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Abstract
An integrated metal-organic framework (MOF) and pressure/vacuum swing adsorption (P/VSA) process design framework is presented for gas separation. It consists of two steps: descriptor optimization and MOF matching. In the first step, MOFs are represented as a large set of chemical and geometric descriptors from which the most influential ones are selected and treated as design variables. The valid design space is confined using a tailored classifier model and logic constraints. Based on collected adsorption isotherms of 471 different MOFs, data-driven isotherm models are developed. Combining the design space, isotherms, and process models, an integrated MOF and P/VSA process design problem is formulated. MOF descriptors and process operating conditions are optimized to maximize the process performance. The obtained optimal descriptors and isotherms can be used to guide the discovery of high-performance MOFs in a subsequent MOF matching step. This article addresses the first descriptor optimization step exemplified by propene/propane separation. 
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1. Introduction
Pressure/vacuum swing adsorption (P/VSA) is a widely used technology for gas separation. It exploits different affinities of gases on solid adsorbents at different pressures to achieve the separation. Currently, multiple types of porous materials are used as adsorbents, such as metal-organic framework (MOF), zeolite, and activated carbon. Among these, MOFs are formed via the self-assembly of various molecular building blocks (i.e., metal nodes and organic linkers) in different topologies. The large variety of building blocks provides a near-infinite design space for MOFs.1 Additionally, MOFs possess many superior properties such as ultrahigh porosity, controllable pore geometry, and functional pore surface. Thus, MOFs have a great potential to achieve remarkable progress in adsorption-based gas separation.2 
MOF-based gas separation is achieved via four different mechanisms: equilibrium separation, kinetic separation, molecular sieving effect, and gate-opening effect. Equilibrium separation based on the difference in equilibrium gas loadings is the most common method.3 To date, numerous MOFs with distinct isotherm characteristics have been experimentally synthesized by tailoring the MOF chemistry and structure (e.g., pore geometry and topology). Clearly, this trial-and-error experimental approach is time-consuming and inefficient. Importantly, many MOFs created in the laboratory cannot lead to good process performance.4 As depicted in Figure 1, the design of MOF for use in P/VSA processes is a multiscale design problem that incorporates the inter-linked material, phase, and process levels. The variations of both material and process operating parameters affect the adsorption behavior of the gas-solid phase and thus jointly determine the process performance. Bearing this multiscale picture in mind, a computational approach is highly desirable to expedite the identifying of promising MOF adsorbents that can best serve the P/VSA process.5,6 
[Insert Figure 1 here]
In the literature, computational screening methods have been employed to find suitable adsorbents including MOFs and zeolites. The most popular one is high-throughput screening.7-12 A large set of synthesized or hypothetical adsorbents are first collected and their adsorption and diffusion properties are computed using molecular simulation. Then, various performance metrics (e.g., working capacity and selectivity) are calculated to identify top-ranked candidates for further process evaluation when applicable. Although this approach works for a large adsorbent database, those widely used metrics can neither tell whether separation requirements are satisfied nor rank the adsorbents correctly in terms of real process performance.13-15 Alternatively, hypothetical adsorption isotherms can be sampled and used for process optimization. With these results, surrogate models, that correlate isotherm characteristics with process performance, can be constructed and used for adsorbent screening.14,16-18 This method can generate an adsorbent ranking that is more consistent with process performance. However, like other screening approaches, it only works for adsorbents with known chemistry and structure. Besides, the insights from the phase and process levels cannot be used to guide new adsorbent design.  
In addition to screening, the multiscale adsorbent and process design problem can be formulated as an optimization problem. Each level is represented by different models so that design variables at material and process levels can be simultaneously optimized. Such a strategy has been widely applied for integrated solvent and process design.19-23 Its success lies in the foundation of the computer-aided molecular design method, various molecular structure-property relationship models, and structural feasibility rules, etc. For adsorption processes, by integrating the phase and process levels, Khurana and Farooq24,25 simultaneously optimized isotherm characteristics and VSA operating conditions for carbon capture. Optimal isotherm shapes achieving the highest process performance are obtained, which serve as targets for adsorbent design. However, without considering the valid design space of adsorbent materials, the isotherm targets may not correspond to any feasible adsorbents. Importantly, it is unknown which adsorbent chemistry and structure are favorable for the process. To tackle these issues, material design should be integrated directly into the process optimization framework. Unfortunately, no work has been done on this topic yet. The major challenge lies in the lack of explicit mathematical models to ensure the structural feasibility of the adsorbents and to predict the adsorbent properties (e.g., adsorption isotherm) based on their structures. For the instance of MOFs, hypothetical MOF materials are usually assembled using computational tools (e.g., ToBaCCo) and their structural feasibility is verified via ab initio calculations.26 In addition, as stated above, computationally expensive molecular simulation is typically used to determine the adsorbent properties.27 Clearly, it is difficult to incorporate these computations into a mathematical optimization problem. 
In the present work, focusing on the equilibrium separation, a novel integrated MOF and P/VSA process design framework is proposed in Figure 2 to tackle the above challenges. It consists of two steps: descriptor optimization and MOF matching. Due to the vast number of MOF building blocks, it is hard to build mathematical models to predict adsorption isotherms directly from building blocks. Thus, in the first step, a MOF is denoted by a set of descriptors. Several data science techniques are adopted to select proper descriptors, define a valid design space, and build data-driven models for predicting the adsorption isotherms. This enables an explicit formulation of the integrated design problem where MOF descriptors and process operating conditions are simultaneously optimized to maximize the process performance. The optimal results are then used to guide the discovery of high-performance MOFs in the second step. This work addresses the first step while the second step will be elaborated in a subsequent article. The entire framework is demonstrated on the separation of propene (PE) and propane (PA), which is currently achieved with energy-intensive cryogenic distillation. An optimal design of MOF and P/VSA process is of great significance for energy saving. The paper is organized as follows. First, the specific workflow of the descriptor optimization step is introduced in detail. Afterwards, the resulting optimization problem is solved for the PE/PA separation.
[Insert Figure 2 here]

2. Workflow of Descriptor Optimization
Figure 3 illustrates the workflow of the descriptor optimization step. First, MOFs are represented by a large set of descriptors. With the collected single-component adsorption isotherm data, a much smaller subset of representative MOF descriptors are selected to serve as design variables. Meanwhile, these selected descriptors are used to develop data-driven models for predicting the single-component equilibrium adsorption loadings. Then, the data-driven models are employed to derive multi-component dual-site Langmuir (DSL) isotherm models. In addition, based on the generated descriptor dataset, specific models are developed to define the valid design space of descriptors. Afterwards, by integrating the design space model, the DSL isotherm model, and the P/VSA process model, the integrated MOF and P/VSA process design task is formulated as a nonlinear programming (NLP) optimization problem. This problem is solved to identify the optimal descriptor values and process operating conditions. The detailed procedures and models are elaborated next.  
[Insert Figure 3 here]
2.1 MOF representation 
As a porous material, every MOF has a unique chemical composition (metal node and organic linker) and/or structure (pore geometry and topology). For adsorption, MOF chemistry greatly influences the interaction with the adsorbate. For instance, some metals (e.g., copper and zink) can form open metal site (OMS) that leads to a stronger interaction with olefins than with paraffins.28,29 In addition, since adsorbates tend to occupy the void space of MOF during adsorption, pore geometry plays a crucial role in determining the adsorption capacity. Therefore, chemical and geometric descriptors are required to account for the effects of MOF chemistry and pore geometry on the adsorption properties.30 For differentiating MOF topologies, topological descriptors can be computed. However, these descriptors are hard to interpret and trace back to specific topology.31 Additionally, only a small number of frequently used topologies can be found from the synthesized MOFs.1,32 Considering the low interpretability and limited topology variations, topological descriptors are thus not included as design variables here. 
In this work, 14 widely used geometric descriptors are considered, including void fraction, volumetric surface area, largest cavity diameter, and unit cell size. It has been found that these descriptors can capture the important geometric characteristics of crystalline porous materials like MOFs.33 Moreover, Gharagheizi et al.34 recently defined 5009 chemical descriptors to describe MOF chemistry. Their definitions are adjusted from molecular descriptors that have been widely used in cheminformatics. For easy reading, the symbols and definitions of all the 5023 descriptors are given in the Supporting Information.
After specifying MOF descriptors, a set of real MOFs need to be selected and their corresponding descriptors can be calculated. The obtained descriptor data can then be used to develop data-driven models for predicting MOF adsorption isotherms. Here, 471 different MOFs are selected from the CoRE MOF database where stable and synthesizable MOFs with available atomic coordinates are collected.35 These 471 MOFs include considerable diversity of chemistry, geometry, and topology. For each MOF, the 14 geometric descriptors are computed using the open-source package Zeo++ with a probe radius of 1.86 Å.33,36 Additionally, the molecular graph of MOFs containing atom positions and connections is read using the cheminformatics package RDkit37, and 5009 chemical descriptors are derived accordingly. As a demonstration, the calculated 5023 descriptors of the 471 MOFs are listed in the Supporting Information.34
2.2 Data-driven model for single-component adsorption isotherm
Data-driven models are developed to predict single-component equilibrium adsorption loadings using MOF descriptors as input. Clearly, a series of experimental or simulated adsorption isotherm data is required for model regression. For the 471 MOFs, their adsorption isotherms on PE and PA have been predicted in Ref.38 using Grand Canonical Monte Carlo (GCMC) simulations at 300 K and different pressures ranging from 0.1 bar to 156 bar.38 For easy reference, all the isotherm data are tabulated along with the MOF descriptors in the Supporting Information.
Notably, although it is somehow useful to include a large number of descriptors, this brings difficulties in developing data-driven models and solving the descriptor optimization problem. Obviously, the effect of each descriptor on deciding the adsorption selectivity and capacity varies. For this reason, the most influential descriptors can be selected to build simple but reliable data-driven models.39 Figure 4 shows a systematic procedure for descriptor selection. 
[Insert Figure 4 here]
· In Step 1, the descriptors whose values are equal to zero for more than 95% of the 471 MOFs are removed. After this operation, only 83 descriptors are remained.
· In Step 2, the remaining descriptors are normalized into the range of [0, 1]. Those descriptors whose variances are less than 0.02 are removed. This is because a descriptor usually has little predictive capability when it does not vary much. 52 descriptors are remained. 
· When two descriptors are highly correlated, only one is worth to be considered. In Step 3, if the correlation coefficient between any two descriptors exceeds 0.9, the descriptor having a larger total correlation coefficient with other descriptors is eliminated. After this step, 43 descriptors are left. 
· In Step 4, the recursive feature elimination approach is applied to further reduce the number of descriptors.40 Considering the 43 descriptors as input and equilibrium adsorption loadings as output, the sensitivity or importance of each descriptor is first computed using the random forest algorithm. Note that for different gas adsorbates, the descriptor sensitivities can be different. For instance, based on the PE adsorption loadings at 0.16 bar, the importance of the 43 descriptors is calculated and listed in Table S1. For predicting the PA adsorption loading at 0.10 bar, a different ranking of the descriptor importance is obtained (Table S1). After determining the relative importance of descriptors, the least important descriptors are recursively removed and the remaining ones are sent to train artificial neural network (ANN) models to predict the isotherm data. For each trial, five-fold cross validation is performed to tune the hyper-parameters (number of layers and neurons). Figure S1 shows the evolutions of coefficient of determination (R2), mean absolute error (MAE), and relative absolute error (RAE) of the ANN models for the prediction of PE and PA isotherm data. As expected, for both cases the model accuracy decreases when reducing the number of descriptors. To ensure R2 larger than 0.95, two sets of the top-ranked 16 descriptors in Table S1 are selected for PE and PA, respectively. Within these two sets, 13 descriptors are repeated. Thus, in total 19 different descriptors (marked in blue in Table S1) are finally identified. As shown in Figure 4, they consist of 9 geometric and 10 chemical descriptors.
Based on the 19 descriptors, two new ANN models are trained for predicting the single-component equilibrium loadings of propene () and propane () at 300 K and different pressures, respectively. Again, five-fold cross validation is carried out to find the optimal hyper-parameters. As a result, each model has one input, one hidden, and one output layer while the tansig and purelin activation functions are applied in the hidden and output layers, respectively. The number of neurons in the hidden layer are 25 for the  model and 30 for the  model. The detailed model parameters are provided in the Supporting Information and the two data-driven models are summarized below. 
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where  to  are the 19 descriptor values and  denotes the pressure. Figure 5 presents the histogram of prediction errors of these two models. For both models, over 80% of the deviations fall into the [−1, 1] interval. For better assessment, R2 and MAE are determined and given in Figure 5. As shown, the R2 and MAE of both models are larger than 0.95 and less than 0.6, respectively. This indicates that the two models can generally provide reliable predictions on the single-component adsorption isotherms of propene and propane.
[Insert Figure 5 here]
2.3 Multi-component dual-site Langmuir isotherm model
Adsorption-based gas separation occurs in a multi-component environment. To predict the multi-component adsorption equilibria, the DSL model is applied. This is because the DSL model is simple and the involved model parameters can be easily fitted by use of single-component adsorption loading data. Moreover, it has been found that the DSL model can provide good predictions for many systems including PE/PA.41 
In this work, the DSL model parameters are derived as follows. Given four pressures  bar, the corresponding single-component PE and PA adsorption loadings are predicted by 
 at 						(3)
 at 						(4)
Meanwhile, the equilibrium adsorption loadings of PE and PA ( and ) at pressure  can be calculated from the multi-component DSL model by assuming that only one component exists.
		, 		(5)
			, 		(6)
where  and  are the molar fractions of PE and PA in the gas phase, respectively. Eq. 7−8 ensure that the adsorption loadings calculated from the two models match with each other. With these, the 8 DSL model parameters (, , , , , , , and ) can be obtained.
									(7)
									(8)
2.4 Descriptor design space
19 MOF descriptors are selected and two ANN models are developed from pure adsorption data without incorporating any thermodynamic basis. In this case, additional constraints should be added to confine the design solutions inside the valid design space of the models. In general, data-driven models are valid within the region that is densely covered by the training data, namely validity domain.42 Consequently, any predictions outside the validity domain should be prevented. Usually, the convex hull of training data is approximated as the validity domain. However, the construction of such a convex hull is computationally demanding for high-dimensional dataset, such as the 19 dimensional one in this work. An alternative approach is to build a one-class classifier. A suitable kernel function is used to map the original dataset into a new feature space where the boundary of the data points can be easily identified. Any points inside this boundary are considered as valid.43 In this work, a one-class support vector machine (SVM) classifier is built to quantify the validity domain, where the radial basis function is selected as the kernel function. After importing the descriptor dataset, the kernel coefficient  is manually tuned to 2×10−9 to ensure that more than 99.5% of the training data are located inside the validity domain. The resulting classifier or boundary is written as
						(9)
 						(10)
where N is the total number of fitted support vectors,  is the model intercept,  is the coefficient of the j-th support vector . All these parameters were automatically fitted and are given in the Supporting Information.
In order to generate valid design solutions, certain logic constraints have to be satisfied as well. Eq. 11 ensures that each descriptor must be within its lower and upper bounds that are set as the minimal and maximal descriptor values in the training dataset. 
								(11)
In addition, the largest cavity diameter () should be larger than the pore limiting diameter () based on their definitions.33 The volume of a single unit cell () must be smaller than the cubic cell volume (i.e., ). Besides, the number of atoms () should be larger than the number of non-hydrogen atoms () and the number of metal atoms () must be larger than the number of transition metal atoms (). Finally, since the valency of one metal atom is typically less than 6, the total number of bonds linked to metal atoms () cannot exceed six times of the number of metal atoms.  
											(12)
										(13)
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 											(15)
											(16)
2.5 P/VSA process model
Figure 6 depicts a one-bed and four-step P/VSA process for PE/PA separation. A complete process cycle consists of pressurization, adsorption, rinsing, and desorption.44 For pressurization, the feed gas is compressed to a high pressure level (if necessary) and fed into the bottom of the column. The top is closed so that the internal pressure gradually increases. At the adsorption stage, the supply of feed gas is continued, where PE is selectively adsorbed and a PA-rich stream leaves from the top. Then, a small portion of the purified PE stream is re-pressurized and fed to the column to rinse the PA-rich gas in the void space. Afterwards, the bed undergoes a desorption step where the pressure is gradually reduced to a lower level and the released PE is collected at the bottom. In the end, the PE output is terminated and a new cycle can start. For simplification, the following assumptions are made:45,46 
[Insert Figure 6 here]
· The process is constantly operated at 300 K.
· Adsorbent properties (e.g., particle size and porosity) are uniform throughout the column.
· Both PE and PA follow the ideal gas law and the gas viscosity is assumed to be constant. 
· Axial dispersion in the packed adsorber bed is neglected. In the radial direction, there are no variations of pressure and gas concentrations in both gas and solid phases. 
· Regarding kinetics, the adsorption rates are approximated by linear driving force models. Since only the equilibrium separation of PE/PA is studied, lumped mass transfer coefficients are considered and pre-specified.
· The axial pressure drop is calculated from the Ergun equation. 
Based on these assumptions, the mathematical model for the four-step P/VSA process is given in the Appendix. It includes the component mass balances, the total mass balance, the mass transfer kinetics, the pressure drop correlation, the cyclic steady state conditions, and the boundary conditions (see Eq. A1−A11). Note that energy balances are not considered since isothermal process operation is assumed. Six operating conditions are treated as design variables at the process level. They are the durations of the four steps (, , , and ) and two operating pressures ( and ). Since the energy consumption is a critical factor for assessing the process performance, the objective function is defined to minimize the total energy consumption per ton of the purified PE product:
									(17)
where , , , and  are the energy consumption for pressurization, adsorption, rinsing, and desorption, respectively.  is the weight of purified PE produced in one process cycle. The equations for calculating these variables are given in Eq. A13−A21.47 
Moreover, the purity and recovery of each gas can be calculated. Eq. 18 shows that the purity of PE is equal to the average PE molar fraction () in the outlet stream of desorption. In addition, the recovery of PE is expressed in Eq. 19. In Figure 6, the bottom and top of the column are defined as  and , respectively where  denotes the column length.  is the interstitial velocity, P represents the total pressure, and  is the molar fraction of PE in the feed gas.
 								(18)
 						(19)
With these, the purity and recovery of PA can be simply calculated based on the overall input-output mass balances. 
2.6 Integrated design formulation
As indicated in Step 1 of the design framework (Figure 2), the integrated MOF and P/VSA process design problem is formulated and solved as a nonlinear optimization problem. 19 MOF descriptors denoting the variations of MOF chemistry and structure as well as 6 process operating conditions are simultaneously optimized to minimize the energy consumption. One-class SVM model and logic constraints account for the valid design space of descriptors. Two ANN models are built to predict the single-component adsorption isotherm and then used to fit the parameters of multi-component DSL isotherm model. At the process level, given pre-specified equipment sizes, the energy consumption as well as product purity and recovery are calculated from the P/VSA process models. The recovery and purity of PE should be constrained according to industrial requirements.
			Objective function				(20)
s.t.	Eq. 9−16				Descriptor design space
Eq. 3−8				Multi-component DSL isotherm model
	Eq. 18−19, A1−A21			P/VSA process model
			Separation specifications
		Process operating conditions
				Representative MOF descriptors
Note that the optimization problem stated above is not solved directly since it contains both partial differential equations (PDEs) and algebraic equations. Herein, the PDEs are fully discretized, which results in a much larger number of algebraic equations. The entire column is divided into 20 identical sections. The durations of the pressurization and rinsing steps are discretized into 10 identical intervals while those of the other two steps are divided into 20 identical intervals. By doing so, optimizing the durations of the four steps is equivalent to the optimization of the number of time intervals. After the discretization, the resulting optimization problem can be solved using existing nonlinear programming solvers as explained in the next section. 

3. Separation of Propene/Propane from Catalytic Cracking
As an example, the separation of a PE/PA mixture produced from fluid catalytic cracking unit in refinery is studied. Referring to the industrial conditions, the molar fraction of PE is set to 85% and the feed gas is at a pressure level of 2 atm.44 It is assumed that the feed gas has already been cooled to 300 K, since our isotherm models are fitted at 300 K. Moreover, as an important raw material for polypropylene production, the purity of PE must be higher than 99%, which is set as a target for the adsorptive separation. Additionally, it has been observed that PE recovery is usually less than 30% when 99% PE is produced using P/VSA processes with not more than five steps.48 Thus, the minimal PE recovery is set to 30%. The P/VSA process is modelled on a pilot-plant basis. Table 1 lists the input parameters including gas and adsorbent properties, equipment specifications, as well as limitations of operating conditions. 
[Insert Table 1 here]
3.1 Benchmark process using Cu-BTC
The copper-based Cu-BTC (i.e., FIQCEN in the 471 MOFs), namely Cu3(BTC)2 (BTC: benzene-1,3,5-tricarboxylate), has been recognized as one of the suitable MOFs for PE/PA separation due to its large adsorption capacity on PE.49 Here, a benchmark P/VSA process using Cu-BTC as the adsorbent is optimized and used for comparison. The multi-component DSL model of Cu-BTC is fitted using the reported experimental isotherm data50 and the resulting model parameters are listed in Table 2. For easy illustration, the single-component equilibrium isotherm curves are plotted in Figure 7(a). For Cu-BTC, the six process operating conditions are optimized to minimize the energy consumption. Due to the significant model complexity, the optimization problem is solved in GAMS 27.2 using the local NLP solver CONOPT4. Different initializations are offered to obtain high-quality solutions. The best local optimum found is given in the second column of Table 3. The high pressure for adsorption is 1 atm when the initial selectivity  is equal to 6.6 calculated with the parameters in Table 2. The low pressure for desorption is optimized to 0.011 atm and the minimal energy consumption is 505 kWh electricity per ton PE.
[Insert Figure 7 here]
[Insert Table 2 and Table 3 here]
3.2 Optimal MOF and process from integrated design 
Under the same requirements on PE purity and recovery, the integrated design problem in Eq. 20 is solved. Again, the solver CONOPT4 and different initial values are used. The problem contains 10800 single variables, 11404 equations, and 58831 nonlinear matrix entries. It takes about 150 seconds to find the optimal solution, as listed in the third column of Table 3. For convenience, the optimal MOF refers to a hypothetical MOF (h-MOF). Clearly, the process operating conditions are different from those of the benchmark process, particularly the two pressures. The high pressure is 2 atm that is exactly equal to the initial pressure of the feed gas. The desorption occurs at 1 atm. Under such pressures, no gas compression is needed at the pressurization and adsorption steps and no vacuum evacuation is required for desorption. Only a small amount of electricity is consumed at the rinsing step to re-compress the low pressure PE to the high pressure. The overall energy consumption is 12.8 kWh electricity per ton PE. Obviously, this is much lower than that of the benchmark process. 
The large process variations are attributed to the significant differences of adsorption isotherms. As shown in Figure 7(a), Cu-BTC has a poor PE desorption capability. A tough vacuum condition (i.e., 0.011 atm) is needed to meet the purity and recovery requirements. This directly leads to a large energy consumption at the rinsing and desorption stages (see Table 3). For the h-MOF in Figure 7(b), the isotherms can provide a much better condition for adsorption and desorption. The PE loading difference between 1 atm and 2 atm reaches 0.7 mol/kg. Such a large gap at desirable pressures greatly facilitates PE desorption and recovery. In addition, Table 2 lists the fitted DSL model parameters for the h-MOF. With these parameters, the initial selectivity at the adsorption condition (2 atm and 300 K) is calculated to be 33.9. This is much larger than that of Cu-BTC, mainly due to its much less PA adsorption capacity. Such a large selectivity helps achieving a high PE purity. On the other hand, due to the large PE adsorption capacity of Cu-BTC, the benchmark process has a higher PE production rate than our optimal process, although it needs a longer duration for one process cycle. Based on the above analysis, several adsorbent design guidelines can be extracted. First, a large selectivity and small PA adsorption capacity are beneficial for increasing the PE purity and recovery. Second, the PE adsorption capacity has a substantial effect on its production rate. This agrees well with the previous literature findings.24 Finally, to enable an energy-efficient separation, the adsorbent should offer a good adsorption-desorption balance that can better match the feed gas conditions. 
 Table 4 lists the optimal MOF descriptor values. Important information can be drawn and used for the subsequent MOF matching. For the pore geometry, a relatively small cavity diameter and volumetric surface area are preferred. It has been found that the former improves the selectivity of PE over PA and the latter may result in a small adsorption capacity of PA, helping increase the selectivity as well.2,10 For MOF chemistry, using transition metals is desirable. As widely known, transition metals (e.g., copper and zink) can introduce OMS and -complexation, which lead to stronger interactions with PE than with PA.29 Regarding the organic linker, it is better to use the groups consisting of rings and double bonds as well as C-N bonds. Finally, it is not recommended to use organic linkers forming C-O pairs at topological distance 2 (i.e., with C-X-O chains), such as benzoic acid and furan.
[Insert Table 4 here]

4. Conclusion
This paper presents a new two-step framework for integrated MOF and P/VSA process design. In the first step, MOFs are denoted as a set of selected descriptors serving as design variables. With these descriptors, data-driven models are developed to describe the valid descriptor design space and to predict the adsorption isotherms. Combining the design-space validity model, isotherm model, and P/VSA process model, the integrated design problem is explicitly formulated as a NLP problem where MOF descriptors and process operating conditions are simultaneously optimized to maximize the process performance. The proposed methodology is demonstrated on a PE/PA separation example. The results show that the identified optimal process can significantly reduce the energy consumption compared to a benchmark process using the Cu-BTC as the adsorbent. The obtained optimal descriptors and corresponding isotherm curves can serve as design targets for the discovery of new promising MOFs in a subsequent matching step. 
The largest novelty of the present work is the use of multiscale modeling approach to integrate the variations of MOF chemistry and structure into P/VSA process design. This provides a reliable and efficient way for computational adsorbent design to maximize the practical adsorption process performance. Despite this large progress, the current work still has some limitations. For instance, due to the lack of relevant data, the impact of heat of adsorption is neglected and thus isothermal processes are assumed. Note that heat of adsorption can be estimated using GCMC simulations. Given a series of training data, it is possible to develop another data-driven model to predict the heat of adsorption. Integrating this model helps describing the effect of heat of adsorption on adsorption loadings and consequently on process performance. Moreover, a simple one-bed and four-step P/VSA process is considered. In the future, more sophisticated adsorption processes with multiple beds and more steps can be applied to further enhance the product recovery. In that case, the development of surrogate models for substituting the complex P/VSA processes can be a viable option.51 
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Appendix: P/VSA Process Models
For the four steps, the mass balances of propene and propane in the gas phase are expressed in Eq. A1 and A2. The overall mass balance is given in Eq. A3.45
 					(A1)
										(A2)
 						(A3)
where the subscripts  and  denote propene and propane, respectively.  and  are the molar fraction of the gas phase and adsorption loading in the solid phase, respectively.  and  are the bed porosity and adsorbent particle density, respectively.  is the interstitial gas velocity. 
Eq. A4−A5 describe the mass transfer from the gas phase to the solid phase.46 
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 									(A5)
where  and  are the lumped mass transfer coefficients of propene and propane.  denotes the multi-component equilibrium adsorption loading calculated from the fitted DSL isotherm model. 
Eq. A6 is the Ergun equation accounting for the axial pressure drop.46
 		(A6)
where  and  are the gas viscosity and adsorbent particle radius, respectively.  is the molecular weight.
The cyclic steady-state condition is described by Eq. A7. For a complete four-step cycle, the five states (at any position z) at the end of desorption should be equal to the states (at the same position) at the beginning of pressurization. 
    			(A7)
To solve the above PDEs, specific boundary conditions are defined in Eq. A8−A11 for the four steps, respectively.47  and  are the molar fraction of feed gas and purified PE product, respectively. stands for the pressure at the top of the column during the adsorption and rinsing steps.
,     ,     ,     ,     		(A8)
,     ,     ,     ,      	(A9)
,      ,     ,     ,               (A10)
 ,     ,     ,     ,     	           (A11)
Moreover, two additional process constraints are defined in Eq. A12 to ensure that the gases flow in correct directions. 
,    						           (A12)
The energy consumptions in the four steps are calculated by Eq. A13−A20.47  is the efficiency of vacuum pump and compressor.  is the isentropic coefficient of gas.  is the initial pressure of feed gas.  is the cross-sectional area of the column,  is the bed porosity and  is the interstitial velocity.  denotes the atmospheric pressure.
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Finally, the propene production weight in one complete process cycle  is calculated as
 			           (A21)
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Table 1. Input Parameters for the P/VSA-Based PE/PA Separation
	Gas properties

	Molecular weight of PE (g/mol)
	42.1
	Molecular weight of PA (g/mol)
	44.1

	Gas viscosity (kg/m/s)
	8 × 10−6
	Isentropic coefficient of gas
	1.15

	Adsorbent properties

	Adsorbent particle density (kg/m3)
	703
	Adsorbent particle radius (m)
	5 × 10−3

	Mass transfer coefficient 
for PA (1/s)
	0.83
	Mass transfer coefficient 
for PE (1/s)
	0.61

	Equipment specifications

	Bed porosity 
	0.43
	Vacuum pump efficiency
	0.75

	Bed length (m)
	2
	Compressor efficiency 
	0.75

	Bed diameter (m)
	0.4
	
	

	Bounds of operating conditions

	Pressurization duration (s)
	1−50
	Adsorption duration (s)
	1−200

	Rinsing duration (s)
	1−100
	Desorption duration (s)
	1−600

	High pressure (bar)
	1−10
	Low pressure (bar)
	0.01−1





Table 2. Parameters of the DSL Isotherm Model for Cu-BTC and Optimal h-MOF
	
	Cu-BTC
	h-MOF

	
	4.202
	4.765

	
	96.17
	1.556

	
	4.059
	0.100

	
	96.17
	1000

	
	4.511
	2.093

	
	15.083
	0.100

	
	3.504
	1.093

	
	15.083
	6.700





Table 3. Optimization Results for the Cu-BTC Based Benchmark Process and the h-MOF Based Optimal Process
	
	Benchmark process
	Optimal process

	PR duration (s)
	22.5
	13.0

	AD duration (s)
	71.5
	22.1

	RI duration (s)
	77.0
	5.6

	DE duration (s)
	600
	600

	High pressure (atm)
	1
	2

	Low pressure (atm)
	0.011
	1

	PE purity
	0.99
	0.99

	PE recovery
	0.34
	0.30

	PE production rate (mol/s)
	0.16
	0.06

	Initial selectivity at high pressure
	6.6
	33.9

	Energy consumption at pressurization (kWh/ton PE)
	0
	0

	Energy consumption at adsorption (kWh/ton PE)
	1.2
	0

	Energy consumption at 
rinsing (kWh/ton PE)
	184.3
	12.8

	Energy consumption at desorption (kWh/ton PE)
	319.3
	0

	Total energy consumption 
(kWh/ton PE)
	504.8
	12.8





Table 4. Optimal MOF Descriptors
	Descriptor
	Value
	Descriptor
	Value

	Bulk density (g/cm3)
	1.9
	Number of atoms
	230

	Pore limiting diameter (Å)
	5.9
	Number of metal atoms
	46

	Largest cavity diameter (Å)
	7.0
	Number of transition metal atoms
	46

	Volumetric surface area (m2/cm3)
	279.4
	Number of double bonds
	14

	Void fraction
	0.82
	Number of ring bonds
	332

	Unit cell length a (Å)
	7.2
	Number of bonds to metal atoms
	18

	Unit cell length b (Å)
	11.0
	Number of alkyl groups
	5

	Unit cell length c (Å)
	7.5
	Frequency of C-N at distance 1
	0.45

	Volume per unit cell (Å3)
	589.1
	Frequency of C-O at distance 2
	0

	Number of non-H atoms
	230
	
	










Figure 1. Multiscale Structure of the Pressure/Vacuum Swing Adsorption Process
[image: ]


Figure 2. General Methodology for Integrated MOF and P/VSA Process Design
[image: ]


Figure 3. Workflow of the Descriptor Optimization Step
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Figure 4. Detailed Procedure for MOF Descriptor Selection
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Figure 5. Prediction Error Distribution of the Data-Driven Models for (a)  and (b)
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(a)
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(b)


Figure 6. Schematic Diagram of Four-Step P/VSA Process
[image: ]



Figure 7. Adsorption Isotherms of (a) the Benchmark Cu-BTC; (b) the Optimal h-MOF
[image: ]
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