
 

Large Scale Computational Screening of Metal Organic Framework 

Materials for Natural Gas Purification  
 

 

 

 

 

 

Mohammad Zein Aghaji 

 

 

 

 

 

 

Thesis submitted to the 

Faculty of Graduate and Postdoctoral Studies 

in partial fulfillment of the requirements for the degree of  

Doctor of Philosophy in Chemistry 

 

 

 

 

 

 

 

 

 

Department of Chemistry and Biomolecular Sciences 

Faculty of Science 

University of Ottawa 

 

 

 

 

© Mohammad Zein Aghaji, Ottawa, Canada, 2017 

 



ii 
 

Contents 

Abstract ........................................................................................................................................................ vi 

Table of Figures ............................................................................................................................................ ix 

Table of Tables ........................................................................................................................................... xvii 

List of Acronyms .......................................................................................................................................... xix 

Acknowledgements ...................................................................................................................................... xx 

Contributions to Original Research ............................................................................................................. xxi 

1 Introduction .......................................................................................................................................... 1 

1.1 Natural Gas in Canada ................................................................................................................... 2 

1.2 Natural Gas Processing ................................................................................................................. 3 

1.3 PSA-based CO2 removal process ................................................................................................... 5 

1.4 Metal Organic Framework Materials ............................................................................................ 7 

1.4.1 MOFs for CO2 separation from natural gas ......................................................................... 10 

1.4.2 Computational approach in MOFs discovery ...................................................................... 12 

1.5 Thesis Goals and Outlines ........................................................................................................... 15 

1.6 References .................................................................................................................................. 18 

2 Background Information ..................................................................................................................... 24 

2.1 Criteria for MOF performance .................................................................................................... 24 

2.1.1 CO2 working capacity .......................................................................................................... 24 

2.1.2 CO2/CH4 selectivity .............................................................................................................. 25 

2.1.3 Heat of adsorption .............................................................................................................. 26 

2.1.4 MOF stability ....................................................................................................................... 27 

2.1.5 Kinetics of gas adsorption in MOF ...................................................................................... 29 

2.2 Computational tools in MOF study ............................................................................................. 30 

2.2.1 Grand Canonical Ensemble ................................................................................................. 31 

2.2.2 Grand Canonical Monte Carlo Simulation........................................................................... 33 

2.2.2.1 Periodic boundary conditions ...................................................................................... 38 

2.2.2.2 Force Field ...................................................................................................................... 39 

2.2.2.3 Short-range van der Waals Interaction Potential ....................................................... 40 

2.2.2.4 Long-range Electrostatic Interaction Potential ........................................................... 42 

2.2.2.5 Charge Equilibrium methods........................................................................................ 46 

2.2.3 Quantitative StructureςProperty Relationship (QSPR) ....................................................... 48 



iii 
 

2.2.3.1 Descriptors ..................................................................................................................... 48 

2.2.3.2 QSAR modeling Methods .............................................................................................. 50 

2.2.3.3 Regression QSAR modelling methods .......................................................................... 51 

2.2.3.4 Classification QSAR modelling methods ...................................................................... 52 

2.2.3.5 Validation of QSAR models ........................................................................................... 60 

2.3 References .................................................................................................................................. 61 

3 Computational modelling of CO2 adsorption on Phosphonate Monoesters-base MOF .................... 64 

3.1 Introduction ................................................................................................................................ 64 

3.2 Computational details ................................................................................................................. 65 

3.3 Result & Discussion ..................................................................................................................... 68 

3.4 Conclusion ................................................................................................................................... 75 

3.5 References .................................................................................................................................. 76 

4 Investigation of MIL-47 and its functionalized derivatives on Natural gas purification: A 

Computational Study .................................................................................................................................. 79 

4.1 Background ................................................................................................................................. 79 

4.2 Computational Methods ............................................................................................................. 84 

4.2.1 Optimization and Generation of functionalized MIL- 47 materials .................................... 84 

4.2.2 Force Fields ......................................................................................................................... 85 

4.2.3 GCMC simulations ............................................................................................................... 86 

4.3 Result and Discussion .................................................................................................................. 89 

4.3.1 Adsorption of pure components ......................................................................................... 89 

4.3.2 Adsorption of Binary Mixtures ............................................................................................ 90 

4.3.3 Comparison of performance of functionalized MIL-47 materials with other materials ..... 96 

4.4 Conclusion ................................................................................................................................... 97 

4.5 References .................................................................................................................................. 97 

5 Water Adsorption in Metal Organic Frameworks and the Effect of Water on Natural Gas Purification 

in MOFs: A Computational Study .............................................................................................................. 101 

5.1 Background ............................................................................................................................... 101 

5.2 Systems and Computational Details ......................................................................................... 104 

5.3 Results and discussion .............................................................................................................. 111 

5.3.1 Water adsorption .............................................................................................................. 111 

5.3.2 The effect of water on natural gas purification in MOFs .................................................. 120 

5.4 Conclusion ................................................................................................................................. 121 



iv 
 

5.5 References ................................................................................................................................ 122 

6 Large-Scale Computational Screening of MOFs for Natural gas purification ................................... 125 

6.1 Introduction .............................................................................................................................. 125 

6.2 Methods .................................................................................................................................... 129 

6.2.1 Hypothetical MOF Database ............................................................................................. 129 

6.2.2 Screening Protocol ............................................................................................................ 130 

6.2.3 Binding Site Analysis ......................................................................................................... 134 

6.2.4 Discovery of Common Binding Site Motifs ....................................................................... 135 

6.2.5 GCMC Simulation Details .................................................................................................. 137 

6.3 Results & Discussion ................................................................................................................. 139 

6.3.1 CO2-CH4 Screening ............................................................................................................. 140 

6.3.2 Structure-property relationships ...................................................................................... 141 

6.3.3 Adsorbophore Analysis ..................................................................................................... 148 

6.3.4 Conjugated Aromatic-Based High Performing MOFs ........................................................ 153 

6.3.5 Ab initio geometry optimization of the top performers ................................................... 157 

6.3.6 The Effect of Water on the Performance of Top High-performing MOFs ........................ 161 

6.4 Conclusion ................................................................................................................................. 164 

6.5 References ................................................................................................................................ 166 

6.6 Appendix - Hypothetical MOF Database ................................................................................... 167 

7 Quantitative Structure-Property Relationship Models for Recognizing Metal Organic Frameworks 

(MOFs) with High CO2 working Capacity and CO2/CH4 Selectivity for Methane Purification .................. 170 

 Introduction .............................................................................................................................. 171 7.1.

7.2 Data set and computational methods ............................................................................................ 173 

7.2.1. Hypothetical MOF dataset and GCMC simulations........................................................... 173 

7.2.2. Machine learning classification models ............................................................................ 176 

 Result and Discussion ................................................................................................................ 177 7.2.

 Conclusions ............................................................................................................................... 193 7.3.

 References ................................................................................................................................ 194 7.4.

8 Investigation of Atomic Property-Weighted Radial Distribution Function and Voronoi Hologram 

Descriptors in Machine Learning Recognition of High Performing Metal Organic Frameworks for Natural 

Gas Purification ......................................................................................................................................... 196 

8.1 Introduction .............................................................................................................................. 196 

8.2 Methods .................................................................................................................................... 200 

8.2.1 Hypothetical MOF dataset ................................................................................................ 200 



v 
 

8.2.2 Grand Canonical Monte-Carlo (GCMC) simulations ......................................................... 201 

8.2.3 Descriptors ........................................................................................................................ 202 

8.2.4 Genetic algorithm-based descriptor selection .................................................................. 207 

8.2.5 Support Vector Machine (SVM) models ........................................................................... 212 

8.3 Results and Discussion .............................................................................................................. 212 

8.3.1 Evaluating MOFs for NG Purification ................................................................................ 212 

8.3.2 Training of Support Vector Machine Classifiers ................................................................ 213 

8.3.3 Predictive Capability of the Classifiers .............................................................................. 216 

8.4 Conclusion ................................................................................................................................. 222 

8.5 References ................................................................................................................................ 222 

9 MOFFinder: A Novel Web-based Tool for Aiding in the Discovery of New Metal Organic Framework 

Materials ................................................................................................................................................... 225 

9.1 Introduction .............................................................................................................................. 225 

9.2 Functionality ............................................................................................................................. 227 

9.3 Graphical User Interface ........................................................................................................... 233 

9.4 Data Collection .......................................................................................................................... 236 

9.5 Implementation ........................................................................................................................ 237 

9.6 Conclusion ................................................................................................................................. 241 

9.7 References ................................................................................................................................ 242 

10 Conclusion and Future Direction .................................................................................................. 245 

10.1 Future directions ....................................................................................................................... 251 

10.2 References ................................................................................................................................ 254 

 



vi 
 

Abstract  

An immediate reduction in global CO2 emissions could be accomplished by replacing coal- 

or oil-based energy sources with purified natural gas. The most important process involved in 

natural gas purification is the separation of CO2 from CH4, where Pressure Swing Adsorption 

(PSA) technology on porous materials has emerged as a less energy demanding technology.  

Among porous materials which are used or could potentially be used in PSA, Metal 

Organic Frameworks (MOFs) have attracted particular interest owing to their record-breaking 

surface areas, high-porosity, and high tunability. However, the discovery of optimal MOFs for 

use in adsorption-based CO2 separation processes is remarkably challenging, as millions of 

MOFs can potentially be constructed from virtually limitless combinations of inorganic and 

organic secondary building units. To overcome this combinatorial problem, this thesis aims to 

(1) identify important design features of MOFs for CO2/CH4 separation through the 

investigation of currently existing MOFs as well as the high throughput computational screening 

of a large database of MOFs, and to (2) develop efficient computational tools for aiding the 

discovery of new MOF materials.  

To validate the computational methods and models used in this thesis, the first work of 

this thesis presents the computational modeling of CO2 adsorption on an experimental 

CuBDPMe MOF using grand canonical Monte Carlo simulations and density functional theory. 

The simulated CO2 adsorption isotherms are in good agreement with experiment, which 

confirms the accuracy of the models used in our simulations throughout this thesis. The second 

work of this thesis investigates the performance of an experimental MIL-47 MOF and its seven 

functionalized derivatives in the context of natural gas purification, and compares their 
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performance with that of other well-known MOFs and commercially used adsorbents. The 

computational results show that introducing polar non-bulky functional groups on MIL-47 leads 

to an enhancement in its performance, and the comparison suggests that MIL-47-NO2 could be 

a possible candidate as a solid sorbent for natural gas purification. This study is followed by the 

compactional study of water effects on natural gas purification using MOFs, as traces of water 

is present in natural gas under pipeline specifications. From the study, it is found that water has 

a marginal effect on natural gas purification in hydrophobic MOFs under pipeline specifications. 

Following the aforementioned studies, a database of 324,500 hypothetical MOFs is 

screened for their performance in natural gas purification using the general protocol defined in 

this thesis. From the study, we identify 'hit' materials for targeted synthesis, and investigate the 

structure-property relationships with the intent of finding important MOF design features 

relevant to natural gas purification. We show that layered sheets consisting of poly-aromatic 

molecules separated by a perpendicular distance of roughly 7 Å are an important structural-

chemical feature that leads to strong adsorption of CO2.  

Following the screening study, we develop efficient computational tools for the 

recognition of high-preforming MOFs for methane purification using Machine Learning 

techniques. A training set of 32,500 MOF structures was used to calibrate support vector 

machines (SVMs) classifiers that incorporate simple geometrical features including pore size, 

void fraction and surface area. The SVM machine learning classifiers can be used as a filtering 

tool when screening large databases. The SVM classifiers were tested on ~290,000 MOFs that 

were not part of the training set and could correctly identify up to 70% of high-performing 

MOFs while only flagging a fraction of the MOFs for more rigorous screening. As a complement 
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to this study, we present ML classifier models for CO2/CH4 separation parameters that 

incorporate separately the Voronoi hologram and AP-RDF descriptors, and we compare their 

performance with the classifiers composed of simple geometrical descriptors. From the 

comparison, it is found that including AP-RDF and Voronoi hologram descriptors into the 

classifiers improves the performance of classifiers by 20% in capturing high-performing MOFs. 

Finally, from the screening data, we develop a novel chemiformatics tool, MOFFinder, for 

aiding in the discovery of new MOFs for CO2 scrubbing from natural gas. It has a user-friendly 

graphical interface to promote easy exploration of over 300,000 hypothetical MOFs. It enables 

synthetic chemists to find MOFs of interest by searching the database for Secondary Building 

Units (SBUs), geometric features, functional groups and adsorption properties. MOFFinder 

provides, for the first time the substructure/similarity query of porous materials for users and is 

publicly available on titan.chem.uottawa.ca/moffinger. 
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1 Introduction  

Many scientific studies show that rising emissions of greenhouse gases, such as CO2, from 

coalς or oil-based energy sources, have caused climate change (i.e., global warming) and air 

pollution,1,2 which can result in unavoidably devastating, dangerous outcomes in the future 

such as the rising of global sea levels up to seven meters3, massive loss of aquatic life4, and 

global water shortages5. Therefore, an immediate reduction of the greenhouse gas emissions is 

essential to prevent these catastrophic effects on the earth. As a near-term strategy, using 

natural gas as a primary clean energy source has been proposed.6 Natural gas, one of the 

cleanest fossil fuels, is mainly composed of methane and is available in large quantities. It 

presents many environmental advantages over petroleum and coal, as shown in Table 1.1.7 For 

example, for a given 

amount of energy 

production, it produces 

about half the amount of 

CO2 and a third of the amount of nitrous oxides compared to coal and other petroleum fuels. 

CƻǊ ǘƘƛǎ ǊŜŀǎƻƴΣ ǘƘŜ 5ŀǾƛŘ {ǳȊǳƪƛ ŦƻǳƴŘŀǘƛƻƴ Ƙŀǎ ŀŘǾƻŎŀǘŜŘ ǘƘŜ ǳǎŜ ƻŦ ƴŀǘǳǊŀƭ Ǝŀǎ ŀǎ ŀ ΨōǊƛŘƎƛƴƎ 

ŦǳŜƭΩ ǳƴǘƛƭ ǿŜ Ŏŀƴ ƳŜŜǘ ƻǳǊ ƛƴtense energy needs with renewable, zero-emissions energy 

sources.8 In addition, other factors such as novel transport technology, the abundance of 

natural gas reservoirs, and the lower overall costs all result in the increase of natural gas 

demand. The International Energy Agency (IEA) estimates a 37.8 % increase in natural gas 

consumption between 2008 and 2035, as part of the 33.2% increase in total energy 

consumption under its own New Policies Scenario.9 Recently, the U.S. Energy Information 

 Table 1.1:  Pounds of Air Pollutants Produced Per Billion Btu of Energy 

 Pollutant Natural Gas Oil Coal 

Carbon dioxide 117,000 164,000 208,000 

Carbon monoxide 40 33 208 

Nitrogen oxides 92 448 457 

Sulfur dioxide 0.6 1,112 2,774 



  
 

2 
 

Mohammad Zein Aghaji Chapter 1 

Administration (EIA), forecasted a greater increase in the demand for natural gas from 2013 to 

2040 compared to coal (13% vs 5%), and predicted a low contribution for the renewables and 

nuclear energy in the increase of energy consumption in 2040 ( < %18 of total energy 

consumption).10
  

1.1 Natural Gas in Canada    

Natural gas, a high-profile energy source in Canada, has been produced more than any 

other form of energy source in the last two decades. Specifically, in 2008, 40% of primary 

energy produced in Canada was natural gas, which provided $33 billion for Canadian producers 

through export to the U.S. by pipeline, indicating the significant role of natural gas in the 

Canadian market. By the year 2020, the natural gas demand is expected to increase by 18% in 

/ŀƴŀŘŀΣ ŀǎ  ǇŀǊǘ ƻŦ ǘƘŜ мо҈ ƛƴŎǊŜŀǎŜ ƛƴ /ŀƴŀŘŀΩǎ ǘƻǘŀƭ ŜƴŜǊƎȅ ŘŜƳŀƴŘΦ8 Although Canada has an 

extremely large number of natuǊŀƭ Ǝŀǎ ǊŜǎŜǊǾƻƛǊǎΣ ǿƘƛŎƘ ŎƻǳƭŘ ǎǳǇǇƭȅ ƳƻǊŜ ǘƘŀƴ ǘƘŜ ǿƻǊƭŘΩǎ 

future demands, much of these reservoirs are in shale gases or other so-called unconventional 

gas reservoirs. In particular, the National Energy Board of Canada estimates that Canada is 

sitting on about 1000 trillion cubic feet of shale gas11, which amounts to about one sixth of the 

²ƻǊƭŘΩǎ ŎǳǊǊŜƴǘ ǇǊƻǾŜƴ ƴŀǘǳǊŀƭ Ǝŀǎ ǊŜǎŜǊǾŜǎΦ ¢ƘǳǎΣ ǎƘŀƭŜ Ǝŀǎ ŀƴŘ other unconventional natural 

gas sources are receiving significant attention from government agencies and energy 

companies. Aside from the difficulties associated with extracting shale gas, another problem 

with unconventional gas reservoirs is that they contain variable amounts of contaminants such 

as water, light parraffins, aromatics, nitrogen, sulphur compound and carbon dioxide. The CO2 

concentrations in these reservoirs can reach above 15 vol%, which is high compared to ~2% in 

conventional reservoirs. The high concentrations of CO2 and other contaminants not only 
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reduce combustion efficiency and increase transportation costs, they also cause pipeline 

corrosion. Therefore, before the gas is delivered in pipelines, each contaminant must be 

removed to its standard level as defined by pipeline specifications. To meet these 

specifications, natural gas extracted from shale gas usually undergoes some type of treatment 

or purification. 

1.2 Natural Gas Processing 

Because the composition of natural gas varies from reservoir to reservoir, there are a 

variety of processes for natural gas purification. Figure 1.1 shows a simplified representation of 

natural gas processing, where some steps may be integrated into one unit, performed in a 

different order, or omitted. The summary of each unit function is provided below.  

 

Figure 1.1: Simplified schematic representation of natural gas processing. 

In the condensate separator unit, the higher hydrocarbons (two to eight carbons) are 

recovered from natural gas usually through condensation process, where the temperature of 

gas is reduced through refrigeration units which frequently use vapor-compression cycles with 
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propane as the refrigerant. In the dehydration unit, the water vapor content of natural gas is 

reduced to a concentration no greater than 112 mg of water per standard of 1 m3 of gas, which 

is a typical water pipeline specification across Canada.12 This reduction is often provided 

through an absorption process, where water is absorbed by a glycol-based liquid system, such 

as triethylene glycol. In the desulfurization unit, the hydrogen sulfide is removed from natural 

gas through a chemical sorption process, where the iron oxide sorbents are widely used. In this 

process, the iron oxide sorbents remove hydrogen sulfide by forming iron sulfide, and the 

saturated sorbents (i.e., no longer able to react with hydrogen sulfide) are regenerated by 

oxidizing the iron sulfides with air, forming iron oxide and elemental sulfur. In the CO2 removal 

unit, the amine-based absorption process is primarily used to remove CO2 from natural gas, and 

recently the adsorption process, discussed in the next section, with the use of zeolites is also 

employed. The amine-based absorption process involves forming carbamete salts through the 

reaction of CO2 with an amine solvent such as methyldiethanolamine, and regenerating the 

whole solution at near boiling point. In the optional nitrogen extraction unit, nitrogen is 

removed from natural gas based on the difference in boiling points of nitrogen and methane. 

This involves the cryogenic distillation of a gas that has been purified to very low levels of CO2, 

water, and other components that could form a solid at low temperatures. In the optional 

demethanizer unit, a gas that has been preconditioned to low levels of CO2, water vapor and 

nitrogen undergoes a cryogenic process to separate methane from the remaining higher 

hydrocarbons. In this process, the temperature of gas is lowered to -120 0F to condense higher 

hydrocarbons, while maintaining methane in its gaseous form. In the optional fractionation 

unit, the higher hydrocarbons stream which has been removed from the natural gas stream is 
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separated into individual hydrocarbons based on the varying boiling points of individual 

hydrocarbons. As such, heating units raise the temperature of the stream at different stages, 

and in each stage, one hydrocarbon is liquefied and injected into a specific holding tank. 

All above-mentioned units have been engineered to reduce both energy and monetary 

cost. However, while the amine-based CO2 removal process have been widely used in other CO2 

sequestration applications13, such as CO2 ǎŜǇŀǊŀǘƛƻƴ ŦǊƻƳ ƘȅŘǊƻƎŜƴ ǎƛƴŎŜ ǘƘŜ мфолΩǎ Σ ƛǘ ƛǎ 

energetically costly and accounts for a significations portion of the monetary costs. For 

example, it is estimated that the annual amine treating cost for CO2 removal from 100 MMscfd 

(Million standard cubic feet of gas per day) of natural gas containing 10% CO2 is $20MM US 

($66US/ton CO2), which is 40% of the cost for the total process.14 Such high energetic costs are 

attributed to the high level of heat required to regenerate a saturated amine solution and to 

break the N-C carbamate bond. In contrast, pressure swing adsorption (PSA) technology 

designed based on the adsorption-process is an efficient and lower-cost technology (compared 

to absorption-based technology) due to its lower energy demands and its operation conditions 

which are well-suited to the natural gas conditions.  

1.3 PSA-based CO2 removal process  

PSA technology for removing CO2 from natural gas is designed based on the use of 

porous solid materials which can selectively bind CO2 via physical adsorption. The strength of 

CO2 interaction with solid sorbants is typically smaller than that of aqueous amines (20 - 40 

kJ/mol vs. 90 kJ/mol for aqueous amines) allowing for easier regeneration of these materials. 

Furthermore, while aqueous amines need to be boiled in the regeneration step which requires 

high levels of heat due to its high heat capacity, the regeneration of solid sorbants in the PSA 
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system occurs at ambient temperature and pressure. A general schematic of a PSA-based 

process for CO2 removal from natural gas is provided in Figure 1.2. In this process, a gas mixture 

is fed into a column containing the solid material at high pressure and room temperature 

(typically 3-20 bar and 298-303 0K). CO2 is selectively adsorbed onto the solid material and 

subsequently the methane-rich gas is emitted from the column. Once the column is not able to 

adsorb more CO2, the saturated column undergoes a regeneration step through decreasing the 

feed pressure to a near-ambient pressure. In this step, CO2 is desorbed from the solid martial, 

and the column will be ready for use in further adsorption/desorption cycles. Listed in Table 1.2 

are examples of commercially available PSA-based systems for CO2 recovery from natural gas.   

Table 1.2: Commercialized PSA process for CO2 separation from CH4 

 
 Vendor/Licensor Adsorbent Refs 

M3100 Xebec Rotary-valve Xebec Metal-based 15
 

CO2 Sponge IACX Energy Activated Carbon 16
 

Molecular Gate Guild Associate Titanosilicate 17
 

UOP MOLSIV UOP Zeolite 18
 

Most materials commonly used in these systems as CO2 scrubbers are zeolites and 

activated carbons. These materials have a strong affinity for CO2 over CH4, but the amount of 

CO2 recovered per unit mass of these materials at each regeneration cycle, defined as working 

capacity, is relatively low compared to other porous materials. For example, zeolite 13x, the 

mostly commonly used zeolite for this purpose, has a CO2 working capacity of 1.86 mmol/g19, 

which is only about half of the maximum working capacity recently reported for porous 

materials.20 Since the working capacity of a sorbent dictates the amount of sorbent required, 

using a material with high CO2 working capacity leads to an overall reduction in the cost of CO2 

capture. More specifically, Wiley and co-workers21 in their cost analysis of the PSA process for a 

CO2 separation application revealed that using a material which could recover twice as much 
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CO2 as Zeolite 13X at regeneration step and adsorb three times as much CO2 relative to other 

gases as Zeolite 13X would reduce the cost of CO2 capture up to 30%. Motivated by these 

findings, several types of porous materials have been proposed to replace traditional 

adsorbents in PSA application for CO2 separation from natural gas.22 Among the proposed 

materials, Metal Organic Frameworks (MOFs)23 show great potential due to their exceptionally 

high porosities and chemically tunable structures.  

  
Figure 1.2: Graphical representation of PSA process for removing CO2 from natural gas. CO2 is selectively 

trapped in a solid material, which undergoes regeneration to release CO2 and make the materials 

useable for further adsorption/regeneration cycles.  

 

1.4 Metal Organic Framework Materials  

MOFs, which are porous crystalline materials composed of metal clusters joined by 

organic linker molecules, ƘŀǾŜ ƛƴǾƛƎƻǊŀǘŜŘ ǘƘŜ ǇƻǊƻǳǎ ƳŀǘŜǊƛŀƭ ŎƻƳƳǳƴƛǘȅ ǎƛƴŎŜ ǘƘŜ ƭŀǘŜ флΩǎ 

when Yaghi et al.24 discovered MOF-5, now a widely studied MOF, and used reticular chemistry 
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as a tool for rational design of new MOFs.25,26 To date, tens of thousands of these materials 

have been synthesized, and many avenues of applications have been pursued, such as gas 

storage and separation,27,28 drug delivery,29 and heterogeneous catalysis.30ς32 However, despite 

showing great promise, these materials are still in transition period from research laboratories 

ǘƻ ƛƴŘǳǎǘǊƛŀƭ ǎŜǘǘƛƴƎǎΦ ²ƘƛƭŜ ǘƘŜ ǘŜǊƳ άahCǎέ ǿƘƛŎƘ ƛǎ ŀŘƻǇǘŜŘ ōȅ L¦t!/ ƛǎ ŀ ǇƻǇǳƭŀǊ ǘŜǊƳ ŦƻǊ 

these materials, due to the nature of its development, many other conventional names have 

ŀƭǎƻ ŜƳŜǊƎŜŘ ǘƻ ŘŜǎŎǊƛōŜ ǘƘƛǎ ǘȅǇŜ ƻŦ ƳŀǘŜǊƛŀƭΦ ¢ƘŜ Ƴƻǎǘ ŎƻƳƳƻƴƭȅ ǳǎŜŘ ǘŜǊƳ ŀŦǘŜǊ άahCǎέ ƛǎ 

Porous Coordination Networks (PCNs),33 followed by Porous Coordination Polymers (PCPs).34 

Other names include Zeolitic Imidazolate Frameworks (ZIFs),35 Microporous Coordination 

Polymers (MCPs),36 and Metal Peptide Frameworks (MAFs).37 However, in the reminder of this 

ǘƘŜǎƛǎΣ ǿŜ ǿƛƭƭ ǳǎŜ ǘƘŜ ǘŜǊƳ άahCǎέΦ Lƴ ǘŜǊƳǎ ƻŦ ǇǳōƭƛŎŀǘƛƻƴΣ ŀ ƭŀǊƎŜ ƴǳƳōŜǊǎ ƻŦ ǇŀǇŜǊǎ ƻƴ ahC 

ǊŜǎŜŀǊŎƘ Ƙŀǎ ōŜŜƴ ǇǳōƭƛǎƘŜŘ ƛƴ άƘƛƎƘ-ƛƳǇŀŎǘέ ƧƻǳǊƴŀƭǎ ǎǳŎƘ ŀǎ {ŎƛŜƴŎŜΣ9,25,38ς43 Nature,24,26,27,44ς

46 and Chemical Reviews31,47ς54 in a relatively short period of time. 

MOFs are made of metal ions coordinated to organic molecules that can form three-

dimensional structures. The most common metal ions are Cu+1, Cu+2, Zn+2, Ni+3, V+2 and Al+3 

while the most common organic molecules are bidentate and tridentate carboxylics,55,56 and 

azoles.57,58 These materials form high symmetric crystalline lattices which can be characterized 

by X-ray crystallography experiments. Examples of several MOFs are given in Figures 1.3a and 

1.3b. Analogies are often made between MOFs and zeolites because both are crystalline, 

nanoporous materials. However, MOFs offer much greater opportunities for tunability, as these 

materials have a larger variability in terms of metal ions and organic linkers compared to 

traditional zeolites that are composed solely of aluminum, oxygen, and silicon.59 Also, novel 
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zeolite synthesis is much more difficult than novel MOF synthesis. Whereas less than 200 

different zeolite structures have been synthesized to date,60 thousands of MOFs have been 

synthesized in a much shorter time period.39 Moreover, some MOFs have extremely large 

internal surface areas (greater than 6000 m2/g) and exceptional porosity with up to 90% free 

volume.61 Owing to these unique properties, MOFs have emerged as an ideal candidate for a 

variety of applications, including CO2 separation from natural gas. 

 

Figure 1.3: a) MOF-5 from its inorganic Zn4O complex and terephthalic acid linker. Green: zinc, white: 

hydrogen, red: oxygen, grey: carbon. b) MOF-10 from its Zn4O complex and p-terphenyl-4,4'-

dicarboxylate linker. c) pcu topology of MOF-10 and MOF-5 where the Zn4O complex is abstracted to the 

octahedral geometry and the benzene-based linkers abreacted to an edge bridging two octahedrons. 

The rational design of MOFs can be attributed to the terms of reticular synthesis.62 The 

idea behind reticular synthesis is the self-assembly of rigid modular building blocks into nets 

through strong bonds. Defined in this fashion, the periodic structure of MOFs can be 

partitioned into organic and inorganic structural building units (SBUs), which can be seen in 

Figure 1.3. Using a simplified representation of the clusters of atoms in each SBU as a simple 
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geometric shape in edges and vertices format based on their extended connectivity, an 

underlying network topology (net) can be formed. It is worthy to note that these are the nets 

and SBUs that  guide  experimental chemists in synthesizing MOFs with a targeted pore size, 

surface area, and pore chemistry with a specific topology. Perhaps the most striking example of 

this is IRMOF-n (1 to 16) series in which the pore chemistry was modified through the 

functionalization with organic groups ςBr, ςNH2, ςOC3H7, ςOC5H11, ςC2H4, and ςC4H4 in a 

controlled fashion where topology and connectivity had all remained the same between the 

series.25 One member of these series exhibits a relatively high methane uptake, 155 V3(STP)/V, 

which had been a world record up until 2010. In a similar work, the pore size of IRMOF-74-n 

series increased from 20 to 90  Å through increasing the size of organic linkers without changing 

the topology.63 Surprisingly, some MOFs of these series have extremely large pores through 

which large bio-molecules such as vitamin B12, metal-organic polyhedron-18, myoglobin and 

green fluorescent protein (GFP) can pass. Beside these examples, there are many other 

examples in the literature which indeed demonstrate the possibility of tuning the features of 

MOFs for a specific application.64ς69 

1.4.1 MOFs for CO2 separation from natural  gas 

As mentioned in section 1.4, MOFs have not yet been implemented in industrial settings, 

which is in contrast to intense interest in developing MOFs for CO2 separation from natural gas. 

CƻǊ ǘƘƛǎ ŀǇǇƭƛŎŀǘƛƻƴΣ ŀƴ ƛŘŜŀƭ ƳŀǘŜǊƛŀƭ Ƴǳǎǘ ƘŀǾŜ ŀ ƘƛƎƘ ΨǿƻǊƪƛƴƎ ŎŀǇŀŎƛǘȅΩ ōŜŎŀǳǎŜ ƛǘ Ƙŀǎ ōŜŜƴ 

shown that a material with high working capacity will have lower regeneration energy, leading 

to an overall reduction in the cost.46 Working capacity is the amount of CO2 recovered from a 

single adsorption/desorption cycle per unit weight (or volume) of material, typically expressed 



  
 

11 
 

Mohammad Zein Aghaji Chapter 1 

in mmol/g. The working capacity not only depends on the nature of the pore in the material, 

but also on adsorption and desorption conditions. Beside the high CO2 working capacity, an 

ideal material must be highly selective for CO2 over CH4, which is the largest component in 

natural gas. This arises from the fact that the higher the CO2 selectivity, the higher the purity of 

recovered gas, leading to reduced operating cost. 21,70 Selectivity is measured as the ratio of the 

amount of CO2 adsorbed vs the amount of CH4 adsorbed at natural gas conditions, normalized 

by their partial pressures (more details provided in Chapter 2).  

A large number of MOFs have been synthesized and investigated for their performance in 

CO2 separation from natural gas in controlled experiments.71ς79 However, these experiments 

ǿŜǊŜ ǇŜǊŦƻǊƳŜŘ ǎƻƳŜǿƘŀǘ ƛƴ ΨǎǘŀƴŘ-ŀƭƻƴŜΩ ŦŀǎƘƛƻƴΣ ƳŜŀƴƛƴƎ ǘƘŀǘ ŘƛŦŦŜǊŜƴǘ ǘƘŜǊƳƻŘȅƴŀƳƛŎ 

conditions for a sorption process or/and different techniques for activating the MOFs have 

been used, which could affect the MOFs performance for CO2/CH4 separation. Indeed, a MOF 

can present different sorption properties in two experiments that are not indentical. For 

example, the CO2 uptake for MOF-5 at 1 bar and 298 K has been reported to be in the range of 

1.12 to 1.98 mmol/g. The variation is primarily attributed to the activation of the MOF ς in 

other words different methods used to remove solvent from the MOF during activation.80 

Nonetheless, a scan of the literature for an ideal MOF for this application has resulted in very 

few structures, making it difficult to determine if one of these structures is an ideal candidate 

for natural gas purification. Although the Cambridge Structural Database81 (CSD) has thousands 

of experimentally realised MOFs,82 these account for only a small fraction of the millions of 

MOFs that can potentially be made.83 Out of these unrealised MOFs, there are likely ideal 

configurations with appropriate organic and inorganic molecules that are optimal for CO2 
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separation from natural gas. However, due to the cost and time required to synthesize a single 

MOF, let alone millions of possible MOFs, experimentally determining high-performing MOFs 

for separation CO2 from natural gas is far from ideal. In addition, the microscopic features of 

the MOF (e.g., guest-host interaction) that provide the observable macroscopic properties are 

incredibly difficult to elucidate through experimental methods alone. Indeed, important 

physical and chemical features of MOFs that are related to sorption properties are difficult to 

address using the experimental methods, which results in the lack of rational design principles 

for MOFs. As a result, the use of rational design in the development of new MOFs is very 

challenging from experiment alone, and thus, a MOF with ideal properties for separation CO2 

from natural gas has not yet been discovered. 

1.4.2 Computational approach in MOFs discovery   

As mentioned above, owing to our current lack of rational design principles, it would be 

very difficult and time consuming to experimentally determine high-performing MOFs for CO2 

separation from natural gas. To accelerate this process, computational methods are emerging 

as a powerful tool in the MOF community.47,84 Several studies demonstrate the potency of 

computational tools in the discovery of important features of MOFs for CO2-related gas 

adsorption. Yang et al.85 investigated the effect of functional groups in UiO-66 for CO2 

upgrading from natural gas by building hypothetical functionalized UiO-66 materials and 

calculating their adsorption properties using molecular simulations. They found that the 

functionalization with -COOH group leads to higher selectivity compared to UIO-66 and other 

functionalized MOFs of this family, which was later confirmed by Biswas el al.86 who 

synthesised a series of functionalized UiO-66 materials and found that -COOH functionalized 
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UiO-66 exhibits the highest selectivity among others with different functional groups. In 

another study, using DFT calculations, Torrisi et al.87 demonstrated that functionalization with -

COOH group leads to an enhancement in CO2 heat of adsorption at zero loading compared to 

other functional groups such as ςCH3, -NH2, and ςOH. This was then seen by Xiang et al.88 and 

Cooper et al.89 who experimentally demonstrated that their MOFs functionalized with -COOH 

group have the highest CO2 heat of adsorption at zero loading over other functional groups, 

namely CH3, -NH2, and ςOH.  

While these computational studies indisputably demonstrate the important role of 

computational methods in material discovery processes, they have focused on a limited 

number of specific MOFs where the results may not be generalized for the rational design of 

MOFs. For example, the aforementioned studies demonstrate that the -COOH group increases 

CO2 selectivity or CO2 heat of adsorption, but it was also found from these studies and other 

studies the -COOH group not only does not increase CO2 working capacity, but  reduces working 

capacity due to its steric effects reducing adsorption sites for CO2. Therefore, to find how to 

improve both CO2 selectivity and working capacity, one needs to sample a larger physical and 

chemical space of MOFs. This can be successfully achieved by computationally screening larger 

sets of MOFs in a high-throughput fashion. 

Until now, several computational screening studies have been performed on large sets of 

MOFs with aims of identifying high performing materials or identifying structure-property 

relationships for gas-related applications. One example of this is the work  done by Watanabe 

et al.90 who screened >1000 MOFs taken from CSD for CO2 capture and identified four high-

performing materials. Another example is the screening of 500 MOFs taken from the CSD by 

http://pubs.rsc.org/en/content/articlelanding/2012/ee/c2ee23201d
http://pubs.rsc.org/en/content/articlelanding/2012/ee/c2ee23201d
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Haldoupis et al.91 for CO2 capture, where they were able to recognize several high-performing 

materials. Additional examples include the screening of >20,000 MOFs taken from the CSD by 

Goldsmith et al.92 for hydrogen storage, the screening of a large set of ZIF materials by Smit et. 

al.93 for CO2 capture, and the screening of a large set of hypothetical MOFs by Wilmer et al.44,94 

for four CO2-related gas separation applications and methane storage. However, despite 

valuable achievements in these studies, no experimental validations, except for the case of 

methane storage, have been made so far. Also, most of these studies have focused on CO2 

capture from flue gas or high pressure methane storage, and far less attention has been paid to 

separate CO2 from natural gas under natural gas conditionings. Moreover, in the case of 

screening of hypothetical MOFs by Wilmer et al,94 the results (e.g., the optimal range of surface 

area (1500 - 2000 m2/g) for CO2 capture) may not represent the required features for CO2 

capture, as they mention in their work that their hypothetical MOFs database may not be 

sufficiently diverse. As a result, the data in their work may be skewed towards a particular 

distribution. More importantly, it has been shown by Woo and coworkers95 the methods used 

in their study had resulted in overestimating the performance of MOFs containing fluorine and 

chlorine functional groups. 

Generating massive libraries of hypothetical materials using modular building-block 

approach have resulted in hundreds of thousands of hypothetical MOFs structures so far 44,93,96 

which are readily available for high-throughput (HT) computational screening. Recent high-

throughput computational screening on these structures for gas adsorption properties have not 

only shown the capability of this approach in material discovery but also have pointed to a 

direction of new screening studies for researchers. Furthermore, it has paved the way for 
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developing new computational tools that enable screening the millions of MOF structures that 

can be easily constructed computationally.83 

1.5 Thesis Goals and Outlines 

In this work, we develop efficient computational tools to aid in the discovery of new MOF 

materials for methane purification, and computationally screen hundreds of thousands of 

hypothetical MOFs for their performance in natural gas purification. The goals of this thesis will 

be to identify important aspects relevant for methane purification within MOFs in order to 

guide experimental synthesis, and identify 'hit' materials for targeted synthesis. To perform 

screening of large database of MOFs, we define the protocol including which simulation 

methods and parameters will most effectively predict the adsorption and selectivity properties 

important for methane purification. Following the screening, we will analyse the screening data 

to find the structural and chemical features that provide the best performance.  

¢ƻ ŜǾŀƭǳŀǘŜ ahCǎΩ ǇŜǊŦƻǊƳŀƴŎŜ ŦƻǊ ƴŀǘǳǊŀƭ Ǝŀǎ ǇǳǊƛŦƛŎŀǘƛƻƴΣ ǿŜ ǎƛƳǳƭŀǘŜ ǘƘŜ ŀŘǎƻǊǇǘƛƻƴ 

of a CO2/CH4 mixture in MOFs under PSA conditions for NG purification using established 

statistical mechanical methods. These simulations use classical molecular mechanics force 

fields, which do not consider electrons but rather treat atoms as basic units for description of 

the system, to compute interaction energies between the gases and the MOF framework 

atoms. As a complement to our work, we also evaluate the effect of water on MOFs 

performance for natural gas purification. Thus, one chapter of this thesis will be allocated to 

study water adsorption on MOFs and its effect on CO2/CH4 separations within MOFs.  

The thesis is organized as follows. In Chapter 2, we present a detailed description of the 

criteria used to evaluate MOFs for natural gas purification and the computational methods used 
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in this thesis. The computational methods discussed include Grand Canonical monte Carlo 

simulation for determining gas uptake in MOFs, the charge equilibrium method for charge 

calculation, and finally Quantitative StructureςProperty Relationship approaches used to 

develop models.  

In Chapter 3, we study CO2 adsorption on the first reported Phosphonate Monoesters-

base MOF, CuBDPMe. This MOF that was made up of Cu(1,4-benzenediphosphonate 

bis(monomethyl ester) exhibits modest CO2 capacity with a high isosteric heat of adsorption of 

45 kJ·mol-1. The characteristics of CO2 uptake, including the adsorption isotherms, heats of 

adsorption, and binding sites, are modelled using well-established simulation methods. Then, 

we will show that the CO2 uptake is extremely sensitive both to the flexing of the structure and 

to the orientation of the alkyl tether. This work was published in the Journal of the American 

Chemical Society.97In Chapter 4, we study MIL-47, a promising candidate for use in natural gas 

purification, and its functionalised derivatives (i.e., MIL-47-·Σ · Ґ ҍ/ƭΣ ҍ.ǊΣ ҍ/I3Σ ҍ/C3Σ ҍhIΣ 

ҍh/I3) for their performance on natural gas purification under PSA conditions. CO2 working 

capacity and CO2/CH4 selectivity relevant for methane purification are computed using 

molecular simulations.  Using simulation data, we will investigate the effect of functional 

groups on this application in MIL-47-X. Finally, we compare the performance of these materials 

with that of other materials that are already reported in literature.  

In Chapter 5, we present a comprehensive simulation study of water adsorption in a 

variety of MOFs and examine the effect of water on their performance for natural gas 

purification. The MOFs chosen are MIL-47, ZIF-8, Al(OH)(1,4-naphthalenedicarboxylate), UIO-

66, Zn-DMOF-A, Zn-DMOF-TM, and Cu-BTC.  First, we evaluate the accuracy of seven 
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άǎǘŀƴŘŀǊŘέ ƳƻŘŜƭǎΣ ƛƴŎƭǳŘƛƴƎ {t/κ9Σ ¢LtоtΣ ¢LtоtκEw, TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew, by 

calculating pure water isotherms and comparing to experimental data for each of these MOFs. 

Afterwards, we investigate the adsorption of the binary mixture of CO2-CH4 on these MOFs in 

the presence of water under natural gas conditions. We show that a trace of water has a 

marginal effect on performance of hydrophobic MOFs for natural gas purification.  

In Chapter 6, we present a computational screening study of 324,500 hypothetical MOFs 

for their performance in natural gas purification at the typical condition of natural gas 

purification with PSA systems. We will define the protocol we use in our screening. From 

screening data, we will identify important physical and chemical features that promote both 

high CO2 working capacity and high CO2/CH4 selectivity in MOFs. Finally, we will identity several 

άƘƛǘέ ƳŀǘŜǊƛŀƭǎ ŦƻǊ ǘŀǊƎŜǘŜŘ ǎȅƴǘƘŜǎƛǎ ŀƴŘ ŎƻƳƳŜǊŎƛŀƭƛȊŀǘƛƻƴΦ 

In Chapter 7, we develop machine learning quantitative structureςproperty relationships 

(QSPR) models of the CO2 working capacity and CO2/CH4 selectivity at conditions typical of 

natural gas purification with PSA systems using the purely geometric properties of pore size, 

void fraction and surface area. The models are trained on the computed adsorption properties 

of 32,450 MOFs using well-established cheminformatics tools, and subsequently the accuracy 

of these models are tested on a set of ~290,000 diverse MOF structures. We will demonstrate 

that the models allow for the accurate identification of high-performing MOFs, thereby 

allowing for rapid pre-screening of materials in order to significantly reduce the number of 

computationally expensive molecular simulations. This work was published in the European 

Journal of Inorganic Chemistry (invited article for the special issue on MOFs).98  
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In Chapter 8, we present machine learning QSPR models for CO2/CH4 separation 

parameters (i.e., CO2 working capacity and CO2/CH4 selectivity) that incorporate separately the 

Voronoi hologram and atomic property weighted radial distribution function (AP-RDF) 

descriptors. We will show how a genetic algorithm is implemented to efficiently select the best 

subset of hologram descriptors for use in QSPR model for recognizing high-performing MOFs 

for methane purification. Subsequently, the performance of the best subset of hologram 

descriptors and AP-RDF in QSPR models will be compared to simple geometrical features, 

namely pore size, void fraction and surface area. 

In Chapter 9, we develop a novel, chemiformatics tool, MOFFinder, for aiding in the 

discovery of new MOFs for CO2 scrubbing from natural gas. MOFFinder is a web-based interface 

ǘƻ ǘƘŜ ƎǊƻǳǇΩǎ ŘŀǘŀōŀǎŜǎ ƻŦ ahCǎ ǘƘŀǘ ǇǊƻǾƛŘŜǎ ǎŜŀǊching capabilities based on the Secondary 

Building Units, Geometric Features, Functional Groups and Adsorption Properties. Currently the 

MOFFinder provides fast access (in seconds) to a set ~300,000 hypothetical metal organic 

frameworks, but can be expandeŘ ǘƻ ǘƘŜ ƎǊƻǳǇΩǎ ƳƻǊŜ ŎǳǊǊŜƴǘ Řŀǘŀ ōŀǎŜ ƻŦ ƳƻǊŜ ǘƘŀƴ н Ƴƛƭƭƛƻƴ 

MOF structures. MOFFinder provides, for the first time the substructure/similarity query of 

porous materials for users and is publicly available on titan.chem.uottawa.ca/moffinger. 

Finally, in Chapter 10 conclusions will be provided for each part of the thesis work 

conducted, and future directions will be discussed. The reminder of this Chapter presents a 

detailed description of the criteria used to evaluate MOFs for natural gas purification and the 

computational tools used in this thesis.   

1.6 References 

(1)  Solomon, S.; Plattner, G.-K.; Knutti, R.; Friedlingstein, P. Proc. Natl. Acad. Sci. U. S. A. 2009, 



  
 

19 
 

Mohammad Zein Aghaji Chapter 1 

106 (6), 1704. 

(2)  Liu, Y.; Ye, Q.; Shen, M.; Shi, J.; Chen, J.; Pan, H.; Shi, Y. Carbon dioxide capture by 

functionalized solid amine sorbents with simulated flue gas conditions; 2011; Vol. 45. 

(3)  Nicholls, R. J.; Cazenave, A. Science 2010, 328 (5985), 1517. 

(4)  McLaughlin, J. F.; Hellmann, J. J.; Boggs, C. L.; Ehrlich, P. R. Proc. Natl. Acad. Sci. U. S. A. 

2002, 99 (9), 6070. 

(5)  Wheeler, T.; Braun, J. Von. 2013, 288 (2012), 285. 

(6)  Liang, F.; Ryvak, M.; Sayeed, S.; Zhao, N. Chem. Cent. J. 2012, 6 (Suppl 1), S4. 

(7)  Outlook, A. E.; Protocol, K.; Markets, E.; Activity, E.; States, U. Energy Inf. Adm. Nat. Gas 1998 

Issues Trends 2012, 49. 

(8)  DSF; PI. Is natural gas a climate change solution for Canada?; David Suzuki fundation: 

Vancouver, 2011. 

(9)  Zielinska-Lipiec, A.; Czyrska-Filemonowicz, A.; Ule, B.; Nagode, A.; Tsukamoto, S.; Tabuch, 

M.; Liu, Y.; Shirane, T.; Tabuchi, M.; Abe, F.; Kondo, M.; Kubo, K.; Albert, S.; Sonderegger, B.; 

Sklenicka, V.; Kudrman, J.; Kucharová, K.; Míková, R.; Schüller, H.; Hagn, L.; Woitscheck, A.; 

Schlacher, C.; Béal, C.; Sommitsch, C.; Toda, H.; Mayr, P.; Samuel, E. I.; Choudhary, B. K.; 

Palaparti, D. P. R.; Mathew, M. D.; Robertson, D. G.; Shibli, A.; Plesiutschnig, E.; Beal, C.; Paul, 

S.; Zeiler, G.; Mitsche, S.; Peġiļka, J.; Kuģel, R.; Dronhofer, A.; Eggeler, G.; Panait, C. G. C. G.; 

ZieliŒska-Lipiec, A.; Koziel, T.; Gourgues-Lorenzon, A.-F. a.-F.; Bendick, W.; Fuchsmann, A.; 

Besson, J.; Norström, L.; Morito, S.; Yoshida, H.; Maki, T.; Huang, X.; Tanaka, H.; Konishi, R.; 

Furuhara, T.; Middleton, C.; Brear, J.; Munson, R.; Viswanathan, R.; Mendez, F.; Radis, R.; 

Masuyama, F.; Maruyama, K.; Sawada, K.; Koike, J.; Mannan, S. L.; Laha, K.; Lqwhjudwlqj, V.; 

Ghirupdwlrq, P.; Phfkdqlvpv, D. Q. G. G.; Letofsky, E.; Kunz, L.; Lukas, P.; Krauss, G.; Yin, F.; 

Kloc, L.; Sklenieka, V.; Kitahara, H.; Ueji, R.; Tsuji, N.; Minamino, Y.; Kimura, K.; Kern, T. U.; 

Wieghardt, K.; Kircher, H.; Hyde, T. H.; Becker, A. A.; Sun, W.; Yaghi, A.; Williams, J. A.; 

Concari, S.; Holzer, I.; Kozeschnik, E.; Cerjak, H.; Francis, J. A.; Mazur, W.; Bhadeshia, H. K. D. 

H.; Egner, H.; Egner, W.; Ramteke, A.; Coleman, M.; Chew, B.; Peter, G.; Burblies, A.; Hald, J.; 

Jefferey, C.; Rantala, J.; DeWitte, M.; Mohrmann, R.; Dimmler, G.; Weinert, P.; Bürgel, R.; 

Jürgen Maier, H.; Niendorf, T.; Bose, S. C.; Singh, K.; Swaminathan, J.; Sarma, D. S.; Birol, F.; 

Bauer, M.; Baral, J.; Ghosh, R. N.; Ashby, M. F.; Dyson, B. F.; Ahmadi, M. R.; Povoden-

Karadeniz, E.; Öksüz, K. I.; Falahati, A.; Abson, D. J.; Rothwell, J. S.; Abd El-Azim, M. E.; 

Ibrahim, O. H.; El-Desoky, O. E. IEA, World Energy Outlook 2010France IEA, 2010. 

(10)  U.S. EIA, Annual Energy Outlook 2015,www.eig.gov/forcasts/aeo. 

(11)  National Energy Board of Canada, Energy Brief; 2009. 

(12)  Carroll, J. Natural Gas Hydrates: A Guide for Engineers; 2, Ed.; Gulf Professional Pub, 2009, 

2009. 

(13)  Rochelle, G. T. Science 2009, 325 (5948), 1652. 

(14)  Arthur J. Kidnay, William R. Parrish, D. G. M. Fundamentals of Natural Gas Processing, Second 

Edition; CRC Press, 2011. 

(15)  Toreja, J., Chan, N., VanNostrand, B., Dickinson, J.P., 2011. Rotary-valve, fast-cycle pressure 

swing adsorption technology allows West Coast platofrm to meet tight California specifications 

and recover stranded gas. In: Laurance Reid Gas Conditioning Con. 

(16)  CO2 Sponge, 2011. 19 July 2011, /http://www.iacx.com/co2sponge/S. 

(17)  Wills, J., Mitariten, M. 2009. Production of Pipeline Quality Natural Gas With the Molecular 



  
 

20 
 

Mohammad Zein Aghaji Chapter 1 

GateTM CO2 Removal Process. Tidelands Oil Production Company & Guild Associates. 

(18)  UOP Overview of Gas Processing Technologies and Applications, 2010. 22 June 2011, 

<http://www.uop.com/wp-content/uploads/2011/02/UOP-Overvie w-of-Gas-Processing-

Technologies-and-Applications-tech-presentation.pdf>. 

(19)  Cavenati, S.; Grande, C. a; Rodrigues,  a E. J. Chem. Eng. Data 2004, 49, 1095. 

(20)  Simmons, J. M.; Wu, H.; Zhou, W.; Yildirim, T. Energy Environ. Sci. 2011, 4, 2177. 

(21)  Ho, M. T.; Allinson, G. W.; Wiley, D. E. Ind. Eng. Chem. Res. 2008, 47, 4883. 

(22)  Wang, J.; Huang, L.; Yang, R.; Zhang, Z.; Wu, J.; Gao, Y.; Wang, Q.; OôHare, D.; Zhong, Z. 

Energy Environ. Sci. 2014, 7 (11), 3478. 

(23)  Li, J.; Sculley, J.; Zhou, H. 2012, 869. 

(24)  Li, H.; Eddaoudi, M.; OôKeeffe, M.; Yaghi, O. M. Nature 1999, 402 (November), 276. 

(25)  Eddaoudi, M.; Kim, J.; Rosi, N.; Vodak, D.; Wachter, J.; OôKeeffe, M.; Yaghi, O. M. Science 

2002, 295 (5554), 469. 

(26)  Bruinsma, R. F.; Gennes, P. G. De; Freund, J. B.; Levine, D. Nature 2004, 427 (February), 523. 

(27)  Farha, O. K.; Yazaydēn,  a ¥.; Eryazici, I.; Malliakas, C. D.; Hauser, B. G.; Kanatzidis, M. G.; 

Nguyen, S. T.; Snurr, R. Q.; Hupp, J. T. Nat. Chem. 2010, 2 (November), 944. 

(28)  Li, J.-R.; Kuppler, R. J.; Zhou, H.-C. Chem. Soc. Rev. 2009, 38 (5), 1477. 

(29)  Horcajada, P.; Gref, R.; Baati, T.; Allan, P. K.; Maurin, G.; Couvreur, P. Chem. Rev. 2012, 112, 

1232. 

(30)  Lee, J.; Farha, O. K.; Roberts, J.; Scheidt, K. A.; Nguyen, S. T.; Hupp, J. T. Chem Soc Rev 2009, 

38 (5), 1450. 

(31)  Corma, A.; Garciʄɬa, H.; Llabreʄɬs i Xamena, F. X. Chem. Rev. 2010, 110 (8), 4606. 

(32)  Ma, L.; Abney, C.; Lin, W. Chem. Soc. Rev. 2009, 38 (5), 1248. 

(33)  Ma, S.; Zhou, H.-C. J. Am. Chem. Soc. 2006, 128 (36), 11734. 

(34)  Kitagawa, S.; Kitaura, R.; Noro, S. Angew. Chem. Int. Ed. Engl. 2004, 43 (18), 2334. 

(35)  Park, K. S.; Ni, Z.; Cote, A. P.; Choi, J. Y.; Huang, R.; Uribe-Romo, F. J.; Chae, H. K.; OôKeeffe, 

M.; Yaghi, O. M. Proc. Natl. Acad. Sci. 2006, 103 (27), 10186. 

(36)  Cychosz, K. a.; Wong-Foy, A. G.; Matzger, A. J. J. Am. Chem. Soc. 2008, 130 (22), 6938. 

(37)  Mantion, A.; Massüger, L.; Rabu, P.; Palivan, C.; McCusker, L. B.; Taubert, A. J. Am. Chem. Soc. 

2008, 130 (8), 2517. 

(38)  Shimizu, G. K. H.; Taylor, J. M.; Kim, S. Science (80-. ). 2013, 341 (6144), 354. 

(39)  Furukawa, H.; Cordova, K. E.; OôKeeffe, M.; Yaghi, O. M. Science 2013, 341 (6149), 1230444. 

(40)  Peng, Y.; Li, Y.; Ban, Y.; Jin, H.; Jiao, W.; Liu, X.; Yang, W. Science 2014, 346 (6215), 1356. 

(41)  Rowsell, J. L. C.; Spencer, E. C.; Eckert, J.; Howard, J. a K.; Yaghi, O. M. Science (80-. ). 2005, 

309 (5739), 1350. 

(42)  Vaidhyanathan, R.; Iremonger, S. S.; Shimizu, G. K. H.; Boyd, P. G.; Alavi, S.; Woo, T. K. 2010, 

330, 650. 

(43)  Deng, H.; Doonan, C. J.; Furukawa, H.; Ferreira, R. B.; Towne, J.; Knobler, C. B.; Wang, B.; 

Yaghi, O. M. Science 2006, 327. 

(44)  Wilmer, C. E.; Leaf, M.; Lee, C. Y.; Farha, O. K.; Hauser, B. G.; Hupp, J. T.; Snurr, R. Q. Nat. 



  
 

21 
 

Mohammad Zein Aghaji Chapter 1 

Chem. 2012, 4 (2), 83. 

(45)  Xiang, S.; He, Y.; Zhang, Z.; Wu, H.; Zhou, W.; Krishna, R.; Chen, B. Nat. Commun. 2012, 3, 

954. 

(46)  Lin, L.-C.; Berger, A. H.; Martin, R. L.; Kim, J.; Swisher, J. a.; Jariwala, K.; Rycroft, C. H.; 

Bhown, A. S.; Deem, M. W.; Haranczyk, M.; Smit, B. Nat. Mater. 2012, 11 (7), 633. 

(47)  Yang, Q.; Liu, D.; Zhong, C.; Li, J. R. Chem. Rev. 2013, 113, 8261. 

(48)  Li, J.; Sculley, J.; Zhou, H. Chem. Rev. 2012, 112, 869. 

(49)  Burtch, N. C.; Jasuja, H.; Walton, K. S. Chem. Rev. 2014, 114, 10575. 

(50)  Sumida, K.; Rogow, D. L.; Mason, J. a; McDonald, T. M.; Bloch, E. D.; Herm, Z. R.; Bae, T.-H.; 

Long, J. R. Chem. Rev. 2012, 112 (2), 724. 

(51)  Cui, Y.; Yue, Y.; Qian, G.; Chen, B. Chem. Rev. 2012, 112 (2), 1126. 

(52)  Suh, M. P.; Park, H. J.; Prasad, T. K.; Lim, D. 2012, 782. 

(53)  Bétard, A.; Fischer, R. A. Chem. Rev. 2012, 112 (2), 1055. 

(54)  Kreno, L. E.; Leong, K.; Farha, O. K.; Allendorf, M.; Van Richard P., D.; Hupp, J. T. Chem. Rev. 

(Washington, DC, United States) 2012, 112, 1105. 

(55)  Zhong, R. Q.; Zou, R. Q.; Pandey, D. S.; Kiyobayashi, T.; Xu, Q. Inorg. Chem. Commun. 2008, 11 

(9), 951. 

(56)  Fang, Q. R.; Zhu, G. S.; Xue, M.; Zhang, Q. L.; Sun, J. Y.; Guo, X. D.; Qiu, S. L.; Xu, S. T.; 

Wang, P.; Wang, D. J.; Wei, Y. Chem. - A Eur. J. 2006, 12 (14), 3754. 

(57)  Ortiz, A. U.; Boutin, A.; Fuchs, A. H.; Coudert, F. X. J. Phys. Chem. Lett. 2013, 4 (11), 1861. 

(58)  Ling, Y.; Chen, Z.-X.; Zhai, F.-P.; Zhou, Y.-M.; Weng, L.-H.; Zhao, D.-Y. Chem. Commun. 

(Camb). 2011, 47 (25), 7197. 

(59)  Rees, L. V. C. Introduction to Zeolite Science and Practice.; 1992. 

(60)  Baerlocher, C.; McCusker, L. B. Database of Zeolite Structures: 

http://www.izastructure.org/databases/ (accessed Jul 10, 2014). 

(61)  James, S. L. Chem. Soc. Rev. 2003, 32 (5), 276. 

(62)  Yaghi, O. M.; OôKeeffe, M.; Ockwig, N. W.; Chae, H. K.; Eddaoudi, M.; Kim, J. Nature 2003, 

423 (6941), 705. 

(63)  Wang, F.; Zhu, J.; Zhu, H.; Zhang, Q.; Lin, Z.; Hu, H. Science (80-. ). 2009, 336 (May). 

(64)  Mofs, Z.; Jasuja, H.; Zang, J.; Sholl, D. S.; Walton, K. S. 2012, No. Iv, 2. 

(65)  Cmarik, G. E.; Kim, M.; Cohen, S. M.; Walton, K. S. Langmuir 2012, 28, 15606. 

(66)  Lu, W.; Wei, Z.; Gu, Z.-Y.; Liu, T.-F.; Park, J.; Park, J.; Tian, J.; Zhang, M.; Zhang, Q.; Gentle 

III, T.; Bosch, M.; Zhou, H.-C. Chem. Soc. Rev. 2014, 43 (16), 5561. 

(67)  Meyer, L. V; Schönfeld, F.; Müller-Buschbaum, K. Chem. Commun. (Camb). 2014, 50 (60), 8093. 

(68)  Wang, Q.; Bai, J.; Lu, Z.; Pan, Y.; You, X. Chem. Commun. 2016, 52 (3), 443. 

(69)  Jiao, Y.; Morelock, C. R.; Burtch, N. C.; Mounfield, W. P.; Hungerford, J. T.; Walton, K. S. Ind. 

Eng. Chem. Res. 2015, 54 (49), 12408. 

(70)  Ho, M. T.; Allinson, G. W.; Wiley, D. E. 2008, 1562. 

(71)  Britt, D.; Furukawa, H.; Wang, B.; Glover, T. G.; Yaghi, O. M. Proc. Natl. Acad. Sci. U. S. A. 

2009, 106 (49), 20637. 



  
 

22 
 

Mohammad Zein Aghaji Chapter 1 

(72)  Leus, K.; Couck, S.; Vandichel, M.; Vanhaelewyn, G.; Liu, Y.-Y.; Marin, G. B.; Van Driessche, 

I.; Depla, D.; Waroquier, M.; Van Speybroeck, V.; Denayer, J. F. M.; Van der Voort, P. Phys. 

Chem. Chem. Phys. 2012, 14, 15562. 

(73)  Bae, Y.-S.; Farha, O. K.; Spokoyny, A. M.; Mirkin, C. a; Hupp, J. T.; Snurr, R. Q. Chem. 

Commun. (Camb). 2008, 0, 4135. 

(74)  Bae, Y.; Mulfort, K. L.; Frost, H.; Ryan, P.; Punnathanam, S.; Broadbelt, L. J.; Hupp, J. T.; Snurr, 

R. Q. Langmuir 2008, 24 (18), 8592. 

(75)  Hamon, L.; Jolimaē, E.; Pirngruber, G. D. Ind. Eng. Chem. Res. 2010, 49, 7497. 

(76)  Llewellyn, P. L.; Bourrelly, S.; Serre, C.; Vimont, A.; Daturi, M.; Hamon, L.; De Weireld, G.; 

Chang, J.-S.; Hong, D.-Y.; Kyu Hwang, Y.; Hwa Jhung, S.; Férey, G. Langmuir 2008, 24 (14), 

7245. 

(77)  Kuhn, J.; Castillo Sanchez, J. M.; Gascon, J.; Calero, S.; Dubbeldam, D.; Vlugt, T. J. H.; Kapteijn, 

F.; Gross, J. J. Phys. Chem. C (Energy Convers. Storage, Opt. Electron. Devices, Interfaces, 

Nanomater. Hard Matter) IF  - 4.524 2010, 114 (Figure 1), 6877. 

(78)  Zornoza, B.; Martinez-Joaristi, A.; Serra-Crespo, P.; Tellez, C.; Coronas, J.; Gascon, J.; Kapteijn, 

F. Chem. Commun. (Camb). 2011, 47 (33), 9522. 

(79)  Xiang, Z.; Peng, X.; Cheng, X.; Li, X.; Cao, D. J. Phys. Chem. C 2011, 115 (40), 19864. 

(80)  Zhao, Z.; Li, Z.; Lin, Y. S. Ind. Eng. Chem. Res. 2009, 48 (22), 10015. 

(81)  Allen, F. H. Acta Crystallogr. Sect. B Struct. Sci. 2002, 58 (3 PART 1), 380. 

(82)  Chung, Y. G.; Camp, J.; Haranczyk, M.; Sikora, B. J.; Bury, W.; Krungleviciute, V.; Yildirim, T.; 

Farha, O. K.; Sholl, D. S.; Snurr, R. Q. Chem. Mater. 2014, 26(21), 6185. 

(83)  Boyd, P. G.; Woo, T. K. CrystEngComm 2016. 

(84)  Düren, T.; Bae, Y.-S.; Snurr, R. Q. Chem. Soc. Rev. 2009, 38 (5), 1237. 

(85)  Yang, Q.; Wiersum, A. D.; Llewellyn, P. L.; Guillerm, V.; Serre, C.; Maurin, G. Chem. Commun. 

(Camb). 2011, 47, 9603. 

(86)  Biswas, S.; Zhang, J.; Li, Z.; Liu, Y.-Y.; Grzywa, M.; Sun, L.; Volkmer, D.; Van Der Voort, P. 

Dalton Trans. 2013, 42, 4730. 

(87)  Torrisi, A.; Bell, R. G.; Mellot-Draznieks, C. Cryst. Growth Des. 2010, 10, 2839. 

(88)  Xiang, Z.; Leng, S.; Cao, D. J. Phys. Chem. C 2012, 116, 10573. 

(89)  Dawson, R.; Adams, D. J.; Cooper, A. I. Chem. Sci. 2011, 2 (6), 1173. 

(90)  Watanabe, T.; Sholl, D. S. Langmuir 2012, 28, 14114. 

(91)  Haldoupis, E.; Nair, S.; Sholl, D. S. J. Am. Chem. Soc. 2010, 132 (21), 7528. 

(92)  Goldsmith, J.; Wong-Foy, A. G.; Cafarella, M. J.; Siegel, D. J. Chem. Mater. 2013, 25, 3373. 

(93)  Martin, R. L.; Simon, C. M.; Smit, B.; Haranczyk, M. J. Am. Chem. Soc. 2014, 136, 5006. 

(94)  Wilmer, C. E.; Farha, O. K.; Bae, Y.-S.; Hupp, J. T.; Snurr, R. Q. Energy Environ. Sci. 2012, 5 

(12), 9849. 

(95)  Campañá, C.; Mussard, B.; Woo, T. K. J. Chem. Theory Comput. 2009, 5, 2866. 

(96)  Fernandez, M.; Boyd, P. G.; Da, T. D.; Aghaji, M. Z.; Woo, T. K. J. Phys. Chem. Lett. 2014. 

(97)  Iremonger, S. S.; Liang, J.; Vaidhyanathan, R.; Martens, I.; Shimizu, G. K. H.; Daff Thomas, D.; 

Aghaji, M. Z.; Yeganegi, S.; Woo, T. K. J. Am. Chem. Soc. 2011, 133, 20048. 



  
 

23 
 

Mohammad Zein Aghaji Chapter 1 

(98)  Aghaji, M. Z.; Fernandez, M.; Boyd, P. G.; Daff, T. D.; Woo, T. K. Eur. J. Inorg. Chem. 2016, 27, 

4505-4511 

 



  
 

24 
 

Mohammad Zein Aghaji Chapter 2 

2 Background Information  

2.1 Criteria for MOF performance  

Considering the PSA process for the separation of CO2 from natural gas, the performance 

of the MOF is evaluated on the basis of three primary factors that affect the energetic cost of 

the process: (1) the amount of CO2 uptake at adsorption and desorption conditions, (2) the 

selectivity of CO2 over CH4, and (3) CO2 isosteric heat of adsorption. These three factors are 

discussed below along with some other factors, including MOF stability and kinetics, which are 

essential for MOFs when being implemented in a PSA unit.  

2.1.1 CO2 working capacity  

The gas adsorption properties are typically examined by measuring a gas adsorption 

isotherm, as given in Figure 2.1. In this experiment, a porous material is exposed to a given 

partial pressure of gas at a fixed temperature and the equilibrium amount of the gas that is 

adsorbed is measured. Figure 2.1 represents an adsorption isotherm where the amount of CO2 

adsorbed in the material is plotted on the y-axis as a function of the partial pressure of CO2 that 

is plotted on the x-axis. The closed circle corresponds to the partial pressure of CO2 at which the 

CO2 is adsorbed in the material, which is typically 1 bar. In contrast, the open circle represents 

the desorption pressure at which CO2 is desorbed from the CO2-saturated material. The 

difference in the amount of CO2 adsorbed on the material at the adsorption pressure and the 

amount of CO2 remaining at the desorption pressure is defined as working capacity, which is 

often quantified in the unit of CO2 mmol per gram of the material. 
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Figure 2.1:  Adsorption isotherm of CO2 in a MOF. The close circle represents the uptake of CO2 at the 

CO2 partial pressure relevant to natural gas processing, while the open one represents the uptake under 

desorption condition. Ўή represent the CO2 working capacity.  

 Working capacity dictates the amount of MOF required in the adsorbent bed in a PSA 

process. The higher the working capacity the less amount of material required for the PSA 

process, thus resulting in a decrease of capital and operation cost of CO2 separation from 

natural gas.  

2.1.2 CO2/CH4 selectivity  

The CO2/CH4 selectivity is typically obtained using the single-component adsorption 

isotherms of CO2 and CH4, as it is challenging experimentally to measure the uptakes of 

individual gases from a mixture. Here, the selectivity is defined as a molar ratio of adsorbed 

amount of CO2 ὢ  over adsorbed amount of CH4 ὢ   which is normalized by the ratio of 

their partial pressures ὖ ὖϳ . 

Ὓ  
ὢ ὖ

ὢ ὖ
 2.1 

However, the calculation that originates from two single pure isotherms instead of a 

binary mixture does not take into account the competition of CO2 and CH4 for specific 

adsorption sites that typically occurs in a binary mixture. Therefore, calculation in this manner 
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leads to a conservative estimation of selectivity, particularly in MOFs with polar functional 

groups or metal cation sites where there is a higher affinity for CO2 over CH4 because of the 

strong quadrupole moment of CO2 (13.4 × 10-40 /ϊƳ2). In order to compensate, Ideal Adsorption 

Solution Theory (IAST)1 has been used to predict the expected selectivity in a binary mixture 

using single gas isotherms. In this method, using a mathematical fitting of single-component 

isotherms, the mole fraction of gases in adsorbed phase are calculated by solving the following 

expression.  

ὍίέὸὬὩὶά ὪὭὸ Ὢέὶ ὧέάὴέὲὩὸ Ὥ ὴ

ὖ

Ȣϳ

Ὠὴ
ὍίέὸὬὩὶά ὪὭὸ Ὢέὶ ὧέάὴέὲὩὸ Ὦ ὴ

ὖ

Ȣ ϳ

Ὠὴ 

where X and Y represent the mole fraction of component i in adsorbed and bulk gas phases, 

respectively, and P is the total pressure. The assumptions behind the model are that the gases 

behave as ideal gases in the mixture and the surface is homogeneous. Despite these 

assumptions, it has been show that IAST predicts the binary selectivity very well in a wide range 

of MOFs.2,3 

As shown by equation 1.1, the amount of CO2 adsorbed in MOFs increases by increasing 

the selectivity, which improves the purity of CH4 in recovered gas when separating these two 

gases. Considering the sorbents in the current industrial PSA process that satisfiy the North 

American-defined pipeline specification (CO2 <%2)4, an eligible MOF must have a selectivity of 

at least 15.5   

2.1.3 Heat of adsorption  

The regeneration cost of a CO2-capture material ultimately depends on the binding 

strength of CO2 with the framework, which is commonly expressed as the isosteric heat of 
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adsorption, Qst. The Qst value gives an estimation of the quantity of energy required to remove 

CO2 during generation. More specifically, a material with too high of a Qst for CO2 adsorption, 

despite having strong affinity for CO2, suffers from the large quantity of energy required to 

break a strong bond between CO2 and the framework, which increases regeneration costs. 

Meanwhile, despite being more readily regeneratable, a material with too low of a Qst is likely 

to have a lower selectivity, which decreases the purity of CH4 in pipeline gas. Thus, an ideal 

material must have a Qst that provides a balance between the affinity for CO2 and the required 

energy for removing CO2 at the regeneration stage. The calculation of Qst is often performed 

using two or more isotherms at different temperatures, usually within 10 K of each other. These 

isotherms are first fitted to a virial equation (i.e. as an expansion in terms of CO2 loading (N)) to 

obtain an expression for pressure (p) in terms of CO2 loading. Then, the Qst value at each level 

of CO2 loading is computed using the Clausius-Clapeyron equation,6 which is expressed as   

ÌÎὴ  ὗ Ὑϳ ρὝϳ  ὅ 2.2 

where T is the temperature, R is gases constant, and C is a constant. The Qst at the limit of zero 

loading, so-called the zero-coverage isosteric heat of adsorption Qst0, is an interesting 

parameter that evaluates the strength of CO2 binding at the lowest CO2 pressures. The value of 

zero-coverage isosteric heat of adsorption indicating the highest interaction energy sites within 

a material can be attributed to the certain chemical features of the material, such as functional 

groups and open metal sites. 

2.1.4 MOF stability  

As discussed in the previous chapter, MOFs are still limited in research laboratories 

where most studies focus on the synthesis of new MOFs and the optimization of the general 
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adsorption properties including selectivity, working capacity, and heat of adsorption. However, 

prior to implementing these materials in industrial applications, other factors such as stability, 

process design, and environmental impacts associated with these materials should also be 

addressed. Here, we focus on the stability of MOFs which directly indicates the feasibility of 

their practical applications in industrial settings. Specifically, it can address how long a MOF can 

be used in adsorption/desorption cycles of PSA processes before it would need to be replaced. 

In terms of a defiƴƛǘƛƻƴΣ ŀ ahCΩǎ ǎǘŀōƛƭƛǘȅ Ŏŀƴ ōŜ ŘŜŦƛƴŜŘ ƛƴǘƻ structural stability and chemical 

stability.     

Structural stability refers to the capability of a MOF to maintain its structure after the 

evacuation of its pores. This stability is critical when considering a material for frequent 

adsorption/desorption cycles in which gas is being adsorbed and evacuated from its pores. 

Generally speaking, a MOF with large pores exhibiting void fraction of 0.8 or higher usually 

suffers from low stability.7ς9 This is due to fact that most of these MOFs contain solvent 

molecules in their pores, which support their crystallinity, and they lose their porosity after the 

solvent has been evacuated. This makes them ill-suited sorbents for the PSA process.  

One further subclass of MOFs that also suffers from low framework stability is MOFs that 

ǎƘƻǿ άōǊŜŀǘƘƛƴƎ ǇƘŜƴƻƳŜƴŀέ ŘǳǊƛƴƎ ǘƘŜ ŀŘǎƻǊǇǘƛƻƴ ǇǊƻŎŜǎǎΦ10 Specifically, this involves 

enlarging and shrinking of the pore diameter of the MOF (i.e., change in the volume of the 

MOF) upon insertion or removal of guest molecules while bonds between building components 

are retained. Although it has been shown that this effect makes these MOFs selectively adsorb 

CO2 over other gases,11they are not ideal to be used in PSA systems, as  these MOFs are packed 

into a bed column with a fixed volume while their flexibility will cause these materials to 
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fracture.   

The chemical stability is another important factor that must be addressed when 

considering MOFs for the PSA process of removing CO2 from natural gas. Specifically, it shows 

the degree of vulnerability of the MOF when exposed to reactive chemicals which are often as 

simple as water. Although some MOFs show  good stability toward acid gases such as H2S,12 the 

majority of them suffer from being degradable under humidity,13 which limits their application 

in industrial settings. The degradation of a MOF when exposed to humid conditions can be 

attributed to the fragile organic ligand ς metal coordination bond that is easily broken by water.  

Providing strong bonds between organic ligands and metal nodes can increase the stability of 

MOFs when exposed to water. One strategy widely used by chemists to provide strong metal-

ligand bonds is the use of an organic ligand on which the coordinating atom has high PKa. This 

was first noted by Long et al. who systemized a series of highly stable MOFs containing Co-, Zn, 

Ni, and Cu as metal nodes and the pyrazolate (PKa 19.8) as an organic ligand.14,15   

2.1.5 Kinetics of gas adsorption in MOF  

Until now, many of the factors that have been addressed, such as working capacity and 

selectivity, are primarily based on equilibrium between adsorbed gas and bulk gas. However, in 

practice the gas flows through a fixed bed absorber where adsorption kinetics can influence the 

ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǘƘŜ ƳŀǘŜǊƛŀƭΦ Lƴ ǘƘƛǎ ŎƻƴǘŜȄǘΣ ŎŜǊǘŀƛƴ ƎŀǎŜǎ Ŏŀƴ ŜƴǘŜǊ ŀ ahCΩǎ ǇƻǊŜǎ ŀƴŘ ōŜŎƻƳŜ 

adsorbed faster than other gases based on differences in diffusion coefficients. The diffusion 

coefficient of the gas in a certain MOF, is typically quantified in cm2/s, and it indicates how 

easily the gas can travel through the MOF. On the other hand, it shows how quickly the MOF is 

able to adsorb and desorb the gas. Indeed, if the MOF exhibit a relatively high gas diffusion 



  
 

30 
 

Mohammad Zein Aghaji Chapter 2 

coefficient, it can be rapidly loaded with gas and, subsequently, unloaded. There are several 

factors that can control the diffusion properties of MOFs, among which the pore size of the 

MOFs plays a significate role. It has been shown that the diffusion properties of a MOF are 

directly proportional to the ratio of the kinetic diameter of the gas to the pore size of the 

MOF.16ς18 MOFs with pore sizes comparable to the kinetic diameter of gases show poor 

diffusion. In the case of PSA technologies, one should use MOFs with relatively high gas 

diffusion coefficients to meet desired adsorption-desorption cycle times in the PSA platform. In 

comparing with zeolites and activated carbons, some MOFs have shown larger diffusion 

coefficients for CO2. For example, MOF-5 has a diffusion coefficient of 4.5  10-2 cm2/s for 

CO2,
16 which is two orders of magnitude higher than the value observed in commercialized 

Zeolite 5A (10-4 cm2/s).19 This can be attributed to the larger pore volume in MOF-5, which 

facilitates diffusion of gases into MOFs by reducing congestion effect on gas molecules during 

the adsorption process. However, one should take care when choosing a large-pore MOF for 

PSA-based separation application as it has been reported when the pore size of MOF becomes 

too large, the MOF exhibits poor separation properties despite having promising diffusion 

properties.20 

2.2 Computational tools in MOF study  

With the tremendous growth of computational resources, the use of computational tools 

that predict adsorption properties of MOFs have been widespread in the MOF community. 

These tools can be categorised into two groups. One group includes methods that predict the 

adsorption properties based on energy interactions between guest particles (gas) and the host 

(MOF). Of these methods, the most extensively used are grand canonical Monte Carlo (GCMC) 
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simulations, which is a molecular simulation based method. Another group includes methods 

that predict the adsorption properties using only structural information of MOFs, which refers 

to quantitative structure-property relationship (QSPR) modeling. What follows are the review of 

the underlying theory of GCMC simulations and structure-property relationship (QSPR) 

modeling, and the details of the major components that are involved in the GCMC simulations 

and QSPR modeling in this thesis. The discussion starts with the concept of ensemble in 

statistical mechanics, followed by details of the GCMC simulations and force field parameters 

used in the GCMC simulations, and the discussion ends with structure-property relationship 

(QSPR) modeling.   

2.2.1 Grand Canonical Ensemble 

The basis of Grand Canonical Monte Carlo simulation relies on sampling a statistical 

mechanical ensemble. Therefore, before going into details of the GCMC simulation, we briefly 

discus on the ensemble concept from the point of view of statistical mechanics.   

In the context of statistical mechanics, macroscopic properties of a system, such as 

pressure, temperature, and volume, are representations of averages over all possible 

microstates. To calculate such properties, it is convenient to define an ensemble. An ensemble 

is an imaginary collection of a large number of replicas of a system, which are all in contact with 

each other. These replicas are in different microstates but they have the same macroscopic 

attributes (i.e., thermodynamic variables) as the real system. For example, if a real system is 

defined with a fixed volume (V), a constant temperature (T), and fixed number of particles (N), 

all replicas will have the same N, V, and T.  The ensemble average of any macroscopic property 

(M) can be determined by, 
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ộὓỚ  ὓὖ 2.3 

where Mi is the value of property M in a microstate i, Pi represents the probability of finding the 

system in a microstate in the ensemble, and the angled brackets denote an ensemble average. 

The form of Pi is determined by the type of the ensemble being sampled. For example, the Pi for 

Canonical ensemble (N, V, T) is given by: 

ὖ  
Ὡ

ȟ

ВὩ 
ȟ

 2.4 

where Ei is the energy of a system in a microstate i, T is the temperature, and K is the 

Boltzmann constant. As an example of Canonical ensemble, consider the diffusion of a CO2 

molecule through the pores of a MOF at constant temperature and volume, where the move of 

the CO2 molecule through the pores is governed upon its velocity and its interaction with the 

MOF atoms. In this case, each snapshot of the CO2 movement inside the pores represents one 

classical mechanical microstate (configuration) of the Canonical ensemble, and subsequently 

the movement of the CO2 molecule inside the pore can be considered as sampling a number of 

microstates. If one observes the CO2 molecule for sufficiently long times (i.e., samples a very 

large number of possible microsite), the average of all velocities that are collected at each 

snapshot would yield the ensemble average kinetic energy of the CO2 molecule within the MOF. 

Ensembles can be categorized into the two groups. There are different types of 

ensembles, including the microcanonical, canonical, isothermal-isobaric, and grand canonical 

ensembles. The first three ensembles describe closed systems where the numbers of particles 

are kept constant, while the grand canonical ensemble describes an open system where the 

number of particles in the system can change. The grand canonical ensemble, in which system 
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is defined with a fixed volume (V), a constant temperature (T), and a fixed chemical potential 

(‘), is often chosen for the study of gas adsorption in MOF materials, which is typically treated 

with Grand Canonical Monte Carlo Simulations (GCMC).  

2.2.2 Grand Canonical Monte Carlo Simulation  

Grand Canonical Monte Carlo (GCMC) Simulations have been widely used for study of gas 

adsorptions in porous materials. Studied in this manner, GCMC simulations enable us to 

determine the quantity of gas that will adsorb within MOFs at a given external pressure and 

temperature of the system. As the name of GCMC implies, this quantity is determined by 

Monte Carlo sampling of a Grand Canonical ensemble, where the gas chemical potential, the 

temperature, and the volume of a system are kept fixed, while the number of particles can 

change. Here, the chemical potential shows how the potential energy of the system changes as 

a function of number of particles in a given system. The choice of GC ensemble arises from the 

fact that in experimental setup adsorbed gas is in equilibrium with gas in the reservoir at a 

given pressure, and at equilibrium the chemical potential of adsorbed gas is equal to that of the 

gas in the reservoir, which further determines the equilibrium concentration of the adsorbed 

gas inside the porous material.  For gas in the reservoir, the chemical potential is expressed as 

the following equation21:  

‘ Ὕȟὖ  ‘ ὙὝȢὰὲ
Ὢ

Ὢ
 2.5 

where, P is the pressure of the gas in reservoir, ‘  is the chemical potential in a given 

standard state, T is temperature of a system, R is the gas constant, Ὢ is the fugacity of the gas 

in the standard sate, and Ὢ is the fugacity of the gas in the reservoir. The fugacity is obtained 

from the pressure using an equation of state such as Peng-Robinson equation, however, for low 
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pressures in the vicinity of 1 bar, one can assume the gas as an ideal gas and replace fugacity 

with pressure.  

Monte Carlo (MC), in general, refers to any algorithm that uses random numbers. This 

method has been widely employed in many fields to solve diverse kinds of problems, such as 

telecommunication network optimization, finance, and computer chip design. In molecular 

ǎƛƳǳƭŀǘƛƻƴǎΣ ΨaƻƴǘŜ /ŀǊƭƻΩ ǊŜŦŜǊǎ ŀƭƳƻǎǘ ŜȄŎƭǳǎƛǾŜƭȅ ǘƻ aŜǘǊƻpolis Monte Carlo, where it 

preferentially samples low energy configurations of a system to prevent the sampling of 

configurations which likely have no significant contribution to the average properties. Indeed, 

Metropolis method generates configurations based on the Boltzmann distribution and then 

assigns them an equal weight in an ensemble average: 

ộ═Ớ  
╝▼╪□▬■▄

═

╝▼╪□▬■▄

░

 

2.6 

Such a sampling is remarkably more efficient than the pure MC random sampling where 

the configurations are generated equally and then are weighted by Boltzmann factor. The 

outline of Metropolis MC Algorithm for a system of interacting CO2 molecules contained in a 

MOF is provided below.  

1. One CO2 molecule already placed in the framework is randomly picked. 

2. The CO2 molecule coordinates are randomly perturbed via a MC trial move. The 

typical MC trial moves are translation and rotation.  

3. The potential energy of the new configuration, Unew, is evaluated.   

4. If the energy, Unew, is lower than the energy of the old configuration, the new 

configuration is accepted. If it is higher than the energy of the old configuration, 
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then the new configuration is accepted based on an acceptance probability (ACC) 

which is given by the Boltzmann factor: 

═╬╬ἵἱἶ ȟ▄Ў╤▓╣ϳ  2.7 

ǿƘŜǊŜ ҟ¦ όƛΦŜΦΣ ¦new ςUold) is the change in energy between the new and old 

configuration and kT is the thermal energy of the system. To accept/reject this 

configuration, the value of this factor is compared to a random number generated 

between 0 and 1. If the random number is greater than this factor then new 

configuration is accepted. 

5. If the new configuration is accepted, then it is added to the ensemble average. 

6. If a new configuration is rejected, then the old configuration is re-added to the 

ensemble average.  

7. This process is repeated by randomly perturbing the added configuration. 

When Metropolis Monte Carlo sampling is coupled with the grand canonical ensemble, 

two additional trial moves insertion and deletion are added to the sampling to mimic the 

entrance or removal of a gas molecule from the MOF framework. Figure 2.2 represents some of 

the possible trial moves. The insertion and deletions moves are accepted or rejected according 

to the following acceptance probabilities:  

Deletion trial move; 

═╬╬╝ ἵἱἶ ȟ
╝

╥
▄●▬Ⱨ▓╣ϳ ἭὀἸ

╤╝ ╤╝
▓║╣

 
2.8 

Insertion trial move; 

═╬╬╝ ἵἱἶ ȟ
╥

╝
▄●▬Ⱨ▓╣ϳ ἭὀἸ

╤╝ ╤╝
▓║╣

 
2.9 
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where  is the thermal de Broglie wave length, V is the volume of the system, P is the partial 

pressure of the gas in the reservoir, T is the temperature of the system, K is the Boltzmann 

constant, N is the number of molecules in preceding configuration, UN+1 is the potential energy 

of a configuration after the insertion trial move, UN-1 is the potential energy of a configuration 

after the deletion trail move, and UN is the potential energy of the preceding configuration. 

By substituting chemical potential (‘ with equation 2.5, following probabilities based on the 

pressure of the gas are obtained: 

Deletion trial move; 

═╬╬╝ ἵἱἶ ȟ
▓╣╝

╥╟
ἭὀἸ

╤╝ ╤╝
▓║╣
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Insertion trial move; 

═╬╬╝ ἵἱἶ ȟ
╥╟

▓╣╝
ἭὀἸ

╤╝ ╤╝
▓║╣
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.  
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Figure 2.2: The basic moves in a GCMC simulation:  a) A CO2 guest molecule is displaced by a random 

translation and rotation. b) A molecule of CO2 is deleted (to the right) and inserted (to the left). 

As these two probabilities show, the acceptance of a new configuration for the 

deletion/insertion move is based on both chemical potential and potential energy in the GCMC 

scheme which is different from translation/rotation probability, where acceptance is based only 

on potential energy (equation 2.7). Indeed, these two acceptance probabilities allow the 

number of molecules to fluctuate in a system based on the Boltzmann distribution, where the 

more probable states (i.e., configurations) have more significant contributions to the average 

properties.    

To determine the number of adsorbed gas molecules in a MOF at a given T and P, a 

GCMC simulation is performed at two stages: (1) equilibration and (2) production. In the 

equilibration stage, the MOF undergoes usually 107 GCMC trial moves (GCMC steps) to reach 

equilibrium. Specifically, at this stage the gas molecules are favourably inserted into the pores 

https://www.google.ca/search?rlz=1C1CHWA_enCA631CA631&espv=2&biw=1280&bih=963&q=preferentially&spell=1&sa=X&ved=0ahUKEwiK_OO3w6LLAhXGlYMKHRo3ARoQvwUIGCgA
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of the MOF rather than deleted from the pores. This is attributed to the fact that the chemical 

potential of the molecules of the adsorbed phase must be equal to that of the gas phase at 

equilibrium. Once equilibrium is achieved, the system undergoes the production stage, where 

107 additional GCMC steps are taken to calculate the average number of molecules that will 

adsorb in the MOF. Such simulation requires an efficient method to calculate the energy, as the 

energy of a system must be calculated at each GCMC step. For example, if it takes only a half 

second to calculate the energy at one step, then 107 energy calculations would require almost 4 

months. For this reason, the energy is calculated using molecular mechanics force field rather 

than expensive electronic structure based methods such as density functional theory (DTF).  

For the sake of computational efficiency and simplicity, the majority of GCMC simulations 

of gas adsorption in MOFs use three approximations: (1) the atom positions of the MOF 

framework are kept fixed in their crystallographic positions, (2) gas molecules behave as rigid 

molecules, and (3) the energy of a system, which refers to adsorbate-adsorbate interaction and 

adsorbate-adsorbent interaction, is described by short-range steric and dispersion interactions, 

and long-range Coulomb interactions. These interactions are assumed to be pairwise and are 

calculated using a set of potentials, also known as force fields, which are discussed in section 

2.2.2.2.  

2.2.2.1  Periodic boundary conditions  

Because MOF is crystalline solid, the cluster model approach commonly used in 

computer simulations of discrete molecular systems cannot be used in the GCMC simulation of 

MOFs. For this reason, the GCMC simulation of a MOF is performed on a unit cell (or a set of 

ƳǳƭǘƛǇƭŜ ŀŘƧŀŎŜƴǘ ǳƴƛǘ ŎŜƭƭǎΣ ŎŀƭƭŜŘ ŀ ΨǎǳǇŜǊŎŜƭƭΩύ which is a translationally invariant set of 
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representative atoms of its infinite crystal. However, such representation increases surface 

effects, which would strongly affect the overall properties of the system. Having large surface 

effects in the unit cell-based representation is attributed to the fact that the surface-to-bulk 

ratio of molecules in a finite system is larger than that of an infinite system. To remove the 

surface effects and simultaneously mimic the infinite nature of a MOF, periodic boundary 

conditions are imposed on the system such that an infinite number of image cells are placed 

around the main simulation cell. Here, in each image cell, molecules have relative positions and 

velocities identical to those in the main simulation cell. Treated in this manner, it seems that 

the numbers of interactions to be considered becomes infinite. However, the numbers of 

interactions that need to be calculated for the short-range interactions will be reduced by 

imposing a cut-off radius on a van der Waals potential (see details in section 2.2.2.3). Indeed, 

short-range interactions are calculated only for pairs of atoms whose internuclear distance falls 

within the cut-off radius. In addition to a cut-off radius, the minimum image convention is also 

implemented to treat the short-range interactions. According to the minimum image 

convention, molecules only interact with the closest image of other molecules, and 

consequently only these interactions need to be calculated. To follow the minimum image 

convention, the cut-off radius must be < Lmin/2, where Lmin is the smallest dimension of the 

simulation cell. Therefore, a simulation cell must be constructed such that the length of its 

smallest dimension is larger than 2ὶ . A typical value for Lmin/2 is between 12 and 14 Å.   

2.2.2.2  Force Field 

The core of GCMC simulation is force field that is used to calculate the potential energy 

of a system at each GCMC step. The term Force Field arises from molecular mechanic methods 
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in which the potential energy of the system is expressed as a collection of simple mathematical 

functions and pre-defined parameters. A general force field can be broken down into bonded 

and non-bonded terms. The non-bonded terms, also known as intermolecular terms, pertain to 

steric and dispersion interactions as well as electrostatic interactions.  The bonded terms, also 

known as intramolecular terms, describe how the energy changes due to bond stretching, angle 

bending, and torsional twisting. In modeling of gas adsorption in MOFs, only non-bonded terms 

ŀǊŜ ŎƻƴǎƛŘŜǊŜŘ ŦƻǊ ŜƴŜǊƎȅ ŎŀƭŎǳƭŀǘƛƻƴǎΣ ŀǎ ǘƘŜ ahCǎΩ ŦǊŀƳŜǿƻǊƪǎ ŀǊŜ ƪŜǇǘ ŦƛȄŜŘ ŀƴŘ ǎƳŀƭƭ Ǝŀǎ 

molecules behave as rigid molecules.  Therefore, here we focus on non-bonded terms, including 

van der Waals and electrostatic interactions. 

2.2.2.3  Short -range van der Waals Interaction Potential  

Most MM force fields combine the dispersion interactions with steric interactions in a 

ǎƛƴƎƭŜ ΨǾŀƴ ŘŜǊ ²ŀŀƭǎΩ ǇƻǘŜƴǘƛŀƭ ŦǳƴŎǘƛƻƴΦ ¢ƘŜ Ǿŀƴ ŘŜǊ ²ŀŀƭǎ ǇƻǘŜƴǘƛŀƭ Ƴƻǎǘ ŎƻƳƳƻƴƭȅ ǳǎŜŘ ƛǎ 

the Lennard-Jones or 12-6 potential, which is expressed by: 

Ὁ τ‐
„

ὶ

„

ὶ
 

2.12 

where ‐  and „  are specific parameters for interactions between atom ὃ and ὄ, ὶ  is the 

distance between atom A and B, and ὔ is the number of atoms in the simulation cell (restricting 

A and B to be on different molecules). The ρὶϳ  branch of the potential represents steric 

repulsions at short distance and ρὶϳ  branch arises from the dispersion attraction between 

atoms. A van der Waals Interaction, as shown in the equation 2.12, decays rapidly with distance 

and can be neglected after a certain distance. Such a behavior enables one to treat short-range 

van der Waals interactions with minimum image convention in systems that utilize periodic 
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boundary conditions, and to introduce a cut-off radius in van der Waals potential. As 

mentioned in section 2.2.2.1, only interactions within a cut-off radius need to be calculated. To 

calculate these interactions, one needs to deal with Lennard-Jones parameters. The L-J 

parameters that define the well depth, ‐ , and the distance of the potential well, „ , are 

usually based on the atom type of the two atoms involved. The atom type is a representation of 

an atom which contains information such as hybridization state and local environment in 

ŀŘŘƛǘƛƻƴ ǘƻ ŀǘƻƳƛŎ ƴǳƳōŜǊΦ CƻǊ ŜȄŀƳǇƭŜΣ ά/!έ ŀǘƻƳ ǘȅǇŜ ǘƘŀǘ ƛǎ ǇǊƻǾƛŘŜŘ ōȅ ǘƘŜ !a.9w ŦƻǊŎŜ 

filed relates to sp2 aromatic carbon in a 6-membered ring with 1 substituent.  

The force field parameters are developed for specific classes of materials (such as AMBER 

for proteins and nucleic acid) or for general-purpose use. Because MOFs are a new generation 

of porous materials, the number of force field parameters that are specifically designed for 

them is not great. Therefore, L-J parameters for the framework atoms of MOFs have been 

taken from several generic force fields that are developed to cover a large portion of the 

periodic table. Among the generic force fields used, the DREIDING force field22 and the 

Universal Force Field (UFF)23 are the most widely used and have reproduced experimental data 

with reasonable accuracy.3,24ς26 In contrast to MOFs, the L-J parameters (and atomic charges) 

for gas molecules are often taken from well-established force fields such as the TraPPE force 

field27 which are specifically designed for atoms in gas phase. These force fields are typically fit 

to experimental data such as vapour-liquid equilibrium properties to reproduce some observed 

properties of gases.  

While aforementioned force fields provide L-J parameters for an interaction between 

two same types of atoms, the MOF-adsorbate interactions invariably involve vdW interactions 
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between different types of atoms. To calculate these interactions, the Lorentz-Berthelot mixing 

rules have been applied to determine the parameters for cross interaction: 

„  
ρ

ς
„ „  

2.13 

‐  ‐ ‐  2.14 

2.2.2.4 Long-ran ge Electrostatic Interaction Potential  

In contrast to the van der Waals Interactions, Coulombic interactions between atomic 

point charges decay proportional to 1/r. Such a slow decay prevents a direct implementation of 

cut-offs or minimum image convention as are used in short-range van der Walls interactions. 

Electrostatic forces are long-ranged, and consequently the electrostatic forces from many 

image cells contribute to the force on a molecule. Coulombic potential energy of all molecules 

in a system with periodic boundary conditions is given by: 
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2.15 

where the interaction between partial charges ή and ή summed over all n replicas of a cell 

with side length L. Owing to the fact that the long-range convergence of the electrostatic 

potential is very slow, many n values in the summation are required, which dramatically 

increases the computation time. Moreover, equation 2.15 is infinite at ὶO π, which makes a 

Fourier transform technique, where a periodic function is expressed as a series of simple sine 

and cosine functions, inappropriate for this case. For these reasons, long-range electrostatic 

interactions in periodic systems are treated with the Ewald summation technique, where a 

long-range electrostatic interaction is divided into two parts: a short-range contribution, and a 

long-range contribution which is not infinite at ὶO π. Here, the error function, ὩὶὪ‌ὶ, and 
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the complementary error function, ὩὶὪὧ‌ὶ, are chosen for this decomposition. 
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where the first term, which is proportional to erf(r)/r, represents the long-range interactions 

which unlike the 1/r term is finite at the origin (blue curve in Figure 2.3), and the second term, 

which is proportional to erfc(r)/r, represents the short-range electrostatic interactions which 

converge faster than 1/r (black curve in Figure 2.3). The short-range erfc(r)/r contributions are 

treated with the short-range cut-off distance approach as used in the van der Waals potential. 

The long-range contribution (first term) is calculated with Fourier analysis methods as there is 

no infinity at ὶO π. The range of the two terms in the expansion can be optimized with the 

choice of values for the ‌ parameter which represents the rate of decay of the error function. 

Finally, to calculate the electrostatic interactions using equation 2.18, one needs to determine 

ή and ή according to methods discussed below.  
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Figure 2.3: A behaviour of functions  (red curve), 

 
 (blue curve), and  (black curve) against a 

distance between two atoms, ὶ.  

In principle, the electrostatic interaction for adsorbate-MOF and adsorbate-adsorbate 

interactions would ideally be calculated from the Coulomb interactions between the charge 

densities (Figure 2.4a). However, this would require a lengthy QM electronic structure 

calculation of the potential energy surface. Thus, the electrostatic interactions are commonly 

calculated by replacing the complicated charge density on the interacting species with a fixed 

partial atomic charge model (Figure 2.4b). The most common charges used are electrostatic 

potential (ESP) fitted charges, which is extracted form a quantum mechanics calculation. Here a 

quantum chemical calculation of a molecule is performed and the electrostatic potential 

around the molecule evaluated as shown schematically in Figure 2.4a. Then, partial atomic 

charges on the molecule are adjusted such that the electrostatic potential due to these point 

charges best matches the electrostatic potential resulting from the QC calculation. Of the 

methods that use this approach, the REPEAT method, which was developed by Woo and 

coworkers,28 has been widely used in a wide variety of MOFs. In the REPEAT method, the partial 

atomic charges on the MOFs are adjusted such that the electrostatic potential (ESP) due to 
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these point charges matches the ESP from the periodic QM calculation. More specifically, a 

least-squares fit is performed to minimize the relative difference between the QM ESP and the 

ESP from point charges.  

 

Figure 2.4: a) A representation of the electron density, ” and ”, of two interacting molecules. The 

surface around each molecule shown is an isosurface of the total electron density. The colors reflect the 

electrostatic potential due to the nuclear charges and electron density of the molecule at that isosurface 

point. Red regions represent regions of negative electrostatic potential, while blue regions represent 

regions of positive electrostatic potential. b) Partial atomic charges (in units of electron charge) 

commonly used to approximate the electrostatic interaction between molecules. 

To use the REPEAT method, periodic DFT calculations need to be performed to obtain the 

ESP necessary for the fitting procedure. Here, the unit cell of a MOF is used in the periodic DFT 

calculations, where the wave function (or the traditional atom centered Gaussian functions) of 

the unit cell is optimized in the presence of its periodic images. This approach provides a more 

realistic model of crystalline systems compared to the molecular DFT methods that use cluster 

models where a subsection of a MOF is modeled as an isolated system. In the REPEAT method, 

periodic effects and long range electrostatic interactions are more properly accounted for. In 

this thesis, the periodic DFT calculations were performed using the Vienna Ab Initio Software 

Package (VASP)29ς32 for two purposes: (1) to calculate the ESP needed for the REPEAT atomic 
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charge calculation, and (2) to optimize the positions of H atoms of MOFs as well as to relax 

other framework atoms if full optimization is required.  

Although the REPEAT method is a robust method to derive ESP charges and obviates the 

need to construct a cluster model of a MOF as required for cluster-based charge derivation 

methods, the required DFT calculation usually takes an hour for one material. Such a time-

demanding calculation makes this method infeasible in the screening of hundreds of thousands 

of MOF materials for gas-related applications. Alternatively, charge equilibration (QEq) 

methods, which compute atomic charges in seconds, have been used in several studies of 

MOFs. An example of this is the work was done by Snurr et al.33 who used a QEq method to 

calculate the atomic partial charges in the screening of 134,000 hypothetical MOFs for CO2 

capture. Although they were able to recognize high-performing MOFs, it was later shown by 

Woo and coworkers that the QEq charges produced were particularly high for the Cl- and F-

functionalized MOFs, which significantly over-estimated the CO2 uptakes in those cases.34 A 

brief discussion of the QEq method is provided in following section. 

2.2.2.5  Charge Equilibrium methods  

The QEq methods are based on an expansion of the total energy of a system in terms of 

partial atomic charges on the atoms as shown in equation 2.19.   
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Specifically, it states that the atomic charges for a system with N atoms can be obtained by 

minimizing equation 2.19 where the first term accounts for a sum of the charging energy of 

each atom, the second term represents a sum of interatomic Coulomb interactions ὐȟ  

between pairs of atoms in the unit cell, while the sum in the third term accounts for all ὒ 

periodic images, and the last term which includes the Lagrange multiplier (‗) accounts for the 

constraint where the sum of individual atomic charges is equal to the total system charge ή. 

Ὁ , …, and ὐ  are the ground state energy, atomic electronegativity, and atomic hardness of 

atom A, respectively. The minimization of equation 2.19 is performed by taking the first partial 

derivative of the total energy with respect to all of the charges. Taking this procedure and 

considering the derivatives to be zero (stationary point), N linear equations are obtained, which 

can be written as: 

ἑ
Ἕ
ⱦ

ȟ   ἑ
ἔ  2.20 

where Ἕ ÑȟÑȟỄ  is the charge column vector, ʔȟʔȟȣ  is the electronegativity 

column vector, and J is the Coulomb interaction matrix. Owing to the fact that the J matrix 

elements between two atoms decay very slowly (θ ρὶϳ), the Ewald summation approach is 

used to calculate these elements. The above matrix is solved iteratively until the charges have 

converged. 

In this thesis, ŀ άahC ŜƭŜŎǘǊƻǎǘŀǘƛŎ ǇƻǘŜƴǘƛŀƭ ƻǇǘƛƳƛȊŜŘέ v9ǉ (MEPO-QEq) method 

recently proposed by Kadantsev et al. was used to calculate the atomic charges for 340,000 

hypothetical MOFs. In the MEPO-QEq method, the parameters of the QEq methods (i.e., 

electronegativity and hardness) have been trained to reproduce the DFT-derived electrostatic 

potential in a large and diverse set of MOFs.34  
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2.2.3 Quantitative Structure ɀProperty Relationship (QSPR)  

Quantitative structureςProperty relationship (QSPR) models have been widely 

considered as a cost-reduced and accelerated tool in the development of new materials in the 

fields of chemical/biological science and engineering. Nowadays, most material discovery 

processes are accompanied by QSPR approaches. Their unparalleled success in the recognition 

of high-performing chemical/biological materials35ς39 makes them an efficient tool in the 

rational design of materials for a variety of applications. Basically, QSPR attempts to explore 

reliable relationships between the chemical structure and target property of studied materials, 

ǿƘƛŎƘ Ŏŀƴ ƭŜŀŘ ǘƻ ŘŜŦƛƴŜ άǊǳƭŜǎέΦ ¢ƘŜǎŜ άǊǳƭŜǎέ Ŏŀƴ ōŜ ǘƘŜƴ ǳǎŜŘ ǘƻ ŜǾŀƭǳŀǘŜ ƴŜǿ ƳŀǘŜǊƛŀƭǎΩ 

performance or to define priority features necessary for the design of high-performing 

materials. 

Like other data mining techniques, QSPR requires a training set, upon which the QSPR 

models are developed, and a test set, upon which the predictive ability of QSPR models is 

validated. The training set should be structurally diverse enough to cover the range of physical 

and chemical space relevant to the target property of studied materials. Also, the training set 

must be excluded from any materials of the test set.  

QSPR modeling is carried out in three major steps: (1) selecting appropriate descriptors, 

(2) applying QSPR modeling methods to create the model between descriptors values and 

target values, and (3) validating the QSAR model. The details of these steps are discussed 

below. 

2.2.3.1  Descriptors  

5ŜǎŎǊƛǇǘƻǊǎ ŀǊŜ ǘƘŜ άƴǳƳŜǊƛŎŀƭ ǾŀƭǳŜǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŎƘŜƳƛŎŀƭ Ŏƻƴǎǘƛǘǳǘƛƻƴ ŦƻǊ 
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correlation of chemical structure with various physical properties, chemical reactivity or 

ōƛƻƭƻƎƛŎŀƭ ŀŎǘƛǾƛǘȅΦέ40 This includes a wide variety of physical and chemical features which can 

be broadly classified as constitutional, topological, geometric, and quantum-chemical. Among 

them, the constitutional descriptors are the simplest, most common descriptors that do not 

contain information on the electronic structure or the geometry of a material. Examples of 

constitutional descriptors can be molecular weight, atom count, and the number of aromatic 

rings.41 Topological descriptors describe the bonding information and connectivity between 

atoms in a material.42 Geometric descriptors describe the three-dimensional geometry of a 

material. Examples of structural descriptors include material surface area, material maximum 

pore diameter,  void fraction, and material void volume.43 Quantum-chemical descriptors are 

calculated using semiempirical, DFT, or ab initio methods. Examples of these descriptors are 

orbital energy, partial atomic charges, ESP, polarizability, and multipole moments.44 

The predictive ability and reliability of QSPR models strongly depend on the correct 

choice of descriptors as well as the number of calculated descriptors used in QSAR model 

development procedure. The number of calculated descriptors should be large enough to 

distinguish information between structures. However, if the number of descriptors is too large, 

particularly much larger than the size of data set (i.e., the number of materials), over-fitti ng can 

occur in QSAR model. Over-fitting can result in a number of different equivalent QSAR models 

which are built from different combinations of descriptors, none of which can reliably make 

predictions for a new data point. Also, when a very large number of descriptors are used, QSAR 

models are often complicated and are not easy to interpreted. Furthermore, owing to the fact 

that usually only a subset of calculated descriptors contains information relevant to a target 
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property, removing redundant and irrelevant descriptors can improve the performance of QSAR 

models. Therefore, QSAR modeling is often accompanied by descriptor selection.  

Typically, descriptor selection is carried out through two approaches: wrapper methods 

and filter methods.45 In wrapper methods, the space of all possible descriptor subsets is 

searched using a method which is wrapped around a regression or classification model. More 

specifically, a subset of various combinations of descriptors is generated by the search method, 

then is evaluated through training the regression or classification model (see below for 

ŘŜŦƛƴƛǘƛƻƴǎύ ƻƴ ŀ ǎǳōǎŜǘ ƻŦ ǘƘŜ ǘǊŀƛƴƛƴƎ ǎŜǘΣ ŀƴŘ ƛǎ ǘƘŜƴ ŀǎǎƛƎƴŜŘ ŀ άǎŎƻǊŜέ ōŀǎŜŘ ƻƴ Ƙƻǿ ǿŜƭƭ 

the model performs. This is performed on multiple different subsets of descriptors and the set 

ǿƛǘƘ ōŜǎǘ άǎŎƻǊŜέ ƛǎ ǎŜƭŜŎǘŜŘΦ Lƴ ǎƻƳŜ ǿǊŀǇǇŜǊ ƳŜǘƘƻŘǎΣ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ǎǳōǎŜǘǎ ŀƴŘ 

άǎŎƻǊŜǎέ ŀǊŜ ǇŀǎǎŜŘ ƻƴ ƻǘƘŜǊ ǎǳōǎŜǘǎΦ 9ȄŀƳǇƭŜǎ ƻŦ ǘƘŜ ǿǊŀǇǇŜǊ ƳŜǘƘƻŘ ƛƴŎƭǳŘŜ ǘƘŜ ŦƻǊǿŀǊŘ 

and backward method,46 the genetic algorithm method,47 and the artificial neural network 

method.48 Unlike the wrapper method, filter methods do not interact with the regressing or 

classification model. Instead, it only deals with the statistical properties of descriptors. An 

example of a filter-type descriptor selection is removing correlated and low-variance 

descriptors from all calculated descriptors.49,50 In this thesis both approaches were used. 

2.2.3.2  QSAR modeling Methods 

Generally, QSPR modeling is carried out in two fashions: (1) regression, where a set of 

descriptors (predictor variables) is related to a set of targets (response variables), and (2) 

ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ ǿƘŜǊŜ ǇǊŜŘƛŎǘƻǊ ǾŀǊƛŀōƭŜǎ ŀǊŜ ǊŜƭŀǘŜŘ ǘƻ Ŏƭŀǎǎ ƭŀōŜƭǎ όŜΦƎΦΣ άƘƛƎƘ-ǇŜǊŦƻǊƳƛƴƎέ ƻǊ 

άƭƻǿ ǇŜǊŦƻǊƳƛƴƎέύ ǊŀǘƘŜǊ ǘƘŀƴ Ŏƻƴǘƛƴǳƻǳǎ ǊŜǎǇƻƴǎŜ ǾŀǊƛŀōƭŜǎΦ aƻǊŜ ǎǇŜŎƛŦƛŎŀƭƭȅΣ ƛƴ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ 

QSAR modelling, classifier is trained on training data to return a score often between 0 and 1 
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for each material which is then transformed to a class label assigned to a material by choosing a 

classifier cut-off value. The common methods used in these two approaches are discussed in 

the following two sections. 

2.2.3.3  Regression QSAR modelling methods 

The simplest and most common method used in regression-based QSAR modelling is the 

multilinear regression (MLR), where a target property of a material is correlated to its 

descriptors with the use of a linear function:  

◐░   ╬  ╬●░  ╬●░ ╬●░ ╬●░  ȣ  ╬▪●░▪ 2.21 

where ὲ is the number of descriptors, ὼ and ώ are descriptors and target property for the ith 

material, respectively, and ὧ are coefficients that are found using the least-squares criterion. 

This method can also be extended to any order of polynomial regression. While this method is 

favoured due to its simplicity and ease of interpretation, it suffers from overfitting in cases 

where the number of descriptors is larger than that of samples. It is said that the number of 

descriptors used in this model should be at least one fifth the number of samples.51 In addition, 

this method is not appropriate for cases where the descriptors are correlated to each other as it 

does not take into account dependency of descriptors. As alternatives, principle component 

regression (PCR) and partial least-squares (PLS), where linear regression models are built on 

dimensionally reduced data, are used. Basically, PCR is performed in two stages: (1) descriptor 

values are first transformed onto a new coordinate system such that the first coordinate 

(principle component) has the largest possible covariance of descriptors and each succeeding 

component in turn has the highest variance, and (2) a subset of components, including the 

highest variances of descriptors, is selected to be used in the regression procedure. Similarly, 
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PLS tries to find a linear regression model by projecting both the descriptors and the target 

properties to a new space. More specifically, it searches for so-called latent variables (LVs), 

which explain as much as possible of the covariance between descriptors and target properties 

(i.e., response variables) while modelling the responses of the target property well. LVs 

themselves are not observable, but they are the underlying factors which accounts for most of 

the variation in the target property. Indeed, PLS avoids the problem of collinear descriptors by 

extracting these LVs while simultaneously models the response of the target property. This 

method is particularly suited when the number of descriptors exceed the number of samples, 

and when multiple target properties need to be predicted.      

2.2.3.4  Classification QSAR modelling methods  

As mentioned before, in classification problems, where materials are categorized into 

predefined classes, the predictor variables are related to the classes. The simplest method used 

to find this relationship is the decision tree (DT). A DT model is obtained (typically from simple 

binary rules) in a recursive fashion by partitioning a training set into successively purer subsets 

of materials from any of the predefined classes through choosing appropriate descriptors with 

certain thresholds. Figure 2.5 shows an example of the DT graph for a set of samples with a 

ōƛƴŀǊȅ ŎƭŀǎǎΣ άƘƛƎƘ-ǇǊŜŦƻǊƳƛƴƎέ ŀƴŘ άƭƻǿ-ǇŜǊŦƻǊƳƛƴƎέΦ 9ŀŎƘ ōǊŀƴŎƘ ƻŦ ǘƘŜ ǘǊŜŜ ǊŜǇǊŜǎŜƴǘǎ ŀ 

threshold level given for the value of the descriptor, where the samples with values higher than 

the level threshold are branched to the right, while samples with lower values are branched to 

the left. Each non-terminal node of the tree represents the descriptor used to separate 

samples. Each terminal node represents an averaged DT score over all the samples in its 

corresponding branch, which can be related to a class label by choosing a classifier cut-off 

https://en.wikipedia.org/wiki/Linear_regression
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value. For example, with the cut-ƻŦŦ ƻŦ лΦрΣ ǘƘŜ ƎǊŜȅ ǘŜǊƳƛƴŀƭ ƴƻŘŜ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ άƘƛƎƘ-

ǇǊŜŦƻǊƳƛƴƎέ Ŏƭŀǎǎ ƻŦ ǎŀƳǇƭŜǎ ǿƘƛŎƘ Ŧƻƭƭƻǿ ǘƘŜ ŦƻƭƭƻǿƛƴƎ ǊǳƭŜΥ ǘƘŜ ǾŀƭǳŜs for descriptor A greater 

than X and the values for descriptor B greater than Y. In this thesis, the decision tree (DT) 

models were built using the Scikit-learn module for Python.52
 

 

Figure 2.5: An example of a Decision Tree (DT) model with three descriptors A, B, and C. Each branch of 

the tree represents a threshold level given for the value of a descriptor (X for descriptor A, Z for 

descriptor C, and Y for descriptor B), where the samples with values higher than the level threshold are 

branched to the right, while samples with lower values are branched to the left. The high-performing 

node is highlighted in grey. The scores in the lowest branches are averaged QSPR scores over all samples 

in that branch. 

While DT is favored for its ability to provide simple general rules which can be easily 

followed in rational design of materials, the greatest predictive power in classification problems 

lies in nonlinear machine learning techniques such as support vector machines (SVMs) capable 

of handling complex correlation patterns.53 SVMs have been designed to minimize structural 

risk that prevents over-fitting by incorporating a regularization penalty into the model 

development procedure. The regularization penalty can be viewed as implementing a form 
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of Occam's razor that prefers simpler functions over more complex ones, controlling the 

bias/variance trade-off. Other machine learning methods, such as Artificial Neural Networks, 

are based on empirical risk minimization, which minimizes the difference between the 

predicted target property and the actual target property. Therefore, SVMs are less vulnerable 

to the over-fitting problem, and so they can typically deal with a larger number of features. 

Here, we briefly discuss the details of SVMs. For the sake of continuity and clarity, we first 

introduce linearly separable classification problem, and then discuss non-linearly separable 

classification problems. 

 

Figure 2.6: An example of a linearly separable two-class data with possible separating lines. Lines in 

light-ōƭǳŜ ŎƻƭƻǊ ŀǊŜ ŀǎǎƛƎƴŜŘ ŀǎ άōŀŘέ ƭƛƴŜǎ ŦƻǊ ŎƘŀǊŀŎǘŜǊƛȊƛƴƎ ǘƘŜ ǘǿƻ Řŀǘŀ ŎƭŀǎǎŜǎ ǿƛǘƘƛƴ {±aΩǎ ŎƻƴŎŜǇǘΣ 

while the line in dark-blue color is an optimal line which SVM attempts to find.    

As an example of linearly separable classification problem, consider a two-class data set 

in Figure 2.6, where red color represents one class and green color represents the other class. 

The goal of SVM is to find a line which optimally separates the space so that all existing points 

are classified into different regions of the two dimensional space, but more importantly, 

additional points that are added later to the two sets will have the greatest likelihood of being 

correctly classified as well. Cleary, there are many lines (see Figure 2.6) that can linearly 

http://en.wikipedia.org/wiki/Occam%27s_razor
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separate these two classes from each other, but all of them are not equally good from the 

{±aΩǎ ǘƘŜƻǊȅ Ǉƻƛƴǘ ƻŦ ǾƛŜǿΦ ! ǎŜǇŀǊŀǘƛƴƎ ƭƛƴŜ ǘƻƻ ŎƭƻǎŜ ǘƻ ǘƘŜ Řŀǘŀ Ǉƻƛƴǘǎ ƛƴ ŜƛǘƘŜǊ Ŏƭŀǎǎ ƛǎ ōŀŘ 

because it will be noise sensitive and will not generalize correctly. In other words, a small 

change in the position of a point will move it from one class to the other. In fact, the line should 

be as far as possible from the data points in both classes. This is exactly what the operation of 

SMV relies on: finding the line that gives the largest minimum distance to the training 

examples. This distance receives the important name of margin ǿƛǘƘƛƴ {±aΩǎ ǘƘŜƻǊȅΣ ŀƴŘ ǘƘŜ 

ΨƭƛƴŜΩ ƛǎ ǊŜǇƭŀŎŜŘ ōȅ ΨƘȅǇŜǊǇƭŀƴŜΩ for the sake of generalization to spaces of more than two 

dimensions (in geometry a hyperplane is a subspace of one dimension less than its ambient 

space. If a space is 3-dimensional then its hyperplanes are the 2-dimensional planes, while if the 

space is 2-dimensional, its hyperplanes are the 1-dimensional lines).54 With this notation, SVM 

attempts to find the optimal separating hyperplane that maximizes the margin of the training 

data.   

In most cases, training data are too noisy, and finding completely separating hyperplane 

(i.e. zero training error) will lead to poor generalisation. This is because the model is over-fitting the 

idiosyncrasies of the noise in the training data. To avoid this, SVM allows some points to be misclassified 

or even within the margin (see gray area (margin) in Figure 2.7), while still maximizing the margin of 

the training data. This refers to the balance between margin maximization and training error 

minimization.  
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Figure 2.7: An example of noisy data, where SVM finds an optimal hyperplane (blue line) by maximizing 

margin (m) and allowing some points to be misclassified or in the margin (e.g., Xi and Xj). The gray area 

represents the margin.  

In terms of formalism, an optimally separating hyperplane for two-class materials with n 

number of descriptors can be written as: 

◌Ͻ● ╫  2.22 

where the parameters ύ and ὦ are found by maximizing the margin, ά ρᴁὡᴁϳ , through 

solving the following constrained optimization problem: 

minimize  
ᴁ ᴁ

ὅВ ‐  

subject to ώύȢ ὼ ὦ ρ ‐,    for    ώ ‭ ρȟρ and Ὥ ρȟȣȟὲ 

2.23 

where the minimization of 
ᴁ ᴁ

ὅВ ‐ represents the maximization of the margin , 

ὅВ ‐ accounts for the possible training error (points ὼ and ὼ in Figure 2.7), ώ is the class 

label and ● ƛǎ ǘƘŜ ŘŜǎŎǊƛǇǘƻǊ ǾŜŎǘƻǊ όƛΦŜΦΣ ȄмΣ ȄнΣ ȄоΣ ȄпΣ ΧΣ ȄƴΤ ƴ ƛǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ ŘŜǎŎǊƛǇǘƻǊǎύ for 

material Ὥ, ‐ ƛǎ άǎƭŀŎƪ ǾŀǊƛŀōƭŜέ ƛƴ ŀƴ ƻǇǘƛƳƛȊŀǘƛƻƴ ǿƘƛŎƘ Ŏŀƴ ōŜ ǘƘƻǳƎƘǘ ƻŦ ŀǎ ǘƘŜ ŘƛǎǘŀƴŎŜ ŦǊƻƳ 

the separating hyperplane if an instance is misclassified and 0 if otherwise, ◌ is the vector 

perpendicular to the hyperplane, and ὅ is the regularization parameter which controls the 

trade-off between margin maximization and training error minimization. The reasons for 
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introducing the regularization parameter, ὅ, is to control possible overfitting occurring in noisy 

data and to generalize the SMV model.55
 

With the use of the Lagrange multiplier, the optimization problem becomes: 

╛◌ȟ╫ȟ♪  
ᴁ◌ᴁ

╒ Ⱡ░

▪

░

♪░ Ⱡ░ ◐░◌Ȣ●░ ╫ ►░Ⱡ░

▪▪

░

 
2.24 

where ‌ and ὶ are Langrange multipliers and: 

♪░   
 ►░  

2.25 

The minimization of ὒ with respect to ὦ, ύ, and ‐ gives: 

◌  В ♪░●░◐░
▪
░ ,  В ♪░◐░

▪
░ , and ╒  ♪░ ►░ 2.26 

Substituting equation 2.26 into equation 2.24 gives the dual version of the constrained 

optimization problem: 

max ╛  В ♪░
▪
░  В ♪░♪▒◐░◐▒●░Ȣ●▒ ░ȟ▒  

Subject to ♪░ ╒,   В ♪░◐░
▪
░       

2.27 

where ὼȢὼ is the dot product of descriptor vectors for materials Ὥ and Ὦ, and ‌ is obtained by 

maximising the function ὒ. Once ‌ are found, ύ is obtained by ύ  В ‌ὼώ.  Considering 

any ὼ that satisfies ώύȢ ὼ ὦ ρ and substituting ύ  В ‌ὼώ into ώύȢ ὼ ὦ

ρ  gives: 

╫  ◐▼ ●▼Ȣ ♪░●░◐░

▪

░

 
2.28 

Once b is obtained, substituting ύ  В ‌ὼώ into Ὢὼ ίὭὫὲύȢὼ ὦ, gives the 

hyperplane with the maximum margin: 

█● ▼░▌▪♪░◐░●░Ȣ● ╫

▪

░

 
2.29 



  
 

58 
 

Mohammad Zein Aghaji Chapter 2 

where ὼ is the descriptor vector for an unknown material. 

For non-linearly separable data in input space (the space where point ὼ are located), 

descriptor vectors are mapped onto one feature space (possibly with a higher dimension) 

where the separating hyperplane is found as illustrated in Figure 2.8.  

 

Figure 2.8: A representation of mapping descriptor vectors from an input space onto a feature space 

where data is linearly separable 

By replacing the descriptor vectors with transformed descriptor vectors ᶮὼ, the dual 

version of the constrained optimization problem becomes: 

max ╛  В ♪░
▪
░  В ♪░♪▒◐░◐▒ɲ ●░Ȣɲ ●▒  ░ȟ▒  

Subject to ♪░ ╒,   В ♪░◐░
▪
░       

2.30 

which requires very expensive computation of ᶮὼ  (due to its extremely high dimensionality) 

for the calculation of ɲ ὼ Ȣɲ ὼ  . To avoid such an expensive calculation, since only inner 

product of ɲ ὼ  involves in the constrained optimization problem, SVM uses a kernel trick 

which replaces the inner product with a kernel function Ὧ where 

╚●░ȟ●▒  ɲ ●░Ȣɲ ●▒ 2.31 

Considering equation 2.31, it is not necessary to know ᶮὼ  explicitly, as kernel function is a 
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function of descriptor vectors in an input space, and returns the inner products between 

transformed descriptor vectors. Examples of kernel functions used in SMV methods are 

provided in Table 2.1. 

                      Table 2.1: Examples of kernel functions used in support vector machine 

Function Name 

Ὧὼȟὼ ὴ ὼȢὼ  Polynomial kernel 

Ὧὼȟὼ Ὡὼὴ
ὼ ὼ

ς„
 Gaussian radial basis function(rbf) 

Ὧὼȟὼ Ὡὼὴ
ὼ ὼ

ς„
 Exponential kernel 

Ὧὼȟὼ ὴ ὼȢὼ Ὡὼὴ
ὼ ὼ

ς„
 Hybrid kernel 

Ὧὼȟὼ ÔÁÎÈ ὯὼȢὼ  Sigmoidal ‏

By replacing ɲ ὼ Ȣɲ ὼ  with ὑὼȟὼ , the dual version of the constrained optimization 

problem becomes: 

max ╛  В ♪░
▪
░  В ♪░♪▒◐░◐▒╚●░ȟ●▒ ░ȟ▒  

Subject to ♪░ ╒,   В ♪░◐░
▪
░  

2.32 

where ‌ is obtained by maximising the function ὒ and the hyperplane is described as 

█● ▼░▌▪♪░◐░▓●░Ȣ● ╫

▪

░

 
2.33 

As given in Table 2.1, the kernel functions include parameters such as Ὠ and ὴ in the case 

of a polynomial kernel. These parameters and even the regularization parameter ὅ cannot be 

defined from the optimization problem, and must be manually tuned until the optimum values 

are achieved. This can be done by generating a set of models with different parameters, 

evaluating each of them on a set of unseen materials that were not used in the model 

development procedure, then selecting the model with parameters that show the highest 
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evolution metric value (e.g., R2 metric for regression). Using a test set for validation increases 

ǘƘŜ Ǌƛǎƪ ƻŦ ƻǾŜǊŦƛǘǘƛƴƎ ƛƴ ǘƘŜ ƳƻŘŜƭ ŀǎ ǘƘŜ ƪƴƻǿƭŜŘƎŜ ƻŦ ǘƘŜ ǘŜǎǘ ǎŜǘ Ŏŀƴ άƭŜŀƪέ ƛƴǘƻ ǘƘŜ ƳƻŘŜƭ 

(parameters), and as a result evolution metrics no longer report the generalization 

performance. To prevent this problem, a cross-validation method is used. This involves dividing 

the training set into subsets, removing one subset (called validation set), building QSPR model 

using the remaining subsets, then validating the resulting model on the removed subset. The 

last three steps of this process are continued until all subsets have been validated against each 

other. The quality of the model against each omitted subset is measured using evolution 

metrics, which are discussed in the next section, and the average value is taken as an estimate 

for the model performance. 

In this thesis, the RDF-based SVMs were built using the Python programming language 

and the scikit-learn toolbox.52 The kernel parameter and regularization parameter were 

optimized in a grid search fashion through cross-validation.  

2.2.3.5  Validation of QSAR models 

As mentioned before, in QSAR modeling, data is split into a training set and a test set. 

The training set is used to develop the model, and the test set is used to validate the model. 

Validation involves comparing predicted properties with observed properties in the test set, 

indicating the predictive power of the QSPR model. This predictive power is measured by the 

Ὑ  metric according to equation 2.34 in the case of regression and by accuracy metric according 

to equation 2.35 in the case of classification. If ὲ is the number of samples, ώ and ώ are the 

observed property and the predicted property, respectively, for material Ὥ, ώ is the average of 

the predicted property, and Ὅώ ώ  is the indicator function where Ὅώ ώ  ρ if ώ ώ 
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and Ὅώ ώ  π if ώ ώ. 

Ὑ ρ  
В ώ ώ

В ώ ώ
 

2.34 

ὥὧὧόὶὥὧώ
ρ

ὲ
 Ὅώ ώ  

2.35 

Good QSAR models have Ὑ  values and accuracy values close to 1 for regression and classification 

problems respectively. 
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3 Computational modelling of CO 2 adsorption on Phosphonate 

Monoesters -base MOF 
This chapter discusses calculation performed on CuBDPMe, which is the first Phosphonate 
Monoesters-base MOF is reported. This study was performed in collaboration with the Shimizu 
group at the University of Calgary, and was published in part in Iremonger, S. S.; Liang, J.; 
Vaidhyanathan, R.; Martens, I.; Shimizu, G. K. H.; Daff Thomas, D.; Aghaji, M. Z.; Yeganegi, S.; 
Woo, T. K. J. Am. Chem. Soc. 2011, 133, 20048ς20051. My role in this study was to perform the 
GCMC simulation and DFT calculation to elucidate the behavior of CO2 adsorption in the MOF.  

Abstract  

Bidentate phosphonate monoesters are analogues of popular dicarboxylate linkers in MOFs, 

but with an alkoxy tether close to the coordinating site. Herein, we report a computational 

study on Cu(1,4-benzenediphosphonate bis(monomethyl ester), CuBDPMe, which has a modest 

CO2 uptake capacity, with a high CO2 heat of adsorption of 45 kJ mol-1. Computational modeling 

reveals that the CO2 uptake is extremely sensitive both to the flexing of the structure and to the 

orientation of the alkyl tether. 

3.1 Introduction  

Metal Organic Frameworks (MOFs)/Porous Coordination Polymers (PCPs) offer systematic 

and tuneable routes to the generation of new porous solids.1 The role of the organic linkers is 

foremost to delineate the primary pore structure but these groups also define the chemical 

potential of the pore surfaces2 and can possibly kinetically gate sorption phenomena.3 The fact 

that these solids can also demonstrate flexible architectures further extends their scientific 

interest and offers potential for new applications tied to their dynamic behaviour.4 

Many MOF/PCP materials reported incorporate carboxylate anions as, in appropriate rigid 

and polyvalent forms,5 these linkers provide sufficient thermodynamic stability to enable 

permanent porosity but also sufficient kinetic lability that crystalline products are typically 
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obtained. Phosphonate monoesters (RP(=O)(-OH)(-OR) are a largely unexplored ligating 

functionality in coordination polymer science.6,7 It was reported the compound Zn 1,4-

benzenediphosphonate bis(monoethyl ester), Zn(BDPEt), a van der Waals compound with 

permanent porosity despite having only two-dimensional connectivity. In this compound, the 

monoanionic and bidentate coordination mode of the phosphonate monoesters was 

reminiscent of the ligation displayed by dicarboxylate linkers in MOFs. A fundamental 

difference between a phosphonate monoester and a carboxylate is obviously the presence of 

the alkoxy tether on the P atom.  

The following describes the computational modeling of CO2 adsorption in a phosphonate-

based MOF, CuBDPMe. The characteristics of CO2 uptakes, including adsorption isotherm, heat 

of adsorption, and binding sites, in CuBDPMe are modelled via a combination of grand 

canonical Monte Carlo (GCMC) simulation and density functional theory (DFT). Our modeling 

reveals that the CO2 uptake is sensitive both to the flexing of the structure and to the 

orientation of the methyl tether. 

3.2 Computational details  

DFT calculations were carried out in the Vienna ab intio simulation package (VASP).8-11 

The PBE exchange-correlation functional12,13 and PAW potentials14,15 were used with an energy 

cutoff of 520 eV. All DFT calculations used a single unit cell with a gamma centred 2x2x2 k-point 

grid on the Brillouin zone. The semi-empirical dispersion potential correction of Grimme16 was 

included in the energy and force calculations with the default parameters for the PBE 

functional. Spin polarisation was enabled for all calculations to account for the d9-Cu(II) centers. 

Depicted in Figure 3.1 is an isosurface plot of the net spin density for the empty framework of 
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Cu. This reveals that the ground state is antiferromagnetic with localization of the spin on the 

copper centers. The localization of the spin on the different metal centers could be controlled 

by using the MAGMOM key in VASP which spin polarizes the initial density guess in the 

calculation.  Negligible difference in energy was found for the permutations of spin up and spin 

down metal centers.   

 
Figure 3.1: Ground state spin-density localization from DFT calculations of CuBDPMe at an isosurface 

value of 0.5e. Up (purple) and down (green) unpaired spins are localized on the copper atoms. 

Grand canonical Monte Carlo (GCMC) simulations were based on classical force-field 

using Lennard-Jones parameters given in Table 3.1 and partial atomic charges given in Table 

3.2. For the framework, the Lennard-Jones (LJ) potential were taken from the Universal Force 

Field (UFF)17 and combined with Lorentz-Berthelot mixing rules for cross terms. The non-

bonded parameters of CO2 were taken from García-Sánchez et al.18 who optimized them from a 

self-consistent fitting of the experimental adsorption isotherm data in a large class of zeolite 

frameworks with the predictions of Gibbs ensemble Monte Carlo calculations on these systems. 

The CO2 molecule had a fixed bond length of 1.16 Å and partial charges of +0.645e and -0.3325e 

for carbon and oxygen. Partial atomic charges for Coulombic interactions involving the 

framework were calculated using the REPEAT method,19 where atomic charges are fitted to 
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reproduce the electrostatic potential derived from the DFT calculations. To derive these 

charges, the hydrogen atom positions of the X-ray structure of CuBDPMe were optimized at the 

DFT level and the then optimized structure was used for the derivation of the REPEAT charges.  

Table 3.1:. Lennard-Jones parameters from the UFF. 

Atomic type ˋ κ ) ʶ κ ƪŎŀƭƳƻƭ-1
 

Cu 3.1137 0.005 
C 3.4309 0.105 

P 3.6946 0.305 
O 3.1181 0.060 
H 2.5711 0.044 

C (CO2) 2.7450 0.05948 

O (CO2) 3.0170 0.17023 

Table 3.2: REPEAT partial atomic charges for the X-ray structure of CuBDPMe. 

 atom q / e 

 

Cu 1.023 

P 1.322 

O1 
O2 

-0.672 
-0.782 

O_m -0.467 

Cu 1.023 

C1 -0.167 

C2 
C3 

-0.179 
-0.164 

C_m 0.134 

H1 
H2 

0.163 
0.181 

H_m 0.005 

 

The GCMC simulations were run using an in-house developed code based on the open-

source DL_POLY classic package (formerly known as DL_POLY 2).20 For the guest molecule 

addition and deletion moves, the ideal gas chemical potential was used for the acceptance 

probability. The geometry of the framework was frozen and taken from the X-ray structure, 

except for the hydrogen atom positions which were optimized at the DFT level. A 2x4x4 

supercell was generated from the unit cell which enabled use of a 12.5 Å cutoff for the Lennard-
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Jones interactions. Electrostatic interactions are calculated using the Ewald summation method. 

Systems were equilibrated for 10 million MC steps, and results calculated for 12.5 million steps 

and averaged over four separate MC chains. 

3.3 Result & Discussion  

The crystal structure of CuBDPMe is shown in Figure 3.2c. In CuBDPMe, one-dimensional 

Cu(RςPO3Me) chains are formed down the c-axis (Fig. 3.2b), with the chains being linked by 

fully deprotonated 1,4-benzendiphosphonate bis (mono methyl esyer), BPDMe, dianions 

forming a rhombohedral grid of 14.933(4) x 7.024(2) Å (P-P distance and metal-metal distances 

as depicted by the arrows in Fig. 3.2c). The methyl groups of the phosphonate esters protrude 

into the pores but leave an aperture of ~6 Å.  

 
Figure 3.2: a) The dianionic ligand, BDPR, where R = Me. b) hSingle crystal structure of one column of 

CuBDPMe, showing the bidentate coordination of the phosphonate monomethylester and the 4-

coordinate geometry of Cu. c) crystal structure with solvent accessible voids (1.2 Å probe in gold). In c) 

one channel is shown in a space filling representation. 

 

a) b) 

c) 
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A modest uptake of CO2 at ambient temperature was observed, 1.38 mmol/g (6.06 wt%) 

ŀǘ нто Y ŀƴŘ мнлл ƳōŀǊΦ ¢ƘŜ ŜƴǘƘŀƭǇȅ ƻŦ ŀŘǎƻǊǇǘƛƻƴ όɲIads) for CO2 was determined as a 

ŦǳƴŎǘƛƻƴ ƻŦ ƭƻŀŘƛƴƎΦ !ǘ ȊŜǊƻ ƭƻŀŘƛƴƎΣ ƛƴŘƛŎŀǘƛǾŜ ƻŦ ǘƘŜ ƘƛƎƘŜǎǘ ŜƴŜǊƎȅ ǎƛǘŜǎΣ ǘƘŜ ɲIads was 

calculated as 45 kJ/mol, a very high value for a physisorptive process.21 Recent reports have 

ǎƘƻǿƴ ŀ ǎǘǊƻƴƎ ŎƻǊǊŜƭŀǘƛƻƴ ōŜǘǿŜŜƴ ƘƛƎƘ ɲIads and high selectivities for CO2 capture.22 Often, 

ƘƛƎƘ ɲIads can be connected to the presence of coordinately unsaturated metal centers (e.g. 

HKUST-1, 35 kJ/mol;23 MIL-101, 44 kJ/mol;24 Mg-MOF-74/CPO-27-Mg, 47 kJ/mol;25 MIL-100, 63 

kJ/mol24). Considering three pieces of data όƘƛƎƘ ǾŀƭǳŜ ŦƻǊ ɲIads; stoichiometry of 0.45 CO2/Cu; 

transannular Cu···Cu distance of 7.02 Å between pseudo-square planar Cu centers), it is 

tempting to hypothesize that the CO2 molecules in this system are in a dual end-on bridging 

mode beǘǿŜŜƴ /ǳ ŎŜƴǘŜǊǎΦ ɲIads value can also be augmented by the presence of polar 

functional group,26 such as amines lining the pores, although higher amination is not always 

necessarily beneficial for CO2 uptakes.27 

To investigate the nature of the CO2 binding and sorption properties of CuBDPMe, 

dispersion corrected periodic DFT and classical grand canonical Monte Carlo (GCMC) 

simulations were employed. The dual end-on bridging interaction of CO2 with two Cu centers 

was first examined with DFT as such a binding mode might involve weak orbital interactions. All 

attempts to locate a minimum energy structure corresponding to this mode of CO2 failed even 

when the framework and cell vectors were allowed to fully relax. Instead, all structures 

optimized to geometries in which the CO2 molecules were oriented roughly perpendicular to 

the hypothesized end-on bridging mode in the direction of the channels.  
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To further investigate the CO2 sorption in CuBDPMe, GCMC simulations were performed 

using the UFF parameters17 and REPEAT19 charges that were able to successfully reproduce the 

experimental CO2 binding sites and isotherms of a Zn amino-triazole-oxalate MOF.28 Using the 

X-ray structure of 2, Figure 3.3 shows the CO2 oxygen atom probability distribution resulting 

from a GCMC simulation at 1 atm CO2 and 273 K. The plots show that there are four 

symmetrically equivalent binding sites in the unit cell. The guest molecules align along the 

channels with either the carbon or oxygen of the CO2 at the midpoint between the methyl 

groups. Consistent with the DFT calculations, no dual end-on bridging was seen in with the 

GCMC simulations. One key experimental observation supporting the lack of direct interaction 

of CO2 with the Cu sites is that in the crystal structure, although the Cu centers are 4-

coordinate, there is no ligated water. Typically, an open metal site requires activation23-25 which 

is not the case with CuBDPMe. 
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Figure 3.3: Probability density plots of the CO2 oxygen atom in a unit cell of CuBDPMe at 1 bar, 273 K 

from simulation. In a) probabilities along the c-axis are projected onto the a-b plane while in b) 

probabilities along the b-axis are projected onto the b-c plane. A green CO2 molecule is shown in a) for 

reference. 

CO2 adsorption isotherms were also determined from the GCMC simulations. The CO2 

adsorption behaviour of CuBDPMe was found to be highly sensitive to the structure of the 

framework. For example, when the solvent included X-ray structure of CuBDPMe is used in the 

simulation, the CO2 adsorption is found to be 15-20% lower than the experimental result 

throughout the pressure range (Figure 3.4a). However, if this structure is adjusted to the lattice 

parameters determined in situ with 1.2 bar CO2, the simulated isotherm reproduces the 

experimental uptake well throughout the pressure range examined.  In fact, although the cell 

parameters changed by a less than 2% between the X-ray structure and adjusted one, the CO2 

loading changed by more than 20% at 1 atm. We also found a strong CO2 uptake dependence 

on the methoxy group orientation, which can be defined by the CmeςOςPςO dihedral angle, , 

 

 

 
 q 
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as highlighted in Figure 3.3. To elucidate this, a systematic variation of the pore width was 

achieved by altering the O-P-O-CMe ŘƛƘŜŘǊŀƭ ŀƴƎƭŜǎΣ ˒Φ !ƭl 8 of these dihedrals in the unit cell 

are changed simultaneously. The energy, determined from single point DFT calculations, as a 

ŦǳƴŎǘƛƻƴ ƻŦ ǘƘŜ ŎƘŀƴƎŜ ƛƴ ǘƘŜ ǘƻǊǎƛƻƴ ƛǎ ǎƘƻǿƴ ƛƴ CƛƎǳǊŜ оΦпΣ ƛƴŘƛŎŀǘƛƴƎ ǘƘŀǘ ǘƘŜ ɲ Ґ ҍн ŀƴŘ Ҍн 

degrees structures are viable. The REPEAT charges were recalculated for each structure and 

2x4x4 supercells used in the GCMC isotherm calculations. Shown in Figure 3.4b are the 

simulated adsorption isotherms with the  angle of all methoxy groups in the framework 

ŎƘŀƴƎŜŘ ōȅ ɲ Ґ ҍн ŀƴŘ Ҍн ŘŜƎǊŜŜǎ ŦǊƻƳ ǘƘŀǘ ƛƴ ǘƘŜ ƻǊƛƎƛƴŀƭ ǎǘǊǳŎǘǳǊŜΦ bŜƎŀǘƛǾŜ ɲΩǎ 

correspond to the channel closing, while positive values open the channel. A 2° change in , 

which corresponds to a Ḑ0.08 Å change in pore width, results in a dramatic increase or 

decrease in the simulated gas adsorption. Therefore, the slight inflection in the experimental 

isotherm of CuBDPMe at Ḑ0.6 bar can be attributed to a subtle change in the framework 

geometry upon CO2 uptake. While not explicitly demonstrated in this work, in general, the high 

sensitivity of the uptake to the methoxy group orientation in CuBDPMe suggests the potential 

of the methyl tethers in the phosphonate monoester based MOFs to modulate the adsorption 

behavior. The dynamic nature of the methyl tether may also permit optimal arrangement 

between CO2 molecules to maximize cooperative interactions.29 
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Figure 3.4: Comparison of experimental and simulated CO2 adsorption isotherms at 273 K. a) The 

simulated isotherms were calculated with the X-ray structure, which was solvent loaded, and that where 

ǘƘƛǎ ǎǘǊǳŎǘǳǊŜΩǎ ŎŜƭƭ ǇŀǊŀƳŜǘŜǊǎ ǿŜǊŜ ŀŘƧǳǎǘŜŘ ǘƻ ǘƘŀǘ ŘŜǘŜǊƳƛƴŜŘ ǳǇƻƴ ǎƻƭǾŜƴǘ ǊŜƳƻǾŀƭ ŀƴŘ ƭƻŀŘŜŘ ǿƛǘƘ 

CO2 at 1.2 bar. b)  The simulated isotherms were calculated with the X-ray structure, where the 

geometry of the methoxy groups have been altered from the X-ray structure in silico 



                                                         
 

 

74 
 

Mohammad Zein Aghaji Chapter 3 

 

Figure 3.5: Change in the DFT calculated energy for variation of the torsion angle to methyl tethers 

Isosteric heats of adsorption (HOA) were also determined from the GCMC simulations, 

calculated via the GreenςKubo fluctuation theory expression, 

 
3.1 

Where N is the number of CO2 molecules in the GCMC simulation and U is configurational 

energy for the CO2 molecules.30 Calculated in this manner, the binding enthalpies as a function 

of CO2 loading are plotted in Figure 3.6. for CuBDPMe using the crystal structures with the 

methoxy gǊƻǳǇ ǊƻǘŀǘŜŘ ōȅ ˒ Ґ лɕΣ нɕ ŀƴŘ пɕΦ ¢ƘŜ ŎŀƭŎǳƭŀǘŜŘ ƘŜŀǘǎ ƻŦ ŀŘǎƻǊǇǘƛƻƴ ŀǊŜ ǎƛƎƴƛŦƛŎŀƴǘƭȅ 

less than that determined experimentally (~36 kJ/mol versus 46 kJ/mol), however it is notable 

that the simulated HOA is very sensitive to the framework geometry as is found with the CO2 

uptake. Therefore, it would be difficult to exactly reproduce the experimental HOA without 

2isosteric

UN U N
q RT

N N N

-
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considering a fully flexible framework due to the energetics of small distortions and relaxations 

of the framework in the presence and absence of the guest molecule. 

 

Figure 3.6: Isosteric heat of adsorption of CuBDPMe with lattice parameters scaled for CO2 loading at 1.2 

bar, as a function of guest loading determined from GCMC simulations at 273 K with the methyl group 

ǊƻǘŀǘŜŘ ōȅ ˒ Ґ лɕΣ нɕŀƴŘ пɕ 

3.4 Conclusion  

Results from DFT calculation, followed by GCMC simulations, reveal that the CO2 

molecules in CuBDPMe ŀƭƛƎƴ ƛǘǎŜƭŦ ŀƭƻƴƎ ǘƘŜ ŎƘŀƴƴŜƭ ŀƴŘ ǘƘŜȅ ŘƻƴΩǘ ƘŀǾŜ ŀ ŘƛǊŜŎǘ ƛƴǘŜǊŀŎǘƛƻƴ 

with Cu sites. The simulated isotherms represent that the CO2 adsorption behavior on 

CUBDPMe is highly sensitive to the methoxy orientations and the flexing of the structure. Less 

than 2% change in the lattice parameters results in 20 % change in the CO2 uptake on 

CuBDPMe. The extreme dependency of uptake to the methoxy orientations suggests a gate 

opening mechanism for CO2 diffusion in the channel. 
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4 Investigation of MIL -47 and its functionalized derivatives on 

Natural gas purification: A Computational Study  

Abstract  

In this work, the performance of MIL-47 and its seven functionalized derivatives on natural gas 

purification with pressure swing adsorption (PSA) technology was investigated using grand 

canonical Monte Carlo simulations. The computational results show that introducing polar non-

bulky functional groups on the solid MOF type MIL-47 leads to an enhancement in its CO2 

working capacity and a significant improvement in the CO2/CH4 selectivity. Furthermore, their 

performance was compared with that of other well-known MOFs, Zeolite 13x, and titanosilicate 

for use in PSA gas separation systems. The comparison suggests that MIL-47-NO2 could be a 

possible candidate as a solid sorbent for natural gas purification.               

4.1 Background  

As discussed in Chapter 1, the use of solid adsorbents within pressure swing adsorption 

(PSA) systems is a more energy efficient, and affordable alternative to the traditional amine-

based technology for CO2 scrubbing of natural gas. Molecular GateTM units based on the 

titianosilicate adsorbents,1 UOP MOLSIV systems based on the Zeolite-13x,2 and Xebec 

!ŘǎƻǊǇǘƛƻƴ .D·ϰ ǎȅǎǘŜƳǎ3 are examples of commercial solid sorbents used in the industrial 

scale purification of natural gas. 

The purity and quantity of CO2 recovered by PSA-based processes depends on adsorbent 

used, and conditions in which a gas is trapped and released by the adsorbent, which will 

ultimately affect the PSA performance. It has been estimated that if a material whose CO2 
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selectivity is three times higher than that of Zeolite 13x and CO2 recovery is two times higher 

than that of Zeolite 13x is used, the cost of PSA performance could be decreased to half of the 

current value.4 In the past decade, many studies have been performed with the intent of 

finding materials with high adsorption capacity and high separation ability.5ς11 Traditional 

adsorbents, such as zeolites, activated carbons and mesoporous silica, and novel porous 

materials, such as MOFs, have been widely evaluated for their performance with PSA gas 

separations. However, the traditional materials have low CO2 working capacity or they suffer 

from poor CO2/CH4 selectivity, leading to a low efficiency and high energetic costs.12 In contrast, 

MOFs have shown great promise for CO2-related gas applications due to their remarkable 

properties such as ultra-high surface areas.13ς15 Figure 4.1 compares the CO2 working capacity 

for a set of MOFs with commercial porous materials, including Zeolite 13x and activated carbon 

Norit RB2.  Most of the MOFs, as seen in Figure 4.1, have a CO2 working capacity higher than 

that of traditional porous materials. Interestingly, PCN-11 has CO2 working capacity of 9.1 

mmol/g, which is four times higher than that of Zeolite 13x. In addition, it has been 

demonstrated that introducing functional groups to MOFs can tune the pore characteristics 

without altering the underlying topology, offering a systematic approach for developing more 

efficient CO2 capture materials. Biswas et al.16 enhanced selectivity of CO2 over CH4 50% in UiO-

66 through carboxylate functionalization. Couck et al.17 increased the CO2/CH4 selectivity in 

MIL-53 by orders of magnitude by integrating amines into the pores. Recently, Lee et al. 

functionalized Mg-MOF-74 with ethylenediamine, which presented an exceptionally high CO2 

adsorption capacity, 2.83 mmol/g, at 0.39 mbar. Many simulation studies have also predicted a 
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similar enhancement in the CO2 adsorption properties of a divers set of MOFs through 

functionalization.18ς20    

 

Figure 4.1: Working capacity for CO2 in MOFs (blue) which is the difference between the amount of CO2 
adsorbed at 6 bar and the amount of CO2 adsorbed at 1 bar. Non-MOF materials (red) are included for 
comparison.  

On the down side, most of the MOFs suffer from low physicochemical stability when 

exposed to humidity or subsequent thermal regeneration, which decreases their capacity to 

adsorb CO2. Thus, Matzger et al.21 studied the performance of Mg-MOF-47 for CO2 adsorption 

in the presence of humidity, and they found that its adsorption capacity for CO2 dropped to 

16% of its original capacity after exposure to 70% relative humidity and subsequent thermal 

regeneration. Walton et al.22 studied the stability of a series of the pillared MOFs under humid 

conditions, and they found that DMOF and its functionalized derivatives containing NO2, Br, Cl2, 

and OH lose more than 95% of their surface area after exposure to 80% relative humidity, 

which will significantly impact CO2 adsorption capacity. Such a reduction in the CO2 adsorption 
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in many industrial streams. Thus, having sufficient thermal and chemical stability is a necessary 

criterion in order for MOFs to be implemented in industrial stings.                

Of the MOFs that are available in the Cambridge Crystallographic Data Centre (CCDC),23 

the MIL-ƴ ŦŀƳƛƭȅΣ ƻǊƛƎƛƴŀƭƭȅ ŘŜǾŜƭƻǇŜŘ ōȅ CŜȅŜǊΩǎ ƎǊƻǳǇΣ Ƙŀǎ ŀǘǘǊŀŎǘŜŘ ƳǳŎƘ ŀǘǘŜƴǘƛƻƴ ŦƻǊ ǘƘŜƛǊ 

thermal and chemical stability. Among this family, MIL-47 is thermally stable up to 673.15 K in 

air, and does not show any significant alteration of its porosity upon the inclusion of water 

vapour.24,25 It has been also demonstrated that this material is easily regenerateable and 

retains its structure after exposure to H2S, which contrasts the majority of porous solids 

reported thus far.26 CǳǊǘƘŜǊƳƻǊŜΣ ǘƘƛǎ ƳŀǘŜǊƛŀƭ ŘƻŜǎ ƴƻǘ ŜȄƘƛōƛǘ ΨōǊŜŀǘƘƛƴƎΩ ǇƘŜƴƻƳŜƴŀ όƛΦŜΦΣ 

opening/closing pores) during gas sorption process, which makes it ideal for packing in a bed 

column of fixed volume in a PSA unit. Such unique properties have made MIL-47 a widely 

studied case for a variety of applications including catalysis, and gas separation and storage.27,28
  

 

Figure 4.2: Crystal structure of MIL-47 (right) its inorganic structural building unit (top-left) and organic 
structural building unit (bottom-left)      
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Llewellyn et al.27 evaluated the MIL-47 performance for CO2-related applications, and 

found that among the MOFs chosen in their work, it has the highest CO2 working capacity for a 

pressure swing between 1 and 6 bar at 303 K. Voort et al.29 synthesized a series of MIL-47-Xn 

functionalized solids (Xn = -Cl, -Br, -CH3, -CF3, -OH, -OCH) and evaluated their performance for 

CO2 capture from flue gas. Among these six functionalized MIL-47 materials, MIL-47-OCH3 was 

found to have the highest CO2 uptake. Many simulation studies have been also conducted to 

investigate the sorption properties of MIL-47 for a variety of adsorbates including H2,
30 CO2,

31 

CH4, N2,
32 alkanes,33 benzene, and xylenes.34 In most of these studies, pure component 

isotherms and low coverage heats of adsorption were computed using GCMC simulations, and 

the adsorption selectivity, in the case of the mixture, was calculated from the computed single 

isotherms data using the ideal adsorbed solution theory (IAST). For example, in the study of the 

separation of xylene isomers in MIL-47 by Calero et al.,34 the Henry coefficients and low 

coverage heats of adsorption were computed at 543 K, which presented excellent agreement 

with experimental results. A few GCMC simulations have also been used to investigate the 

sorption properties of functionalized MIL-47 materials. An example of this is the study by Snurr 

et al.35 who investigated the ammonia adsorption in MIL-47-Xn (Xn = -OH, -C=O, -Cl, -COOH), 

and found that ammonia adsorption increases significantly with increasing density of functional 

group.  In that study, the crystal structures of the functionalized materials were built by 

computationally substituting hydrogen atoms within the MIL-47 unit cell with the 

aforementioned functional groups.  
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As far as we were able to ascertain, no simulation or experimental studies on natural gas 

purification with substituted MIL-47 materials, except to the MIL-47-NH2, have been reported 

in the literature so far. Herein, we present a computational study on natural gas purification in 

the MIL-47 and its functionalised derivatives (i.e., MIL-47-·Σ · Ґ ҍ/ƭΣ ҍ.ǊΣ ҍ/I3Σ ҍ/IhΣ ҍhIΣ 

ҍh/I3, -COOH, -NH2, NO2). First, we computed the adsorption properties, including CO2/CH4 

selectivity and CO2 working capacity, using GCMC simulations of the CO2/CH4 mixture at PSA 

conditions for natural gas purification. Using simulation data, we then investigated the effect of 

functional groups on this application in MIL-47-Xn. Finally, we compared the performance of 

these materials with that of other materials that are already reported in literature. 

4.2 Computational Methods  

4.2.1  Optimization and Generation of functionalized MIL - 47 material s    

Since the structures of substituted MIL-47 materials we are interested in have not been 

synthesized before, the structures were built from the known crystal structure of MIL-47 using 

an in-house program, FAPSWITCH written by former members of the Woo lab. Here, one 

hydrogen atom of each ligand within the MIL-47 unit-cell was randomly chosen to be replaced 

with a desired functional group that had been pre-oriented to an energy minimized 

configuration with respect to a benzene ring using the universal force field (UFF).36,37 After the 

insertion of the pre-oriented functional group, FAPSWITCH  checks for unphysical overlaps of 

the inserted functional group with the base MOF structure.  The functional group is rotated 

about its linking bond by 300 until all the functional group atoms fall outside the van 

der Waals radius of MIL-47 framework atoms. Once the functional group is successfully added, 
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the generated structure is geometry optimized at the molecular mechanics level with the UFF 

force field and the GROMACS package.38 Here, the optimization was performed in three steps. 

First, all atomic positions within the generated structure were allowed to relax to their energy 

minima with fixed cell parameters and an L-.CD{ ƻǇǘƛƳƛȊŜǊ ǿƛǘƘ ŀ ŎǳǘƻŦŦ ƻŦ мл ƪWϊƳƻƭ-1ϊnm-1 for 

the forces. Then, cell parameters were relaxed for 2000 steps using quenched molecular 

dynamics (MD). Finally, the L-BFGS optimization was repeated to reduce the forces to less than 

мл ƪWϊƳƻƭ-1ϊnm-1, which would increase during the MD simulation. Following the classical force 

field optimization, periodic DFT calculations were performed using the Vienna ab initio 

simulation package (VASP)39,40 to relax the GROMACS-optimized structures. In these calculation, 

the PBE exchange-correlation functional41 and PAW potentials42,43 were used with a plane wave 

cut-off of 520 eV.  Gamma-point was used to sample the Brillouin zone. A conjugate gradient 

algorithm with a cutoff of 2×10-5 eV/Å for forces was used to relax the atom positons within 

structures.  The semi-empirical dispersion potential correction of Grimme44 was included in the 

energy and force calculations with the default parameters specified for the PBE functional.  

4.2.2 Force Fields   

To describe an interaction between framework atoms and guest molecules, the Lennard-

Jones (LJ) and Coulomb potentials were used. LJ parameters between atoms of different types 

were calculated using the Lorentz-Berthelot mixing rules (i.e., geometric average of well depths 

and arithmetic average of diameters). LJ parameters for framework atoms, given in Table 4.1, 

were taken from the Universal Force Field (UFF).36 For Coulombic interactions, partial atomic 

charges for each structure were calculated using the REPEAT method45 with the electrostatic 

potential derived from the periodic DFT calculations. All partial atomic charges calculated are 
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given in Table 4.2. The non-bonded parameters of CO2 were taken from García-Sánchez et al.46 

who optimized them from a self-consistent fitting of the experimental adsorption isotherm data 

in a large class of zeolite frameworks with the predictions of Gibbs ensemble Monte Carlo 

calculations on these systems. The CO2 molecule had a fixed bond length of 1.16 Å and partial 

charges of +0.645e and -0.3325e for carbon and oxygen. The non-bonded parameters of CH4 

were taken from TraPPE force field,47 where CH4 molecule was modeled as a single sphere. This 

force field has been fit to reproduce the experimental vapor-liquid phase equilibrium data. The 

force field parameters for the MOF atom types, CO2 and CH4 are given in Table 4.1.   

Table 4.1: Lennard-Jones parameters from the UFF. 

Atomic type ů / ¡ Ů / kcalmol-1
 

V 2.8010 0.0160 

C 3.4309 0.105 

N 3.2607 0.0690 

O 3.1181 0.060 

H 2.5711 0.044 

Cl 3.5164 0.2270 

Br 3.7320 0.2510 

CH4 3.7300 0.2941 

C (CO2) 2.7450 0.05948 

O (CO2) 3.0170 0.17023 

4.2.3 GCMC simulations 

To calculate the adsorption of pure components and their mixture at natural gas 

conditionings, Grand canonical Monte Carlo (GCMC) simulations were run using an in-house 

developed code based on the open-source DL_POLY classic package formerly known as 

DL_POLY 2. The addition, deletion and displacement with equal probabilities were included in 

GCMC moves. In the case of mixture isotherms, there was also a swapping move that allowed a 

molecule of one type to be substituted with one molecule of another type. Each system was 



                                                         
 

 

87 
 

Mohammad Zein Aghaji Chapter 4 

equilibrated for 10 million MC steps, followed for further 12.5 million steps, over which the 

desired properties were averaged. The constant chemical potential was calculated using the 

ideal-gas equation of state for pressures up to 1 bar, while for higher pressures the Peng-

Robinson equation of state was used. The geometry of the framework was frozen during 

simulations. A 2x4x4 supercell was generated from the unit cell which enabled use of a 12.5 Å 

cutoff for the Lennard-Jones interactions. Electrostatic interactions were calculated using the 

Ewald summation method. 
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Table 4.2: REPEAT partial atomic charges (q/e) for the X-ray structure of (1) MIL-47, (2) MIL-47-OH, (3) 
MIL-47-NH2, (4) MIL_47-OME, (5) MIL-47-CL, (6) MIL-47-Br, (7) MIL-NH2, and (8) MIL_47-COOH  

 
V: 1.34, C1: 0.064, C2: -0.157, C3: 0.546, O1: -0.646, 

O2: -0.564, H1: 0.124, 

 

V: 1.43, C1: -0.26, C2:0.44, C3:0.646, C4:0.44, C5: -0.29, 
C6: -0.0.9, C7: -0.29, O1: -0.54, O2: -0.60, O3: -0.54, 
H4:0.19, H3: 0.14, H1: 0.12, H2:0.21  

 
V: 1.38, C1:0.09, C2: -0.13, C3:0.27, C4:0.44, C5: -0.17, 

C6: -0.006, C7: -0.20, O1: -0.57, O2: -0.40, O3: -0.38, 

N1:0.72, H3: 0.12, H1: 0.14, H2:0.21 

 
V: 1.32, C1: -0.20, C2:0.33, C3:0.54, C4: -0.009, C5: -

0.29, C6: -0.0.9, C7: -0.14, O1: -0.52, O2: -0.47, O3: -

0.26, H4:0.19, H3: 0.057, H1: 0.12, H2:0.21, C5: -0.088 

 
V: 1.20, C1:0.07, C2:0.-15, C3:0.56, C4: -0.009, C5: -

0.29, C6: -0.0.9, C7: 0.26, O1: -0.47, O2: -0.52, O3: -

0.26, H4:0.19, H3: 0.057, H1: 0.18, CL: -0.21 

 
V: 1.37, C1:0.11, C2:0.-06, C3:0.44, C4: -0.08, C5: -0.06, 

C6: -0.0.03, C7: -0.22, O1: -0.12, O2: -0.30, H3: 0.098, 

H1: 0.08, Br: -0.21 

 
V: 1.36, C1:0.09, C2: -0.35, C3:0.53, C4: -0.29, C5: -0.13, 

C6: -0.23, C7: -0.44, O1: -0.57, O2: -0.51, O3: -0.53, N1: 

-0.69, H3: 0.12, H1: 0.14, H2:0.21, H5:0.30 

 
V: 1.39, C1: -0.09, C2:0.07, C3:0.63, C4: -0.07, C5: -0.11, 

C6: -0.01, C7: -0.17, O1: -0.54, O2: -0.52, O3: -0.48, O4: 

-0.45, H1: 0.38, H2: 0.12, H3:0.12, H5:0.13 
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4.3 Result and Discussion  

4.3.1 Adsorption of pure components          

To validate the forced fields used in our simulations, we simulated adsorption isotherms 

of pure CO2 and CH4 in MIL-47 as well as the adsorption isotherm of CO2 in MIL-47-OCH3, and 

compared them with reported experimental data. These two MOFs were chosen, as no 

experimental data of CO2 and CH4 adsorption at high pressure are reported for other MOFs 

studied here. Figure 4.3 compares the simulated isotherms of pure CH4 and CO2 with 

experimentally measured adsorption for MIL-47 and MIL-47-OCH3 at 303 K up to 20 bar. The 

simulation results show fairly good agreement with the experimental isotherms, albeit there is 

an overestimation in simulated isotherms at low pressures. Overestimation in simulated 

isotherm occurs for two reasons. First, the experimental sample usually contains impurities, 

which block the channels and reduce the adsorption capacity. In other words, the real samples 

can never be perfectly purged before the uptake experiments are performed. Second, the 

calculated adsorption isotherm in GCMC simulations are obtained with the consideration as a 

perfect crystal for the adsorbent while in experiments the sample may contain crystal defects 

which reduce the adsorption capacity. Although we could adjust the Lennard-Jones parameters 

of the guest molecules to match the experimental isotherms, since we are interested in 

selectivity (i.e., ratios of the uptake), and working capacity (i.e., differences of the uptakes), we 

have decided not to adjust the parameters.  

Figure 4.3a also shows that indeed MIL-47 adsorbs more CO2 than CH4 over the entire 

pressure range tested. There are two reasons that can be used to explain this. First, CO2 has 
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stronger dispersion and electrostatic interactions with the framework than CH4. In terms of 

dispersion, CO2 has more electrons than CH4, resulting in stronger dispersion interactions. With 

respect to the electrostatic interactions, CO2 has a relatively large molecular quadrupole 

moment dipole, whereas CH4 has neither a quadrupole nor a dipole moment (only a weak 

octapol moment). Second, the considered temperature of 303 K is supercritical for CH4 (Tc = 

190.5), but subcritical for CO2 (Tc = 304.4 K); that is, CO2 is more condensable than CH4 at 303 K. 

 

Figure 4.3: a) Adsorption isotherms of CO2 (red circle: simulation, red cross: experiment) and CH4 (black 
circle; simulation, black cross: experiment) in MIL-47. b) Adsorption isotherm of CO2 (red circle: 
simulation, red cross: experiment) in MIL-47-OCH3.  

4.3.2 Adsorption of Binary Mixtures  

To investigate the performance of MIL-47 and its functionalized derivatives for natural 

gas purification under PSA conditions, we simulated the adsorption in a binary mixture of CO2 

and CH4 with a composition of 1:9 at 303 K and total pressures up to 30 bar. Figure 4.4 shows 

the CO2 adsorptions obtained from GCMC simulations of a 1:9 CO2-CH4 mixture on MIL-47 and 

its functionalized derivatives as a function of partial pressure of CO2. The CO2 uptakes in the -

OH, -NO2, -NH2, -COH, functionalized derivatives are higher than those in MIL-47. Particularly, at 



                                                         
 

 

91 
 

Mohammad Zein Aghaji Chapter 4 

pressures below 1 bar, the adsorptions for MIL-47-CHO are three times as high as those in MIL-

47. Such enhancement in uptake can be attributed to the highly polar nature of these 

functional groups. However, although the polarity of the -COOH is strong, the CO2 uptakes 

decreases in MIL-47 COOH due to its very small accessible pore volume compared to the other 

polar functionalized derivatives. The CO2 uptake also increases in MIL-47-Cl while for the other 

three MOF derivatives, the CO2 uptakes are close to those in MIL-47.   

 

Figure 4.4: CO2 adsorption isotherms from GCMC simulations of a 1:9 CO2-CH4 mixture on MIL-47 (light 
blue), MIL-47-OMe (light gray), MIL-47-Br (dark green), MIL-47-COH (red), MIL-47-Cl (dark gray), MIL-47-
COOH (dark blue), MIL-47-NO2 (brown), MIL-47-OH (black), and MIL-47-NH2 (light green) at 303 K. 

Figure 4.5 compares the CO2 working capacity in MIL-47 and its functionalized derivatives 

obtained from GCMC simulations of CO2-CH4 mixture with a pressure swing of 10 bar and 1 bar 

(total pressure). The working capacities follow a trend similar to that seen for absolute CO2 

uptake capacities given in Figure 4.4. In the cases of MIL-47-OH, MIL-47-NO2, MIL-47-NO2, MIL-
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47-CHO, and MIL-47-Cl, the working capacity is higher than that of MIL-47 by nearly 1 mmol/g. 

For MIL-47-OMe and MIL_47-Br the working capacity is close to that in the parent MIL-47 MOF 

while MIL-47-COOH has the lowest working capacity. 

 

Figure 4.5: CO2 working capacity obtained from GCMC simulations of CO2-CH4 mixture on MIL-47 and its 
functionalized derivatives using a pressure swing of 10 to 1 bar 

Figure 4.6 shows the computed CO2/CH4 selectivities in MIL-47 and its functionalized 

derivatives. Here, the selectivity is defined as S = (xA/xB)(yB/yA), where xA and xB are the 

amounts of components A and B in the adsorbed phase, and yA and yB are the partial pressures 

of components A and B in the bulk phase, respectively. All functionalized MIL-47 derivatives, 

have selectivities higher than those of the parent MOF, MIL-47, across the entire pressure 

range studied. MIL-47-NO2-and MIL-47-OH have the highest selectivities. For example, at 10 bar 

MIL-47-NO2 has selectivity that is three times as high as that of MIL-47. Such enhancement in 

selectivity can be attributed to the permanent dipole moments of these functional groups, 

which are more attractive to CO2 όƭŀǊƎŜ ǉǳŀŘǊǳǇƻƭŜ ƳƻƳŜƴǘΣ моΦп /ϊƳ
2) than CH4 (nonpolar), 
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and consequently resulting in stronger interactions of these functional groups with CO2 

compared to CH4. 

 

Figure 4.6: Simulated selectivities for CO2 over CH4 from their 1:9 gas mixture at 303 K in MIL-47 and its 
functionalized derivatives, as a function of the total pressure. 

To provide further investigation, we computed the isosteric heat of adsorption for both 

CO2 and CH4 in MIL-47 and its derivatives from the GCMC simulations via the GreenςKubo 

fluctuation theory expression, 

▲░▼▫◄▐▄►░╬ 
ἂ╤╝ἃ ộ╤Ớộ╝Ớ

ộ╝Ớ ộ╝Ớộ╝Ớ
╡╣ 4.1 

where U is the potential energy of the system, N is the number of adsorbed molecules, T is 

temperature and R is the ideal gas constant. The calculated isosteric heat of adsorptions at zero 

loading, which indicates the highest energy sites, are given in Figure 4.7. As expected, the 
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difference in heat of adsorption between CO2 and CH4 for MIL-47-NO2 and MIL-47-COH are 

larger than that for other functionalized MOFs. Furthermore, it is found from Figure 4.7 that the 

CH4 heats of adsorption are moderately affected by the functionalization. 

 
Figure 4.7: Calculated isosteric heats of adsorption at zero loading of pure CO2 (blue bar) and CH4 (red 
bar) gases in MIL-47 and its functionalized derivatives at 303 K. 

To provide molecular insights on the adsorption of the CO2-CH4 mixture in MIL-47 and 

the top-performer, we characterized CO2 binding sites within MIL-47 and MIL-47-NO2 using 

probability distributions derived from the GCMC simulations of the CO2-CH4 mixture at total 

pressure of 10 bar in these two MOFs. More specifically, the probability distributions of CO2 

were obtained by storing CO2 positions from every Monte Carlo production steps on the 3D grid 

with a resolution of 0.1 Å in each direction3. This histogram consisted of a 3D grid of millions of 
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points and was obtained separately for each atom of CO2. From these noisy probability 

distributions, CO2 binding sites in each MOF were found using an in-house program, ABSL 

(Automatic Binding Site Locator), which smooths the noisy 3D histograms via a Gaussian filter, 

and isolates the maxima of probability.  

 

Figure 4.8: a) three CO2 binding sites and one CH4 binding site (black circle) are obtained from the GCMC 
simulation of a CO2-CH4 mixture at a total pressure of 10 bar in a single pore of the MIL-47 where the 
carboxyl O and the µ2-O atoms interact with CO2 molecules. b) four CO2 binding sites are obtained from 
the GCMC simulation of a CO2-CH4 mixture at a total pressure of 10 bar in a single pore of the MIL-47-
NO2 where O atoms from NO2 groups interact with CO2 molecules. Green: V, Red: O, Gray: C, and Blue: N 

 

Figure 4.8 shows the CO2 binding sites, obtained from the GCMC simulations, in a single 

pore of MIL-47 (a) and MIL-47-NO2 (b). While CO2 binding sites within a MIL-47 appear nearest 

to either the carboxyl O or the µ2-O atoms, for MIL-47-NO2 CO2 binding sites are located rather 

close to the NO2 functional group. The binding energy of CO2 in MIL-47-NO2 was calculated to 

be -32.5 KJ/mol on average, while for MIL-47 the CO2 binding energy was calculated to be -25.6 

KJ/mol on average. The difference in the binding energy is attributed to the interaction of NO2 



                                                         
 

 

96 
 

Mohammad Zein Aghaji Chapter 4 

functional group with CO2, which is stronger than the interaction of the carboxyl O or the µ2-O 

atoms with CO2 within MIL-47.  

4.3.3 Comparison of performance of functionalized MIL -47 materials 

with other materials   

To compare the CO2/CH4 selectivity and CO2 working capacity of the MOFs studied here 

with other materials, we collected the data from literature that reported the selectivity and 

working capacity of other materials at conditions relevant to natural gas purification. Figure 4.9 

shows CO2 working capacity and CO2/CH4 selectivity of three functionalized MIL-47 materials, 

UIO-66,16 UIO-66-COOH,16 UIO-66-SO3H,16 IR-MOF-74,48 mixed-ligand MOF,49 MIL-53,50 

Carborane-based MOF,51 MOF-508b, Cu-BTC,52 PCN-16,53 PCN-11,53 MOF-177,54 MOF-5,53 

UMCM-1,55 ZIF-8,53 and two non-MOF materials including Zeolite 13X and titanosilicate.8,11  

 
Figure 4.9: CO2/CH4 selectvites and CO2 working capacity for a 1:9 CO2-CH4 mixture at conditions 
relevant to natural gas purification in a verity of MOFs and two non-MOF materials. The chosen 
conditions correspond to an adsorption pressure of 10 bar, a desorption pressure of 1 bar, and 
temperature of 300 K.      
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In regards to working capacity, functionalized MIL-47 materials show relatively high 

working capacity in comparison to other MOFs and non-MOF materials expect for Cu-BTC 

(world record), PCN-16 and PCN-11. Among the functionalized MIL-47 materials, MIL-47-NO2 

has a selectivity higher than Cu-BTC by nearly 40%, which is very close to that of Zeolite 13X. 

Considering both selectivity and working capacity, MIL-47-NO2 may be considered a candidate 

for use in a PSA unit, as it offers a good combination of selectivity and working capacity.  

4.4 Conclusion 

In this work, a computational study was performed to evaluate the performance of MIL-

47 and its functionalization derivatives on methane purification under PSA conditions. CO2 

working capacity and CO2/CH4 selectivity were computed using GCMC simulations for each MOF 

studied here. The results from the GCMC simulations show that introducing polar non-bulky 

functional groups within MIL-47 leads to an enhancement in its CO2 working capacity and a 

significant improvement in the CO2/CH4 selectivity. Particularly, MIL-47 functionalized with NO2 

offers the highest selectivity, which is two times as high as that of unfunctionalized MIL-47. In 

comparison with other materials whose CO2 working capacity and CO2/CH4 selectivity are 

reported in literature, MIL-47-NO2 shows a relatively good combination of CO2 working capacity 

and CO2/CH4 selectivity, which suggests that this material could be a possible candidate as a 

solid adsorbent in natural gas purification with PSA technologies. 
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5 Water Adsorption in Metal Organic Frameworks and the 

Effect of Water on Natural Gas Purification in MOFs: A 

Computational Study  

Abstract 

Lƴ ǘƘƛǎ ǿƻǊƪΣ ǿŜ ŜȄŀƳƛƴŜŘ ǘƘŜ ŀŎŎǳǊŀŎȅ ƻŦ ǎƛȄ άǎǘŀƴŘŀǊŘέ ǿŀǘŜǊ ŦƻǊŎŜ ŦƛŜƭŘǎ ό{t/κ9Σ ¢LtоtΣ 

TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew) for reproducing the ehxperimental water adsorption 

isotherms on both hydrophobic and hydrophilic MOFs. For hydrophobic MOFs, GCMC 

simulations reveal that the predicted saturation pressure is quite different for all six models, 

and the TIP4P model performs better than other models in reproducing experimental 

saturation pressure by 50% on average.  For hydrophilic MOFs, simulations show that TIP4P-Ew 

water model gives the best agreement with experiment compared to all other water models. 

The simulations also show how water adsorption in hydrophobic and hydrophilic MOFs is 

different. Hydrophilic MOFs gradually uptake water, whereas hydrophobic MOFs show little 

uptake until the saturation pressure where there is rapid uptake. Simulations were also 

performed on CO2/CH4 mixtures in both dry and humid conditions to examine the effect of 

water on natural gas purification in hydrophobic and hydrophilic MOFs.  It is found that water 

has a minimal effect on the adsorption properties of hydrophobic MOFs for natural gas 

purification where the humidity levels meet pipeline transport specifications.       

5.1 Background          

Metal-Organic Frameworks (MOFs) are a novel class of nanoporous materials that have 

gained intense interest because of their exceptionally high porosities and chemically tunable 

structures.1ς5 As a result, they have come under intense investigations for gas storage and 
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separation applications.6ς10 For example, MOF-905 has a volumetric working capacity (desorption 

at 5 bar) of 203 cm3 cmҍ3 at 80 bar and 298 K, which is the highest value reported among all methane 

storage materials.11 Mg-MOF-74 which has a CO2 ǳǇǘŀƪŜ ŎŀǇŀŎƛǘȅ ƻŦ уΦум ƳƳƻƭϊƎ
-1 at 1 bar and 

298 K, is three times larger than that of zeolite 13X, a material used industrially for CO2 

scrubbing of natural gas.12 It important to realize that these record adsorption properties were 

measured in dry conditions, whereas water vapour is present in virtually all industrial gas 

streams. For example, natural gas extracted from the shale gas is typically saturated with water 

vapor.13 The water content in industrial combustion flue gases can reach 10% by volume.  Thus, 

water cannot be ignored when considering real world applications of nanoporous materials. For 

example, although Mg-MOF-74 possesses record CO2 uptake capacities under dry conditions, 

the material irreversibly degrades even with trace amounts of water. Obviously, prior to 

considering any new material for use in an industrial scale process, it is critical to examine the 

ƳŀǘŜǊƛŀƭΩǎ ōŜƘŀǾƛƻǊ ǳƴŘŜǊ ǘƘŜ ŀǇǇƭƛŎŀōƭŜ ƘǳƳƛŘ ŎƻƴŘƛǘƛƻƴǎΦ 

       Molecular simulation has developed into a powerful tool to study the gas adsorption in 

MOFs.14ς16  Molecular simulation can be used to screen the properties of MOFs, to provide 

molecular level insight into the adsorption processes, and to identify the nature of the guest-

host interactions. Although many simulation studies have been done on MOFs for the 

prediction of gas adsorption properties, few of them have taken into account the effect of 

water in MOFs.  Greathouse and Allendorf,17 who performed the first simulation study of water 

in MOFs, investigated the interaction of water with MOF-5 using molecular dynamics 

simulations. Although they described the mechanism of degradation of MOF-5 in the presence 

of water in an accurate fashion, they did not reproduce water adsorption isotherms for MOF-5, 
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as the experimental water adsorption isotherms were unavailable. Calero et al.18 employed 

Grand Canonical Monte Carlo (GCMC) simulations to understand the water adsorption in a Cu-

BTC MOF. They choose the TIP5P-Ew model for water and scaled-up the partial atomic charges 

of framework atoms to reproduce experimental adsorption water isotherm. In another work, 

Paranthaman et al.19 studied the water adsorption in the hydrophobic Al(OH)(1,4-ndc) MOF 

using GCMC simulations, but they choose TIP4P/Ew model for water and scaled-down the 

partial atomic charges of the framework atoms. More specifically, they scaled the partial atomic 

charges by 80, 60, 40, 30 and 20%, and found that the best agreement between the simulated 

and experimental water adsorption isotherm occurred when the charges were scaled down by 

30%. In a similar work, Salles et al.20 studied the water adsorption in the MIL-53 using GCMC 

simulation with TIP4P/Ew model for water. They used the scaled-down approach for the partial 

charges on the framework atoms to reproduce experimental isotherms. Kapteijn and 

coworkers.21 used three distinct water models, including TIP5P/Ew, TIP4P/Ew and SPC/E, to 

investigate the water-water interactions in mesoporous MIL-101 without scaling the charges. 

They found that the simulated isotherm using the SPC/E model was in good agreement with 

experimental isotherm. Recently, Snurr and co-workers studied the adsorption of water-

ammonia mixture in three hydrophobic MOFs using GCMS simulations with TIP4P and 

TIP4P/2005.22 They found that the TIP4P model reproduced the experimental adsorption 

isotherms the best. These studies were performed in a somewhat ad hoc manner to try and 

replicate adsorption data for specific porous materials.  However, no comprehensive study has 

ōŜŜƴ ǇŜǊŦƻǊƳŜŘ ǘƻ ƛƴǾŜǎǘƛƎŀǘŜ ǘƘŜ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ άǎǘŀƴŘŀǊŘέ ǿŀǘŜǊ ƳƻŘŜƭǎ ŦƻǊ ǿŀǘŜǊ 

adsorption in a wide range of MOFs. 
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         There are a large number of simpleΣ ΨǎǘŀƴŘŀǊŘΩ ǿŀǘŜǊ ƳƻŘŜƭǎ ǘƘŀǘ Ŏŀƴ ōŜ ǳǎŜŘ ƛƴ ǎǘŀƴŘŀǊŘ 

molecular mechanics packages. they are typically parameterized to reproduce bulk water 

properties,23ς26 such as the density, or heat of vaporization. However, water molecules confined 

in nanoporous materials have different properties compared to the bulk. For example, the 

dipole moment of water  is much smaller in the confined liquid compared to in bulk water.27,28 

¢ƘŜǊŜŦƻǊŜΣ ƛǘ ƛǎ ƛƳǇƻǊǘŀƴǘ ǘƻ ŜȄŀƳƛƴŜ Ƙƻǿ ǘƘŜ ΨǎǘŀƴŘŀǊŘΩ ǿŀǘŜǊ ƳƻŘŜƭǎ ŘŜǎŎǊƛōŜ ǿŀǘŜǊ 

interactions within MOFs.  

         In this work, we perform a comprehensive simulation study of water adsorption in a 

variety of MOFs and examine the effect of water on their performance for natural gas 

purification. The MOFs examined in this work are: MIL-47, ZIF-8, Al(OH)(1,4-

naphthalenedicarboxylate), UiO-66, Zn-DMOF-A, Zn-DMOF-TM, CAU-OH-10, MOF-806, and Cu-

BTC. The MOFs were selected based on the availability of experimental water adsorption data, 

and to provide structural diversity and a range of expected hydrophobicities/hydrophilicities.  

CƛǊǎǘΣ ǿŜ ŜǾŀƭǳŀǘŜ ǘƘŜ ŀŎŎǳǊŀŎȅ ƻŦ ǎŜǾŜƴ άǎǘŀƴŘŀǊŘέ ƴƻƴ-polarizable water models, including 

SPC/E, TIP3P, TIP3P/Ew, TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew, by calculating pure water 

adsorption isotherms and comparing them to experimental data for each of these MOFs. 

Following an evaluation of the water force field, we investigate the effect that water has on the 

ahCǎΩ ŀŘǎƻǊǇǘƛƻƴ ǇǊƻǇŜǊǘƛŜǎ ƻŦ ŀ ƳƛȄǘǳǊŜ ƻŦ /h2-CH4 under natural gas purification conditions. 

5.2 Systems and Computational Details  

Figure 5.1 shows the crystal structures of nine MOFs that were evaluated in this study. 

ZIF-8 (Figure 5.1a) is a widely studied material from a class of MOFs known as Zeolitic 
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Imidazolate Frameworks (ZIFs) which have zeolite topologies. It is composed of tetrahedrally-

coordinated Zn ions connected by imidazolate SBUs. ZIF-8 has a hexagonal channel with a small 

aperture size of 3.4 Å. MIL-47 (Figure 5.1b) is a hydrophobic MOF from the Matériaux de 

LΩLƴǎǘƛǘǳǘ [ŀǾƻƛǎƛŜǊ όaL[ύ ǎŜǊƛŜǎΣ ǿƘƛŎƘ ŘƻŜǎ ƴƻǘ ŜȄǇŜǊƛŜƴŎŜ ŀƴȅ ŎƘŀƴƎŜ ƛƴ ǇƻǊƻǎƛǘȅ ǳǇƻƴ ǿŀǘŜǊ 

adsorption. MIL-47 is made of vanadium atoms connected by 1,4-benzenedicarboxylate linkers 

and has a one-dimensional diamond-shaped pore system with a maximum pore diameter of 

12.0 Å. Al(OH)(1,4naphthalenedicarboxylate) (Figure 5.1c) is composed of parallel, one 

dimensional Al(OH) chains connected together in two directions by 1,4-

naphthalenedicarboxylate SBUs. This provides two different one dimensional channels (with 7 × 

7 Å and 3 × 3 Å cross sections) that are not connected together. UiO-66 (Figure 5.4d) is one of 

the most studied MOFs and is built from Zr6O4(OH)4 clusters bridged by 1,4-

benzenedicarboxylate SBUs. It is composed of octahedral cages with a free diameter of 11 Å, 

and tetrahedral cages with a free diameter of 8 Å. These cages are connected through narrow 

windows with the diameter of 6 Å. Zn-DMOF-A (Figure 5.1e) is a non-catenated pillared MOF in 

which the coordination between 9,10-antheracenacarboxylates (ADC) and zinc ions form 2D 

layers, and 1,4 diazabicyco[2,2,2]-octane(DABCO) ligands connect the 2D layers to each other. 

Cu-BTC (Figure 5.1g) is an open metal site MOF which is composed of copper paddle-wheel 

units that are connected to each other by 1,3,5-benzenetricarboxylate (BTC) organic SBUs, 

giving rise to square 9.0 × 9.0 Å pores. CAU-10-OH (Figure 5.1h) is a hydrophilic MOF which is 

composed of AlO6 polyhedra connected together in two directions by OH functionalized 1,3-

benzenedicarboxylate linkers.  This provides one dimensional channels with an aperture size of 

5.8 Å. MOF-806 (Figure 5.1i) is built from Zr6O4(OH)4 clusters bridged by dihydroxyl 
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functionalized biphenyldicarboxylate. It is composed of tetrahedral and octahedral cages with 

free diameters of 10.1 Å and 12.6 Å, respectively.      

 

 
Figure 5.1: Atomic structure of (a) ZIF-8, (b) MIL-47, (c) Al(OH)(1,4-naphthalenedicarboxylate), (d) UiO-
66, (e) Zn-DMOF-A,(f) Zn-DMOF-TM, (g) Cu-BTC, (h) CAU-OH-10, and (i) MOF-806. N, blue; C, gray; Cu, 
orange; O, red; V, green; Al, purple; Zn, yellow; and Zr, cyan.  
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To describe the guest-host interactions in these systems, standard Lennard-Jones and 

Coulomb potentials were used. The Lennard-Jones parameters for the framework atoms of 

each system were taken from the Universal Force Field (UFF)29 and are provided in Table 5.1. 

REPEAT30 electrostatic potential fitted atomic charges were used for the MOF framework atoms 

where the electrostatic potential was derived from periodic DFT calculations using the Vienna 

ab initio software package VASP.31,32 For each system, the DFT calculation used a single unit cell 

of the system with a 2x2x2 k-point sampling of the Brillouin zone centered at the gamma point. 

The PBE exchange-correlation functional33 and PAW potentials34,35 were used with a plane wave 

cut-off of 520 eV with a geometry optimization force convergence set to 2×10-5 eV/Å. The 

REPEAT charges obtained from these calculations and used for the simulations are given in 

Table 5.2 with the atom numberings shown in Figure 5.2. 

Table 5.1:The UFF Lennard-Jones parameters for atoms in the MOFs studied in this work 

Element ů / ¡ Ů / kcal mol-1
 

V 2.8010 0.016 

C 3.4309 0.105 

N 3.2607 0.069 

O 3.1181 0.060 

H 2.5711 0.044 

Al  4.0082 0.505 

Zr 2.7832 0.069 

Cu 3.1137 0.005 

Zn 2.4616 0.124 
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Figure 5.2: Atom labelling of (a) ZIF-8, (b) MIL-47, (c) UiO-66, (d) Al(OH)(1,4 naphthalenedicarboxylate), 

(e,) Zn-DMOF-A, ( F) Zn-DMOF-TM,  (g) Cu-BTC, (h) CAU-OH-10, and (i) MOF-806 for the partial atomic 

charges given in Table 5.2. 
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Table 5.2: Partial atomic charges (e) of ZIF-8, MIL-47, UiO-66, Al(OH)-MOF, Zn-DMO-TM, Zn-DMOF-A, 

and Cu-BTC 

Atomic 
types 

ZIF-8 
(a) 

MIL-47 
(b) 

UiO-66 
(c) 

AL(OH) 
(d) 

Zn-DMO-A 
(e) 

Zn-DMOF-TM 
(f) 

Cu-BTC 
(g) 

CAU-10-OH 
(h) 

MOF-806 
(i) 

C1 -0.192 -0.157 -0.147 -0.062 0.012 0.21 -0.121 -0.407 -0.130 
C2 0.441 0.064 0.023 -0.199 -0.426 -0.470 -0.016 0.114 -0.073 

C3 -0.682 0.542 0.742 0.658 0.870 0.956 0.669 -0.337 0.360 
C4 - - - 0.167 -0.11 -0.222 - 0.613 -0.280 

C5 - - - -0.218 - -0.116 - 0.584 0.230 

C6 - - - -0.103 -0.366 -0.120 - - 0.592 

C7 - - - - - - - - -0.402 

H1 0.101 0.124 0.137 0.107 0.123 0.150 0.131 0.183 0.163 

H2 0.141 - 0.632 0.167 - 0.110 - 0.259 0.128 

H3 - - - 0.122 0.040 0.070 - 0.407 0.089 

H4 - - - - - - - - 0.403 

H5 - - - - - - - - 0.113 

O1 - -0.564 -0.682 -0.481 -0.633 -0.655 -0.55 -0.522 -0.499 

O2 - -0.646 -0.881 -0.534 - - - -0.625 -0.621 

O3 - - -1.673 - - - - -0.590 -1.128 

O4 - - - - - - - - -0.642 

O5 - - - - - - - -0.599 -0.524 

N1 -0.281 - - - -0.219 - - - - 

N2 - - - - - - - - - 

Zn 0.711 - - - 0.835 0.850 - - - 

V - 1.340 - - - - - - - 

Al  - - - 1.145 - - - 1.477 - 

Zr  - - 2.522 - - - - - 2.231 

Cu - - - - - - 0.908 - - 

The force field parameters of water models considered in this work are provided in Table 

5.3, with the definitions of geometric parameters given in Figure 5.3. All six models use a single 

Lennard-Jones interaction site (i.e., oxygen), while the models use different sites to describe the 

electrostatic interactions. SPC/E and TIP3P place a negative charge on the oxygen atom while 

TIP4P and TIP5P type models use one and two dummy atoms, respectively, to distribute the 

negative charge.  
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Figure 5.3: Definition of the geometric parameters used in the water models: (a) SPC/E and TIP3P, (b) 

TIP4P, TIP4/Ew, and (c) TIP5P, TIP5/Ew 

Table 5.3: Force field parameters and geometries of SPC/E, TIP3P, TIP4P, TIP4P/Ew, TIP5P, and TIP5P/Ew   

Models ˋ ό)ύ ʶ όƪŎŀƭ Ƴƻƭ
-1
) q1(e) q2(e) d1(Å) d2(Å) Ᵽ°  ⱴЈ 

SPC/E 3.1656 0.15535 -0.8480 0.4240 1.000 - 109.47 - 

TIP3P 3.1501 0.15210 -0.8340 0.4170 0.957 - 104.52 - 

TIP4P 3.1540 0.15481 -1.0400 0.5200 0.957 0.150 104.52 52.26 

TIP4P/Ew 3.1643 0.16275 -1.0484 0.5242 0.957 0.125 104.52 52.26 

TIP5P 3.1200 0.15999 -0.2410 0.2410 0.957 0.700 104.52 109.47 

TIP5P/Ew 3.0970 0.17801 -0.2410 0.2410 0.957 0.700 104.52 109.46 

The force field parameters of CO2 were taken from García-Sánchez et al.36 who optimized 

them from a self-consistent fitting of the experimental adsorption isotherm data of a small set 

of zeolites. The CO2 molecule has a fixed bond length of 1.16 Å and partial charges of +0.645 e 

and -0.3325 e for carbon and oxygen, respectively. The force field parameters for CH4 were 

taken from the TraPPE force field,37 where the CH4 molecule was modeled as a single sphere. 

This force field has been fit to reproduce the experimental vapor-liquid phase equilibrium data. 

The GCMC simulations were run using an in-house developed code based on the open-

source DL_POLY Classic molecular dynamics package. The GCMC moves include insertion, 

deletion and displacement with equal probabilities. The geometry of the framework atoms was 

taken from X-ray crystallographic data and was held fixed during the GCMC simulations. A 
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Lennard-Jones cut-off distance of 12.5 Å was used for all simulations, and electrostatic 

interactions were calculated using the Ewald summation method. In the case of the pure water 

isotherm, each system took between 300 million and 1 billion steps to reach equilibrium. After 

being equilibrated, each system underwent further 500 million production steps for data 

collection. To ensure that each isotherm point was truly equilibrated, GCMC simulations were 

initiated from two different initial states. One in which the framework was initially empty and 

one where it was completely loaded with water. This test was performed to confirm that at a 

given pressure the simulation initiated from the fully loaded state equilibrated to the same 

point as the simulation that was initiated from the empty state.  All GCMC simulations for CH4-

CO2 adsorption in the absence and presence of water included 20 million equilibrium steps, 

followed by 20 million production steps. The constant chemical potential used for the GCMC 

simulations was calculated using the ideal-gas equation of state for pressures up to 1 bar, while 

for higher pressures the Peng-Robinson equation of state was used to relate the fugacity and 

pressure.  

5.3 Results and discussion   

5.3.1 Water adsorption  

For the sake of simplicity, this discussion starts with the study of water adsorption in 

hydrophobic MOFs, followed by hydrophilic MOFs, and ends with an open metal site MOF, Cu-

BTC. 

 Figure 5.4 presents simulated water isotherms for six distinct water models used in 

hydrophobic MOFs including MIL-47, ZIF-8, Al(OH) (1,4 NDC), UiO-66, Zn-DMOF-A, and Zn-
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DMOF-TM at 298 K as a function of relative pressure (p/p0), supplemented with experimental 

water adsorption data. p0 is the experimental saturation pressure of water at room 

temperature (0.032 bar). Both the experimental and simulated isotherms show the same 

general behaviour and follow the typical type-V isotherm shape. At low pressure, there is little 

to no observable adsorption until there is a very abrupt increase to the saturation limit. This 

behaviour is attributed to the hydrophobic nature of these MOFs in which the water-MOF 

interactions are much weaker than water-water interactions, which makes the adsorption of 

water unfavorable at very low pressures. At saturation ǇƻƛƴǘǎΣ ǘƘŜ ŦƛƭƭƛƴƎ ƻŦ ǘƘŜ ahCǎΩ ǇƻǊŜǎ 

occurs such that the water molecules cluster together through hydrogen bond network, which 

is detailed later.  

 

 

 



                                                         
 

 

113 
 

Mohammad Zein Aghaji Chapter 5 

 
Figure 5.4: Simulated and experimental adsorption isotherms for water in (a) ZIF-8, (b) MIL-47, (c) 

Al(OH) (1,4 NDC), (d) UiO-66, (e) Zn-DABCO-ADC, (f) Zn-DABCO-TM. (Experimental Data taken from: ZIF-

8,38 MIL-47,20 AL(OH) (1,4 NDC),39 UiO-66,40 Zn-DBCO-ADC,41 Zn-DABCO-TM41) 
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For the hydrophobic MOFs (Figure 5.4a-f), the saturation pressure observed for each of 

the water models is quite distinct. Since the Lennard-Jones interaction parameters are fairly 

similar for the water models, the observed differences in the saturation pressures can be 

mostly attributed to the electrostatic component of the models. The TIP5P, TIP5P/Ew and TIP3P 

water models significantly overestimate the saturation pressure for all MOFs tested. On the 

other hand, the SPC/E model tends to underestimate the saturation pressure for the 

hydrophobic MOFs (Figure 5.4a-f), with the exception of UiO-66 for which all models 

overestimate the saturation pressure.  The TIP4P and TIP4P/Ew models both under and 

overestimate the saturation pressure. Overall, the TIP4P water model gives the best agreement 

with experiment compared to all other water models.   

Of all of the MOFs, the experimental water adsorption isotherm for UiO-66 stands out in 

that it has the lowest saturation pressure (<0.2 p/po) and that all water models significantly 

overestimate the saturation pressure.  There may be several reasons, why all of the models 

overestimate the saturation pressure.  Our force fields only account for non-covalent bonding, 

and it may be that defects within the UiO-66 framework that have been reported 42,43 allow for 

water-ŦǊŀƳŜǿƻǊƪ ƛƴǘŜǊŀŎǘƛƻƴǎ ǘƘŀǘ ΨǎŜŜŘΩ ǘƘŜ ǎŀǘǳǊŀǘƛƻƴΦ  {ƛƴŎŜ ƻǳǊ ǎƛƳǳƭŀǘƛƻƴǎ ǳǎŜ ŘŜŦŜŎǘ ŦǊŜŜ 

models of the MOFs, we are not accounting for these interactions resulting in an over-

estimating of the saturation pressure. 

Figure 5.5 provides the number of guest molecules, along with snapshots, during the 

GCMC simulation of TIP4P water in a simulation cell of MIL-47 at 0.025 bar and 300 K. The 

plateaus, along with the snapshots from the GCMC simulations, indicate that one pore is filled 

to saturation before water adsorption occurs in another pore. The adsorption of a water 
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molecule in a pore is a stochastic process, but once it occurs, the pore with the water molecule 

will favor the adsorption of further water molecules. In other words, no intermediately filled 

states of the pores have been observed, and pores are filled independently of each other. At 

the saturation point, on average 48 water molecules occupies each pore, which form water 

clusters inside the MIL-47 pores. 

 

Figure 5.5: (a) the number of guest molecules (TIP4P-Ew water molecules) in MIL-47 as a function of 

GCMC steps. (b-e) Snapshots of water adsorption during GCMC simulation: (b) 40 millions steps, (c) 80 

millions steps, (d) 200 millions steps, and (e) saturation point.  
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Water clusters formed in MIL-47-type MOFs are different from those of the bulk phase. 

For example, Figure 5.6 shows that most water molecules prefer to form four hydrogen bonds 

in the bulk phase while in MIL-47 most water molecules have three hydrogen bonds. This 

reduction in the number of hydrogen bonds can be attributed to the fact that most water 

molecules in a confined system interact with the framework atoms of the pore and 

consequently have less opportunities to hydrogen bond with other water molecules compared 

to the bulk water. The distribution shown in Figure 5.6 was obtained using reported criteria44 

where a hydrogen bond for a pair of water molecules is considered if the oxygen-oxygen 

distance of two water molecules is less than 3.5 Å and the OHO angle is greater than 1500.  

 

Figure 5.6: Histogram of the number of hydrogen bonds per water molecule formed in MIL-47 (blue bar) 

and bulk (red bar). The distribution for bulk water is obtained through the simulation of TIP4P water 

molecules in a box with the same size as the MIL-47. 
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Figure 5.7 presents simulated and experimental water isotherms for hydrophilic MOFs 

including CAU-OH-10 and MOF-806. Of the models used, for both MOFs, the TIP4P-Ew water 

model gives the best agreement with experiment, although it overpredicts the uptakes at the 

plateau of the isotherms. The TIP5P, TIP5P/Ew and TIP3P water models perform poorly in the 

simulation of experimental isotherms as they significantly underpredict uptake, and the SPC/E 

model tends to underestimate the pressure at which the isotherm reaches a plateau. With 

regards to the shape of the isotherms, both the experimental and TIP4P-Ew simulated 

isotherms exhibit a different general behaviour than the hydrophobic MOFs discussed above. 

The adsorption of water in hydrophilic MOFs is more gradual. This behavior can be attributed to 

the hydrophilic hydroxyl functional groups that line the pores of CAU_OH-10 and MOF-806. To 

provide more details, Figure 5.8 shows a series of GCMC-derived snapshots showing water 

molecules adsorbed in CAU-OH-10 at different relative pressures.  At low relative pressure, as 

shown in Figure 5.8a the water molecules are preferentially located next to OH groups. At 

higher relative pressure (Figure 5.8b), additional water molecules are adsorbed around the 

initially adsorbed water molecules (green region in Figure 5.5b) located next to the OH groups. 

This suggests that once a water molecule is located next to an OH group, it promotes the 

uptake of water at higher pressures.  
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Figure 5.7: Simulated and experimental adsorption isotherms for water in (a) CAU-OHτ10 and (b) MOF-

806. (Experimental Data taken from:  CAU-OH-1045 and MOF-80646) 

 
Figure 5.8: Snapshot showing TIP4P-Ew water molecules adsorbed in CAU-OH-10 at (a) p/p0 =0.17 and 

(b) p/p0 =0. 45. Green region in (b) represents water molecules located next to OH groups.     

Figure 5.9a shows that none of the six models correctly reproduce the experimental 

adsorption isotherm in Cu-BTC. This is attributed to the exposed Cu sites in Cu-BTC which 

covalently interact with water molecules. These interactions are not captured by the traditional 

force fields used in this study. For this reason, we also simulate water adsorption on a 

framework of Cu-BTC in which water molecules are attached to each Cu site through the 

a b 
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oxygen of the water. Here, we consider two cases, one where the partial atomic charges of the 

coordinated water were obtained using a REPEAT calculation on the MOF framework containing 

the water molecules, and one where force field-type water molecules are added and partial 

atomic charges were taken from the force field. The results for REPEAT-derived charges and 

force field-based charges are given in Figure 5.9 b and c, respectively. In both cases, TIP4P-Ew 

and SPC-E perform better than other models in the prediction of saturation pressure. However, 

they both under-predict the amount of water adsorbed at low pressures. 

Figure 5.9: Simulated and experimental adsorption isotherms for (a) Cu-BTC without attached water, (b) 

Cu-BTC with attached water molecules, and (c) Cu-BTC with attached force filed-type water molecules. 

(Experimental Data taken from:  ref 47 ). 

No attached 

water 

REPEAT charges 

Force field 

charges 
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5.3.2 The effect of water on natural gas purification in MOFs  

To understand the effect of water on natural gas purification in MOFs, the adsorptions of 

dry and wet CO2/CH4 mixtures with a composition of 1:9 were simulated at 303 K and pressures 

up to 30 bar for the MOFs considered in this work. For the wet mixture, the partial pressure of 

water was chosen to be 0.03% of the total pressure, as the water specification in natural gas 

pipelines is 160 mg/m3.48 In the case of the wet mixture with the open metal site MOF Cu-BTC, 

one water molecule was coordinated to each Cu atom in the framework, such that the 

coordinated water molecules were considered as part of the framework. The adsorption 

selectivities for both mixtures were calculated using the (xi/xj)/(yi/y j), where the xi and xj are the 

loadings of component i and j in the adsorbed phase while the yi and yj are the partial pressures 

of component i and j in the gas phase. 

 

Figure 5.10: Selectivities of CO2 in 1:9 mixtures of CO2/CH4 with (cross) and without (circle) water as a 

function of pressure at 303 K.  
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 As seen in Figure 5.10, water has a minimal effect on the selectivities for CO2 in MIL-47, 

ZIF-8, Al(OH)( 1,4 NDC), UiO-66, Zn-DMOF-A, and Zn-DMOF-TM. The reason, as discussed in 

section 5.3.1, is that the hydrophobic MOFs have a weak affinity for water at very low 

pressures, and consequently the CO2 adsorption is not affected by water. Figure 5.10 also 

shows that the selectivity of CO2 remains constant through the entire pressure range in Cu-BTC 

for the wet mixture. On the other hand, the selectivity of CO2 gradually decreases with 

increasing pressure in CAU-OH-10 and MOF-806 for the wet mixture, which can be attributed to 

strong affinity of OH functional groups for water over CO2, subsequently resulting in decreased 

adsorption of CO2.  

5.4 Conclusion 

We investigated the accuracy of seven popular non-polarizable water models (SPC/E, 

TIP3P, TIP4P-Ew, TIP4P, TIP5P and TIP5P-Ew) for examining water adsorption in hydrophobic 

and hydrophilic MOFs with GCMC simulations.  The water adsorption isotherms of the MOFs 

MIL-47, ZIF-8, Al(OH)(1,4-NDC), UiO-66, Zn-DMOF-A, Zn-DMOF-TM, CAU-OH-10, MOF-806,and 

Cu-BTC were calculated and compared to experimental isotherms. The results revealed that 

TIP4P water model performs better than other models in the prediction of saturation pressure 

in hydrophobic MOFs. For hydrophilic MOFs, the results shows that TIP4P-Ew gives the best 

agreement with experiment compared to all other water models. Our GCMC simulations also 

revealed that water adsorption in hydrophobic and hydrophilic MOFs are considerably different 

from each other.  Hydrophilic MOFs gradually uptake water, whereas hydrophobic MOFs show 

rapid water uptake at the saturation pressure. Snapshots from GCMC simulations in a 
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hydrophobic MOF indicate that one pore is filled to saturation before water adsorption is seen 

in another pore. We also investigated the effect of water on natural gas purification in these 

MOFs, and found that water has a negligible effect on natural gas purification in hydrophobic 

MOFs under maximum humidity specifications for pipeline natural gas transport.      
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6 Large-Scale Computational Screening of MOFs for Natural 
gas purification  

Abstract   

Metal organic frameworks (MOFs) have attracted attention in many gas separation 

applications, including natural gas purification where CO2 is separated from CH4, due to the 

highly tunable nature of the material. A seemingly unlimited number of combinations of 

inorganic and organic structural building units can be used to construct a highly diverse set of 

MOFs. To identify the key structural and chemical features that provide high performance for 

natural gas purification, we have screened a database of 324,000 hypothetical MOFs for their 

CO2 working capacity and CO2/CH4 selectivity using GCMC simulations. We find that MOFs with 

a pore diameter less than 6.6 Å but possess surface areas higher than 2299 m2g-1 generally 

perform well for natural gas purification. We have applied a scheme to locate the CO2 binding 

sites in the best performing MOFs from the probability distributions resulting from the GCMC 

simulations.  A similarity analysis of the binding sites was formed to identify the key chemical 

and geometric traits of these MOFs. The most common CO2 binding environment identified in 

the high performance MOFs are layered sheets of aromatic groups separated by roughly 6.5 Å. 

6.1 Introduction  

Due to both the global increase in energy consumption and rising greenhouse gas 

emissions,1,2 there is a demand to shift towards methane-based energy sources since the 

combustion of natural gas releases less CO2 per unit of energy compared to coal and oil.3 More 

and more, unconventional natural gas reservoirs are being tapped, which can have CO2 

concentrations of 15 vol% or more. Prior to sale and transport, the removal of CO2 is required 
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because it not only reduces the energy density of the fuel but CO2 causes pipeline and 

equipment corrosion through the formation of carbonic acid. Moreover, in cold regions CO2 can 

form solid clathrate hydrates in the pipelines that can cause serious clogging problems.   

One common method used in industry to scrub CO2 from natural gas involves using solid 

sorbents and pressure swing adsorption gas separation technology.4 In this process, CO2 from 

natural gas is selectively adsorbed onto a solid porous material which later undergoes a 

regeneration step where the CO2 is desorbed by applying a vacuum to decrease the pressure. 

The most commonly used adsorbents in these PSA systems are zeolite 13x, 4A, and 5A, which 

selectively adsorb CO2 from natural gas.5 Despite having a strong affinity for CO2 over CH4, 

these materials have low CO2 working capacity. The working capacity is the amount of CO2 

recovered per unit mass (or volume) of the material over a single adsorption/desorption cycle. 

Put in another way, it is the difference in the CO2 uptake capacity of the material at the 

adsorption conditions and at the desorption conditions. Zeolite 13x has CO2 working capacity of 

1.86 mmol/g,6 which is low compared to the other porous materials: Cu-BTC (4.0 mmol/gr), 

PCN-11 (5.5 mmol/gr), and Mg-MOF (7.7 mmol/gr).7 The working capacity of the material is 

important since it affects the size and number of adsorbent beds that are required, and 

ultimately in the cost of the PSA system.  In addition to CO2 working capacity, the selectivity of 

the material for CO2 over CH4, which is measured as the molar ratio of CO2 adsorbed over CH4 

normalized by their partial pressures, is important. The higher the CO2/CH4 selectivity, the purer 

the gas is recovered. Thus there is a considerable interest in finding promising materials with 

working capacities and selectivities above zeolite 13x for use in PSA systems for scrubbing CO2 

from natural gas.  
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Among the porous materials, metal organic frameworks (MOFs) have attracted 

considerable attention as promising candidates to replace zeolites in PSA units for removing 

CO2 from natural gas due to the low energy demands of their regeneration process.8ς11 With 

the wide availability of unique MOFs, researchers have conducted screening studies on these 

materials for their application to separate CO2 from natural gas.12,13 The intent of these studies 

is to identify high performing targets to synthesize or to identify any structural features that can 

lead to higher performance. However, these studies have been limited to screening of a small 

set of 10-15 different MOFs, which is insufficient to provide robust structure-property 

relationships. Moreover, the best candidates identified from these studies were not practical to 

use on an industrial scale. For example, Krishna et al.,13 who screened 20 different MOFs for 

methane purification under PSA conditions, showed that Mg-MOF-74 outperforms the other 

candidate MOFs in their study. However, this MOF irreversibly degrades in the presence of 

trace amounts water because it possesses unsaturated metal sites. This limits their real world 

use, as there are always traces of water in any feed gas. 14ς16 

An alternative approach to find high performing materials is to screen hypothetical 

MOFs, which covers an extremely large number of possible MOFs structures. The utility of this 

approach was first demonstrated by Wilmer et al.17 whose pioneering large-scale screening 

study examined 138,000 hypothetical MOFs for methane storage. In that study, they identified 

MOFs with methane-storage capacities above the world-record holders (at the time). They also 

identified a MOF that had been previously reported as the NOTT-107 MOF,18 and found their 

predicted uptakes were in good agreement with the experimental ones, thus validating that 

high-throughput screening approach. Recently, they computationally screened the same 
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database with the intent of finding structure-property relationships of MOFs for CO2 separation 

from natural gas.19 !ƭǘƘƻǳƎƘ ǘƘŜ ΨōƻǳƴŘǎΩ ƻŦ ahCǎ ǇƘȅǎƛŎŀƭ ǇǊƻǇŜǊǘƛŜǎ ǿŜǊŜ ǿŜƭƭ ŘŜǎŎǊƛōŜŘ ƛƴ 

their work, the data indicated that physical and geometric properties of the framework, such as 

pore size and pore volume alone are not  sufficient design factors for creating high-performing 

ahCǎΦ ¢ƘŜȅ ŦǳǊǘƘŜǊ ŎƭŀƛƳŜŘ ǘƘŀǘ ŘŜŎƻǊŀǘƛƴƎ ahCǎΩ pores with halogens was an important 

factor for high performance materials.  Unfortunately, Woo and co-workers20 discovered that 

the high performance of the halogen substituted materials was an artifact of the method in 

which they used to calculate the charges used in their simulations. Indeed, in the study of 

CO2/CH4 separation performed by Wilmer et al.21, and even in similar following studies, the 

issue of what pore environments contribute to strong and selective CO2 adsorption has been 

not fully addressed. In other words, these studies suffer from a lack of chemical insight relevant 

for CO2- adsorption, which is a critical for rational design. Thus, there is a need to identify 

common chemical and geometric features of binding sites, which we will call binding motifs, 

that allow for strong and selective CO2 adsorption. Gaining such information requires one to 

identify the CO2 ōƛƴŘƛƴƎ ǎƛǘŜǎ ǿƛǘƘƛƴ ŀ ahCΩǎ ǇƻǊŜΣ ǿƘƛŎƘ ƛǎ ǉǳƛǘŜ ŘƛŦŦƛŎǳƭǘ ǘƻ ŘŜǘŜǊƳƛƴŜ 

experimentally (for physisorbed gases) but easily determined from simulation. For example, 

Woo, Shimizu and co-workers22 who studied CO2 binding within the CALF-15 using GCMC 

simulations were able to identify the CO2 binding sites both experimentally and by simulation.  

The agreement between the predicted and experimental binding sites was excellent. From their 

analysis, it was found that the electrostatic interaction of amine functional groups did not 

dominate the CO2 binding as initially thought ς rather the CO2-MOF binding was mostly a 
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dispersion interaction. A large scale CO2 binding site analysis has been not performed in the 

screening of MOFs for natural gas purification.   

In this work, we present a computational high throughput screening study of 324,500 

hypothetical MOFs for their performance for natural gas purification at typical conditions used 

for natural gas purification with PSA systems. For each MOF, the performance parameters 

(selectivity and working capacity) were calculated using data obtained from grand canonical 

Monte Carlo (GCMC) simulations of CO2-CH4 binary mixture, and the geometry of MOFs was 

characterized by calculating the surface area, void fraction, and maximum pore diameter. We 

investigate the structure property relationships. Further, we explore the two interesting strong 

CO2 binding motifs in the high-performing MOFs, whose selectivity and working capacity are 

above zeolite 13x, a commercially used sorbent in PSA systems. These adsorption pockets were 

obtained using a substructure search among frameworks atoms located within 5 Å of the CO2 

binding sites.  We show that layered sheets consisting of poly-aromatic molecules separated by 

a perpendicular distance of roughly 7 Å are an important structural-chemical feature that leads 

to strong adsorption of CO2Φ CƛƴŀƭƭȅΣ ǿŜ ƛŘŜƴǘƛŦȅ άƘƛǘέ ƳŀǘŜǊƛŀƭǎ ŦƻǊ targeted synthesis. 

6.2 Methods  

6.2.1 Hypothetical MOF Database  

A hypothetical MOF database was generated from a selection of secondary building units 

(SBUs), typically organic linkers and metal clusters, derived from existing MOF crystal 

structures.  A program for the assembly of hypothetical MOF structures was developed by the 

Woo group at the University of Ottawa which uses a method similar to the recursive method 

established by Wilmer et al.17 A brief summary of the database generation procedure follows. 



                                                         
 

 

130 
 

Mohammad Zein Aghaji Chapter 6 

Any building block from the database can combine with any other building block provided that 

the local geometry and chemical composition at the point of connection are similar to an 

existing MOF crystallographic structure. Building blocks are combined in a stepwise manner, 

and when an unphysical atomic overlap occurs at a particular step, a different building block or 

a different connection site is chosen until all possibilities for crystallographic linkages in the 

database are exhausted. When no further building blocks can be added, the crystal generation 

procedure is considered complete.17  

All generated hypothetical MOFs underwent functionalization whereby hydrogen atoms 

were replaced by a given functional group in order to enhance the chemical diversity of the 

chemical substances in the database. The symmetry of the generated structure, determined 

based on the Grosse-Kunstleve method,23 was implemented to recognize the symmetrically 

equivalent hydrogen atoms so that the functionalized structure has symmetry as similar as 

ǇƻǎǎƛōƭŜ ǘƻ ǘƘŜ ǇŀǊŜƴǘ ǎǘǊǳŎǘǳǊŜΩǎ ǎȅƳƳŜǘǊȅΦ ¢Ƙƛǎ ŜƴƘŀƴŎŜǎ ǘƘŜ ǎǳōǎŜǉǳŜƴǘ ǎȅƴǘƘŜǘƛŎ Ǿƛŀōƛƭƛǘȅ ƻŦ 

the functionalized hypothetical MOFs. In total, based on the procedure described above, 

345,332 hypothetical MOFs were generated from a library containing 7 inorganic SBUs, 59 

organic SBUs and 19 functional groups. The entire list is provided in the appendix to this this 

chapter.  

6.2.2 Screening Protocol  

In PSA-based natural gas (NG) purification the gas is fed into a fixed volume vessel 

containing the solid sorbent material.  CO2 is selectively adsorbed from the gas feed by the 

adsorbent material, resulting in an outgoing gas that is methane-rich. After the adsorbent bed 

is saturated with CO2, the feed gas is redirected to another bed and the CO2 in the existing bed 
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is desorbed by reducing pressure. Once the CO2 is desorbed the adsorbent bed is ready to be 

used again. The optimal adsorption and desorption conditions (T and P) are different for each 

PSA system, feed gas composition and adsorbent material. In this work, we use a fixed set of 

adsorption and desorption conditions that are typical of natural gas PSA systems. Specifically, 

we screened each MOF for adsorption of a binary mixture of CO2:CH4 with a composition of 1:9 

at a total pressure of 10 bar and a temperature of 298 K, and desorption at a pressure of 1 bar 

and a temperature of 298 K with the same composition. These conditions have been used in 

various studies which evaluated the capability of sorbent materials for NG purification.24ς27 In 

order to compare the performance of MOFs, we used two traditional critical factors that 

control the economics of the PSA unit, namely the CO2:CH4 selectivity, S, and the CO2 working 

capacity. The selectivity is defined in equation 6.1, 

Ὓ  
ήὴ

ήὴ
 6.1 

where the qi and pi are the loading of the gas in the sorbent material and partial pressure of the 

gas i, respectively. The CO2 working capacity (Ўή) of sorbent materials was obtained from the 

difference in CO2 uptake capacity at the adsorption and desorption conditions. 

Ўή  ή  ή  6.2 

Since rigid SBUs were used to construct the hypothetical MOFs, each hypothetical MOF in the 

database underwent a classical force-field optimization using the UFF force field and the GULP 

software package.28 The force field optimization of the structures removes unphysical structural 

features such as overlapping atoms. During the optimizations, the fractional coordinates of the 

metal ions and atoms directly coordinated to them were fixed, and the positions of other 
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atoms, along with lattice parameters, were relaxed using a conjugate gradient algorithm until 

the forces were all below 0.001 eV/Å. The reason to treat the geometry around the metals as 

rigid goes back to the fact that our inorganic SBUs include metal atoms in geometries that have 

not been parameterized in the UFF. Indeed, optimization without the rigid treatment would 

adjust the metal atoms to the geometric configurations parameterized by the UFF, resulting in 

highly distorted structures.       

Following the classical force field optimizations, each MOF was examined for 

irregularities using a code written by the author. These defects include missing hydrogen atoms 

and non-sensible lengths between both bonded and non-bonded atoms. To determine whether 

a given pair of bonded atoms i and j are within a chemically reasonable distance, we compare 

the distance between atom i and j (did) to their covalent radii (r) with scaling factors using the 

below criteria.   

0.75 (ri + rj) < dij < 1.25 (ri + rj) 6.3 

For non-bonded atoms, i and jΣ ǘƘŜ ŦƻƭƭƻǿƛƴƎ ŎǊƛǘŜǊƛŀ ǿƛǘƘ ǎŎŀƭƛƴƎ ŦŀŎǘƻǊǎ ʰҐмΦнр ǿŀǎ ǳǎŜŘΦ 

 1.25 (ri + rj) < dij. 6.4 

With these criteria, approximately 20,000 MOFs were excluded from screening because they 

were deemed to possess unphysical structural features. 

GCMC simulations were then performed on all of the structure where each structure was 

subjected to a short GCMC simulation of a binary mixture of CO2 and CH4 with 5000 equilibrium 

cycles and 5000 production cycles. A single cycle contains N Monte Carlo steps, where N is the 

fluctuating number of guests in the GCMC simulation.  






















































































































































































































































