-based machine learning (ML) models, 

including XGBoost, GBDT, and DecisionTree to accurately predict the adsorption capacity of biochar 

materials toward ECs in aqueous solutions. The rigorous evaluation and comparison of the ML model 

performances shows that CatBoost model had the highest test coefficient of determination (0.9433) and 

lowest mean absolute error (4.95 mg/g), clearly outperformed all other models. Zhao et al. [23], used Four 
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artificial intelligence models to predict the maximum adsorption capacity of hydrochar and identify the 

key influencing factors. The gradient boosting decision tree (GBDT) showed excellent predictive 

capability for this study (R2 = 0.93, RMSE =25.65). Yuan et al. [24], compiled a data set including 527 

data points collected from peer-reviewed publications and applied machine learning to systematically 

map CO2 adsorption as a function of the textural and compositional properties of BWDPCs and 

adsorption parameters, and the gradient boosting decision tree (GBDT) had the best predictive 

performance with R2 of 0.98 and 0.84 on the training and test data. 

The advantage of machine learning lies in its capacity to extract valuable information relevant to 

research goals from extensive computational or experimental datasets in high-dimensional data. 

Presently, due to the complexity of the relationship between material structure and function, as well as 

limitations in computational resources and experimental costs, the traditional approaches of relying 

solely on theoretical studies, experimental research, and computational simulations for the discovery of 

new materials are lagging the increasing demand for the development of high-performance materials 

driven by numerous emerging technologies. The speed of developing high-performance materials has 

become a bottleneck in the technological progress of various fields [25]. Therefore, using machine 

learning-established models for predicting material properties in the design and screening of materials 

can effectively enhance the efficiency of developing new materials. 

1.6 Thesis outline 

This thesis includes six chapters, and is organized as follows: 

Chapter 1 provides an overview of the background and significance of the research, presenting the 

current state of research on zeolite performance using machine learning methods. The chapter offers a 

comprehensive introduction to the main research content of the thesis and outlines the overall structure 

of the document. 

Chapter 2 delves into the types of zeolite adsorption isotherms, detailing the preparation of data for 

machine learning and the use of CIF files. It covers the collection of adsorption isotherm data, the storage 

of basic spatial structural information of zeolites in CIF files and emphasizes the advantages of CIF files. 

The chapter then outlines processing methods for CIF files. 
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Chapter 3 focuses on feature generation, traditional machine learning Decision Tree, and deep learning 

Neural Networks. It includes correlation analysis and data preprocessing related to zeolite adsorption 

features. Additionally, it introduces four machine learning methods used in the research. 

Chapter 4 presents three hypothesized zeolite utilization situations, divides the usage data for each 

situation, and develops machine learning models. The chapter concludes with a comparison of the 

strengths and weaknesses of the models, determining the most appropriate model for each situation. 

Chapter 5 provides a summary of the research content and achievements, offering reasonable 

recommendations. The chapter concludes with suggestions for future work.  
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Chapter 2: Data preparation  

2.1 Collection adsorption data 

2.1.1 Adsorption isotherm 

The isotherm study is the first step to determine the adsorption capabilities of adsorbent materials. 

Adsorption, in this context, refers to the quantity of refrigerant adsorbed on the adsorbent as a function 

of gas-phase pressure at constant temperature along an isotherm. Majority of gas and/or vapor adsorption 

isotherms are classified based on the categorization scheme established by the International Union of 

Pure and Applied Chemistry (IUPAC). The isotherms classification is illustrated in Fig.2-1. 

 

Fig.2-1 The IUPAC classification of adsorption isotherms showing both the adsorption and desorption pathways 

 

For adsorption isotherm type, type I isotherms indicate monolayer adsorption, type II isotherms imply 

multilayer adsorption, type III isotherms indicate the coexistence of monolayer and multilayer 

adsorption, type IV isotherms reflect capillary condensation and pore blockage in mesoporous materials, 

type V isotherms are associated with materials with macropores or large pores, and type VI isotherms 

show a stepwise increase in the energy of adsorption corresponding to different adsorption energies, 

indicating the presence of a significant adsorption sites or multiple adsorption processes. These 
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classifications provide a powerful tool for studying the adsorption capacity of adsorbent materials, 

enabling scientists to systematically understand and compare adsorption process under different 

conditions [26]. 

2.1.2 NIST database 

The National Institute of Standards and Technology (NIST) maintains a diverse and comprehensive 

database that plays a pivotal role in various scientific and technological domains [27]. The NIST database 

is particularly relevant in the context of machine learning applications, serving as a valuable resource 

for training and testing machine learning models. Datasets curated by NIST are often utilized in 

challenges and competitions, fostering innovation and advancements in machine learning algorithms.  

The NIST database encompasses a wide range of datasets, standards, and reference materials, 

addressing the needs of researchers, engineers, and practitioners across different disciplines. Serving as 

a centralized repository, it facilitates access to high-quality data for benchmarking, validation, and 

calibration purposes. 

The interface of the NIST database is shown in Fig.2-2 and Fig.2-3, which allows you to independently 

select the adsorbent pairs to obtain the adsorption isotherm data. 

 

Fig.2-2 NIST database 
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Fig.2-3 Adsorption isotherm 

2.2 CIF storage format and application 

2.2.1 Introduction of CIF format file 

The CIF (Crystallographic Information File) is a mature format widely utilized in crystallography for 

data exchange and archiving. Since its inception, CI F and its associated applications have supported a 

broad ontology-based global framework, specifically designed for the exchange and processing of 

crystallographic data. The initial definition of CIF was presented by Hall et al. in a publication in 1991 

[28]. 

The CIF format encompasses essential information regarding crystal structures, including parameters 

defining the unit cell, atomic coordinates, and quality indicators for the structural model. As illustrated 

in Fig.2-4, CIF files are widely used in many fields such as crystal information description, crystal 

structure mapping and theoretical calculations in material science. They play a pivotal role in the field, 

serving as a cornerstone for various applications. 

Numerous crystal/material/computational processing software tools, including Vesta, Diamond, 

GSAS, Mercury, Materials Studio, Python, and others, utilize CIF files either as inputs or outputs. These 

files act as a standardized means of exchanging crystallographic information between different software 
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platforms, ensuring compatibility and interoperability. 

In this context, our study employs CIF files as inputs for Python software to compute characteristic 

properties of zeolites.  

 

Fig.2-4 The application of CIF file 

2.2.2 Application of the CIF file 

With the growing popularity of software designed for creating CIFs, these files are now automatically 

generated in the author's laboratory and submitted electronically. CIFs prove valuable for crystal 

structure databases, enabling seamless integration of crystallographic information. A CIF file is shown 

in Fig.2-5 below: 

 

 

Fig.2-5 Example of CIF file information 
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The CIF file states that the zeolite is named Li-ABW. Lines 3-9 describe the cell structure and other 

parameters of the zeolite. Lines 10-14 describe the space group of the zeolite. Lines 16-22 describe the 

atomic labels, the atomic symbols, the A-side scaled coordinates of the cell where the atom is located, 

the B-side scaled coordinates, and the C-side scaled coordinates. 

For those who publish information about the structure of a crystal, CIF provides an easy way to record 

the crystal structure. The experimenter writes all numerical information and experimental details to the 

CIF using structure solver software. The information contained in the file can be read easily. 

2.2.3 Collection CIF files 

The acquisition of CIF files is the most basic and important step. Based on the research purpose of 

this paper, the download source of the CIF file is the IZA Structure Commission (http://www.iza-

structure.org/) [29]. 

The International Zeolite Association Structure Commission (IZA-SC) is a global organization 

committed to the study and advancement of zeolite structure science. This commission is devoted to 

fostering cooperation and research in the field of zeolites, with the overarching goal of promoting the 

systematic study and understanding of zeolite structure. 

The Structure Committee of the International Zeolite Association employs a systematic classification 

system that categorizes different types of zeolites into specific structural categories, including ABW, 

CHA, and others. This classification is based on distinctions in structural features and topological 

configurations of zeolite crystals, encompassing parameters such as zeolite structural characteristics, 

space groups, and experimental data. 

As shown in the Fig.2-6, CIF files for various types of zeolites can be collected directly from the 

database. 

http://www.iza-structure.org/
http://www.iza-structure.org/
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Fig.2-6 CIF file of zeolite ABW 

2.3 Processing CIF files 

2.3.1 Zeo++ 

This paper explores the application of the Zeo++ software package within the Python framework for 

the processing of CIF files. 

Zeo++ is a software package designed for the crystal porous materials analysis [30]. Zeo++ provides a 

comprehensive geometric analysis of internal void structures and topology, as well as the assembly or 

alternation of structures. The software is versatile, capable of analyzing individual structures or 

conducting high-throughput analyses on large databases. 

The tool calculates geometric parameters to describe voids, utilizing the Voronoi decomposition 

method. It offers a graphical representation of void spaces within a given atomic arrangement in the 

periodic domain. The resulting Voronoi network analysis yields geometric parameters, including the 

diameter of the maximum inscribed sphere and the largest free sphere—commonly used to characterize 

the geometric shape of voids. 

In conclusion, Zeo++ stands out as a powerful tool for the geometric analysis of crystal porous 

materials. Its capabilities in calculating geometric parameters, conducting network analysis, and 
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supporting high-throughput processing make it valuable for researchers and practitioners in the field of 

materials science. 

2.3.2 Running Zeo++ 

First, change the parameters in the configuration file according to your needs. Fig.2-7 shows the 

running parameter file of Zeo++.  

 

 

Fig.2-7 Zeo++ running parameter  

 

After setting the parameters to match your computer's configuration, run the Zeo++ package in 

Pycharm. Zeo++ calculates CIF files and generates structural representations, handles large CIF 

databases simultaneously, and generates material property parameters. 

The result of the CIF files processing is shown in Fig.2-8. Physical parameters such as pore limit 

diameter (PLD) and largest cavity diameter (LCD) of zeolite can be calculated. 
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Fig.2-8 CIF files processing result 

2.4 Conclusions 

This chapter provides an overview of the types of adsorption isotherms and methods for collecting 

adsorption data for materials. It introduces CIF files and discusses the Zeo++ toolkit, a valuable tool for 

processing CIF files. Additionally, the chapter outlines how to use Zeo++ to process CIF files to obtain 

material physical property data. 
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Chapter 3: Machine learning 

3.1 Feature generation 

Achieving high-precision predictive outcomes from machine learning models requires the extraction 

of pertinent features from the data for prediction. A successful approach in crafting features suitable for 

adsorption equilibrium predictions involves referencing the physical phenomena of adsorption and the 

inherent physical properties of materials [31]. This method is considered effective in capturing the 

intricacies of adsorption processes and enhancing the overall predictive accuracy of the model. 

3.1.1 Adsorption temperature 

The adsorption temperature of the adsorbent is utilized as a feature, as it constitutes a physical quantity 

associated with both adsorption capacity and energy. The temperature used in subsequent feature 

calculations refers to the adsorption temperature of the adsorbent. 

3.1.2 Adsorption pressure 

The pressure of the adsorbent P is used as a characteristic quantity, as it is a function of the adsorption 

value. 

3.1.3 Adsorption value 

Equilibrium adsorption value is the objective to be predicted in this study. 

3.1.4 Pore limit diameter 

Pore limit diameter (PLD) refers to the minimum bottleneck or opening diameter in the pore structure 

of a material [32]. This parameter is essential for measuring the size of microscopic pores and is critical 

for understanding molecular sieving capabilities and diffusion restrictions. 
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3.1.5 Largest cavity diameter 

Largest cavity diameter (LCD) represents the maximum diameter of cavities or pores within the 

material structure. It serves as a crucial indicator for understanding permeability, adsorption 

characteristics, and catalytic activity in material science applications. 

3.1.6 Density 

Density is the ratio of mass to volume in a substance. It provides information about the distribution 

of material mass. Solids usually have a higher density, while gases have a lower density [33]. 

3.1.7 Volumetric surface area 

Volumetric surface area (VSA) represents the surface area per unit volume [34]. In the context of porous 

materials, VSA characterizes the internal surface area, offering valuable insights applicable to areas like 

adsorption. 

3.1.8 Gravimetric surface area 

Gravimetric surface area (GSA) indicates the surface area per unit mass of the material [35]. This 

parameter is crucial for characterizing internal surface area in porous materials, with implications for 

catalysis and adsorption applications. 

3.1.9 Pore volume 

Pore Volume (PV) signifies the collective internal volume of pores per unit mass of the material. 

Comprehending PV is imperative for gaining in-depth insights into the pore structure and storage 

capabilities of materials. 

3.1.10 Void fraction 

Void Fraction (VF) denotes the ratio of pore volume to the total volume within a material, commonly 
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expressed as a percentage [36]. This metric provides valuable insights into the internal structure of 

materials, contributing significant information for analysis. 

3.1.11 Adsorption potential 

Adsorption value is inherently linked to the adsorption potential, a function influenced by various 

factors such as temperature (T), pressure of non-adsorbed gas (P), and the pressure of adsorbed layer 

liquid molecules at the saturation pressure (𝑃0). The energy required to transfer a unit mass of adsorbate 

from the gas phase to the adsorbed layer, denoted as 𝐸, is expressed by Eq. 3.1. 

𝐸 = 𝑅𝑇 ln
𝑃0

𝑃
 𝐸𝑞. 3.1 

This 𝐸 is referred to as the adsorption potential, representing the change in Gibbs free energy per mole 

during the adsorption process. It serves as a characteristic quantity providing insights into the energetics 

of the adsorption phenomenon [37].  

3.1.12 Adsorbate type 

An adsorbate refers to a substance or molecule that undergoes the process of adsorption on the surface 

of a solid or liquid material. In the context of this thesis, the adsorbents include water vapor, nitrogen, 

carbon dioxide, and other gases. 

The surface of zeolite can contain various functional groups, enabling interactions with specific types 

of gas molecules. As a result, the adsorption capacity of zeolite varies for different gases. This inherent 

variability in the adsorption process emphasizes the importance of considering the specific adsorbate 

type when evaluating the adsorption properties of zeolite for various applications. [38]. 

3.1.13 Feature summary 

Table 3.1 shows the features created. The total number of training data is 13068 in this paper. The 

features were mainly based on temperature, pressure, and material property. 
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Table 3.1 Machine learning features 

No. Feature name Description Description Term 

1 Temp Temperature 3.1.1 

2 P Pressure 3.1.2 

3 Target Adsorption value 3.1.3 

4 PLD Pore Limit Diameter 3.1.4 

5 LCD Largest Cavity Diameter 3.1.5 

6 Density Density 3.1.6 

7 VSA Volumetric Surface Area 3.1.7 

8 GSA Gravimetric Surface Area 3.1.8 

9 PV Pore Volume 3.1.9 

10 VF Void Fraction 3.1.10 

11 E Adsorption potential 3.1.11 

12 Type Adsorbate type 3.1.12 

 

3.2 Correlation analysis 

In machine learning, Correlation Analysis (CA) is a method used to measure the strength and direction 

of the relationship between two variables. Specifically, correlation analysis assesses the linear 

relationship between two variables by calculating the correlation coefficient. The most common 

correlation coefficient is the Pearson's correlation coefficient, which has a value ranging from -1 to 1 

and indicates the strength and direction of the linear relationship between two variables [39]. 

Correlation analysis serves to unveil the relationship between features and the target variable, aiding 

in the identification of influential features for the task at hand. Features exhibiting high correlation may 

encapsulate crucial information, while those with low correlation might contribute minimally to the 

model's performance. However, when features exhibit high correlation among themselves, it can lead to 
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multicollinearity issues, impacting the stability and interpretability of the model. Correlation analysis is 

employed to detect and address such problems, selectively removing or merging highly correlated 

features. Furthermore, correlation analysis contributes to comprehending the interrelations among 

various features in the dataset. This is paramount for uncovering potential patterns, trends, or outliers, 

proving instrumental for subsequent data preprocessing. 

Fig.3.1 shows the results of calculating the correlation coefficients between the predicted equilibrium 

adsorption and the feature values. 

 

Fig.3-1 Pearson correlation coefficient 

The correlation coefficient between equilibrium adsorption value and adsorption potential E is -0.64, 

confirming a strong negative correlation. Therefore, this may have a significant impact on adsorption 

predictions. 

The absence of a strong correlation between adsorbate type and adsorption value may be attributed to 

the complexity of equilibrium adsorption, which is a function of temperature, pressure, and energy. The 
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relationship between these variables and equilibrium adsorption cannot be accurately captured through 

a simple correlation analysis. The lack of a strong correlation between parameters such as temperature 

and physical properties with equilibrium adsorption could be due to the non-linear nature of their 

relationship. 

Given the non-linear nature and complexity of the relationship, feature selection was not performed. 

Identifying unnecessary feature quantities that could be excluded from the analysis was challenging, as 

the factors influencing equilibrium adsorption do not exhibit a linear correlation with each other. 

3.3 Machine learning model 

3.3.1 Decision Tree 

The two ensemble algorithms used in this section both rely on tree models as base estimators. Decision 

Tree is a fundamental and commonly employed machine learning algorithm. As the name suggests, a 

decision tree makes decisions based on a tree-like structure. Typically, a decision tree starts from a root 

node and based on the problem and parameter settings, progressively splits into internal nodes and leaf 

nodes [40]. 

Decision Tree perform decision splits by assessing the purity of data samples. Information entropy is 

a commonly used metric to quantify the purity of a dataset. The information entropy 𝐸𝑛𝑡(𝐷) for a 

dataset D is defined as follows: 

𝐸𝑛𝑡(𝐷) = − ∑ 𝑝𝑘 log2 𝑝𝑘

𝑚

𝑘=1

𝐸𝑞. 3.2 

where m is the number of classes, and 𝑝𝑘 is the proportion of samples belonging to class k. The 

decision tree recursively splits the dataset based on features to maximize the information gain or 

minimize the information entropy, resulting in a tree structure that represents decision-making rules. 

This tree-based approach offers simplicity and interpretability, making decision trees suitable for 

various machine learning tasks. However, the potential for overfitting, especially with deep trees, has 

led to the development of ensemble methods, such as random forests and gradient boosting trees, which 

combine multiple decision trees to enhance performance. 

The basic algorithm for decision tree learning is shown in Table 3.2. 
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Table 3-2 Basic algorithm for Decision Tree learning 

Decision Tree code 

class TreeNode: 

    def __init__(self): 

        self.attribute = None  # The attribute selected by this node 

        self.branches = {}  # Branches, where key is the attribute value and value is a child 

node 

        self.label = None  # Class label for leaf nodes 

def generate_decision_tree(D, attributes): 

    node = TreeNode() 

 

    # 1. Check if samples all belong to the same class 

    if all_same_class(D): 

        node.label = D[0].class  # Mark the node as a leaf with the class label 

        return node 

 

    # 2. Check if samples have the same values on the attribute set 

    if all_same_values(D, attributes): 

        node.label = majority_class(D)  # Mark the node as a leaf with the majority class label 

        return node 

 

    # 3. Choose the best splitting attribute 

    best_attribute = choose_best_attribute(D, attributes) 

    node.attribute = best_attribute 

 

    # 4. Generate branches for each attribute value 

    for value in get_attribute_values(D, best_attribute): 

        subset_D = get_subset(D, best_attribute, value) 

 

        # 5. If the subset is empty, mark the node as a leaf 

        if len(subset_D) == 0: 

            child_node = TreeNode() 

            child_node.label = majority_class(D) 

            node.branches[value] = child_node 
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        else: 

            # 6. Recursively generate child nodes 

            child_node = generate_decision_tree(subset_D, attributes) 

            node.branches[value] = child_node 

 

    return node 

 

3.3.1.1 GBDT model 

GBDT (Gradient Boosting Decision Tree) algorithm employs CART (Classification and Regression 

Trees) regression decision trees and is widely utilized for regression, binary classification, and multiclass 

classification problems [41]. The fundamental concept of GBDT involves iteratively minimizing the 

discrepancy between actual and predicted values until this discrepancy falls below a threshold close to 

zero. The primary workflow combines multiple weak classifiers to yield the result of a strong classifier. 

The steps for modeling GBDT algorithm are generally shown below: 

Step 1: Build the first decision tree with the predicted value 𝑓0(𝑥) initialized to 0. 

Step 2: Use split gain to select the splitting attribute and splitting point, dividing the dataset into left 

and right child nodes. Compute the mean values for the datasets 𝑁𝐿 and 𝑁𝑅 in the left and right nodes, 

respectively, as predicted values 𝑦𝑖. 

Step 3: Calculate the residuals as shown in Eq. 3.3. 

𝑟𝑚,𝑖 = 𝑓𝑚−1(𝑥𝑖), 𝑖 = 1,2,3 … 𝑛 𝐸𝑞. 3.2 

Step 4: Iterate until the error is below a specified threshold to compute the loss error. 

Step 5: Construct a regression tree where residuals serve as the target values for the next iteration. 

Step 6: Update the predicted result 𝑦1~𝑖 

𝑦1~𝑖 = 𝑦1~𝑖−1 + 𝑠𝑡𝑒𝑝 ∗ 𝑦𝑖 𝐸𝑞. 3.3 

where 𝑦1~𝑖 is the combined prediction result of the previous i iteration. 𝑦𝑖 is the prediction result of 

the previous i iterations, step is the learning rate, typically taking values between 0 and 1. 

These steps describe the process of iteratively building regression trees in a Gradient Boosting 

framework, updating predictions based on residuals and enhancing the model's performance over 
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iterations. 

3.3.1.2 XGBoost model  

The XGBoost (Extreme Gradient Boosting) algorithm is an enhanced version based on the GBDT 

(Gradient Boosted Decision Trees) algorithm, offering faster data training speed and more accurate 

prediction precision [42]. The XGBoost model structure is shown in Fig.3-2. In comparison to traditional 

GBDT algorithms, XGBoost algorithm employs a second-order Taylor expansion of the loss function, 

mitigating overfitting and providing higher scalability [43]. 

 

Fig.3-2 XGBoost model structure 

While the relationship between trees in XGBoost remains sequential, nodes at the same level can be 

processed in parallel. The algorithm also enables new trees to automatically learn the splitting direction 

of missing values based on the residuals from the previous predictions. This capability makes XGBoost 

well-suited for handling tabular data with high-dimensional sparse features. 

In summary, XGBoost incorporates regularization into the objective function, utilizes a second-order 

Taylor expansion for the loss function, and supports parallel processing of nodes at the same level. These 

features contribute to its faster training speed, improved accuracy, and enhanced ability to handle high-

dimensional sparse feature tabular data compared to traditional gradient boosting decision tree (GBDT) 

algorithms. 
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3.3.2 Neural Networks 

Neural Networks are a class of machine learning algorithms inspired by the structural organization of 

the human nervous system. They emulate the functioning principles of the human brain through the 

arrangement of multiple layers of neurons, also known as nodes. The inception of neural networks can 

be traced back to Frank Rosenblatt, who introduced a neural network structure known as the perceptron 

[44]. This perceptron laid the foundation for many subsequent neural network models. Neural networks 

are widely used for various tasks such as image recognition, speech recognition, natural language 

processing, recommender systems, etc. 

3.3.2.1 ANN model 

Artificial Neural Network (ANN) is a computational network inspired by the biological nervous 

system. Like the structure of the human brain, the neural network model consists of neurons organized 

in complex nonlinear forms [45]. 

The main component of the ANN model is shown in Fig.3-3: 

 

Fig.3-3 Components of the ANN model 
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Input layer: contains a neuron or node, which is used to receive input data. 

Hidden layer: contains neurons or nodes that process the information received from the input layer. 

Output layer: contains a neuron or node which is used to produce the final output. 

Assuming that the number of layers of the neural network is k (k > 1) and the number of nodes 

(excluding bias nodes) in each layer from the input layer to the output layer is m respectively, this defines 

the dimension of the input vector to be m and the dimension of the output vector to be k. The output 

vectors of each layer of the network are respectively expressed as follows. 

Input layer: 𝑌(0) = [𝑌1
(0)

, 𝑌2
(0)

, … 𝑌𝑚0

(0)
]𝑇 

Hidden layer Ⅰ: 𝑌(1) = [𝑌1
(1)

, 𝑌2
(1)

, … 𝑌𝑚1

(1)
]𝑇 

Hidden layer Ⅱ: 𝑌(2) = [𝑌1
(2)

, 𝑌2
(2)

, … 𝑌𝑚2

(2)
]𝑇 

… 

Output layer: 𝑌(𝐾) = [𝑌1
(𝐾)

, 𝑌2
(𝐾)

, … 𝑌𝑚𝐾

(𝐾)
]𝑇 

Next define the weight matrix and bias vector for each layer 

𝑊(1) ∈ 𝑅𝑚1×𝑚0    𝑏(1) ∈ 𝑅𝑚1×1 

𝑊(2) ∈ 𝑅𝑚2×𝑚0    𝑏(2) ∈ 𝑅𝑚2×1 

                  … 

𝑊(𝐾) ∈ 𝑅𝑚𝐾×𝑚𝐾−1     𝑏(𝐾) ∈ 𝑅𝑚𝐾×1 

And define the activation function of each layer as 𝑓(1), 𝑓(2), … , 𝑓(𝐾)   choose the corresponding 

activation function according to different applications, and the type of activation function used in each 

layer may or may not be uniform. Next, by deriving the expression of the output vector of hidden layerⅠ, 

the common expression for all layers except the input layer is derived for hidden layerⅠ: 

𝑛𝑒𝑡𝑖
(1)

= ∑ 𝑊𝑖,𝑗
(1)

𝑚0

𝑗=1

𝑌𝑗
(0)

+ 𝑏𝑖
(1)

, (1 ≤ 𝑖 ≤ 𝑚𝑖) 

𝑛𝑒𝑡(1) = 𝑊(1)𝑌(0) + 𝑏(1) 

𝑛𝑒𝑡(1) = [𝑛𝑒𝑡1
(1)

, 𝑛𝑒𝑡2
(1)

, … , 𝑛𝑒𝑡𝑚1

(1)
]𝑇 

𝑌(1) = 𝑓(1)(𝑛𝑒𝑡(1)) = [𝑌1
(1)

, 𝑌2
(1)

, … , 𝑌𝑚1

(1)
]

𝑇

𝐸𝑞. 3.4 

Each element in 𝑛𝑒𝑡(1)  represents a weighted sum of the input layer vectors as well as the bias 
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vectors, which can also be referred to as the input vectors of the neurons in hidden layerⅠ. 

For layer 𝑘, 𝑘 ∈ {1,2, … , 𝐾} 

𝑛𝑒𝑡𝑖
(𝑘)

= ∑ 𝑊𝑖,𝑗
(𝑘)

𝑚0

𝑗=1

𝑌𝑗
(𝑘−1)

+ 𝑏𝑖
(𝑘)

, (1 ≤ 𝑖 ≤ 𝑚𝑘) 

𝑛𝑒𝑡(𝑘) = 𝑊(𝑘)𝑌(𝑘−1) + 𝑏(𝑘) 

𝑛𝑒𝑡(𝑘) = [𝑛𝑒𝑡1
(𝑘)

, 𝑛𝑒𝑡2
(𝑘)

, … , 𝑛𝑒𝑡𝑚𝑘

(𝑘)
]𝑇 

𝑌(𝑘) = 𝑓(𝑘)(𝑛𝑒𝑡(𝑘)) = [𝑌1
(𝑘)

, 𝑌2
(𝑘)

, … , 𝑌𝑚𝑘

(𝑘)
]

𝑇

𝐸𝑞. 3.5 

By forward layer-by-layer computation, the 𝑛𝑒𝑡(𝑘) and 𝑌(𝑘) of each layer in the network, and the 

input and output vectors of each layer can be obtained, and thus the input and output values of each 

neuron are also obtained [46]. 

 

3.3.2.2 DNN model 

The concept of deep neural network proposed by Hinton et al [47] in 2006 has triggered another wave 

of research and development on neural networks, where deep models have greater potential compared 

to shallow models. 

Deep Neural Network (DNN) is a model evolved from the traditional ANN, which introduces a deep 

structure, i.e., it contains multiple hidden layers [48]. Compared to ANN, DNN is more complex in its 

hierarchical structure, in which each hidden layer contains multiple neurons, thus improving the 

expressive power of the model. By introducing a deep structure, DNN can learn more abstract and 

complex feature representations, which makes it perform better in handling complex tasks such as image 

recognition, speech recognition and natural language processing. However, DNN training typically 

requires more computational resources and data and is relatively more complex. 

Due to its deep structure, DNN possess enhanced representational capabilities, making them well-

suited for handling large-scale and high-dimensional datasets. They excel in capturing intricate 

relationships within data. However, the introduction of deep structures poses challenges, such as the 

issues of vanishing and exploding gradients, particularly when dealing with extensive datasets [49]. 

Gradient vanishing is a common problem when neural networks have many layers, especially in deep 
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neural networks. In the backpropagation process, the gradient is the derivative of the loss function with 

respect to the network parameters. When the network is deep, the gradient needs to be propagated back 

to the input layer through multiple layers, but during the propagation process, the gradient may become 

very small or even converge to zero. This results in the deeper layers of the network not being able to 

learn effective weight updates, which affects the training of the entire network. The opposite of gradient 

vanishing, gradient explosion is when the gradient becomes very large in backpropagation. This can 

cause the weight updates to become extreme and the weights of the network to increase rapidly, 

eventually leading to numerical instability or even overflow. Gradient explosion usually occurs when 

the network weights are not properly initialized, the learning rate is too large, or the network structure 

is not appropriate. Mitigating strategies, including appropriate weight initialization, the selection of non-

saturating activation functions, batch normalization, and the incorporation of residual connections, have 

been proposed to address these concerns, enhancing the stability, and learning capacity of DNNs in the 

face of large-scale datasets. 

3.4 Evaluation metrics and performance measures 

To evaluate the performance of machine learning models, this paper uses four model evaluation 

metrics: Coefficient of determination (R2), mean absolute error (MAE), mean squared error (MSE) and 

training time. 

3.4.1 Coefficient of determination 

Coefficient of determination (R2) is a metric used to assess the goodness of fit of a regression model. 

Its values range from 0 to 1, indicating the proportion of the variance in the dependent variable explained 

by the model. A higher R² value, closer to 1, suggests a better fit, while values closer to 0 indicate poorer 

model performance [50]. The formula for R2 is shown in Eq. 3.6. 

𝑅2 = 1 −
∑ (𝑦̂𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

𝐸𝑞. 3.6 
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3.4.2 Mean absolute error 

Mean absolute error (MAE) is a commonly used metric in regression evaluation, representing the 

average absolute difference between predicted and actual values. A lower MAE indicates more accurate 

predictions. The formula for MAE is shown in Eq. 3.7. 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1
𝐸𝑞. 3.7 

 

3.4.3 Mean squared error 

Mean squared error (MSE) is another regression evaluation metric, measuring the average squared 

difference between predicted and actual values. Smaller MSE values imply smaller differences between 

predicted and actual values [51]. The formula for MSE is shown in Eq. 3.8. 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2
𝑛

𝑖=1
𝐸𝑞. 3.8 

3.4.4 Training time 

Training time is often used to evaluate the performance and efficiency of an algorithm, model training, 

or other task [52]. In the specific case of training, Time is output to show the time spent on the entire 

training process of the model. Training time helps to understand how fast the model is being trained and 

allows for performance tuning if needed. 

3.5 Conclusions  

In this chapter, key aspects of machine learning are explored in depth, with a focus on generating 

features and conducting Pearson correlation analyses on them. Follow this, there is a description of the 

machine learning models and evaluation metrics used in this paper.  
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Chapter 4: Model calculation and analysis 

4.1 Model calculation 

4.1.1 GBDT and XGBoost 

The code for the construction of GBDT model and XGBoost model is shown in the following Table 

4.1 and Table 4.2. 

Table 4.1 Initialization GBDT model 

Initialization Model 

model = GradientBoostingRegressor( 

n_estimators=200, 

learning_rate=0.05, 

max_depth=10, 

random_state=42) 

n_estimators=200: the number of iterations, i.e. the number of weak learners. 

learning_rate=0.05: learning rate, which controls how much the weights are updated in each iteration. 

max_depth=10: maximum depth of the decision tree. 

random_state=42: sets the random seed to ensure reproducibility. 

 

Table 4.2 Initialization XGBoost model 

Initialization Model 

for i in range(1, 101):   

    model = xgb.XGBRegressor( 

        max_depth=3, 

        learning_rate=0.1, 

        n_estimators=i, 

        objective='reg:squarederror' 

    ) 

 



33 
 

 

 

max_depth=3: the maximum depth of the decision tree. 

learning_rate=0.1: learning rate, which controls how much the weights are updated in each iteration. 

n_estimators=i: number of iterations, i.e. number of weak learners. Here range(1, 101) is used, which 

means the number of iterations is increased one by one from 1 to 100. 

objective='reg:squarederror': the objective function for the regression task, using the mean square 

error (MSE) as the loss function. 

Optimizing these parameters, one can fine-tune the gradient boosting model to enhance its fitting 

capabilities and optimize the performance of the regression model, obtaining the most suitable model. 

4.1.2 ANN and DNN 

The code for the construction of ANN model and DNN model is shown in the following Table 4.3 and 

Table 4.4. 

Table 4.3 Initialization ANN model 

Initialization Model 

class ANN(nn.Module): 

    def __init__(self): 

        super(ANN, self).__init__() 

        self.layers = nn.Sequential( 

            nn.Linear(4, 8),   

            nn.ReLU(), 

            nn.Linear(8, 8),   

            nn.ReLU(), 

            nn.Linear(8, 1)   

         

    def forward(self, x): 

        outputs = self.layers(x) 

        return outputs 

model = ANN() 

 

criterion = nn.MSELoss() 
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optimizer = torch.optim.Adam(model.parameters(), lr=0.019, 

weight_decay=0.0005) 

 

Table 4.4 Initialization DNN model 

Initialization Model 

class DNN(nn.Module): 

    def __init__(self): 

        super(DNN, self).__init__() 

        self.layers = nn.Sequential( 

            nn.Linear(4, 8),   

            nn.ReLU(), 

            nn.Linear(8, 8),   

            nn.ReLU(), 

            nn.Linear(8, 1)   

         

    def forward(self, x): 

        outputs = self.layers(x) 

        return outputs 

model = DNN() 

 

criterion = nn.MSELoss() 

optimizer = torch.optim.Adam(model.parameters(), lr=0.019, 

weight_decay=0.0005) 

 

nn.Linear(4, 8): A linear layer with an input dimension of 4 and an output dimension of 8. 

nn.ReLU(): ReLU activation function, introducing non-linearity. 

nn.Linear(8, 8): A linear layer with an input dimension of 8 and an output dimension of 8. 

nn.ReLU(): ReLU activation function. 

nn.Linear(8, 1): A linear layer with an input dimension of 8 and an output dimension of 1, suitable for 

regression tasks. 

The model's loss function is Mean Squared Error (MSELoss), and the optimizer is Adam with a 

learning rate of 0.019 and weight decay of 0.0005. 
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4.1.3 Residual plot analysis 

Residual plot is a visualization tool used to assess the performance of a regression model. In regression 

analysis, the residuals of a model are the differences between the actual observations and the predicted 

values of the model [53]. An example residual plot is shown in Fig.4-1. A residual plot visualizes these 

residual values on the horizontal axis, usually with the model's predicted values as the vertical axis. 

Residual plots show how well the model fits, and ideally, the residuals should be uniformly distributed 

around the zero line, with no apparent pattern. By looking at the residual plots, the analyst can better 

understand the model's performance, identify potential problems, and decide whether the model needs 

to be improved or adjusted. 

 

 
Fig.3-1 Example residual plot 

4.2 Adsorption of zeolite at different temperatures 

Using zeolite as an adsorption material in industrial production, predicting the adsorption capacity of 

zeolite at different temperatures can help you to optimize the process conditions and improve production 

efficiency. For adsorption heat pumps, the temperature of the evaporator decreases as the outside 
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temperature decreases in cold climates, which leads to a decrease in the saturated vapor pressure of the 

heat transfer liquid and a decrease in the adsorption capacity. Machine learning can be used to find out 

the adsorbent-worker pairs suitable for use in cold regions. 

This section uses Zeolite 13X data on carbon dioxide adsorption at different temperatures for machine 

learning. 

4.2.1 GBDT prediction model 

The GBDT model parameters are set as shown in the following Table 4.5. 

Table 4.5 GBDT model parameters 

n_estimators 100 

learning_rate 0.05 

max_depth 3 

The change of R2, MSE and MAE when GBDT model running is shown in Fig.4-2 and 4-3. The 

prediction result is shown in Fig.4-4. 

 

 
Fig.4-2 Test R2 
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Fig.4-3 Train and Test MSE/MAE 

 

 

Fig.4-4 Equilibrium adsorption prediction 

 

From error analysis, it can be observed that the model exhibits a satisfactory fitting performance. In 

the predicted adsorption isotherm plot, noticeable fluctuations are observed around 283K, while 

predictions at other temperatures demonstrate good accuracy. 
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4.2.2 XGBoost prediction model 

The XGBoost model parameters are set as shown in the following Table 4.6. 

Table 4.6 XGBoost model parameters 

n_estimators 100 

learning_rate 0.05 

max_depth 3 

The change of R2, MSE and MAE when XGBoost model running is shown in Fig.4-5 and 4-6. The 

prediction result is shown in Fig.4-7. 

 

 

Fig.4-5 Test R2 
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Fig.4-6 Train and Test MSE/MAE 

 

 

Fig.4-7 Equilibrium adsorption prediction 

 

From the error analysis, it is evident that the model achieves a perfect fit. In comparison to the GBDT 

model, the XGBoost model demonstrates a quicker convergence to a fitting state. In the predicted 

adsorption isotherm plot, some individual prediction points show noticeable errors, while predictions for 

other adsorption points are accurate. This shows that the XGBoost algorithm is very effective in 
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capturing complex patterns and providing reliable predictions. 

4.2.3 ANN prediction model 

The ANN model parameters are set as shown in the following Table 4.7. 

Table 4.7 ANN model parameters 

Input layer (11, 8) 

Hidden layer (8, 8) 

Output layer (8, 1) 

lr 0.019 

weight_decay 0.0005 

epoch 200 

 

The change of R2, MSE and MAE when ANN model running is shown in Fig.4-8 and 4-9. The 

prediction result is shown in Fig.4-10. 

 

 
Fig.4-8 Test R2 
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Fig.4-9 Train and Test MSE/MAE 

 

 

Fig.4-10 Equilibrium adsorption prediction 

 

From the error analysis, the neural network model is more complex to fit and requires a greater number 

of trainings to reach the model fit. In the predicted adsorption isotherm plots, there is a bias, but it is 

smoother compared to the adsorption isotherm predicted by decision tree.  
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4.2.4 DNN prediction model 

The DNN model parameters are set as shown in the following Table 4.8. 

Table 4.8 DNN model parameters 

Input layer (11, 8) 

Hidden layer (8, 8) 

Output layer (8, 1) 

lr 0.016 

weight_decay 0.0005 

epoch 200 

 

The change of R2, MSE and MAE when ANN model running is shown in Fig.4-11 and 4-12. The 

prediction result is shown in Fig.4-13. 

 

 

Fig.4-11 Test R2 
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Fig.4-12 Train and Test MSE/MAE 

 

 

Fig.4-13 Equilibrium adsorption prediction 

From the error analysis, it is evident that the fitting complexity of the DNN model surpasses that of 

the ANN model. The Mean Squared Error (MSE) and Mean Absolute Error (MAE) exhibit frequent 

oscillations during training. Examining the predicted adsorption isotherm plot, the DNN model produces 

the most accurate simulation results among the four models, aligning closely with the actual values. 
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4.2.5 Results analysis  

The evaluation metrics for each model are shown in the Table 4.9. 

Table 4.9 Model evaluation metrics 

 MSE MAE R2 TIME 

GBDT 0.00141 0.02801 0.98815 2.21654s 

XGBoost 0.00119 0.02411 0.99004 3.38953s 

ANN 0.00167 0.03285 0.98595 2.08822s 

DNN 0.00072 0.01963 0.99395 2.16752s 

From the table above, it can be observed that the DNN model exhibits the smallest prediction error. 

In situations where precision is of utmost importance, the DNN model is the most suitable choice. The 

training time for the ANN model is slightly shorter than that of the DNN model, attributed to the simpler 

structure of the ANN model. This holds true for the XGBoost model and the GBDT model as well. While 

the XGBoost model provides more accurate predictions, its complex structure necessitates a longer 

training time. However, due to the excellent predictive framework of the XGBoost model, fewer training 

iterations can be set compared to the GBDT model, reducing overall training time. 

Fig.4-14 illustrates the residual plots for the four models. From the presentation of the residual plots, 

it is evident that all four models have effectively controlled most prediction errors within 15%, meeting 

the requirements for practical predictions. Regarding the types of errors, the errors in XGBoost and 

GBDT models fall under random error, whereas the errors in ANN and DNN models are categorized as 

systematic errors. 
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Fig.4-14 Residual plot for four models 

4.3 Adsorption of different zeolites at same temperature 

In the environmental field, predicting the adsorption properties of different zeolites at the same 

temperature can be useful for assessing their environmental impact under similar conditions, e.g., in 

water treatment or air purification. 

This section uses five types of zeolite data on N-Butane adsorption at same temperature for machine 

learning. 

4.3.1 GBDT prediction model 

The GBDT model parameters are set as shown in the following Table 4.10. 

Table 4.10 GBDT model parameters 

n_estimators 100 

learning_rate 0.08 

max_depth 5 
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The change of R2, MSE and MAE when GBDT model running is shown in Fig.4-15 and 4-16. The 

prediction result is shown in Fig.4-17. 

 

 
Fig.4-15 Test R2 

 

 
Fig.4-16 Train and Test MSE/MAE 

 



47 
 

 

 

 
Fig.4-17 Equilibrium adsorption prediction 

 

From error analysis, it can be observed that the model exhibits a satisfactory fitting performance. 

However, from the adsorption prediction figure, the adsorption isotherm prediction of Zeolite TER is 

not good enough. 

 

4.3.2 XGBoost prediction model 

The XGBoost model parameters are set as shown in the following Table 4.11. 

Table 4.11 XGBoost model parameters 

n_estimators 100 

learning_rate 0.1 

max_depth 3 

 

The change of R2, MSE and MAE when XGBoost model running is shown in Fig.4-18 and 4-19. The 

prediction result is shown in Fig.4-20. 
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Fig. 4-18 Test R2 

 

 
Fig. 4-19 Train and Test MSE/MAE 



49 
 

 

 

 

Fig.4-20 Equilibrium adsorption prediction 

 

The prediction of xgboost is like the gbdt model. Predictions for Zeolite TER are less favorable. It can 

be assumed that in the Decision Tree prediction model machine learning, the model will predict 

adsorption of zeolites with higher adsorption capacity weaker than other zeolites. 

4.3.3 ANN prediction model 

The ANN model parameters are set as shown in the following Table 4.12. 

Table 4.12 ANN model parameters 

Input layer (11, 8) 

Hidden layer (8, 8) 

Output layer (8, 1) 

lr 0.019 

weight_decay 0.0005 

epoch 200 
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The change of R2, MSE and MAE when ANN model running is shown in Fig.4-21 and 4-22. The 

prediction result is shown in Fig. 4-23. 

 

 

Fig.4-21 Test R2 

 

 

Fig.4-22 Train and Test MSE/MAE 
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Fig.4-23 Equilibrium adsorption prediction 

 

From the error analysis, it can be observed that the ANN model exhibits oscillations even after fitting, 

requiring an appropriate number of training iterations to achieve convergence. In the predicted 

adsorption isotherm plot, systematic biases are evident in the ANN predictions, but these biases fall 

within an acceptable range.  

4.3.4 DNN prediction model 

The DNN model parameters are set as shown in the following Table 4.13. 

Table 4.13 DNN model parameters 

Input layer (11, 8) 

Hidden layer (8, 8) 

Output layer (8, 1) 

lr 0.01 

weight_decay 0.0005 

epoch 200 
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The change of R2, MSE and MAE when ANN model running is shown in Fig.4-24 and 4-25. The 

prediction result is shown in Fig. 4-26. 

 

 

Fig.4-24 Test R2 

 

 

Fig.4-25 Train and Test MSE/MAE 
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Fig.4-26 Equilibrium adsorption prediction 

 

From the error analysis, the DNN model fit for different zeolite adsorption is better than the prediction 

of adsorption of the same zeolite at different temperatures. From the prediction of adsorption isotherms, 

the DNN model is significantly better than the ANN model. 

 

4.3.5 Results analysis  

The evaluation metrics for each model are shown in the Table 4.14. 

Table 4.14 Model evaluation metrics 

 MSE MAE R2 TIME 

GBDT 0.00513 0.04719 0.93895 2.35291s 

XGBoost 0.00517 0.05445 0.93852 3.32423s 

ANN 0.00211 0.03626 0.97480 1.75425s 

DNN 0.00210 0.03597 0.97492 1.76046s 

 

From the table above, the performance of Neural Networks model matches the analysis in 4.2.5. the 
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DNN model has the smallest prediction error. the training time of the ANN model is slightly shorter than 

that of the DNN model. However, in this situation, the structurally simple gbdt model outperforms 

xgboost, both in terms of error control and training time. 

Fig.4-27 illustrates the residual plots for the four models. From the residual plots, the predictions of 

the XGBoost and GBDT models are in better agreement with the real values. However, the random error 

is larger and may exceed 15% deviation. This is the reason why the MAE, MSE, and R2 performance of 

XGBoost and GBDT models is lower than that of Neural Networks. On the other hand, the errors of 

ANN and DNN models belong to the systematic errors, which can basically control the deviation within 

15%. 

 

Fig.4-27 Residual plot for four models 

 

4.4 Big zeolite data processing 

To find out the most suitable algorithm for zeolite adsorption prediction in the case of big data, this 

section uses all the collected zeolite data for machine learning. 
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4.4.1 GBDT prediction model 

The GBDT model parameters are set as shown in the following Table 4.14. 

Table 4.14 GBDT model parameters 

n_estimators 150 

learning_rate 0.05 

max_depth 10 

The change of R2, MSE and MAE when GBDT model running is shown in Fig.4-28 and 4-29. The 

prediction result is shown in Fig.4-30. 

 

 

Fig.4-28 Test R2 
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Fig.4-29 Train and Test MSE/MAE 

 

 

Fig.4-30 Equilibrium adsorption prediction 

 

From error analysis, the number of training sessions was increased to 150 because of the increased 

amount of data. And the model was fitted well. Because of the large amount of data, it is difficult to see 

the prediction directly from the isotherm predictions. This study will continue to analyze the prediction 

effect in the residual plot analysis later. 
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4.4.2 XGBoost prediction model 

The XGBoost model parameters are set as shown in the following Table 4.15. 

Table 4.15 XGBoost model parameters 

n_estimators 150 

learning_rate 0.05 

max_depth 10 

The change of R2, MSE and MAE when XGBoost model running is shown in Fig.4-31 and 4-32. The 

prediction result is shown in Fig.4-33. 

 

 

Fig.4-31 Test R2 
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Fig.4-32 Train and Test MSE/MAE 

 

 

Fig.4-33 Equilibrium adsorption prediction 

 

From the error analysis, Same as the GBDT model, the number of XGBoost model trainings was 

increased to 150. And a good fit was obtained. The prediction results will be discussed and analyzed in 

the residual plots. 
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4.4.3 ANN prediction model 

The ANN model parameters are set as shown in the following Table 4.16. 

Table 4.16 ANN model parameters 

Input layer (10, 64) 

Hidden layer (64, 64) 

Output layer (64, 1) 

lr 0.0005 

weight_decay 0.0005 

epoch 200 

 

The change of R2, MSE and MAE when ANN model running is shown in Fig.4-34 and 4-35. The 

prediction result is shown in Fig.4-36. 

 

 

Fig.4-34 Test R2 
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Fig.4-35 Train and Test MSE/MAE 

 

 
Fig.4-36 Equilibrium adsorption prediction 

 

From the error analysis, ANN got a good fit without the training fluctuations that have been seen in 

the previous two situation. The ANN model trains better when dealing with large data. The prediction 

results will be discussed and analyzed in the residual plots. 
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4.4.4 DNN prediction model 

The DNN model parameters are set as shown in the following Table 4.17. 

Table 4.17 DNN model parameters 

Input layer (4, 8) 

Hidden layer (8, 8) 

Output layer (8, 1) 

lr 0.0005 

weight_decay 0.0005 

epoch 200 

 

The change of R2, MSE and MAE when ANN model running is shown in Fig.4-37 and 4-38. The 

prediction result is shown in Fig.4-39. 

 

 

Fig.4-37 Test R2 
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Fig.4-38 Train and Test MSE/MAE 

 

Fig.4-39 Equilibrium adsorption prediction 

From the error analysis, we can find the DNN model also did not suffer from training fluctuations as 

in the previous two situations, but DNN required more training sessions to fit than ANN model. The 

prediction results will be discussed and analyzed in the residual plots. 
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4.4.5 Results analysis  

he evaluation metrics for each model are shown in the Table 4.18. 

Table 4.18 Model evaluation metrics 

 MSE MAE R2 TIME 

GBDT 0.00092 0.00856 0.94034 45.3202s 

XGBoost 0.00115 0.00965 0.92512 24.2477s 

ANN 0.00022 0.01163 0.98556 14.6693s 

DNN 0.00018 0.00920 0.98799 14.3087s 

 

From the table above, it is evident that the DNN model performs most effectively in handling large-

scale data. It also exhibits quicker training times compared to the traditional ANN model. While the 

ANN model lags the DNN model, it still outperforms the Decision Tree model in processing efficiency. 

For the XGBoost and GBDT models, XGBoost demonstrates significantly superior learning capabilities 

compared to the GBDT model. It can be observed that, as a traditional Decision Tree model, GBDT may 

excel in handling small-scale data, but in terms of learning from large-scale data, it falls notably behind 

the XGBoost model, which is also a Decision Tree model. 

Fig.4-40 illustrates the residual plots for the four models. From the presentation of the residual plots, 

it is evident that all four models have effectively controlled most prediction errors within 15%, meeting 

the requirements for practical predictions. Regarding the types of errors, the errors in XGBoost and 

GBDT models fall under random error, whereas the errors in ANN and DNN models are categorized as 

systematic errors. 

Figure 4-40 shows the residual plots of the four models. From the residual plots, the DNN performs 

as well as the evaluation parameters. And compared with the first two small data learning, DNN performs 

much better in large data learning, and the predictions almost match the true values. ANN predictions 

have some systematic biases, but they are all within 15% bias. XGBoost model and GBDT model are 

also good, but still have random error, and this bias is more obvious in large data learning, and the biggest 

error point in the figure reaches an error of 300%. 
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Fig.4-40 Residual plot for four models 
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Chapter 5: Overall conclusions 

The main targets of this study are to investigate the use of machine learning models to predict the 

adsorption isotherms of zeolites under various operating conditions. Through a comparative analysis of 

learning with multiple models, the aim is to identify the most suitable model for different operating 

conditions. To achieve the target, the following studies were conducted. 

1. A review of the past research has been done to understand the study of machine learning in zeolite 

adsorption prediction. In the past, Decision Tree models, represented by GBDT, have been 

considered as effective predictive models and have been validated through experimentation. 

Meanwhile, neural networks, such as deep learning, are regarded as the most advanced and 

outstanding machine learning models currently available. Therefore, this study selects two Decision 

Tree models, GBDT and XGBoost, and two Neural Network models, ANN and DNN, for 

investigation. 

2. To get more features, CIF files of zeolite are collected in this paper and processed with software 

packages. A large amount of zeolite adsorption data was also collected from NIST database. 

3. Machine learning using 4 models GBDT, XGBoost, ANN and DNN. Constantly optimize the model 

parameters during the training process to get the best model for comparison. 

4. Evaluation metrics and residual plots were used to evaluate and draw conclusions about the four 

model predictions for each situation. 

 

The overall conclusions summarized from a lot of efforts for above mentioned studies are given as 

follows: 

⚫ Deep learning neural network models are more suitable for zeolite adsorption isotherm prediction 

than traditional Decision Tree models. 

⚫ Regarding the type of error, the error of the Decision Tree model is mainly random error, and most 

of the predicted values coincide with the true values, which should be due to the regression tree 

structure of the decision tree model. Errors of the ANN model and DNN model are mainly 

systematic errors, resulting from the fact that the results fitted by the neural network model are 

function models. 
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⚫ When dealing with small zeolite data, ANN model with simple structure is the most excellent choice. 

This is because the ANN training is fast compared to DNN, and the ANN model is more stable 

during training in terms of error fluctuations. When dealing with large zeolite data, the DNN model 

is the best choice, as an upgraded model of ANN, the training time, error, and stability of DNN are 

better than the ANN model when learning large data. 

⚫ For the GBDT model and the XGBoost model, there is not much difference between their 

performance when learning small data. When learning large data, the XGBoost model significantly 

outperforms the GBDT model, especially in terms of training time and the number of training 

sessions needed to reach a good fit. 

For future work, due to the limitation of data collection, only zeolite adsorption was studied in this 

research. For the study of other materials such as MOFs (Metal Organic Frameworks), activated carbon, 

etc., machine learning also has a wide range of research prospects. It is anticipated that future 

investigations, involving the analysis of data from diverse materials, will deepen the achievements of 

this study. This exploration aims to delve into the application of machine learning techniques within the 

domain of material adsorption. 
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