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ABSTRACT 

Hydrogen is a promising renewable fuel due to its carbon-free nature and relatively high 

energy content by mass. However, a major hurdle for its widespread adoption as a vehicular fuel 

is its low density at ambient conditions, posing a challenge for onboard storage. Toward fully 

realizing a cost-effective, hydrogen-powered fuel cell vehicle, the U.S. Department of Energy 

(DOE) has set a system-level hydrogen storage target of 30 g/L for 2020, which is expected to 

require storing around 60 g/L at the material-level. While considerable research has been 

performed on hydrogen storage materials, it is still unclear whether these storage demands can be 

met by physisorption-based hydrogen storage systems. 

To assess the viability of these targets, grand canonical Monte Carlo (GCMC) simulations 

were used to calculate 18,000+ hydrogen loadings in porous crystals featuring catecholate 

functionalities at different thermodynamic conditions. From the data, the effects of interaction 

strength on the deliverable capacity of the material were elucidated. The simulation data was also 

used to develop an artificial neural network (ANN) model to predict hydrogen loadings using the 

force field parameters, textural properties of the crystal and thermodynamic conditions as input. 

The model was used to explore optimal operating conditions for hydrogen storage beyond those 

initially simulated with GCMC. It was found that optimizing the H2-catecholate interaction 

strength allowed some porous crystals to achieve deliverable capacities of 60 g/L with a 100 

bar/77K ↔ 5 bar/160K swing in pressure and temperature. Additionally, it was shown that other 

porous crystals can reach 95% of the above deliverable capacity with a storage pressure of only 

20 bar as long as the H2-catecholate interaction strength is optimized.  
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CHAPTER 1 INTRODUCTION 

In 2017, the U.S. consumed 97.7 quadrillion BTUs (quads) of energy. Approximately 

three quarters of this energy was produced from fossil fuels. The emission of CO2 from fossil 

fuel combustion has led to increasing concerns about dramatic changes in climate due to increase 

in the average global temperature.1 Current climate models estimate that the average temperature 

could rise anywhere from 3 to 10 °F over the next century.2 These projections suggest that future 

rise of ocean levels may cause billions of dollars in damage and displace millions of people from 

coastal areas. Additionally, a higher frequency of drought and flooding events,3 a decreased in 

biodiversity4 and ocean acidification2 may affect the globe in general, negatively impacting food 

security. Driven by these concerns, many sectors of the U.S. economy have begun to move away 

from fossil fuels towards cleaner alternatives. Figure 1.1 gives a breakdown of the U.S. energy 

sources and consumption by sector.  

 

Figure 1.1 Breakdown of energy consumption in the U.S. by source and sector.  
Adapted from ref. 5. 
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In addition to these environmental concerns, another key issue with fossil fuels such as 

petroleum stems from the U.S. dependence on foreign oil.6 The EIA has estimated that while the 

future supply of oil will meet the world’s demand through 2050, there is “substantial 

uncertainty” in what the price of oil be. Their current projections range from $43/barrel up to 

$226/barrel.6 They also expect that the middle eastern region will remain a key producer 

regardless of price. 

1.1 Hydrogen 

To combat the issues associated with fossil fuels, there are many ongoing research efforts 

looking into alternative energy sources. One source that has shown promise in recent years is 

hydrogen.7–10 Hydrogen is utilized by fuel cells to produce electricity, effectively storing energy 

in the form of a chemical bond. This allows hydrogen to be up to three times more efficient than 

typical combustion,11 positioning itself as a very attractive energy storage and carrier. Hydrogen 

technologies may also allow for greater flexibility in the energy market, allowing for production 

from many different energy sources. When produced from natural gas, hydrogen could reduce 

our carbon footprint by 50% (accounting from production to usage), and result in zero NOX, SOX 

and particulate emissions.7 Additionally, when produced from renewable sources such as solar or 

wind, hydrogen could decrease our carbon footprint by 90%. 

Accordingly, the adoption of the DOE’s so-called “hydrogen economy” would allow the 

U.S. for increased flexibility in energy procurement, making the country more energy 

independent.12,13 In terms of financial feasibility, economic analysis suggests that the widespread 

adoption of hydrogen-powered fuel cell vehicles could make hydrogen as cheap as $2 to $3 per 

equivalent gallon of gasoline.12 
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One of the key issues holding adoption of a hydrogen economy back is the low 

volumetric density of this gaseous fuel. Figure 1.2 show the gravimetric and volumetric energy 

densities of current generation vehicular fuel sources. While hydrogen has three times the energy 

density by mass compared to gasoline, even in its liquid form it has less than a third of the 

energy density by volume. The key issue then is the extremely low volumetric energy density of 

hydrogen. 

 

Figure 1.2 Volumetric vs gravimetric energy density of common fuels.  
Adapted from ref. 14. 

Current implementations of hydrogen fuel cell vehicles (HFCV) use hydrogen that has 

been compressed to 700 bar at ambient temperature.15 These implementations require large 

amounts of energy to compress and cool H2, with concerns of safety arising due to the risk of 

spontaneous ignition from sudden releases of hydrogen tanks.16 

To address the energy density issue, the DOE has invested significant amounts of 

funding17,18 towards the development of storage solutions that require less pressure to densify 
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hydrogen.19,20 Currently, the DOE is focused on the R&D of three major hydrogen storage 

technologies: metal hydrides, chemical hydrogen and adsorbents (Figure 1.3 gives a breakdown 

of the current capabilities of these three methods based on gravimetric metrics). 

 

Figure 1.3 Gravimetric hydrogen storage capacity vs operating temperature.  
Adapted from ref. 21. 

Metal hydride-based systems chemically bond hydrogen to metal atoms.22 Since the 

systems are dense solids, they can typically achieve excellent volumetric capacities but typically 

suffer in terms of gravimetric performance partly due to the high metal content. Additionally, the 

reaction to release the hydrogen from the metal is highly endothermic and requires a large 

amount of energy to be input to the system to make the hydrogen available for utilization. This 

also causes issues during refueling as the reverse reaction to trap the hydrogen is highly 

exothermic, resulting in large amounts of heat to be released from the system. Since these 

materials are often electrical and thermal insulators, a heat transfer system must be included in 

the overall system design. 
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Chemical hydrogen-based systems utilize small molecules that can undergo a reaction to 

release a hydrogen molecule. Efforts in this field primarily focus on borane amines (ex: ammonia 

borane or AB) due to gravimetric considerations (lowest molecular weight per H2 stored). 

Because these molecules undergo a reaction to release hydrogen, the spent fuel must be removed 

and regenerated, hence increasing the complexity of adoption and cost of implementation.23 

Additionally, AB exothermically release hydrogen, further increasing system complexity due to 

concerns on runaway reaction without proper cooling systems. 

Adsorbent-based systems utilize tanks with porous adsorbent materials to reversibly 

adsorb hydrogen.22,24 These materials generally utilize physisorption interactions to attract 

hydrogen molecules into the pores of the material. While this means that the H2 molecules are 

more easily released for utilization, adsorbent systems suffer from low volumetric hydrogen 

densification, especially at higher temperature.  

To sufficiently densify the hydrogen, adsorbents could operate at near cryogenic 

temperatures. While temperature reduction does allow for sufficient densification, it also makes 

the release of hydrogen more difficult. Thus, research in this area needs to focus on optimizing 

the interaction strength between hydrogen and the adsorbents with the rationale that if interaction 

is increased, higher operating temperatures would become possible. Research on development of 

hydrogen adsorbents initially focused on studying microporous materials such as activated 

carbons and zeolites but has recently shifted towards highly tunable porous crystals such as 

metal-organic frameworks and covalent-organic frameworks. 

1.2 Porous Crystals 

Porous crystals encompass materials such as metal-organic frameworks (MOFs) and 

covalent-organic frameworks (COFs), which are nanoporous materials comprised of inorganic or 
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organic nodes interconnected by organic linkers. Under the right synthesis conditions, these 

materials self-assemble from their precursor building blocks. Conceptually, these crystalline 

materials are assembled as in the example illustrated in Figure 1.4. By changing the building 

blocks used for the synthesis, porous crystals can take on a wide variety of possible crystalline 

structures.25–27 For this reason, MOFs and COFs have been widely studied to tackle a variety of 

problems such as gas storage28–34 and CO2 sequestration,35 membrane separations,36,37 

catalysis,38,39 drug delivery40 among others.41–43 

 

Figure 1.4 Conceptual deconstruction of a porous crystal into building blocks and underlying 
crystal topology. A) Node: ZnO4. B) Linker: Magnesium; 2,3-dihydroxyterephthalic acid. C) 
Net: pcu topology. D) MOF constructed by the topologically-based crystal constructor, 
ToBaCCo44 code using the building blocks and topology to the left.  

Researchers in the area of adsorption-based hydrogen storage have also begun to develop 

MOF and COF materials with high affinities towards hydrogen.24,45–50An attractive method to 

tune the porous crystal-hydrogen interaction is through functionalization of the linker 

molecules.27,45,51 So far, earlier work has shown that increasing the H2-crystal interaction strength 
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does cause more hydrogen to be adsorbed (as discussed further in Chapter 2), but also that it may 

cause practical issues in HFCV applications by hindering hydrogen release.  

The operating pressures of commercial, compressed hydrogen gas (CHG) tanks in 

vehicles range from 700 bar (the storage pressure) to 5 bar (the lowest discharge pressure). The 

lower bound is restricted by the necessary pressure for the fuel cell system to operate such that 

the HFCV cannot operate below this pressure.19,20 The 5 bar discharge pressure constraint is not 

a major issue for CHG solutions since the hydrogen density isotherms are mostly linear with the 

operating pressures of the tank, as can be seen in Figure 1.5 A. Therefore, little hydrogen 

remains “trapped” in the tank.  

 

Figure 1.5 Hydrogen densification versus pressure during compression and during 
adsorption. A: Density of hydrogen gas within range of CHG operating limits.15 B: Adsorption 
isotherm of a porous crystal (acs-L2 (Λ=1) MOF) at 160 K within range of CHG operating 
pressures. Data taken from NIST52 and simulation data from Chapter 5.38 

However, for adsorption-based storage, significant amounts of hydrogen can remain 

trapped in the adsorbent at 5 bar as illustrated in Figure 1.5 B. In this example, 13.5 g/L of 

hydrogen remains at 5 bar of the 46.3 g/L that was loaded at 700 bar. Thus, the deliverable 
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capacity, which is the loading at the storage pressure minus the loading at the lowest discharge 

pressure, is 71% of the total adsorbed capacity of the porous crystal (the effect of increased 

interaction strength on deliverable capacity is discussed further in Sections 2.2 and 5.4.3).  

1.3 Thesis Organization 

To better understand the adsorption of hydrogen in porous crystals and investigate the 

feasibility of adsorption-based hydrogen storage targets proposed by DOE, grand canonical 

Monte Carlo (GCMC) simulations methods were used to predict adsorption in an ensemble of 

porous crystals created for this study.  The effects of hydrogen-crystal interaction strength, 

crystal textural properties, and operating conditions of porous crystals decorated with catecholate 

functionalities on the deliverable capacity of hydrogen were evaluated. These properties were 

then used as inputs to train an artificial neural network to predict the adsorption of hydrogen at a 

wide range of operating conditions. Utilizing these predictions, we explore the limits of 

attainable hydrogen storage targets at different pressure and temperature swing conditions.    

This thesis is organized as follows: 

 Chapter 1 gives an overview of the motivation of the project. 

Chapter 2 includes a review of recent literature.  

Chapter 3 provides an overview of commonly used simulation methods in the field; 

including the motivation for the choice of methodology, and discussion of the 

validity of the methods when compared to experimental results.  

Chapter 4 describes the characterization methods used in this study as well as analysis of 

those properties.  

Chapter 5 covers the results of this study.  

Chapter 6 discusses the conclusions of this work and future studies.  
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CHAPTER 2 LITERATURE REVIEW 

2.1 Effect of Textural Properties on Hydrogen Adsorption  

In 1994, Chahine and Bose studied the effects of the operating conditions of commonly 

available carbon materials on hydrogen storage53. They noted that gravimetric hydrogen 

adsorption at 298 K increased with micropore size (for pores up to 2 nm in diameter) and surface 

area, and that carbon adsorbents with high bulk density were necessary to maximize gravimetric 

adsorption. They additionally showed that, on an AX-21 activated carbon, the hydrogen 

adsorption capacity could be increased by factors of 5 and 15 by lowering the adsorption 

temperature down to 175 K and 77 K, respectively. Their final recommendations were to make 

the adsorbent material more compact (to increase its bulk density) and to functionalize the 

surface of activated carbons with transition metal particles. 

In 2005, Panella et al. studied the effect of surface area on gravimetric hydrogen loadings 

in porous carbon materials.54 They characterized ten different carbon materials with surface areas 

ranging between 22 and 2564 m2/g and fit the observed hydrogen loadings at 77 K to Langmuir 

isotherms. They then plotted the saturation loading of the Langmuir isotherm versus the BET 

area of the material and found a linear correlation of 1.91 x 10-3 wt. % per m2/g of BET area. 

This correlation became known as Chahine’s Rule, which has been found to be useful in 

designing a wide range of hydrogen adsorbents. 

In 2006, Frost et al. set out to determine what roles surface area, void fraction, and heat 

of adsorption play on gravimetric hydrogen uptake in microporous materials.48 They simulated 

adsorption at 77 K in ten porous crystals in the IRMOF family using GCMC and showed that 

hydrogen uptake had a dependence on all three properties, not only on surface area. However, 

the relative importance of each property depended on pressure. They found that hydrogen uptake 

at low (0.1 bar), intermediate (30 bar) and high pressures (120 bar) correlated best with the heat 
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of adsorption, surface area, and pore volume, respectively, indicating that hydrogen adsorption 

goes through three differing adsorption regimes. While these findings were interesting, they did 

not rationalize the mechanisms of these regimes. These authors warned that these correlations 

were only valid for porous crystals with the same topology and chemistry as the IRMOF family. 

In a follow up study in 2007,49 Frost and Snurr artificially increased the MOF-hydrogen 

interaction strength in their simulations to determine an optimal range of heats of adsorption. 

They ran simulations at both 77 K and 298 K in five IRMOF materials along with the MOF 

HKUST-1 varying the interaction strength between hydrogen and all of the crystal atoms by 

factors ranging from 1 to 10 times their original values. With the original values, they found that 

at the higher temperature the regimes observed at 77 K no longer held. Specifically, they showed 

that gravimetric loadings at low and moderate pressure no longer correlated with heats of 

adsorption and surface areas, respectively, but instead correlated with the pore volume.  This was 

attributed to adsorption on the pore walls (i.e. excess adsorption) being small due to weak 

hydrogen-crystal interactions. Remarkably, when the interaction strength was increased, they 

observed the same regimes observed in their earlier work at 77 K. 

Frost and Snurr then plotted the heat of adsorption versus the pore volume in both a 

gravimetric and volumetric basis (Figure 2.1 on page 11). With this exercise, they were able to 

elaborate on the correlations and develop guidelines to optimize crystals for hydrogen storage 

based on the MOF materials they studied. They postulated that the (at the time) current DOE 

hydrogen storage target of 81 g/L would be very difficult to meet in a crystal with the chemistry 

and topology of the IRMOF family, suggesting that future work should focus on improving 

hydrogen interaction strength without reducing void space. This was important advice at the time 

as there was a lot of interest in attaining stronger hydrogen-crystal interactions by utilizing 
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catenated MOFs (intergrown MOF crystals), which present lower void fraction that the 

corresponding non-catenated version. 

 

Figure 2.1 (a) Requirements for target gravimetric loadings at 120 bar and 298 K. (b) 
Requirements for target volumetric loadings at 120 bar and 298 K. Adapted with permission 
from (Frost, H.; Snurr, R. Q. Design Requirements for Metal-Organic Frameworks as Hydrogen 
Storage Materials. J. Phys. Chem. C 2007, 111 (50), 18794–18803. Copyright 2018 American 
Chemical Society.49 

In 2010, Bae and Snurr studied high pressure hydrogen uptake in a larger set of MOFs to 

further refine the correlations developed by Frost et al. as well as probe the upper limits of 

hydrogen storage in MOF materials.55 Using GCMC, they simulated adsorption at 77K and 295K 

from 0.1 bar to very high pressures of 80,000 bar in a selection of 42 MOFs. The larger number 

of MOFs allowed them to explore a wider range of textural property values. They were able to 

observe that the correlation of gravimetric hydrogen uptake at 120 bar vs pore volume was not 

entirely linear, but rather had a negative curvature as pore volume increased. This was attributed 

to the hydrogen density inside the pores decreasing with increasing pore volume as the effect of 

hydrogen-crystal interactions vanished. They found that MOFs with larger pore volumes would 
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require a lower storage pressure to meet gravimetric targets set by DOE at the time, concluding 

that synthetic efforts should focus on developing MOFs with even larger pore volumes than 

currently achieved at the time.  (Note: The DOE’s hydrogen storage requirements have been 

revised since Bae and Snurr’s paper was published)  

As noted at the end of Section 1.2, while the total hydrogen uptake of an adsorbent is 

evidently important to the hydrogen storage of the material, additional considerations must be 

made for vehicular hydrogen storage. In a vehicle, the adsorbent system cannot be completely 

drained of hydrogen without the addition of a compressor (increasing the fuel system’s 

complexity and cost). To fully consider this constraint when designing new materials, many 

researchers now study the deliverable capacity of adsorbent materials. The deliverable capacity 

thus considers the entire operational range of the adsorbent by considering both the storage 

pressure (pressure of refueling) and the discharge pressure (pressure of an “empty” tank). To 

reiterate, the deliverable capacity is defined as the loading at the storage pressure minus the 

loadings at the lowest discharge pressure, representing the amount of stored hydrogen that can 

actually be delivered to the fuel cell.  

2.2 Effect of Heat of Adsorption on Hydrogen Adsorption 

Given the weak interactions between hydrogen and adsorbents, perhaps one of the most 

debated topics in the literature has centered around the optimal heat of adsorption for hydrogen 

storage. One of the first studies to investigate this was done by Bhatia and Myers56 in 2006, who 

were also one of the first authors to bring up the importance of deliverable capacity. They 

studied the optimal adsorbent properties for hydrogen storage to reach the DOE target of the time 

but with the latter considered as a hydrogen deliverable capacity target instead of just an uptake 

capacity target. They began their study with an analysis of the isothermal deliverable capacity of 
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the general Langmuir isotherm by optimizing the deliverable capacity with respect to the 

enthalpy of adsorption. By assuming a constant entropy of adsorption, they were able to 

determine that within their studied operating conditions (30 bar adsorption, 1.5 bar desorption) 

the optimal enthalpy of adsorption for the Langmuir isotherm was -15.1 kJ/mol and -5.8 kJ/mol 

at 298 K and 114K, respectively. They further showed that the DOE’s targets were unattainable, 

at least by both the idealized carbon slit and heterogeneous carbons. They concluded that the 

efforts at the time in ambient hydrogen storage in carbon adsorbates were futile, and that 

attention should be shifted towards materials with higher affinity to hydrogen. This analysis 

sparked significant conversation in the field.  

In 2010, Bae and Snurr studied the effect of heat of adsorption on gravimetric deliverable 

capacity by artificially increasing the hydrogen-crystal interaction strength.47 They simulated 

hydrogen adsorption in UMCM-1, MOF-177, Cu-BTC and five isoreticular MOFs using GCMC. 

They initially found that increasing the heat of adsorption led to a linear increase in storage 

capacity, and that the optimal deliverable capacity occurred with a heat of adsorption of 23–28 

kJ/mol. They found that the deviation from Bhatia and Myers was due to an increase in the 

entropy of adsorption. Finally, they suggested that materials with high surface area should be 

chosen for future study. While this seemingly contradicted the earlier findings by Frost and 

Snurr, they noted that gravimetric surface area and pore volume were strongly correlated 

(materials with large pore volumes typically have large gravimetric surface areas). 

Getman et al. utilized ab-initio calculations and GCMC simulations to study metal 

catecholate functionalization in MOFs46 as a potential strategy to increase hydrogen-adsorbent 

interaction strength and enable near-ambient hydrogen storage. They considered the introduction 

of lithium, magnesium, manganese, nickel, and copper catecholate functionalities in IRMOF- 1, 
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IRMOF-10, IRMOF-16, UiO-68, and UMCM-150 through functionalized linkers. They 

performed a set of ab-initio calculations to find the strength of the interaction between hydrogen 

and the functionalized linkers and parameterize a modified Morse/Lennard-Jones + Coulomb 

potential to model these interactions with GCMC simulations of hydrogen adsorption. They 

found that interaction of hydrogen with lithium and manganese were too weak to enhance 

ambient adsorption, whereas those with nickel and copper were too strong. Further, they showed 

that magnesium enabled the best improvement in deliverable capacity. Their analyses indicated 

that the optimal heat of adsorption for ambient deliverable capacity was -28 kJ/mol when only 

considering the interactions between the catecholate and the hydrogen. For their small set MOFs, 

they also found a positive correlation between the density of metal sites in the MOF and 

gravimetric adsorption enhancement. 

While in the literature many of the key issues pertinent to adsorption-based hydrogen 

storage have been discussed, no clear design rules for porous crystals have been found regarding 

the role that the strength of interaction plays on the deliverable capacity under different crystal 

textural properties and different operating conditions. Additionally, volumetric adsorption has 

received less attention, with the focus instead on gravimetric adsorption. One of the goals of this 

work is to then provide additional insight to the mechanisms of volumetric hydrogen storage in 

porous crystals functionalized with metal catecholates. This work does not consider a specific 

metal catecholate, but instead considers a wide realistic range of hypothetical interactions 

strengths of hydrogen with “alchemical” catecholate sites.46 By performing GCMC simulations 

in a larger and more diverse set of materials than studied before at a broader range of operating 

conditions, this thesis aims to probe the upper limits of what can be achieved in terms of 

maximizing volumetric hydrogen storage.   
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CHAPTER 3 COMPUTATIONAL METHODOLOGY AND VALIDATION AGAINST 
EXPERIMENTS 

We utilized molecular modeling to efficiently study the hydrogen adsorption properties 

of many hypothesized porous crystalline materials. With increases in computational power, 

molecular modeling has been increasingly proven to be a powerful tool to gain molecular-level 

insights of macroscopic phenomena in systems of interest. By leveraging the relative ease of 

computational methods to screen a wide range of materials of interest (when compared to 

synthesizing and testing new materials), significant insights can be made from the large amount 

of obtained data. More recently, computational methods have also shown promise as a predictive 

tool, where high throughput studies can allow for the screening of many potential materials in 

order to discover new materials.29,57–60 What follows is a brief overview of simulation methods 

that have been used in the literature to study hydrogen adsorption. 

3.1 Wave Function Theory 

Wave function theory (WFT) is a quantum mechanical method whose goal is to solve for 

the electron wavefunctions and associated energies from the Schrödinger equation. Equation 3.1 

gives the time independent version of the equation.  

𝐻Ψ = 𝐸Ψ (3. 1) 

In this equation, H is the Hamiltonian that operates on the wavefunction Ψ resulting in an 

eigenvalue E that corresponds to the energy associated with the wavefunction. For quantum 

chemistry applications the Coulomb Hamiltonian described by Equation 3.2 is typically used: 

𝐻 =  𝑇𝑛 + 𝑇𝑒 + 𝑉𝑛,𝑛 + 𝑉𝑒,𝑒 + 𝑉𝑛,𝑒 
 𝑇𝑛 = ∑ 𝑃𝑛22𝑚𝑛

𝑁
𝑛      𝑇𝑒 = ∑ 𝑃𝑒22𝑚𝑒

𝐸
𝑒  (3. 2) 
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𝑉𝑛,𝑛 = − 𝑒24𝜋𝜀0 12 ∑ 𝑍𝑛𝑍�̂�𝑟𝑛,�̂�
𝑁

𝑛≠�̂�       𝑉𝑒,𝑒 = 𝑒24𝜋𝜀0 12 ∑ 1𝑟𝑖,𝑗
𝐸

𝑖≠𝑗      𝑉𝑛,𝑒 = − 𝑒24𝜋𝜀0 ∑ ∑ 𝑍𝑛𝑟𝑛,𝑒
𝐸
𝑒

𝑁
𝑛  

The Tn and Te terms describe the kinetic energies of the nuclei and electrons where Pn 

and Pe are the linear momenta of nuclei and electrons, respectively, and mn and me are their 

masses. The Vn,n, Ve,e and Vn,e terms describe the potential energy of the system, and are 

comprised of Coulomb interactions among electrons and nuclei. Zn is the number of protons of 

each nucleus, e is the magnitude of the charge of one electron, 𝜀0  is the permittivity and rij , rnn 

and rne represent distances between interacting particles. While simplifications can be made to 

solve the equation, such as the Born-Oppenheimer Approximation61 that decouples Tn and Vn,n 

from the rest of the equation, the existence of electron-electron interactions means that the 

equation cannot be separated to be solved. As such, analytical expressions only exist for very 

simple atomic systems such as the hydrogen atom, hence requiring numerical methods to model 

systems relevant to research. The problem is generally simplified by approximating the overall 

wavefunction as a product of individual wavefunctions for each electron. The equation is then 

solved iteratively by first guessing the single electron wavefunctions, which are used to obtain 

the Vee term in the Schrodinger equation. This term completes the Hamiltonian, allowing for new 

electron wavefunctions to be calculated. The new wavefunctions are then compared to the guess 

and the process is repeated. When the solved and guessed wavefunctions are the same within a 

predetermine tolerance, the equation is deemed solved.  

These methods are typically computationally expensive, as they generally scale according 

to the number of electrons in the system ranging from O(N4) to O(N7), where N is the number of 

electrons, depending on the accuracy of the solution method.62     
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3.2 Density Functional Theory 

One difficulty with WFT is that the overall wavefunction is a multidimensional function 

depending on 3N coordinates, where N is the number of electrons in the system. To reduce the 

complexity of this problem, density functional theory (DFT) is often employed. It does so by 

reformulating the problem in terms of the electron density n(r) instead of the wavefunction. One 

of the advantages is that the electron density is function of only three coordinates. The electron 

density and the electron wavefunctions, which make up the overall wavefunction of the system, 

are related by Equation 3.3. 

𝑛(𝑟) =  2 ∑|𝜓𝑖|2𝑖  (3. 3) 

With the electron density, the energy of the system can be calculated using a density 

functional. The method is based on the Hohenberg and Kohn theorem, which proved that the 

ground state energy of the system is a unique functional of the electron density. Additionally, if 

the ground state energy is minimized with respect to the electron density, then the system is at 

the ground state (Equation 3.4).  

𝐸0 = 𝐸[𝑛0(𝑟)] (3. 4) 

Although simpler than WFT, finding a global solution to this optimization problem is still 

not trivial. To simplify the solution, Kohn and Sham developed a method to combine the electron 

density and wavefunction approaches. By using the electron density they reformulated the 

Hamiltonian so that the electron-electron interactions are expressed as an average electron-

electron potential that does not depend on the positions of other electrons63–66. The new 

Hamiltonian is shown in Equation 3.5. 
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𝐻 =  𝑇𝑒 + 𝑉𝑒𝑥𝑡 + 𝑉𝐻 + 𝑉𝑥𝑐 (3. 5) 𝑇𝑒 = − ℏ2𝑚 ∇2     𝑉𝐻(𝑟) =  𝑒22 ∫ 𝑛(𝑟)𝑛(�́�)|𝑟 − �́�| 𝑑3�́� 

The new Hamiltonian includes the Vext term (equivalent to the Vne term in Equation 3.2) 

the VH term (or Hartree potential) (equivalent to the Vee term in Equation 3.2) and the VXC which 

is known as the exchange-correlation potential. As with WFT, the new Hamiltonian can be 

written for each electron separately, approximating the overall wavefunction as: 

𝐻𝜓𝑖 =  𝜀𝜓𝑖      Ψ =  ∏ 𝜓𝑖𝑖 (3. 6) 

The Kohn-Sham equations are solved in similar fashion as described in Section 3.1. An 

electron density is guessed, which allows the Hartree and exchange-correlation potentials to be 

calculated. These are used to complete the Hamiltonian in Equation 3.5 and solve the electron 

wavefunctions using Equation 3.1. The new wavefunctions are then used to calculate the electron 

density using Equation 3.6. If the guessed and solved electron densities are the same within the 

desired numerical accuracy, the Kohn-Sham equations are deemed solved .67 Concerns about the 

accuracy of DFT stem from the Hartree Potential (VH) double counting the electrons self-

interaction and the functional form of the exchange correlation functional (VXC). Note that the 

exchange-correlation potential is meant to correct for electron self-interaction and other quantum 

effects, but while the existence of an exact functional is mathematically guaranteed, its exact 

form is unknown.63 Therefore, many forms of exchange-correlation functionals have been 

proposed and calculations are sensitive to the choice of functional. Despite these drawbacks, 

DFT methods are often sufficiently accurate for the research problems at hand and presents a 

much more computationally efficient scaling than WFT. DFT scaling is on the order of n2ln(n) to 
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N3 where N is the number of electrons and n is the number of atoms in a system.68,69 

3.3 Classical Monte Carlo 

As opposed to WFT and DFT which simulates electrons directly, classical Monte Carlo 

methods, lump the electron interactions together into the interaction between individual atoms. 

Therefore, these methods model the interactions between atoms with simpler analytical 

expressions known as force fields. These force field are used to construct a new classical 

Hamiltonian (Equation 3.7: Functional form for the DREIDING force field70. See Section 3.6 for 

details on the force field used in Chapter 5). 

𝐻 =  𝐸𝐵 + 𝐸𝐴 + 𝐸𝐷 + 𝐸𝐼 + 𝐸𝐿𝐽 + 𝐸𝐶  
 𝐸𝐵 = 𝐾𝑖𝑗(𝑟𝑖𝑗 − 𝑟0)2     𝐸𝐴 = 𝐾𝑖𝑗𝑘(𝜃𝑖𝑗 − 𝜃0)2     𝐸𝐷 = 𝐾𝑗𝑘[1 − cos[𝑛𝑗𝑘(𝜑𝑗𝑘 − 𝜑0)]] (3. 7) 

𝐸𝐿𝐽 = 4𝜀 [( 𝜎𝑟𝑖𝑗)12 − ( 𝜎𝑟𝑖𝑗)6]     𝐸𝐶 = 14𝜋𝜀𝜀0 𝑞𝑖𝑞𝑗𝑟𝑖𝑗   
The terms in the classical Hamiltonian represent interactions between atoms, which are 

described in terms of n-body interaction terms. 2-body interaction terms are typically used to 

describe the bonding of two atoms (EB) and non-bonded interactions by temporary electron 

dipoles (ELJ) and charged species (EC). 3-body interaction terms are typically used to describe 

the angle bending between three atoms (EA) to constrain them to a proper angle according to 

their hybridization. 4-body interaction terms account for dihedral interactions (ED) angle between 

atoms and model the rotation of groups of atoms within a molecule around a particular bond.  

With the classical Hamiltonian, the energy of a system can be calculated directly using 

only the positions of the atoms in the system. Because of this, classical methods such as Monte 

Carlo can evaluate significantly more system configurations than WFT and DFT. As such, these 

classical methods are typically less focused on calculating single point energies and more 



20 
 

focused on studying the dynamics of a system in the case of molecular dynamics or sampling an 

ensemble of many system configurations and energies to derive time-independent equilibrium 

properties in the case of Monte Carlo.  

Within the Monte Carlo simulation framework, system configurations are generated (and 

thus sampled) based on prior system configurations using a set of random moves (i.e. creating a 

so-called Markov chain). In the simplest case (NVT Ensemble), these moves can take the form 

of a random translation or rotation of an atom or molecule in the system. As you may expect, 

randomly displacing atoms can lead to very unfavorable system configurations (overlapping 

atoms, stretched bonds, etc.) with excessively high energy and thus very low probability of 

occurring in a real system.   

To improve the sampling, Metropolis et al. developed a scheme based on the idea of 

“importance sampling” to avoid these unfavorable states based on the energy change of the 

move.71–73 Moves that do not change the number of molecules are accepted outright if they 

reduce the energy of the system. Proposed moves that increase the system energy can also be 

accepted according to a probability proportional to e(-∆E/kT) where ∆E is defined as the energy of 

the new proposed configuration minus the energy of the old configuration. This allows Monte 

Carlo to accept high-energy configuration only rarely (consistent with a Boltzmann probability 

distribution). This sampling schemes creates a Markov chain (also referred to as a random walk) 

because the probability of system move from the current configuration to a new configuration is 

only dependent on the current configuration and not every prior system configuration before it.  

To model adsorption in porous crystals, one needs to allow the number of molecules N in 

the system to change. Thus, additional moves in the form of insertions and deletions are 

considered. Since adsorption is modeled as an equilibrium between the adsorbate in a gas phase 
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and the adsorbate within the porous crystal system, it is convenient to change the number of 

molecules according to a set chemical potential set for the system. Thus, the grand canonical 

(µVT) ensemble is typically sample during adsorption simulation to calculate relevant 

thermodynamic properties of the system.  

In GCMC simulations, the grand canonical (µVT) ensemble is used to simulate and 

equilibrium state between a gas phase and the adsorbent materials. This means that only 

configurations (or microstates) at constant chemical potential µ, volume V and temperature T are 

sampled. To obtain a realistic distribution of configurations, moves that increase the number of 

molecules in the system are always accepted if the change in energy between the new and the old 

configuration (∆E = U(N+1) – U(N)) is less than the chemical potential (µ). Otherwise, the move 

can accepted according to the acceptance probability which is proportional to e((-∆E + µ)/kT).74 

Conversely, moves that decrease the number of molecules in the system are accepted if the 

change in energy (∆E = U(N-1) – U(N)) is less than the negative of the chemical potential (-µ), 

while otherwise the probability of the deletion moves acceptance is proportional to e(-(∆E + µ)/kT). 

The chemical potential used in this acceptance probability corresponds to the chemical potential 

of the gas phase that the adsorbed phase is to be at equilibrium with. This chemical potential can 

be simply calculated with an equation of state such as Peng Robinson based on the pressure and 

temperature specified for the gas phase in the simulation.  

In GCMC simulations, the crystal unit cell defines the volume to be occupied by the 

adsorbed phase. The crystal structure is typically frozen in place, without Monte Carlo moves 

that would change the structure or composition of the crystal. While this technically means that 

the µVT ensemble is actually a µ1N2VT ensemble (with 1 referring to hydrogen and 2 referring 

to the crystal), this does not change the statistics of the system because the energetics of the 
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crystal structure are not sampled in the simulation.73 Thus, this kind of simulation is frequently 

referred in the literature as a GCMC simulation (albeit with a constant background potential 

acting on the hydrogen molecules). 

Because of the relative simplicity of Monte Carlo methods, the computational costs are 

significantly cheaper than quantum mechanics methods and typically scale between MNln(N) to 

MN2 where M is the number of simulation moves and N is the number of atoms.75,76 This is not 

to say that Monte Carlo simulations cannot become computationally prohibitive. In fact, while 

simpler than quantum mechanics, Monte Carlo algorithms are notably more difficult to 

parallelize.   

3.4 Computational Considerations 

The primary concern of applying molecular modeling methods to a problem of interest is 

the computational cost required to perform the simulations. Conversely, the usefulness of 

molecular modeling is inherently tied to its accuracy. As such, tradeoffs between simulation 

accuracy and performance must be made; limiting DFT and WFT to systems of hundreds of 

atoms and to tens of thousands of atoms for classical Monte Carlo.  

In this thesis, Monte Carlo was used for its relatively cheap computational costs to 

explore a large database of porous crystals with varying hydrogen-crystal interaction strengths, 

temperatures and pressures, amounting to over 18,000 simulations in total. The lengthy process 

of deriving force fields to describe hydrogen-metal catecholate interactions, which requires 

extensive DFT calculations, was bypassed. This work instead focuses on interrogating the 

attainability of DOE hydrogen storage targets based on different combination of crystal structure 

and hydrogen-crystal interactions, without emphasis on the specific metal that provides such 

interaction.  Despite these considerations, our predictions still required high performance 
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computing resources outside the reach of many research groups, especially experimental groups 

dedicated to synthesis and characterization of these materials. With this in mind, significant 

attentions have been given to an emerging class of predictive methods used in materials research: 

Machine learning. 

3.5 Machine Learning1 

With machine learning methods, instead of directly simulating properties of interest 

based on fundamental theory, these properties are predicted based off of previously “learned” 

observations. A popular machine learning method is the neural network. While previously less 

popular than tree-based methods due to concerns with computational costs, recent advances in 

GPU technology have led to a massive resurgence of the method in image classification77,78 

(Convolutional Neural Networks), sequence learning79,80 (RNNs and LSTMs) and more recently 

deep learning.81 This thesis work utilizes the most basic form of neural network know as an 

Artificial Neural Network (ANN) as shown in Figure 3.1 on page 24. 

An ANN is trained to reproduce a response Yi given a set of input variables Xij. The 

index i refers to the number of observations and the index j to a given descriptor. Each 

observation is fed into the input layer, where each descriptor is fed to the corresponding input 

node. There, each descriptor is given a “weight” and fed to all nodes in the first hidden layer. 

Each node in the hidden layer thus receives a weighted summation of the descriptors, to which it 

applies a non-linear activation function, and the resulting output is passed with a certain 

“weight” to all nodes in the next layer (different weights are applied to the same output 

depending to what nodes it goes). This process continues across all hidden layers until the output 

layer is reached. There, a linear transformation is applied and taken as the output Ŷi of the 

                                                 
1 Adapted from supplementary material from paper in Chapter 5 
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model.  

For an ANN of given architecture, the training consists of tuning the weights given to the 

outputs of each node depending to which nodes they are fed into as to generally make Ŷi as close 

as possible to Yi. In other words, during training, the network learns to represent the 

relationships between inputs and outputs, which is exploited as a prediction tool. The power of 

ANNs is that they can learn highly non-linear relationships due to the flexibility in terms of 

architecture and weight selections. Thus, ANNs are regarded as universal function 

approximators.82 

 

Figure 3.1 Schematic of a neural network. Input nodes shown in orange feed into two hidden 
layers with ReLU activation functions. The output of the final hidden layer feeds into the output 
node (green), which applies a linear transformation and outputs a prediction. Adapted from 38 
(with permission from Co-Authors). 

The ANNs were constructed using the keras83 package in R Studio.84–87 ANNs were 

comprised of dense layers (i.e. all nodes in one layer are connected to nodes in adjacent layers) 

with each node featuring ReLU activation functions.88 Additionally, batch normalization89 layers 
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were added to improve training convergence. The weights were trained with the Adam 

optimizer89 against a Mean Absolute Error (MAE) loss function with batch sizes of 200 

observations per weight update.  

 To determine the optimal configuration of hidden nodes and layers, a grid search was 

performed to evaluate different network architectures. To simplify the search space, the network 

architecture was restricted such that all hidden layers had the same number of nodes. The number 

of hidden layers was varied between one and three and the number of hidden nodes per layer 

between 10 and 100 with increments of 10. For each training run, the data was randomly split 

data into 80% for training and 20% for testing. These models were then trained for either 50 

epochs or until the model loss did not improve after 5 epochs, whichever happened first. The 

accuracy of each model was then evaluated on the testing data, with the results presented in 

Figure A.1 on page 87.  

3.6 Technical Details for Hydrogen Adsorption Predictions 

For predictions based on GCMC simulations, the acceptance criterion is based on energy 

differences between configurations. Thus, force field parameters are needed to calculate all 

energy terms for each configuration. The hydrogen molecule was modeled according to the 

three-site Darkrim-Levesque (DL) model illustrated in Figure 3.2. The interaction between sites 

of these molecules, and between sites of these molecules and sites of the porous crystals is 

modeled with a Feynman-Hibbs Lennard Jones plus Coulomb potential (Equation 3.8).  

However, no electrostatic interactions between hydrogen and the crystals were considered as 

their effects were shown to be negligible while still noticeably increasing the simulation time. 

The parameters ħ, kb and ε0 are the reduced Planck’s constant, Boltzmann constant and 

permittivity of free space, respectively. For particles i and j, εij is the Lennard Jones well depth, 
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σij is the Van der Waals radius, and μij is the reduced mass of the interacting particle pair.  

 

Figure 3.2 Darkrim Levesque90 three site hydrogen molecule. Adapted from 38 (with 
permission from Co-Authors). 

Crystal atoms remained fixed during simulations. A cutoff of 12.8 Å was employed for 

non-electrostatic interactions, while Ewald summation was used after a 12 Å cutoff for 

electrostatic interactions. The reduced mass μij was 1.0 for hydrogen-crystal interactions and 2.0 

for hydrogen-hydrogen interactions. 2,000 Monte Carlo cycles were used to equilibrate the 

systems, while other 2,000 cycles were used to collect ensemble statistics. Each Monte Carlo 

cycle consist of N Monte Carlo moves, where N is the higher number between 20 and the 

number of molecules in the simulation unit cell.  

𝑈𝐿𝐽,𝑖𝑗(𝑟𝑖𝑗) = 4𝜀𝑖𝑗 [(𝜎𝑖𝑗𝑟𝑖𝑗 )12 − (𝜎𝑖𝑗𝑟𝑖𝑗 )6]
𝑈𝐹𝐻,𝑖𝑗(𝑟𝑖𝑗) =  ℏ224𝜇𝑖𝑗𝑘𝑏𝑇 4𝜀𝑖𝑗𝑟𝑖𝑗2 [132 (𝜎𝑖𝑗𝑟𝑖𝑗 )12 − 30 (𝜎𝑖𝑗𝑟𝑖𝑗 )6] + 𝑞𝑖𝑞𝑗4𝜋𝜀0𝑟𝑖𝑗 (3. 8)

𝑈𝑖𝑗(𝑟𝑖𝑗) =  𝑈𝐿𝐽,𝑖𝑗(𝑟𝑖𝑗) +  𝑈𝐹𝐻,𝑖𝑗(𝑟𝑖𝑗)  

Values of other interactions parameters were assigned according to the list in Table 3.1 

on page 27. These parameters were obtained by applying mixing rules to UFF parameters for 

crystals sites and hydrogen molecules sites.91 The parameters for the hydrogen sites are listed in 

Table 3.2 on page 27. 
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Table 3.1 Crystal site-H_com interaction parameters. Adapted from 38 (with permission 
from co-authors). 

Crystal Site ε [K] σ [Å]  
C 44.032 3.194 
Cr 16.651 2.826 
Zn 47.874 2.71 
H 28.505 2.764 
O 33.286 3.039 
Zr 35.697 2.871 
N 35.712 3.114 
Cu 9.695 3.036 

 
Table 3.2 H2 interaction parameters. Adapted from 38 (with permission from co-authors). 

Molecule Site ε [K] σ [Å]  Q 

H_com 36.7 2.958 -0.936 
H_h2 0 0 +0.468 

 

3.7 Validation of Grand Canonical Monte Carlo Simulation Methods 

The validity of conclusions derived from molecular simulation depends on the inherent 

accuracy to the simulation methods used. Additionally, data used to train the ANN models must 

be accurate, as the quality of the ANN’s prediction can only be as good as the quality of the data 

given to it. Therefore, it is critical that the GCMC methods used in this thesis be validated 

against experimental observations. 

The accuracy of the DL model to describe hydrogen interactions has been debated in the 

literature. Studies performed by Garberoglio found that they were able to reproduce experimental 

isotherms within 10-15% using UFF and DREIDING for the MOF and the Darkrim and 

Levesque model for H2.
92 On the other hand, reviews from Keskin et al. in 2009 and Getman et 

al. in 2012 highlight several instances where the accuracy of the  DL model is outperformed by 

the much simpler Buch model.93,94 Getman et al. additionally noted that the reason for this may 

be due to double counting of quadrupole interactions in the charges (which were parameterized 
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for the DL model) and Lennard Jones interactions of the model (commonly UFF and/or 

DRIEDING, which were not considered in the DL parameterization).94 Additionally, authors 

such as Garberoglio et al. showed that the DL did not model the bulk properties of hydrogen 

correctly.92 Assuming these authors to be correct, these previously observed overestimations of 

hydrogen uptake at 77 K could be explained on this basis. 

 Another factor often brought up when simulation adsorption of hydrogen in porous 

crystals is the effect of charge polarization. When porous crystals have strong charge interactions 

(such as with some open metal sites in MOFs) the framework can force the electrons of hydrogen 

gas to shift, inducing a dipole in the molecule. Belof et al. studied the effect of polarization in a 

highly charged MOF (soc-MOF)95 and found that “The key result of this study is that hydrogen 

needs to interact sufficiently strongly with a MOF to produce a dipolar fluid with a 

characteristically higher condensation temperature”.  

Forrest et al. simulated hydrogen adsorption in [Zn(trz)(tftph)] and found that the single 

site Buch model and the multisite BSS and BSSP models performed well, but found that the DL 

potential overestimated their experimental results by ~20%.96 From this, they argued that the DL 

model was “overly attractive for simulations of H2 sorption in MOFs.” Pham et al. attributed this 

to the fact that the DL model has a larger charge magnitude compared to the BSS and BSSP 

models.97 In their study of PCN-61, they found that “Explicitly including the effects of many-

body polarization is critical for the accurate simulation of hydrogen and other sorbates uptake in 

such MOFs that include charged or highly polar interaction sites”.  

However, it is necessary to consider that prediction accuracy depends on all parameters 

used in the simulations. Thus, it is interesting to note that Camp et al. recently reported that the 

Peng-Robinson equation of state (which is commonly used to calculate the gas phase chemical 
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potential for the GCMC simulations, including this thesis) led to a 7% decrease in predicted 

loadings.98 Remarkably, they additionally found that the DL model + Peng Robinson equation of 

state resulted in the best agreement to experimental data in their testing. Thus, the accuracy of 

the DL model may be due to error cancelation. 

To directly explore the validity of the simulation methods used in this thesis, GCMC 

simulations using the methods described in Section 3.6 were performed to accompany hydrogen 

isotherms obtained in experiments by García-Holley et al.28 Simulated and measured adsorption 

were compared at three temperatures (77K, 160 K and 295 K) for eleven MOFs of varying 

topology and chemistry (Figure 3.3). The agreement between simulation and experiment was 

typically excellent with deviations from experiment (Figure 3.3 - B: NOTT-112, D: rht-MOF-7, 

H: UiO-67 and J:CYCU-3-Al) attributed to imperfections in the MOF crystals due to incomplete 

solvent removal and/or partial pore collapse (See footnote 39 from ref. 28 for additional details). 

This result clearly indicates that the GCMC methods outlined in Section 3.6 can reproduce 

meaningful simulation data, hence allowing us to derive meaningful conclusions from the large-

scale screening. 
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Figure 3.3 Comparison between experimental (lines) and computational (circles) isotherms. Adapted with permission from 
García-Holley, P.; Schweitzer, B.; Islamoglu, T.; Liu, Y.; Lin, L.; Rodriguez, S.; Weston, M. H.; Hupp, J. T.; Gómez-Gualdrón, D. A.; 
Yildirim, T.; et al. Benchmark Study of Hydrogen Storage in Metal–Organic Frameworks Under Temperature and Pressure Swing 
Conditions. ACS Energy Lett. 2018, 3 (3), 748–754. Copyright 2018 American Chemical Society. 
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CHAPTER 4 COMPUTATIONAL SYNTHESIS AND CHARACTERIZATION OF POROUS 
CRYSTALS 

4.1 Computational Synthesis. 

An ensemble of 105 porous crystals were constructed using the ToBaCCo44 code outlined 

in Section 5.3.1 (See Figure 5.2A on page 51 for topologies used in this study, and Figure 4.2 A 

and B on page 32 for the linkers and nodes respectively). Briefly, porous crystals were 

constructed from constituent building blocks of organic linkers and nodes based on previously 

synthesized materials (Figure 4.1A-D). The building blocks were mapped onto a mathematical 

representation of the underlying topological net and connected together. The constructed crystals 

then underwent a structural optimization procedure to relax the generated crystal structures 

(Figure 4.1E). 

 

Figure 4.1 Example of topologically guided MOF construction strategy. (a) A topological 
blueprint is chosen and scaled according to the building blocks that will be mapped onto it, (b) 
inorganic ‘‘nodular’’ building blocks are added, (c) organic ‘‘nodular’’ building blocks are 
added, (d) organic ‘‘connecting’’ building blocks are added, (e) connectivity information is 
completed and structure is optimized with a classical force field. Reproduced from Ref. 99 with 
permission from the Royal Society of Chemistry. 
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Figure 4.2 Linkers and nodes used for computational synthesis. (A) Catecholate linkers 
(green: Mg, blue: C, red: O, white: H).  (B) Subset of organic and inorganic nodes (gold: Si, 
black: C, red: O, copper: Cu, blue: Zn, cyan: Zr). Purple atoms represent edge connection points 
in crystallographic net. 

4.2 Characterization Methods 

Textural properties of the materials were characterized using the methods outlined in 

Section 5.3.3 and summarized in Figure 4.3 on page 33. Briefly, pore volumes were calculated 

using the Widom Insertion method using a helium probe. The probe atom was inserted into the 

system to sample the potential energy, U(r), across the crystallographic unit cell. From statistical 

mechanics, the pore volume is calculated by setting the second virial coefficient, 𝐵 = 1𝑀 ∫ 𝑒−𝑈(𝑟)/𝑘𝑇𝑑𝑟 − 𝑉𝑝 , equal to zero and solving the pore volume, Vp.100 Conceptually, the 

Widom insertion method samples points inside the crystallographic unit cell, where it can 
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identifies locations where the potential goes to infinite, indicating locations occupied by atoms.  

 

Figure 4.3 Visual summary of textural property calculation methods.  

Surface area was calculated by performing a Monte Carlo integration of the accessible 

surfaces of each atom in the system.101,102 A nitrogen-sized probed (3.31 Å) was used in order to 

relate to BET areas obtained from nitrogen adsorption experiments at 77 K. The largest cavity 

diameter and limiting pore diameter of each crystal were calculated by building a Voronoi mesh 

around the framework and calculating the largest distance between nodes and the largest 

diameter that can navigate through the framework respectively.102 

4.3 Textural Properties of Assembled Porous Crystals 

Once the textural properties were calculated, the first task is to understand how those 

properties are expressed in the metal catecholate-functionalized crystals and what ranges of 

properties are encompassed by the resulting structures. One of the most basic properties of 
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porous crystals is the density. Figure 4.4 shows the density distribution of the MOF density with 

respect to the linker that was used to build it. 

 

Figure 4.4 Distribution of framework density in studied porous crystals.  

It can be seen that using the same linker a wide range of density values can be obtained. 

This is primarily due to variations in crystal topologies, which dictates how building blocks are 

arranged in space. Thus, different densities can be achieved with the same building block 

depending on how compact the resulting network is. Nonetheless, on average, the L1 and L4 

linkers result in crystals with the largest density, which is consistent with these linkers being the 

shortest. The L4 linker results in slightly higher average density (1.23 kg/L vs 1.08 kg/L) due to 

its additional metal site. The density distributions then begin to narrow and the corresponding 

average density to decrease as the length of the linker increases. There is, however, little 

difference between the density distribution for crystals made of L3 and L5 linkers.  A similar 

analysis can be made for other textural properties (Figure 4.5 on page 35). 
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Figure 4.5 Textural properties distribution of the studied porous crystals. 

The relatively lower density observed for crystals constructed with  L2, L3 and L5 linkers 

translates into relatively large void fractions (Figure 4.5A) and pore volumes (Figure 4.5B). The 

higher densities of materials constructed from L1 and L4 linkers is reflected in correspondingly 

low gravimetric surface areas (Figure 4.5D). On the other hand, the volumetric surface areas 

(Figure 4.5C) exhibits a broad distribution of volumetric surface areas even with the shortest 

linkers. Figure 4.6 on page 36 explores the relationship between surface area and the pore space 

of the porous crystals. Figure 4.6A on page 36 identifies an interesting relationship between 

volumetric surface area and void fraction. Starting from low void fraction, increasing void 

fraction until a “critical” value improves surface area, beyond which, increases then causes a 

sharp decrease in volumetric surface area when the structure becomes too vacant. 
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Figure 4.6 Void space effects on surface area. A: Volumetric tradeoff between surface area 
and void fraction (See Figure 5.1 on page 48 for a similar analysis of a larger subset of 
materials). B: Gravimetric dependence of pore volume on surface area. 

This effect can be rationalized based on the fact that the surface area of the crystal is 

primarily provided by the surface of the linkers. When the void fraction is low, typically the 

underlying crystal net has a lot of “nodes” per volume of material. These nodes are the location 

where multiple linkers converge and are typically sterically crowded regions that “bury” part of 

the linkers. When the linker is short, a significant fraction of it cannot contribute to the area of 

the materials, and thus when the linker is short, both volumetric surface area and void fraction 

are low.  

When the linker length increases, there are less nodes per volume of materials, and a 

smaller fraction of the linker is “buried”, allowing it to contribute to the surface area. However, 

after some linker length, the “buried” fraction of the linker becomes negligible when compared 

to the amount of linker per volume of material. By increasing the linker length further, then the 

amount of linker (which is what provides the surface area) per volume of material decreases, 

making the volumetric surface decrease.50 This effect is illustrated in Figure 4.6B, where 

increases in pore volume have diminishing returns as pore volume increases. 
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Finally, Figure 4.7 on page 38 shows the relationship of all the textural we considered in 

this study, along with correlation coefficients to give a relative measure of the dependence 

between any two properties. The Pearson correlation coefficient measures how linear the trend 

between two variables is, with +1 representing a perfect positive correlation (Increasing x 

increases y) , -1 representing a perfect negative correlation (Increasing x decreases y) and 0 

representing a trend that has no discernable relationship.103 The Spearman correlation coefficient 

measures how well two variables are monotonically related (+1: Increasing x always increases y, 

-1 Increasing x always decreases y, 0: No relationship).104 

In this parity plot, there are many strong correlated relationships (Increasing void fraction 

decreases the crystal density, increasing cavity diameter increases pore volume, etc.). However, 

volumetric surface area (m2/mL) stands out in that all of the correlations between it and the other 

properties can be considered moderately significant at best.105,106 Comparatively, gravimetric 

surface area (m2/g) has a strong dependence on the density and thus exhibits a strong correlation 

to density (which has a strong relation to void fraction and pore diameter). This becomes 

especially important when considering the mechanism of hydrogen adsorption in a porous 

crystal.  

Hydrogen adsorption is believed to occur in two steps. First, the hydrogen adsorbs to the 

walls of the material due to the stronger interaction between hydrogen and the material when 

compared to hydrogen self-interaction. As more hydrogen adsorbs to the material, repulsions 

between the hydrogens make adsorption on the walls less favorable. After this reaches a critical 

point (H2-H2 repulsions = H2-Wall attraction), hydrogen will begin to fill the pores of the 

material.  
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Figure 4.7 Textural property parity plot. Lower left: Plots of interrelationship between all properties considered in this study. 
Upper right: Correlation coefficients of property relationships. 
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From this basic understanding of hydrogen adsorption, it becomes clear that the surface 

area will play a key role in the adsorption process since additional surface area will allow for 

more hydrogen to adsorb before repulsion occurs. However, the actual role of surface area on 

hydrogen uptake is more complicated. Figure 4.8 on page 40 shows the relationship between 

surface area and hydrogen uptake (See Figure A.8-10, Figure A.12 and Figure A.13 on pages 92, 

93, 94, 96 and 97 respectively, for additional plots of surface are versus hydrogen uptake and 

deliverable capacity). Clearly, this picture of hydrogen adsorption only holds true for high 

pressure loadings at cryogenic temperatures. 

At lower temperatures, the effects of pore size and heat of adsorption are more prevalent. 

Materials with smaller pore sizes have larger uptakes at lower pressures because they have larger 

heats of adsorption due to confinement. These materials also have smaller void fractions and thus 

low surface areas. On the other hand, materials with void fractions above the critical void 

fraction (~0.73) have less confinement, lower heats of adsorption and lower uptakes at low 

pressure. This causes a dip in the trendlines at lower pressures (and higher temperatures) because 

both cases have low surface areas, but the materials with small pores (and large heats of 

adsorption) exhibit most of their uptake at low pressures. As pressure increases (and/or 

temperature decreases), the effect begins to level off, and a mostly linear trend appears. 

4.4 Heat of Adsorption 

The heats of adsorption for hydrogen in the porous crystals were calculated using the 

Widom insertion method74 as outlined in Section 5.3.3. Figure 4.9 on page 40 shows the 

distributions of heats of adsorption for the created crystals. 
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Figure 4.8 Hydrogen uptake versus volumetric surface area. 
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Figure 4.9A shows that the heat of adsorption has little dependence on the topology of the 

porous crystal itself as the distributions primarily lie between 2-8 kJ/mol with long tails 

extending up to 70 kJ/mol regardless of the topology. Figure 4.9B also shows a similar trend 

with the choice of linker, but the tails of the distributions begin to become more relevant. Since 

the L1 and L4 linkers are the shortest linkers, where L1 has one catecholate site and L4 has two, 

they both display slightly higher average heats of adsorption as well very skewed long tails. 

Additionally, Figure 4.9C shows that temperature causes a slight decrease in average heat of 

adsorption.  

Perhaps the most interesting trend within the heat of adsorption is the effect of the 

hydrogen-catecholate interaction strength as described by the Lennard Jones parameter ε (Figure 

4.9D). For ε below 200 K (Representing a interaction five times stronger than the default Mg 

interaction strength from UFF91), there is little impact on the heat of adsorption from increasing 

the interaction strength. However, as the interaction strengths begins to increase beyond 200 K, 

the average heat of adsorption begins to noticeably increase, and the distribution of heats of 

adsorption begins to broaden. The specific causes of catecholate-hydrogen interaction and 

hydrogen heat of adsorption of hydrogen loading are discussed further in Section 5.4.1. 

Importantly, within the epsilon values studied, heats of adsorption spanning a wide range of 

values (including those to be deemed optimal in the hydrogen storage literature) are encountered 

in the resulting dataset. 
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Figure 4.9 Distribution of heats of adsorption.
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4.5 Gravimetric Hydrogen Adsorption 

One concern with the functionalization of porous crystalline materials with metal 

catecholates is that while appealing to increase volumetric hydrogen adsorption (and deliverable) 

capacity, the introduction of high molecular weight catecholate groups may lead to an 

unacceptable loss of gravimetric uptake (Equation 4.1). 

𝑁𝑤𝑝 =  𝑁𝑣𝑁𝑣 + 𝜌𝑀𝑂𝐹 × 100 (4. 1) 

The addition of the catecholates increase the density of the crystals and thus decreases the 

hydrogen uptake (Nwp) in terms of weight percent. To counteract this, the volumetric hydrogen 

uptake (Nv) must increase pronouncedly. To investigate this loss, a sensitivity analysis was 

performed on the impact of porous crystal density on the uptake. To quantify the limits of how 

much the density could reasonably change two scenarios were considered. One where the 

magnesium of the catecholate is replaced by Zr (ρZr), and the other where the magnesium is 

replaced by Be (ρBe). New densities and uptakes were calculated assuming that the volumetric 

uptake remained the same. Figure 4.10A on page 44 shows the possible range of this change 

(Δρ) by linker, and B shows the relative bandwidth of this change (wB) from Equation 4.2: 

∆𝜌 = 𝜌𝑍𝑟 − 𝜌𝐵𝑒 (4. 2)𝑤𝐵 =  ∆𝜌𝜌𝑀𝑔  

Figure 4.10B shows the distribution of ranges and bandwidth with respect to the linker, 

indicating that the choice of alkoxide can cause a dramatic change to the MOF’s density. In some 

cases, causing a shift proportional to the original Mg-MOF density.  
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Figure 4.10 Sensitivity of MOF density due to metal choice in alkoxide functionalization. A: 
Distribution of density change due to metal choice. B: Distribution of density change relative to 
Mg metal. 

At first glance this appears to be a major issue for the porous crystal uptake. However, 

the extreme shifts that occur happen in the material that already have high densities and are 

unlikely to be relevant to the percent gravimetric uptake (This concept is further explored in 

Section 5.4.2 in Figure 5.4 on page 57 and Figure A.7 on page 91.)   
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CHAPTER 5 ATTAINABLE VOLUMETRIC TARGETS FOR ADSORPTION-BASED 
HYDROGEN STORAGE IN POROUS CRYSTALS: MOLECULAR SIMULATION 

AND MACHINE LEARNING 

 A paper submitted to The Journal of Physical Chemistry C1 

Grace Anderson,ǂa Benjamin Schweitzer,ǂa Ryther Anderson,a Diego A. Gómez-Gualdróna* 

5.1 Abstract 

Hydrogen fuel is attractive to power vehicles without emitting carbon, but onboard 

storage of sufficiently densified hydrogen at moderate pressure remains a significant challenge. 

Adsorption-based storage in porous crystals is attractive to reduce the storage pressure, but it is 

unclear to what extent volumetric storage targets can be met under constraints of adsorbent 

design and choice of operating conditions. To help elucidate attainable values for volumetric 

storage metrics upon the potential introduction of strong hydrogen-binding sites, we 

“computationally synthesized” a library of porous crystals and performed 18,000+ grand 

canonical Monte Carlo (GCMC) simulations to calculate hydrogen loadings at multiple T, P 

conditions. The studied frameworks are based on 17 pore topologies and feature alchemical 

catecholate sites whose interaction with hydrogen we artificially and systematically modified 

within the range of DFT-calculated hydrogen-catecholate binding energies found in the 

literature. Porous crystals with tetrahedrally connected topologies dia and qtz tended to 

outperform other types of crystals for each “level” of hydrogen-alchemical site interaction 

strength. Among tested operating conditions, 100bar/77K↔5bar/160K swing conditions 

produced the highest optimal deliverable capacity (62 g/L with a 10 kJ/mol heat of adsorption), 

which was 138% higher than for the 100bar↔5bar swing at ambient temperature (26 g/L with a 

                                                 
1 Modified with permission from co-authors 
ǂ Co-First authors of paper 
a Department of Chemical and Biological Engineering, Colorado School of Mines, Golden CO 80401, USA 
* Corresponding Author: dgomezgualdron@mines.edu 
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17 kJ/mol heat of adsorption). Select simulations were analyzed in more detail to obtain 

adsorption mechanism insights. Leveraging all the generated data, we trained, for the first time, a 

single artificial neural network capable of predicting hydrogen loadings at multiple T, P 

conditions. Using this neural network, we estimated that, for the non-isothermal 77 K↔160 K 

swing, reducing the storage pressure from 100 bar to 35 bar only reduces the attainable 

deliverable capacity to 59 g/L, which may be an acceptable trade-off due to safety and 

compression cost implications. As the neural network only uses simple descriptors as input, 

modelers and experimentalists alike could potentially use it to rapidly pre-assess the hydrogen 

storage capabilities of newly proposed crystal designs at various swing conditions. 

5.2 Introduction 

Hydrogen only emits water when reacting with oxygen and has the potential to be 

obtained from renewable resources.107 It has been envisioned that these properties could be 

exploited in the future to create a so-called “hydrogen economy,” where hydrogen is the primary 

fuel.108 However, several roadblocks related to hydrogen production, storage and transportation 

need to be overcome first.109–113 For instance, one major challenge for vehicular applications, 

which account for roughly a third of the U.S. annual energy expenditure,114 is to effectively store 

enough hydrogen (~4 kg) to enable a practical driving range (~350 miles) in a reasonably sized 

onboard tank. Current hydrogen-powered commercial vehicles store densified hydrogen gas (~37 

g/L) at ambient temperature by compression to 700 bar.115–117 Such high storage pressure, 

however, raises concerns on safety and compression costs. Thus, car companies continue to 

explore alternatives to reduce the required storage pressure such as cryo-compression118 and 

cryo-adsorption,119 with the latter receiving a lot of attention in recent scientific 

literature.28,29,34,99,120–124 
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Adsorption-based hydrogen storage relies on adsorbate-adsorbent interactions to drive the 

accumulation of hydrogen molecules near the pore walls, hence densifying hydrogen. Since 

densification occurs more pronouncedly near pore walls, adsorbent gravimetric surface area 

(GSA) have been shown to be the main factor governing gravimetric hydrogen 

adsorption.54,125,126 Thus, simply targeting the increase of GSA as a material design rule has led 

to excellent gravimetric hydrogen in porous crystals such as metal-organic frameworks (MOFs), 

at least at cryogenic conditions,125–127 where densification can be significant despite typically 

weak hydrogen-adsorbent interactions. The accuracy of proposed proportionality relations 

between GSA and hydrogen adsorption (e.g. Chahine’s rule for cryo-adsorption) is 

debatable,34,54,121,123,124 but the effectiveness of such simple design rule is in no small part due to 

increases in GSA (e.g. via isoreticular expansion) also increasing the available space for 

hydrogen (i.e. increasing pore volume). 124 On the other hand, attaining sufficiently high 

volumetric hydrogen adsorption is more challenging (even at cryogenic conditions) and 

definitive guidelines on how to improve it or on how much it can be improved are needed. 

Although volumetric surface area (VSA) is a critical factor governing volumetric 

hydrogen adsorption. 99,121 simply targeting the increase of VSA as a design rule may not 

necessarily increase hydrogen adsorption, because increases in VSA can also reduce the void 

fraction available to store hydrogen.99 This is clearly observed from computational 

characterization of a large (nanoporous) material database (Figure 5.1 on page 48). Adsorption 

simulations in this database also reveal a significant caveat with simply targeting the increase of 

VSA to significantly enhance hydrogen adsorption: potentially fundamental limits for VSA. 

While, at cryogenic conditions (100 bar/77K), the 2020 DOE gravimetric adsorption material128 

target129 (~9 wt. %) can be consistently surpassed with GSAs around 40% of the highest GSA in 
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the database, the corresponding volumetric target129 (~60 g/L) can only be approached with 

VSAs around 83% of the highest VSA in the database. It is then apparent that attaining the 

volumetric target requires either pushing material synthesis toward the physical limits of 

volumetric surface area or using the material internal pore surface much more efficiently. The 

latter can be potentially achieved with stronger hydrogen-adsorbent interactions. Currently, 

stronger interactions, as noted by higher heats of adsorption (> 7 kJ/mol), are typically associated 

to confinement effects concomitant with reduction in pore size (< 4 Å).99 However, smaller pores 

are associated with lower void fractions and VSAs, effectively resulting in less adsorbed 

hydrogen despite the increase in heat of adsorption.99 Therefore, more hydrogen could be 

adsorbed if heats of adsorptions could be increased independently of confinement effects. 

 

Figure 5.1 Trade-off between volumetric surface area (VSA) and void fraction (Vf) in porous 
crystal from simulation (blue points) and experimental data (non-blue points). Simulation data 
extracted from ref. 99, experimental data from ref. 28. Each point corresponds to one framework. 

Porous crystals such as MOFs and COFs have been considered excellent candidates to 

incorporate chemical moieties with inherently high hydrogen affinity into nanoporous 
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architectures with high void fraction and VSA. For instance, moieties such as copper 

paddlewheels, which feature undercoordinated metals and are common in MOFs, have often 

been postulated as moieties that strongly attract hydrogen.128 However, both hydrogen adsorption 

experiments and simulations reveal that heats of adsorptions in “paddlewheel” MOFs (~6 

kJ/mol) are only ~2 kJ/mol higher than in “non-paddlewheel” MOF of similarly sized pores.28,130 

Meanwhile, ab initio calculations indicate that undercoordinated sites in metal catecholates 

attract hydrogen several-fold more strongly than most other moieties.45,46,51,131 

Based on the above, porous crystals featuring metal catecholate sites could potentially 

use their internal surface and volume more effectively and significantly improve volumetric 

hydrogen loadings. Caution, however, must be taken because too strong hydrogen-metal 

catecholate interactions could make it more difficult for the stored hydrogen to desorb and be 

delivered to the vehicle fuel cell. It is entirely possible that simply targeting stronger 

hydrogen-adsorbent interactions could in some instances reduce the volumetric deliverable 

capacity, while also making temperature control during refueling more challenging. Therefore, it 

is necessary to determine the optimal interaction strength, which could depend on topology of 

the crystal pores (which affects the spatial distribution of metal catecholates) and the operating 

conditions. 

Herein we perform 18,000+ adsorption simulations on 100+ proposed porous crystal 

designs featuring alchemical “catecholate” sites to elucidate how the introduction of strong 

interactions sites affect the volumetric hydrogen storage metrics of crystalline adsorbents 

depending on materials properties and operating conditions. With the use of alchemical sites, our 

work partly follows the spirit of “inverse molecular design” approaches in computational 

chemistry, where an optimal Hamiltonian to produce a certain property is identified before 
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searching for the actual chemistry that produces said Hamiltonian.132–134 In this work, since the 

alchemical sites are not tied to a specific chemical identity, we are able to bypass the time-

consuming force field derivation process. Instead, we rapidly evaluate hydrogen storage metrics 

for hypothesized hydrogen-catecholate interactions on a realistic range on plausible material 

designs, aiming to elucidate potential limits for hydrogen storage metrics based on material 

design constraints, the material properties associated with these limits, and how the limits 

optimal properties are affected by operating conditions. Additionally, taking advantage of the 

numerous, diverse adsorption data produced with our simulations, we demonstrate the training of 

a single neural network to predict hydrogen loadings at various conditions, aiming that this tool 

could be used to rapidly evaluate new porous crystal designs at different potential operating 

conditions. 

5.3 Computational Methods 

5.3.1 Computational Material Synthesis  

105 proposed open framework material designs were computationally “synthesized” 

using the topologically-based crystal constructor code, ToBaCCo.44 In the proposed designs, 

constituent building blocks are arranged in 17 different topologies (Figure 5.2 on page 51).  The 

studied topologies are highly symmetric and based on linking common inorganic nodes (i.e. 

metal-based secondary building units) such as Cu2(CO2)4, Zn4O(CO2)6, Cr3O(CO2)6, and 

Zr6O8(CO2)n, or common “organic nodes” such as C or Si, with suitable connecting building 

blocks based on phenyl rings functionalized with “metal” catecholates (Figure 4.2B on page 32). 

For some reference calculations, we also constructed “parent” structures analogous to those with 

alchemical catecholates, but without them. The structures produced by the ToBaCCo code 

underwent a two-stage optimization with Material Studio135 with bonded and non-bonded 
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interactions described with the Universal force field (UFF).91 In the first stage, the unit cell 

remained fixed while atoms were allowed to relax. In the second stage, both atoms and unit cell 

were allowed to relax. 

 

Figure 5.2 Information provided to ToBaCCo code for the automated construction of porous 
crystals studied herein. (a) Topological blueprints. (b) Connecting building blocks. C = cyan, O 
= red, H = white, alchemical catecholate site = green. (c) Feynman-Hibbs Lennard-Jones 
potential (at 77 K) for investigated interaction strength of hydrogen with alchemical catecholate 
site. 

5.3.2 Adsorption Simulations  

Grand canonical Monte Carlo (GCMC) simulations with the code RASPA136 were used 

to estimate hydrogen adsorption loadings for the proposed MOF designs. The considered 

pressures were 100, 65, 35, 5, and 1 bar, and the considered temperatures were 77, 160 and 295 

K, which allowed us to evaluate hydrogen deliverable capacities for a variety of operating 

conditions. Each adsorption simulation was equilibrated for 2000 cycles, and 2000 additional 

cycles were used to calculate ensemble averages.  Each cycle corresponds to N Monte Carlo 
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moves, where N is the highest between 20 and the number of hydrogen molecules in the unit cell 

during the cycle. The Monte Carlo moves correspond to equal-probability translation, rotation, 

and insertion/deletion of hydrogen molecules. Crystal atoms were not allowed to move during 

simulations. 

The implicit hydrogen gas phase was modeled with the Peng Robinson equation of state, 

while the explicit adsorbed hydrogen phase was modeled as molecules with Coulomb charges 

and Lennard-Jones (LJ) parameters described by the three-site model of Darkrim and 

Levesque.90 Except for the alchemical metal catecholate sites, porous crystal atoms were 

modeled with LJ parameters as described by UFF.91 Alchemical metal catecholate sites were 

described with LJ parameters: σ equal to 2.69 Å and ε/K equal to 44, 85, 115, 230, 350, 500, 

750, 1000, 1250. LJ parameters for cross-interactions were obtained using Lorentz-Berthelot 

mixing rules.  Thus, interactions with alchemical sites were approximately 1, 2, 3, 5, 8, 11, 17, 

23, and 28 times as strong relative to interactions with a UFF-modeled Mg site, and are within 

the range of interactions strength with actual catecholate sites reported by first principles 

calculations.45,46,51,131  

5.3.3 Computational Material Characterization  

The void fraction of the proposed MOF designs was calculated using the Widom 

insertion method with a helium probe described by LJ parameters σ and  of 2.64 Å and 10.9 K, 

respectively.137 Surface areas and pore sizes were calculated geometrically with the code 

Zeo++102 using the corresponding LJ σ parameter as the size of porous crystal atoms.  For 

surface areas a 3.31 Å (diameter) sphere was used to probe the internal crystal surface.  For pore 

sizes a Voronoi network was constructed around crystal atoms, and distance between network 

nodes was determined.  Adsorption configurations obtained from simulations were analyzed with 
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simple algorithms incorporated to in-house Python scripts. These algorithms count hydrogen 

molecules contacting pore walls and contacting alchemical sites using a cutoff equal to 1 Å plus 

the cross-interaction LJ σ parameter. Heats of adsorption were calculated using the Widom 

insertion method.74 

5.3.4 Neural Network Training  

Full details on the training of the neural network are provided in Sections 3.5 and 3.6. 

Briefly, dense neural networks were trained using the “keras” package in the open source 

software for statistical computing and graphics R.83 Each time a neural network was trained, the 

simulation data was randomly split as to use 80% for training and 20% for testing. Different 

network architectures (i.e. number of hidden layer and number of nodes per hidden layers) were 

explored using a systematic grid search (Figure A.1 on page 54).38From the grid search, we 

selected the architecture with two hidden layers and twenty nodes per hidden layer, because we 

were satisfied with its offered trade-off between accuracy (as shown by a mean absolute 

prediction error less than 1.3 g/L) and model complexity. Then, we trained a neural network of 

the selected architecture, and validated the accuracy using a 5-fold, 10-times repeated cross-

validation procedure (Figure A.2 on page 88). 

5.4 Results and Discussion  

5.4.1 Epsilons and Heats of Adsorption  

Let us first discuss how the epsilon describing the interaction of hydrogen with the 

alchemical catecholate sites impacts heats of adsorption and note some practical differences 

between heat of adsorption in non-porous (e.g. metal or chemical hydrides) and porous materials. 

In non-porous materials, the heat of adsorption is (essentially) the same as the inherent binding 

energy of hydrogen to the relevant sites, but in porous materials the heat of adsorption is 
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additionally affected by confinement effects, which is due to the overlap of interaction potentials 

originating from pore walls. This is clearly illustrated in Figure A.6 on page 90. For each epsilon 

(i.e. intrinsic interaction), there is a range of heats of adsorption, with higher epsilons providing 

access to wider ranges. Here, we primarily focus on intrinsic interactions and discuss our 

findings on the basis of the epsilon. However, as reference Figure 5.3 reports the average heat of 

adsorption associated with each epsilon when confinement effects are not present.  

 

Figure 5.3 Average “intrinsic” heat of adsorption associated with each epsilon describing the 
interaction of hydrogen with alchemical catecholate sites. Each point obtained as the 
extrapolated average heat of adsorption for structures featuring the same epsilon and void 
fraction approaching one. Error bars correspond to the residual standard deviation. 

Accordingly, each point in Figure 5.3 was calculated as the extrapolated average of the 

heats of adsorption for structures with void fractions of one (for which confinement effects are 

negligible). This produced average heats of adsorption ranging between 1.9 kJ/mol and 15.7 

kJ/mol as the epsilon multiplier went from 1 (Ɛ ~ 44 K) to 28 (Ɛ ~ 1250 K). For further context 

on our used range of epsilon, consider that a Morse potential parametrized by Getman and 

coworkers46 to describe the intrinsic interaction of hydrogen with magnesium catecholate sites, 
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which is estimated by DFT to be -22 kJ/mol, uses a De parameter (the analogous of Ɛ) of 634 K. 

5.4.2 Gravimetric Hydrogen Storage Metrics  

While our focus here is on volumetric hydrogen storage, we considered important to first 

examine to what extent the addition of metal catecholate sites would impact the gravimetric 

deliverable capacity of porous crystals. Accordingly, Figure 5.4 and Figure A.7 on page 91 

illustrate the impact on various gravimetric hydrogen storage metrics of the parent material (i.e. 

without catecholates) once catecholate sites are introduced. The effect on different gravimetric 

metrics depends on the molecular weight of the catecholate (which we alchemically varied 

between the value of beryllium and zirconium), the hypothesized hydrogen-catecholate 

interaction, and the operating conditions. However, if hydrogen-catecholate interaction are weak 

(e.g. ε = εo), the introduction of these sites is not beneficial for any metric at any condition. If 

hydrogen-catecholate interactions are sufficiently strong (e.g. ε = 28εo), gravimetric loadings can 

be improved at any temperature, most noticeable as temperature increases. 

 

Figure 5.4 Impact of introduction of catecholate site on deliverable capacity of porous 
crystals. The line indicates the gravimetric deliverable capacity of each parent material versus the 
ranking of the parent material. The bands indicate the deliverable capacity once catecholate sites 
are introduced to the parent material. A band results from considering different possible 
molecular weights (from ~9 to ~91 g/mol) for the alchemical catecholate site. 
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On the other hand, the increase or decrease in deliverable capacity is strongly tied to the 

swing conditions. Figure 5.4 on page 55 focuses on deliverable capacities at 100bar/77K↔ 

5bar/160K and 100bar/295K↔5bar/295K swing conditions. For the isothermal swing at 295 K, 

the gravimetric deliverable capacity can improve with sufficiently strong interactions. For the 

non-isothermal swing between 77 K and 160 K, the gravimetric deliverable capacity decreases 

relative to the parent MOF, regardless of interaction strength. However, even with this decrease 

many structures retain deliverable capacities above the estimated DOE 2020 material target, 

which again underscores the lower difficulty in reaching gravimetric targets relative to 

volumetric ones. 

5.4.3 Volumetric Hydrogen Storage Metrics 

Figure 5.5 on page 57 illustrates the value of different volumetric hydrogen storage 

metrics in all constructed structures with alchemical catecholate sites depending on epsilon. Data 

for metrics not available in Figure 5.5 can be found in Figure A.9 and Figure A.10 on pages 93 

and 94 respectively. As the epsilon multiplier goes from 1 to 28, the maximum hydrogen loading 

goes from 52 g/L to 82 g/L at 77 K, from 22 g/L to 66 g/L at 160 K, and from 8 g/L to 44 g/L at 

295 K. For isothermal swing at 77 K (160 K), the maximum deliverable capacity only increases 

moderately from 42 g/L (20 g/L) to 43 g/L (31 g/L) as the epsilon multiplier increases from 1 to 

5 (11), but further increases in epsilon reduces the deliverable capacity again. For isothermal 

swing at 295 K, the maximum deliverable goes from 7 g/L to 26 g/L as the epsilon multiplier 

increases from 1 to 28. For the 100bar/160 K↔ 5bar/295 K swing, the maximum deliverable 

goes from 22 g/L to 54 g/L with similar epsilon increases. 
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Figure 5.5 Effect of hydrogen-catecholate interactions on volumetric hydrogen storage metrics at different conditions. The value 
of each metric is plotted versus the largest cavity diameter (LCD), where each point corresponds to one material (structures differing 
in the epsilon for the interaction of hydrogen with the alchemical catecholate site are considered different materials). Trend lines run 
through the average value of the relevant metric at each value of LCD. Colors for points and trend lines correspond to the color scale 
for epsilon multiplier at the lower right corner. The optimal material at each condition is encircled in color consistent with the epsilon 
of the material. 
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However, the highest deliverable capacities were obtained with the recently proposed 

100bar/77K↔5bar/160K swing, with the maximum deliverable capacity going from 50 g/L to 62 

g/L as the epsilon multiplier increases from 1 to 11 and decreasing with further increases in 

epsilon. 

The above data indicates that hydrogen loadings up to 100 bar increase monotonically 

with epsilon. However, the effect on deliverable capacities is highly dependent on swing 

conditions and does not necessarily increase monotonically with epsilon. The reason is that the 

net change in deliverable capacity depends on the relative loading increase at the highest and 

lowest pressures during the swing, but at certain conditions the loadings begin to be constrained 

as epsilon increases due to limited pore space (i.e. void fraction). For instance, for the isothermal 

swing at 77 K, as the epsilon multiplier goes past 5, there is higher increase in loadings at 5 bar 

than at 100 bar, but at 295 K the increase in loading is higher at the high pressure. The reason is 

that while pore space limitations clearly play a role at 77 K, they seem not to be as significant a 

factor at 295 K. 

Although screening of chemical moieties for potential introduction in porous crystals for 

hydrogen storage are based on intrinsic interactions between the hydrogen and the moiety in 

question45,46,51,131 (as reflected here by epsilon), the actual heat of adsorption must be considered 

for thermal management concerns. Table 5.1 on page 59, which is based on the data in Figure 

A.11 on page 95,which illustrates heats of adsorption for all materials studied here, shows the 

“optimal” heat of adsorptions for the tested epsilons and corresponding optimal deliverable 

capacity Note that the “optimal” heat of adsorption for each epsilon was different, generally 

moving toward higher values as the epsilon multiplier increased. For the isothermal swing at 295 

K, the highest deliverable capacity (26 g/L) was obtained with the highest tested epsilon 
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multiplier (28), resulting in an optimal heat of adsorption of 17 kJ/mol. On the other hand, for the 

recently proposed 100bar/77K ↔ 5bar/160K swing, the highest deliverable capacity (61 g/L) 

was obtained with an epsilon multiplier of 17, resulting in an optimal heat of adsorption of 10 

kJ/mol. The latter result is encouraging as a heat of adsorption of 10 kJ/mol probably makes 

thermal management more amenable than the higher heats of adsorptions needed at higher 

temperatures, especially considering the typically low thermal conductivities of open-framework 

materials.47 

Table 5.1 Optimal heat of adsorption (at dilute conditions) for each intrinsic hydrogen-
catecholate interaction (indicated by epsilon multiplier Λ) and corresponding volumetric 
deliverable capacity (ΔH2). Phigh = 100 bar, Plow = 5 bar. 

 Phigh@77K↔Plow@160K Phigh↔Plow@295K 

Λ 
Optimal Qst 

(kJ/mol) 
ΔH2 (g/L) 

Optimal Qst 
(kJ/mol) 

ΔH2 (g/L) 

1 3.8 50.4 2.1 7.4 

2 4.1 52.3 3.1 7.6 

5 5.3 57.9 4.3 10.1 

8 7.3 59.4 5.4 12.9 

11 6.0 60.3 7.9 17.2 

17 9.7 60.9 13.5 22.6 

23 13.6 58.6 15.8 25.3 

28 10.2 56.0 16.6 26.2 
 

It seems clear that the optimal intrinsic interaction strength between hydrogen and the 

catecholates sites depends on operating conditions, which means that the required catecholate 

chemistry (which alters intrinsic hydrogen-catecholate interactions) to maximize hydrogen 

storage metrics also depends on operating conditions. As catecholate sites are likely to be 

introduced via post-synthetic modifications on a parent material, a natural question is: does the 

optimal “structure” also change with epsilon? To address this question, one can examine what 

kind of structures are most benefited by the introduction of the catecholate sites. Since the 
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reinforced interaction of hydrogen with the parent materials arises from the introduction of 

catecholate sites, we first examined whether there is a correlation between the number density of 

catecholate sites in the materials and how much their hydrogen storage metrics improve as 

epsilon varies. 

Figure 5.6 on page 61 shows that, regardless of epsilon, simply maximizing the number 

density of catecholate sites in the material is not the most beneficial strategy. For the isothermal 

swing at 295 K, such maximization results in increases in deliverable capacity but not as 

pronounced as those obtained with moderate number densities of catecholates. For the 

100bar/77K↔5bar/160K swing, such maximization even results in reduction of the deliverable 

capacity, with increases only occurring with low number densities of catecholates. These 

observations suggest that while the introduction of the catecholate sites is critical to improve the 

deliverable capacity, other material properties play a critical role on determining whether the 

introduction of these sites is beneficial or not. For instance, inspecting the structures with the 

highest number densities of catecholate sites, it is clear that their available pore space (void 

fraction) is low and likely restricts the increase on hydrogen loading at the storage pressure (most 

notably at low temperature). 

In Figure A.12 on page 96, we observe that materials that simultaneously present void 

fractions in the 0.7-0.9 and VSAs in the 1300-1800 m2/cm3 range tend to present the most 

significant improvements in deliverable capacity for the 100bar/77K ↔ 5bar/160K swing. 

Importantly, materials presenting properties in the above ranges already tended to appear as the 

best materials in the absence of enhanced interactions. This indicates that the structures of the 

materials that perform optimally at each epsilon tend to be similar. An analogous observation 

was made in Figure A.13 on page 97 for the isothermal swing at 295 K. Materials that 
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simultaneously present void fractions in the 0.6-0.8 and VSAs in the 2000-2300 m2/cm3 range, 

which already tended to have the highest deliverable capacities also tended to present the most 

significant improvements with epsilon increases. 

 

Figure 5.6 Change in volumetric deliverable capacity (ΔΔH2) as function of the number 
density of alchemical catecholate sites depending on the value of epsilon for the hydrogen-
catecholate interaction. Trend lines and points are colored according to epsilon based on the side 
color scale for epsilon multiplier. 

5.5 On Hydrogen-Alchemical Catecholate Interaction and Hydrogen Adsorption 

Mechanism.  

Insights on the adsorption mechanism can potentially help understand apparent 

performance limits better by shining light on how different material factors affect hydrogen 

storage. A natural starting point on mechanism and limits is perhaps to examine the densification 

of hydrogen insight the materials. Such density inside the pores is calculated simply as the 

product of volumetric loading and void fraction. Figure 5.7 on page 62 shows the average 

density of hydrogen inside the pores as a function of epsilon and pore size. As a reference, the 

density of liquid and solid hydrogen are 70 g/L and 87 g/L, respectively, although at supercritical 

conditions higher densities can be obtained at sufficiently high pressures. Thus, at both 77 K and 
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295 K densities higher than solid hydrogen are found within the pore, more notably so as epsilon 

increases. 

 

Figure 5.7 Density of adsorbed hydrogen versus largest cavity diameter (LCD). As reference, 
horizontal dash lines correspond to the density of bulk hydrogen at the same conditions. Trend 
lines and points are colored according to epsilon based on the side color scale for epsilon 
multiplier. 

Hydrogen densification relative to bulk hydrogen is moderate at large pore size, but it 

becomes significant once the pore size decreases below ca. 15 Å. The densification within small 

pores relative to the bulk is more pronounced at higher temperature. At 295 K and an epsilon 

multiplier of 28, the average hydrogen density for materials with 5 Å pores is ~23-fold higher 

(~155 g/L) than the bulk, while at 77 K is only ~6-fold higher (~170 g/L).  In any case, materials 

allowing the highest hydrogen densification do not yield the highest volumetric loadings, 

because pronounced densification is only attained with pronounced confinement effects that to 

be achieved end up restricting the space to load hydrogen. Indeed, the materials with the highest 

volumetric loadings at 77 K and 295K presented densities of 109 g/L and 97 g/L, respectively. 

To further analyze how densification occurs as epsilon changes, in Figure 5.8 on page 64 

we break down the total adsorption loading at 100 bar into hydrogen contacting the alchemical 
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catecholate sites, hydrogen contacting the walls (i.e. hydrogen adsorbed by monolayer formation 

mechanism), and mid-pore hydrogen not contacting the walls (i.e. hydrogen adsorbed by a pore 

filling mechanism). For these analyses, we chose five frameworks: three frameworks that are 

among those with the highest deliverable capacity (> 60 g/L) for the 100bar/77K↔5bar/160K 

swing (these frameworks featured the tetrahedrally connected dia and qtz topologies), and two 

frameworks that while presenting somewhat similar textural properties to the former three, 

present sub-optimal deliverable capacities (< 50/g/L) at the same conditions. 

At cryogenic temperature, hydrogen densification occurs both close and far from the 

walls as epsilon increases (Figure 5.8 on page 64). At 100 bar, for the optimal frameworks, the 

hydrogen density close to the walls (i.e. on the hydrogen “monolayer”) increases 51%-70% when 

the epsilon multiplier goes from 1 to 28, whereas far from the walls (i.e. on the “pore filling” 

hydrogen) it increases 42%-53%. For the suboptimal frameworks, this increase is in the 29%-

51% range close to the walls and in the 45%-100% range far from the walls. Thus, for optimal 

frameworks, the densification is more pronounced close to the walls than far from them, while 

the opposite is true for the suboptimal frameworks. 

When focusing on absolute numbers, however, it is apparent that the difference between 

the top and average frameworks is the higher amount of hydrogen far from the walls for the 

former group. For the top frameworks, around 25% of the total hydrogen loading is far from the 

walls, whereas for the average frameworks this number is in less than 19 %. The “monolayer 

loading” hydrogen increased by 14 to 22 g/L in the five frameworks as the epsilon multiplier 

changed from 1 to 28.  
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Figure 5.8 Breakdown of hydrogen loadings at 100 bar at 77K and 295 K in five porous crystals. At 100bar/77K↔5bar/160K 
swing and “optimal” epsilon, (a) and (b) present sub-optimal deliverable capacity, whereas (c), (d) and (e) present optimal deliverable 
capacity. (a) rhr net, VSA = 1545 m2/cm3, VF = 0.68, (b) bcs net, VSA = 2012 m2/cm3, VF = 0.60, (c) dia net, VSA = 1950 m2/cm3, 
VF = 0.76, (d) qtz net VSA = 1641 m2/cm3, VF = 0.85, (e) qtz net, VSA = 1715 m2/cm3, VF = 0.85. The breakdown for all MOFs 
shows hydrogen at the alchemical sites (@ACS), at the walls (@walls) and at mid-pore (@mid-pore) following the same order as for 
case (a) at 100bar at 77 K. Loadings at different epsilons are colored according to the top-right color scale. 
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On the other hand, the “pore filling” hydrogen loading increased by 7 to 10 g/L in the 

three top frameworks, but only by 2 to 4 g/L. Increase in the “pore filling” loading is desirable as 

this hydrogen is less likely to be retained at the lowest discharge pressure, hence benefiting the 

deliverable capacity. 

At ambient temperature, hydrogen densification due to increase in epsilon also increase 

close and far from the walls from a percentage perspective. However, contrary to cryogenic 

conditions, the majority of the hydrogen loading seems to correspond to hydrogen close to the 

walls (“monolayer loading”). As the epsilon multiplier increases from 1 to 28, the hydrogen 

“monolayer loading” for the five frameworks in Figure 5.8 can reach around 90% of the total 

loading.  (material c in Figure 5.8). Therefore, by increases the epsilon multiplier to 28, the 

hydrogen loading in these frameworks increased by 15 to 23 g/L almost exclusively due to 

densification of the monolayer. 

Notably at both cryogenic and ambient temperature, as the epsilon increases, the 

densification of the hydrogen monolayer does not occur solely by increasing hydrogen 

coordination to the alchemical catecholate site, but also by increasing the density of hydrogen at 

other pore wall locations. This is clear from Figure 5.8. For instance, material c increases the 

monolayer loading by 24 g/L at 77 K, even though the loading coordinating to the catecholate 

site increases only by 11 g/L. This density increase in the monolayer at non-catecholate sites is 

probably what makes it so the number density of catecholate sites is not the sole factor 

determining the improvement of volumetric hydrogen deliverable capacity. This results in other 

factors such as VSA playing a more critical role. Indeed, it is noteworthy that material c also has 

a high deliverable capacity for the isothermal 100 bar ↔ 5 bar swing at 295 K, albeit it requires 

an epsilon multiplier of 28, instead of the optimal 11 it requires for the 100bar/77K↔5bar/160K 
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swing. 

 

In summary, while the number of catecholate sites and the intrinsic interaction of 

hydrogen with the catecholate are important for hydrogen storage, it is the interplay of these 

factors with VSA, void fraction and pore size what ultimately determines the value of hydrogen 

storage metrics at different operating conditions. Although, the insights provided here and by 

other simulation works98,138 can guide the design and synthesis of better materials, it is still 

difficult to quantitatively anticipate what volumetric hydrogen storage metric will result from 

certain combination of factors, especially if the operating conditions of interested have not been 

directly studied before. 

5.6 Towards an Artificial Neural Network to Predict Hydrogen Adsorption at Any 

Operating Condition  

Based on the analysis of our GCMC simulations, one expects that i) the optimal values of 

hydrogen storage metrics change with operating conditions, ii) that the optimal material structure 

and chemistry associated with the optimal hydrogen storage metrics changes with operating 

conditions. Accordingly, it would be useful to have a tool to rapidly assess if a newly proposed 

materials design would excel at a chosen operating condition, or otherwise find the best 

operating condition for the proposed design. However, since newly proposed designs may come 

from experimentalists, it would be useful if such tool would be accessible to experimentalists, 

which means that the tool should not require high-performance computing neither significant 

simulation expertise. 

To this end, we decided to train an artificial neural network to predict hydrogen 

adsorption using as input what we believe to be easily calculated material factors that we found 
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to clearly impact hydrogen adsorption (hence, volumetric hydrogen storage metrics). These 

factors are void fraction, framework density, largest cavity diameter, pore limiting diameter, 

volumetric surface area, alchemical catecholate site number density, and the epsilon for the 

interaction of hydrogen with the alchemical sites. The first six are factors that are specific to each 

material, but that can be easily calculated once a crystallographic structure is known even with 

tools accessible to experimentalists. The last factor may be provided by DFT calculations, but 

since it is independent of the material and particular to a specific chemical moiety, the relevant 

DFT data may be obtained from the literature. 

Different to preceding machine learning efforts that trained individual algorithms for 

each specific thermodynamic condition,29,57,139–143 here we decided to train a single neural 

network to predict adsorption at different temperature and pressures. To do this, we also used 

temperature and pressure as inputs for the neural network, in addition to the material factors 

mentioned in the preceding paragraph. Training was done using over 18,000 simulation data 

entries as described in detail in the methods section, which resulted in a neural network with two 

hidden layers and 20 nodes per hidden layer. The effectiveness of the neural network in 

predicting hydrogen loadings (using simple factors as inputs) is illustrated by the parity plots 

presented in Figure 5.9 and Figure A.3 on page 89, which compare the predictions of hydrogen 

loadings obtained with GCMC simulations to those obtained with the trained neural network. 

Since the goal is to be able to use the network at different operation conditions, which 

could include temperatures and pressures not explicitly included in the training, we decided to 

test predictions not included in the training data. To do a simple test for this, we picked the top 

MOF for the 100bar/77K↔5bar/160K swing as a test case and used the neural network to predict 

loadings at new pressures and temperatures. First, we used the neural network to predict full 
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isotherms for this material at 77K, 160 K, and 295 K at different epsilons. Since, for the training 

we used data at 0.1, 1, 5, 35, 65 and 100 bar, we tested the ability of the algorithm to 

“interpolate” between pressures, which the network was able to do very well (Figure A.4 on page 

89). Second, we used the neural network to predict isobars at 1, 5, 35, 65 and 100 bar at different 

epsilons. Analogous to the isotherm predictions, here we tested the ability of the neural network 

to interpolate between temperatures, which the network also did well. 

 

Figure 5.9 Parity plots comparing hydrogen loadings at 100 bar (but different temperatures) 
predicted by a single artificial neural network with loadings predicted by our GCMC simulations. 
The mean absolute error (MAE) for each thermodynamic condition is shown as inset. Parity 
plots for predictions of hydrogen loadings at all other thermodynamic conditions are shown in 
Figure A.3 on page 89. 

Finally, encouraged by the success of our tests, we decided to use the trained neural 

network to evaluate the maximum attainable targets with the material design and interactions 

studied here when either the storage or the discharge pressure is changed (Figure 5.10 on page 

69). When the storage pressure changes from 100 bar to 35 bar the neural network predicts that 

for the non-isothermal 77 K↔160 K swing the maximum deliverable capacity only decreases by 

3% from 61 g/L to 59 g/L. For the isothermal swing at 295 K, however, the same decrease in 

storage pressure maximum deliverable capacity decreases by 33% from 26 g/L to 17 g/L. When 
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the lowest discharge pressure is reduced from 5 bar to 2 bar, the maximum deliverable increased 

less than 15% for either swing (to 64 g/L and 29 g/L for the non-isothermal and isothermal 

swings, respectively). Remarkably, for each swing, some crystal designs seemed to be optimal 

for a wide range of operating pressures. 

 

Figure 5.10 Optimal crystal structure and epsilon multiplier Λ for predicted maximum 
deliverable capacities by lowering discharge pressure (top curves in both panels) while keeping 
storage pressure at 100 bar and lowering storage pressure (bottom curves in both panels) while 
keeping discharge pressure at 5 bar. 

5.7 Conclusions 

The recent commercial release of hydrogen-powered fuel cell vehicles that store 

hydrogen at 700 bar has reignited the interest on finding methods for lower the storage pressure 

as to make the technology safer and more widespread. One of these methods is adsorption-based 

hydrogen in porous crystals.  Here we demonstrated the combination of “computational 

synthesis” of crystals and molecular simulation to elucidate attainable volumetric hydrogen 

storage targets at different operating conditions, as well as the crystal structural and chemical 

characteristics associated with those targets. We observed that the introduction of strong binding 

sites to a porous crystal can increase volumetric storage metrics (more so as the operating 



70 
 

temperature increases). Unexpectedly, however, we found the number of sites introduced to the 

crystal to not be as important as introducing the sites to a crystal with high volumetric surface 

area and void fraction. 

We also demonstrated for the first time that, by leveraging large amounts of simulation 

data at various temperature and pressures, it is possible to train a single neural network to predict 

hydrogen adsorption at different thermodynamic conditions. The properties used as input for the 

neural network are easy to calculate or obtain from literature, which makes this tool potentially 

useful for both experimentalist and theoreticians alike. After our use of molecular simulation and 

machine learning tools we determined that 62 g/L is an attainable deliverable hydrogen capacity 

for 100bar/77K↔5bar/160K swing conditions. This target can be reached with moderate heats of 

adsorption (~10 kJ/mol), which may be beneficial for thermal management. Moreover, reducing 

the storage pressure for the swing to 35 bar only reduces the attainable deliverable capacity to 59 

g/L, which could be an acceptable trade-off given potential tank design- and safety-related 

implications.  



71 
 

CHAPTER 6 GENERAL CONCLUSIONS 

6.1 Discussion 

 One question that an experimentalist will ask is what material they should synthesize to 

maximize hydrogen storage performance. This is a question that can be answered by 

understanding what makes the best materials the best. To tackle this question, attention was 

focused on some materials architectures that seemed to frequently emerge among top performers 

at different conditions as noted in Chapter 5. Among these architectures, COFs with dia and qtz 

nets were frequently found as the two illustrated in Figure 6.1.  

 

Figure 6.1 Subset of top performing materials. A) dia-C-L2. B) qtz-C-L2 

Indeed, top porous crystals typically corresponded to COFs showing the following 

properties: void fractions around 0.74, surface areas around 2,100 m2/cm3, pore diameters around 

8-12 Å, and a catecholate density of ~4 mol/m3. Remarkably, relatively low catechol densities 

were sufficient to optimize the COF storage performance (by tuning the hydrogen-catechol 

interaction). As noted in Chapter 5, the introduction of some catecholates into the crystal 

structure led to a densification of hydrogen making up the adsorbed monolayer. While higher 
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catechol densities will also densify the adsorbed monolayer, they will result in significant lost 

pore space, because these densities require shorter linkers. Such reduction in space leads to a 

reduction in the so-called “pore filling” contribution to the total hydrogen loading as also noted 

in Chapter 5. Hydrogen corresponding to pore filling is not as strongly bound to the crystal, 

which makes it easier to release from the crystal at the lower pressure, ultimately boosting the 

deliverable capacity. 

Once knowing what optimal architecture looks like, the question an experimentalist will 

ask is what the chemistry of the material should be, which is related to what the interaction 

between hydrogen and “special” sites in the crystal should be. In this thesis, we focused on 

understanding the interaction aspect without connecting it to a specific chemistry (see Future 

Work below). The optimal interaction changes with operating conditions, although more 

drastically with changes in operating temperature than with changes in operating pressure. 

Focusing on 77K/100 bar ↔ 160K/5 bar swing conditions, the optimal interaction strength is an 

intermediate value among the ones considered in this studied. The reason is that a increasing the 

interaction will attract the porous crystal at both the storage and discharge condition, in which 

case tradeoffs come into play, as being able to release the majority of the hydrogen (~90%) is a 

necessary, albeit not sufficient condition, to reach optimal deliverable capacities (Figure 6.2 on 

page 73). For the above swing conditions, catecholates that lead to heats of adsorptions around 

(~10 kJ/mol ) seemed optimal. These requires only moderately higher interactions between 

hydrogen and catecholates than what is typically observed between hydrogen and other 

commonplace moieties. 
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Figure 6.2 Non-isothermal deliverable capacity versus the fraction of delivered hydrogen 
from the materials  

Echoing the analysis presented in Section 4.6 and Figure 5.8, Figure 6.3 on page 74 

details and summarizes how a porous material can become good at storing and delivering 

hydrogen. The analysis focuses on three optimal crystals (dia-L2, qtz-L3 and qtz-L5) and two 

suboptimal ones (rhr-L2 and bcs-L1), simultaneously showing the change a breakdown of 

isotherms by hydrogen location inside the crystal and by interaction strength. Notice that the 

architecture of qtz-L5 is optimal because of significant contribution to total loading by pore 

filling (blue band) in contrast to bcs-L1. However, qtz-L5 is not optimal at the strongest 

interaction (top edge of each band), because at this interaction most hydrogen remain stuck on 

the walls (purple band) at the desorption pressure. While the range of properties noted earlier for 

optimal materials at 77K/100 bar ↔ 160K/5 bar swing conditions indicate how to optimize the 

tradeoff at those specific conditions, it is difficult to anticipate how the tradeoff is optimized at 

different conditions. Therefore, the artificial neural network developed in Chapter 5 will be 

useful to conceive optimal design at other operating conditions. 
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Figure 6.3 Breakdown of hydrogen loadings in five porous crystals over pressure, 
temperature and interaction strength. Bands represent the cluster of isotherms obtained as 
interaction strengths is varied. Top and bottom edge of each band correspond to strongest and 
weakest interaction, respectively. 

6.2 Conclusions 

To develop high capacity H2 storage systems for hydrogen fuel cell vehicles, this thesis 

addresses the characterization and development of adsorbent systems using porous crystals. 

Simulations of hydrogen adsorption were performed using GCMC to elucidate the role of the 

hydrogen-crystal interaction strength on the deliverable capacity at different thermodynamic 

conditions. Interaction strength was artificially varied within a range of realistic values (as 

informed by first-principles calculations form the literature) to directly interrogate that role. A 

trained artificial neural network learned to predict hydrogen adsorption at different pressures and 

temperature when given information of the interaction strength provided by a crystal along with 

crystal textural properties.  Utilization of the ANN shows that functionalizing porous crystals 

with catecholates could allow approaching the DOE’s 2020 material target of 60 g/L (taken as a 

deliverable capacity target) with milder operating conditions than the  100bar/77K ↔ 5bar/160K 
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swing proposed by HSECoE.144 Additionally, this work demonstrates that by utilizing simulation 

datasets at varying thermodynamic conditions, artificial neural networks can be trained to predict 

full adsorption isotherms using only the textural and simulation properties of the system. With 

this methodology, materials can now be screened faster and with greater accuracy across a range 

of thermodynamic conditions.29,145  

6.3 Future Work 

Next steps in research should include making the connection of the optimal interaction 

strength found here for each operating condition to specific metal catecholate chemistries (or 

other kind of functionalities with strong, tunable interaction with hydrogen). Before doing, there 

may be some merit to studying the effect of the “apparent” size of the group providing the 

interaction. Here only the ε Lennard-Jones parameter was modified, but not the σ parameter that 

control when hydrogen start to experience repulsion as it approaches the catecholate site. 

However, stronger interactions (higher ε) typically shrinks the repulsion core, which may have 

some impact on the pore volume of the materials. This aspect aside, future work should 

emphasize discussions in a feedback loop with experimentalist about what kind of crystal 

designs they could likely synthesize and use the trained neural network to inform them on the 

expected performance of such design and at what conditions it would perform optimally. 

Similarly, the neural network should be coupled with a genetic algorithm to optimize the crystal 

properties for a given operating condition and follow this with discussion with experimentalists 

about what material they could synthesize that could reproduce those properties.  
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APPENDIX A   SUPPLIMENTARY INFORMATION 

This appendix presents the supplementary information from the paper referenced in 

Chapter 5.38 

 

Figure A.1 Mean absolute error (MAE) for different ANN architectures explored through a 
grid search.  Each point represents an architecture, with the color being representative of the 
corresponding MAE consistent with the side color scale. 
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Figure A.2 Cross validation results for the training of the ANN used to obtain the results 
presented in the main text. Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) 
of 5-fold, 10 times repeated cross validation is presented in the top and bottom plot, respectively. 
Red points indicate observations, lower and upper hinges of boxplots indicate first and third 
quartiles of the validation repeat, whiskers indicate the smallest and/or largest point outside of 
interquartile range. 
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Figure A.3 Parity plots comparing hydrogen loadings predicted by the trained ANN at 
different thermodynamic conditions with loadings predicted by our GCMC simulations. The 
mean absolute error (MAE) for each thermodynamic condition is shown as inset. 

 

Figure A.4 ANN prediction of hydrogen loadings on the “qtz-sym-4-mc-Si-L2” crystal at 
different pressures for different epsilon multipliers for the hydrogen-alchemical site interactions. 
Lines correspond to ANN-predicted loadings up to 100 bar using 0.1 bar increments. Points 
correspond to GCMC-predicted loadings. 
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Figure A.5 ANN prediction of hydrogen loadings on the “qtz-sym-4-mc-Si-L2” crystal at 
different temperatures for different epsilon multipliers for the hydrogen-alchemical site 
interactions. Lines correspond to ANN-predicted loadings up to 295 K using 1 K increments. 
Points correspond to GCMC-predicted loadings. 

 

Figure A.6 Hydrogen heat of adsorption in porous crystals at dilute conditions (Qo) calculated 
with the Widom insertion method. Data split by values of the artificially modified ε 
characterizing the interaction between hydrogen and the alchemical catecholate site. For each 
epsilon and exponential fit was made. From the fit, the average heat of adsorption at void 
fraction equal to one was extrapolated and used to obtain Figure 5.3 in the main text. 
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Figure A.7 Impact of introduction of catecholate site on gravimetric hydrogen storage metrics 
of porous crystals at different operating conditions. The line indicates the gravimetric deliverable 
capacity of each parent material versus the ranking of the parent material. The bands indicate the 
deliverable capacity once catecholate sites are introduced to the parent material. A band results 
from considering different possible molecular weights (from ~9 to ~91 g/mol) for the alchemical 
catecholate site. 
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Figure A.8 Effect of hydrogen-catecholate interactions on volumetric hydrogen loading at 
100 bar at different temperatures. The value of each loading is plotted versus the void fraction 
(left) and volumetric surface area (right), where each point corresponds to one material 
(structures differing in the epsilon for the interaction of hydrogen with the alchemical catecholate 
site are considered different materials). Trend lines run through the average value of the relevant 
metric at each value of void fraction or volumetric surface area. Colors for points and trend lines 
correspond to the color scale for epsilon multiplier at the lower right corner. 
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Figure A.9 Effect of hydrogen-catecholate interactions on volumetric deliverable capacities 
between 100 bar and 5 bar at different temperature. The value of each deliverable capacity is 
plotted versus the void fraction (left) and volumetric surface area (right), where each point 
corresponds to one material (structures differing in the epsilon for the interaction of hydrogen 
with the alchemical catecholate site are considered different materials). Trend lines run through 
the average value of the relevant metric at each value of void fraction or volumetric surface area. 
Colors for points and trend lines correspond to the color scale for epsilon multiplier at the lower 
right corner. 
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Figure A.10 Effect of hydrogen-catecholate interactions on volumetric deliverable capacities at 
different operating conditions. The value of each deliverable capacity is plotted versus the void 
fraction (left) and volumetric surface area (right), where each point corresponds to one material 
(structures differing in the epsilon for the interaction of hydrogen with the alchemical catecholate 
site are considered different materials). Trend lines run through the average value of the relevant 
metric at each value of void fraction or volumetric surface area. Colors for points and trend lines 
correspond to the color scale for epsilon multiplier at the lower right corner. 
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Figure A.11 Deliverable capacity at different operating conditions versus the heat of 
adsorption at infinite dilution calculated for the corresponding material. Trend lines run through 
the average value of the relevant metric at each value of heat of adsorption. Colors for points and 
trend lines correspond to the color scale for epsilon multiplier at the lower right corner. The data 
in these plots was used to create Table 5.1 in the main text. 
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Figure A.12 Top row: Deliverable capacity for the 100bar@77K → 5bar@5bar swing 
versus void fraction (left) and volumetric surface area (right) for the base epsilon describing the 
interaction between the alchemical site and hydrogen. Bottom row: Change in deliverable 
capacity for the 100bar@77K → 5bar@5bar swing versus void fraction (left) and volumetric 
surface area (right) as a result of increasing the epsilon describing the interaction between the 
alchemical site and hydrogen. 
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Figure A.13 Top row: Deliverable capacity for the 100bar@295K → 5bar@295K swing 
versus void fraction (left) and volumetric surface area (right) for the base epsilon describing the 
interaction between the alchemical site and hydrogen. Bottom row: Change in deliverable 
capacity for the 100bar@295K → 5bar@295K swing versus void fraction (left) and 
volumetric surface area (right) as a result of increasing the epsilon describing the interaction 
between the alchemical site and hydrogen. 
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