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Abstract 

This work conducts a comprehensive modeling study on the viscosity, density, heat 

capacity, and surface tension of ionic liquid (IL)-IL binary mixtures by combining the 

group contribution (GC) method with three machine learning algorithms: artificial 

neural network, XGBoost, and LightGBM. A large number of experimental data from 

reliable open sources is exhaustively collected to train, validate, and test the proposed 
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ML-based GC models. Furthermore, the Shapley Additive Explanations technique is 

employed to quantify the influential factors behind all the studied properties. Finally, 

these ML-based GC models are sequentially integrated into computer-aided mixed 

solvent design, process design, and optimization through an industrial case study of 

recovering hydrogen from raw coke oven gas. Optimization results demonstrate their 

high computational efficiency and integrability in solvent and process design, while 

also highlighting the significant potential of IL-IL binary mixtures in practical 

applications. 

Keywords: Ionic liquid mixtures; machine learning; property modeling; solvent 

tailoring; H2 recovery. 

1. Introduction 

Ionic liquids (ILs) are innovative fluids that have garnered significant attention from 

both academia and industries. Over the past few decades, extensive research has been 

conducted on the applications of ILs in various fields such as electrochemistry [1], 

synthetic materials [2], and pharmaceutical manufacturing [3, 4]. In these areas, ILs 

serve different roles, including as extractants/absorbents in separations, media and/or 

catalysts in lignocellulosic biomass pretreatment, and functional materials in batteries. 

With the growing interest in ILs within industrial settings, it is crucial to deeply 

understand their property behaviors for effective product and process design. 

Consequently, the characterization of IL properties and the establishment of structure-

property relationships for ILs and IL-based mixtures are equally important in 

investigating their applications.  

Viscosity is a crucial transport property that plays a significant role in fluid flow 
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analysis, process optimization, and material characterization [5]. Understanding and 

controlling viscosity enables engineers, researchers, and industries to design efficient 

systems, optimize processes, develop high-quality products, and ensure the desired 

performance and functionality of materials and fluids in a wide range of applications. 

Density serves as a fundamental property for understanding the behavior of substances. 

The knowledge of density is crucial for material identification, process design and 

optimization, fluid mechanics, energy calculations, and material selection [6]. Heat 

capacity is essential for thermodynamic calculations, energy balance analyses, 

temperature control systems, material selection, process optimization, and fundamental 

research. It plays a crucial role in various scientific, engineering, and industrial 

applications, enabling the efficient and effective design, operation, and optimization of 

processes involving heat transfer and energy conversion [7,8]. Surface tension is a 

crucial physicochemical property used in calculations related to fluid flow, gas 

absorption, distillation, heat transfer, sedimentation, and it plays a vital role in assessing 

transfer rates for vapor absorption, ensuring stability in pharmaceutical processing, and 

influencing the properties and performance of refrigerants [9]. 

Currently, the availability of experimental data on the physical properties of ILs, 

particularly their mixtures, is primarily limited to well-known IL families. 

Consequently, the development of empirical or theoretical models that can reliably 

predict the properties of ILs becomes paramount in the quest to explore high-

performance ILs with significant potential in diverse applications. To date, several 

predictive models have been developed by different researchers to address this need, 
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such as group contribution (GC)-based models [10], quantitative structure-property 

relationship (QSPR) models [11], Conductor-like Screening Model for Real Solvents 

(COSMO-RS) models [12], and fragment contribution-corresponding states (FC-CS) 

models [13]. Among these models, GC-based models are particularly popular due to 

their ease of use and their role as the foundation for the development of computer-aided 

molecular design (CAMD) methods [14]. The optimal design of compounds through 

manipulating properties at the molecular level is often the key to considerable scientific 

advances and improved process systems performance, as reported [15]. 

To the best of our knowledge, most of the published works mainly focus on the property 

prediction of pure ILs, and modeling studies on the physical property prediction of 

mixtures containing ILs, especially IL-IL mixtures, are still scarce. As reported, IL-IL 

mixed solvents often exhibit superior performance compared to pure ILs in many cases 

[16]. Predicting properties of IL-IL mixtures is a fundamental step in the rational design 

of processes involving these unique solvents. It not only enhances process efficiency 

but also contributes to the economic and environmental sustainability of industrial 

applications. Therefore, there is a high demand for predictive models for the properties 

of IL-IL mixtures. As mentioned above, GC-based models can be easily integrated into 

computer-aided design methods [17], which have been recognized as time- and cost-

efficient techniques for product and process design. Moreover, GC-based models have 

the advantage of expanding the design space for these compounds and thereby 

expanding the potential applications of these property models. For these reasons, GC 

methods are preferred for building models to predict the density, heat capacity, and 
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viscosity of IL-IL mixtures in this study.   

When constructing property models based on GC methods, initially, most properties are 

associated with group numbers using the multiple linear regression (MLR) algorithm 

[18]. However, some properties, particularly for mixture systems, cannot be adequately 

described by linear model expressions. In this regard, nonlinear GC models offer viable 

alternatives. Recently, machine learning (ML) algorithms such as artificial neural 

networks (ANN) and support vector machine (SVM) have been employed to develop 

nonlinear GC models for predicting CO2 solubility in ILs [19], toxicity of ILs [20], and 

physical properties of IL-H2O mixtures such as viscosity [21] and surface tension [22]. 

Additionally, hybrid modeling methods that combine GC methods and ANN algorithms 

have been introduced to model the phase equilibrium behavior of aqueous two-phase 

systems (ATPSs) [23-24]. Recent works have also demonstrated the seamless 

integration of ANN-based GC models with computer-aided design methods for the 

optimal design of IL-based aqueous biphasic systems [25]. Inspired by these successful 

applications, this study aims to combine the GC method with three popular ML 

algorithms, namely ANN, XGBoost, and LightGBM, to build models for predicting the 

viscosity, density, heat capacity, and surface tension of IL-IL mixtures. Next, the 

Shapley Additive Explanations (SHAP) technique [26] is employed to investigate the 

factors influencing these four physical properties of IL-IL mixtures. Furthermore, the 

integration of these ML-based GC models into computer-aided molecular design and 

process optimization is demonstrated through a case study of recovering hydrogen from 

raw coke oven gas. Figure 1 illustrates the framework of a comprehensive study on IL-
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IL mixtures, encompassing ML-assisted modeling, mixed solvent tailoring, process 

design and optimization. It is worth mentioning that, while integrating mixed solvent 

and process design may provide a better solution, these two sub-problems are 

formulated and solved separately in this work. This is because the integrated design-

based MINLP problem would be much more complex than the individual sub-problems. 

Additionally, demonstrating how the developed ML models can be integrated into 

solvent and process design, respectively, is another reason for solving the two sub-

problems separately. 

Step 2: ML model development

Optimal ML property models

WorkflowFramework Models and Tools
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Figure 1. Framework of the machine learning-assisted modeling, solvent tailoring, 

process design and optimization. 
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2. Machine learning-assisted modeling

2.1 Experimental data 

In this work, a total of 6141 experimental data points for viscosity, 3626 experimental 

data points for density, 730 experimental data points for heat capacity, and 626 

experimental data points for surface tension of IL-IL mixtures are collected. These data 

points encompass 133 different IL-IL binary mixtures at various compositions and 

temperatures ranging from 263.64K to 533.2K [27-53]. The ILs cover six different 

family cations, including imidazolium, piperidinium, ammonium, pyridinium, and 

phosphonium（Im、Pyr、Py、Pip、N、P）. Table S1 provides a summary of all the 

collected IL-IL mixtures and their corresponding temperature ranges. To ensure the 

reliability of the model, an unbiased evaluation of model fit on the training data set is 

conducted. The collected viscosity experimental data points are divided into a training 

and validation set consisting of 5207 data points for model optimization, and a separate 

test set of 934 data points is used to evaluate the model's prediction performance, while 

for density, the training and validation set contains 3080 data points and the test set 

includes 546 data points. Similarly, for heat capacity, a training and validation set of 

619 data points and a test set of 111 data points are used, while for surface tension, they 

are 549 and 77 data points, respectively. Detailed information about the training, 

validation, and test datasets for all properties can be found in Tables S2-S4 in the 

Supporting Information II.  

2.2 Methods 

GC method 

To conduct GC-based modeling studies, the IL molecules are divided into three types 
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of functional groups: cation skeleton groups, anion groups, and substituent groups on 

the cation skeleton. In this study, 4 types of cation skeletons, 25 anions, and 5 

substituents are identified from the decomposition of IL molecules included in the 

dataset for the viscosity of IL-IL binary mixtures, while for density, 3 cation skeletons, 

22 anions, and 5 substituents are determined. Similarly, for heat capacity, 3 cation 

skeletons, 6 anions, and 4 substituents are obtained, while for surface tension, there are 

4 cation skeletons, 25 anions, and 5 substituents. Table S5 lists the input variables used 

in the ML modeling study for predicting viscosity, density, heat capacity, and surface 

tension in IL-IL binary mixtures. These variables encompass decomposed functional 

groups of ILs, mixture composition, the system’s temperature and pressure.  

In this work, Artificial Neural Network (ANN), XGBoost, and LightGBM models that 

have been proved to be effective in handling complex relationships within datasets are 

selected. ANN is known for its ability to capture intricate patterns and nonlinear 

dependencies. XGBoost and LightGBM, on the other hand, are gradient boosting 

algorithms that excel in predictive modeling, especially when dealing with large 

datasets. The choice of these three models was made to ensure a comprehensive 

evaluation of different machine learning approaches, considering their diverse strengths 

and capabilities. This allows us to assess and compare their performance in predicting 

the thermophysical properties of IL-IL binary mixtures accurately. 

ANN algorithm 

Artificial Neural Network (ANN) is a computational model inspired by the structure 

and function of the human brain. It consists of interconnected nodes, called artificial 
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neurons or "neurons," organized into layers. Each neuron takes input, performs a 

computation, and produces an output that is passed on to other neurons. The advantages 

of ANN in modeling studies can be summarized as: (1) ANNs can learn organically, 

meaning their outputs are not limited solely by inputs, and they have the ability to 

generalize from their inputs. (2) Nonlinear systems can find shortcuts to reach 

computationally expensive solutions. (3) ANNs have high fault tolerance potential. (4) 

ANNs can perform tasks beyond routing around non-operational parts of the network. 

The advantages of ANNs are particularly evident when a large experimental dataset 

with a wide range of variables is available.  

In this work, a popular ANN architecture consisting of a three-layer (i.e. input layer, 

hidden layer, and output layer) feedforward network (see Figure S1.) is employed for 

building the model. The input layer consists of the fundamental structural fragments of 

the ILs, along with the temperature and molar fraction of the ILs, resulting in a total of 

N variables. The hidden layer processes the input information and transmits it to the 

output layer, which calculates the properties and measures the error between the 

predicted value and the experimental value. The outputs of the hidden layer ( 1Z ) and 

the output layer (Y ) are represented by Equations (1) and (2), respectively. 

1 1 1 1( )Z f W P B= +
 (1) 

2 2 1 2( )Y f W Z B= +
 (2) 

where 1W   and 2W   represent the weights of the neurons in the hidden layer and 

output layer, respectively. 1B  and 2B  are the bias parameters for the hidden layer 

and output layer, respectively. The number of neurons in the hidden layer plays a crucial 

role in achieving accurate predictions. If there are too many neurons, it can result in 
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overfitting, leading to significant biases when extrapolating beyond the training data. 

On the other hand, too few neurons can result in underfitting and significant deviations 

from experimental data. To address this issue, a validation set is utilized to optimize the 

number of neurons in the hidden layer of ANN model, as illustrated in Figures S2-S5 

in the Supporting Information file I. These measures contribute to a robust and well-

performing ANN model. In this study, the tansig function (Equation (3)) is used as an 

activation function in the hidden layer and the purelin transfer function (Equation (4)) 

is used in the output layer. 

1
2

2
( )

1
x

f x

e
−

=
+

 

(3) 

2( )f x x=
 (4) 

XGBoost algorithm 

XGBoost is a parallel regression tree model based on the boosting technique, where 

boosting refers to obtaining the final classifier by weighting the sum of existing weak 

classifiers [54]. The XGBoost model is an improvement over the Gradient Boosted 

Decision Tree (GBDT) model. Compared to GBDT, XGBoost significantly enhances 

the speed of model training calculations and improves prediction and classification 

accuracy, making it an upgraded version of the GBDT algorithm. To prevent model 

overfitting and improve generalization ability, XGBoost incorporates regularization 

terms into the loss function of the GBDT model. The traditional GBDT loss function 

adopts a first-order Taylor expansion and uses the negative gradient value to replace the 

residual for fitting. In XGBoost, a second-order Taylor expansion is added to the loss 

function, capturing the second derivative to gather gradient direction information and 
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improve model accuracy. Furthermore, XGBoost employs block-wise and sorted 

feature processing, enabling parallelization for finding the best-split points and thereby 

enhancing computation speed. The calculation of the output function is represented by 

Equation (5). 

1

1

ˆ ˆ( ) ( )
T TT

k

k i T iii f x f xyY
−

=

= = +
 

(5) 

where 
1

ˆ
T

iy
−

 represents the generated tree, ( )T if x is the newly created tree model, and 

T is the total number of tree models. 

LightGBM algorithm 

LightGBM, short for Lightweight Gradient Boosting Machine, is a Gradient Boosting 

Decision Tree (GBDT) algorithm framework renowned for its rapid training, minimal 

memory requirements, support for efficient parallel training, enhanced accuracy, and 

the ability to process extensive datasets swiftly [55]. While XGBoost is a widely 

recognized GBDT tool, it grapples with significant memory usage. To tackle this 

challenge, Microsoft developed LightGBM as an optimization of the conventional 

GBDT algorithm. LightGBM distinguishes itself from XGBoost by implementing the 

histogram algorithm instead of the pre-sorted algorithm. This choice results in 

decreased memory consumption and simplifies data separation. However, it's worth 

noting that the histogram algorithm may not be as time-efficient as the pre-sorted 

algorithm when processing sparse data. LightGBM incorporates two novel techniques, 

Exclusive Feature Bundling (EFB) and Gradient-based One-Side Sampling, into the 

histogram-based GBDT algorithm. EFB enables the fusion and bundling of certain 

features, reducing the feature dimension without sacrificing accuracy. Additionally, 

LightGBM employs a Leaf-wise strategy with a capped maximum depth, which serves 
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to prevent overfitting without compromising computational efficiency. You can find the 

mathematical formulation of LightGBM in Equation (6). 

( )
1

( )
M

m
m

F x f x
=

= (6) 

In Equation 15, ( )F x  represents the final output value, while ( )mf x  denotes the output value

of the m-th weak regression tree. 

Model evaluation indicators 

Evaluating the accuracy of a model is a crucial step in developing machine learning 

models to assess their performance in making predictions. In this study, two evaluation 

metrics, namely the mean absolute error ( MAE ) and the squared correlation coefficient 

( 2R ), as indicated by Equations (7) and (8), respectively, are employed.

( )

( )

2
exp

1 1 12

exp

1 1

N cal

i i i

N

i i

R
 

 

= = =

= =

 −
=

 −

(7) 

exp

1 11

1 N cal

i ii
MAE

n
 = ==

= − (8) 

where N is the total number of the data points. exp

1i =
and 

1

cal

i =
represent the 

experimental and model-calculated values, respectively, and   denotes the average 

value of all included data points.   

SHAP Interpretation 

SHAP, a Python-based "model interpretation" package, is designed to interpret the 

outputs of machine learning models [56]. It derives its name from "SHapley Additive 

exPlanations" and employs a cooperative game theory-inspired approach to construct 

an additive explanatory model that treats all features as "contributors." In this 

framework, for every predicted sample, the model generates a predicted value, and the 

SHAP value quantifies the assigned value to each feature in that specific sample. 
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Notably, SHAP offers an advantage over other interpretation methods by being able to 

capture the influence of features in each sample and discern their positive and negative 

effects. The Shapley value is calculated according to Equation (9). 

( ) ( )
1

1ˆ ˆ ˆ( )
K

m m
j

j j
K

g g
K

x x =
+ −

=

−
 

(9) 

where ( )ˆ
m

j
g x+

 is the prediction for x . 

In this study, the SHAP method is used to interpret the relative importance of features 

such as temperature, molar fraction of IL, and structural fragments on the prediction 

results. The features for each property in all developed ML-based models are listed in 

Table S5.  

2.3 Results and discussions 

After conducting the initial machine learning calculations, it was observed that certain 

data points were impacting the overall model performance. To mitigate the adverse 

effects of these singular samples on the model, data normalization was applied. The 

normalized data was then split into training sets (70%), validation sets (15%), and test 

sets (15%) to prevent overfitting. For the ANN model optimization, a range of 1 to 20 

neurons was considered, and the number of neurons yielding the best-fit performance 

was determined (see Figures S2-S5, Table S7). The Levenberg-Marquardt algorithm in 

MATLAB was employed for the optimization of ANN-based GC models, while the 

XGBoost- and LightGBM-based modeling studies were performed in Jupyter 

Notebook using Python programming. The optimized parameters of the ML models for 

each of the studied properties can be found in Table S6 (Supporting Information II). 

Table 1 compares the performance of the GC model using ANN, XGBoost, and 
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LightGBM in the predictions on four studied properties, i.e., viscosity, density, surface 

tension, and heat capacity. Although all three machine learning algorithms demonstrate 

strong modeling performance in all four studied properties of IL-IL binary mixtures, it 

is evident that the ANN-based GC model significantly outperforms its counterparts 

across the training, validation, and test sets in both viscosity and density predictions. In 

contrast, the LightGBM-based model provides the best prediction performance for 

surface tension, while the XGboost-based GC model offers the best prediction 

performance for heat capacity. To better illustrate the model performance, a comparison 

based on the estimated values using ANN, XGBoost, and LightGBM is presented in 

Figure 2. Obviously, the predicted values of viscosity and density from the ANN-based 

GC model are closest to the experimental values, while surface tension predicted from 

the LightXBG-based model and heat capacity predicted from the XGBoost-based 

model have the largest points distributed closer to the diagonal. A direct comparison of 

the predictive modeling performance using these three algorithms for each property is 

given in Figure S6. The errors between experimental values and predicted values in all 

property predictions using GC models with ANN, XGBoost, and LightGBM are 

demonstrated in Figure S7 (Tables S8 and S9).  

Table 1. Performance of the GC model using ANN, XGBoost, and LightGBM in the predictions 

for viscosity, density, heat capacity, and surface tension 

  Training set Validation set Test set 

Property Model MAE R2 MAE R2 MAE R2 

Viscosity ANN 0.000253  0.9999  0.000538  0.9999  0.000321  0.9999  

XGBoost 0.017319  0.9974  0.082490  0.9487  0.090668  0.8065  

LightGBM 0.038794  0.9872  0.100415  0.9326  0.104012  0.8288  
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Density ANN 0.001171 0.9999 0.001246 0.9999 0.001352 0.9998 

XGBoost 0.001991 0.9969 0.011669 0.9545 0.026004 0.8795 

LightGBM 0.005329 0.9932 0.015860 0.9471 0.035892 0.8389 

Heat 

capacity 

ANN 0.002561 0.9994 0.002351 0.9990 0.000768 0.9999 

XGBoost 0.000976 0.9999 0.011721 0.9778 0.012095 0.9449 

LightGBM 0.003937 0.9976 0.015597 0.9344 0.025205 0.8816 

Surface 

tension 

ANN 0.001490 0.9151 0.001316 0.9473 0.001702 0.8433 

XGBoost 0.000561 0.9846 0.000869 0.9758 0.001170 0.9550 

LightGBM 0.000587 0.9811 0.001305 0.9411 0.002027 0.8751 
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Figure 2. Plots of experimental and predicted values from the GC model using ANN, 

XGBoost, and LightGBM in the predictions of viscosity, density, heat capacity, and 

surface tension of IL-IL binary mixtures. 

In order to investigate the influence of each feature on the density of IL-IL binary 

mixtures, SHAP analysis is performed on each influencing factor. The SHAP analysis 

results for viscosity prediction are presented in Figure S8(a-b), and the degree of 

interaction of each influencing factor is shown in Figure S8(c). It can be observed that 

the temperature of ILs has the greatest influence on the viscosity of IL-IL binary 

systems, followed by the molar fraction and -CH2 group. In addition, the SHAP 

interaction diagrams indicate that the combination of temperature and molar fraction of 

the ILs has the greatest influence on the viscosity of IL-IL binary mixtures. For density, 

the functional group BF4 of ILs in the binary system has the greatest influence and 

exhibits a negative correlation trend, followed by the functional group -CH2. 
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Meanwhile, the combination of the BF4 and -CH2 groups of ILs has the greatest 

influence on the density of IL-IL binary mixtures. The temperature of ILs in the binary 

systems has the greatest influence on the heat capacity, followed by the molar fraction. 

The combination of temperature and molar fraction of the ILs has the greatest influence 

on the heat capacity of IL-IL binary mixtures. The surface tension of IL-IL binary 

mixtures is primarily influenced by -CH2 and Tf2N groups, with temperature also 

playing a significant role in determining this property. The SHAP analysis results for 

density, heat capacity, and surface tension can be found in Figures S9-S11. 

3. IL-IL mixed solvent tailoring 

In 2021, global coal consumption reached 160.1 exajoules (EJ), showing the highest 

increase (6.3%) since 2014 and accounting for 26.9% of primary energy consumption 

[57,58]. The coal coking process, known for its energy-intensive, high energy 

consumption, and high pollution risk nature, suffers from low energy efficiency and 

inefficient production practices [59,60]. 

One valuable byproduct of the coking process in coke production is raw coke oven gas, 

mainly composed of H2, CH4, CO, and minor amounts of CO2, O2, and N2. Raw coke 

oven gas serves as a valuable source of energy and chemical feedstocks, necessitating 

its effective utilization within the coal industry [61,62]. Unfortunately, raw coke oven 

gas is primarily used as a fuel source, with certain chemicals, especially H2, being 

underutilized due to the high cost and technical challenges associated with treating and 

purifying the gas for use in other industrial applications. For instance, H2 holds potential 

as an energy carrier in various applications, including electricity generation and as a 

fuel in fuel cells to power vehicles with minimal emissions. However, the process of 
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recovering H2 from raw coke oven gas is energy-intensive when using cryogenic 

techniques, and it becomes highly expensive when employing membrane separation 

methods. An absorption-based approach offers a cost- and energy-effective separation 

method, but finding a suitable solvent with high selectivity for CH4/H2 and CO/H2 is a 

challenging task. 

As reported, ILs that comprised ammonium cation group and BF4 anion group, have 

shown excellent selectivity for separating CO and H2, but they tend to have higher 

viscosities, typically exceeding 0.1 Pa·s [63]. To address this issue, introducing a low-

viscosity IL that also has good selectivity for CO/H2 and CH4/H2 as a co-solvent may 

provide a solution. Currently, two primary approaches are used for solvent screening: 

experimental data and computational models. The experimental-based method is 

preferable as it often yields more reliable results. However, it is limited in handling 

mixed solvent design problems due to the lack of experimental data. On the other hand, 

model-based design methods, such as the computer-aided molecular design (CAMD) 

technique, offer alternatives for tailoring mixed solvents. The effectiveness of these 

methods relies on the availability of physical and thermodynamic property models. In 

addition to the thermodynamic models developed for IL-gas systems in our previous 

work [64], the machine learning-based models of physical properties developed for IL-

IL mixtures in this study enable the use of the computer-aided design method to tailor 

high-performance IL-IL mixed solvents for H2 recovery from raw coke oven gas. 

3.1 CAILD-Based MINLP problem formulation 

In the design problem of IL-IL mixed solvents for H2 recovery from raw coke oven gas, 
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a single objective optimization is employed. The objective is to maximize the selectivity 

of CO over H2 (as described by Equation (10)), while setting the selectivity of CH4 over 

H2 and the solubility of the key absorbed component CO as design constraints. This 

approach recognizes that the separation of H2 and CO is generally more challenging 

than that of H2 and CH4. Meanwhile, employing a single objective optimization with 

less complexity enhances computational efficiency compared to multi-objective 

optimization methods. 

2 2

/ 2

sat

H H

CO H sat

IL CO CO

P

M P









＝

(10) 

where / 2CO H denote the solvent’s absorption selectivity of CO over H2, and ILM

represents the molar mass of tailored IL-IL binary solvent. 
2

sat

HP and 
sat

COP are the vapor 

pressure of CO and H2, while 
2H


and CO 
are infinite dilution activity coefficients 

of H2 and CO, respectively. The molar weight of different ILs varies a lot but their cost 

is mostly based on the weight consumption. For this reason, the selectivity is calculated 

based on the mass-based Henry’s law constant, a validated and effective index in 

solvent screening for gas purification [65]. The infinite dilution activity coefficients of 

the gas in ILs are estimated using the UNIFAC-IL model developed in the previous 

work [49]. Along with molecular structural constraints, process model constraints, and 

physical and thermodynamic property constraints, the computer-aided design of IL-IL 

mixed solvents is formulated as a mixed-integer nonlinear programming (MINLP) 

problem, as summarized in Equation (11). 

( ), / 2max , ,z y CO H f z y T = (11) 
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. .s t  Molecular structural constraints  

 Physical property constraints  

 Thermodynamic property constraints  

 Process model constraints  

where vector z represents discrete variables representing the IL molecules; vector y

denotes continuous variables describing the composition of the IL-IL binary mixed 

solvent and variable T is the system’s temperature. As for the gas separation process, 

T  is specified at 298.15K. 
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1CO   (22) 

1m

m M

x


= (23) 

In this optimization problem, numerous feasible IL candidates are generated from a 

comprehensive combination of cations, anions, and substitute groups. The feasibility 

and complexity constraints on the structures of both the first and second ILs are 

represented by Equations (12)-(18), where the sets of cations, anions, substituents, and 

IL molecules are described as C , A , S  and M , respectively. The binary variables

m

ic , 
m

ja , m

lx represent the cation i , anion j , and side chain l within IL molecule

m . The integer variables ,

m

k ln denote the number of substituent of type k in the side

chain l  within IL molecule m . The vectors of m

iv  and ,

m

k lv  represent the group 

valence of cation i  and substituent k in the side chain l  within IL molecule m , 

respectively. Equation (12) and Equation (13) indicate that each IL molecule contains 

only one cation and one anion. The octet rule, expressed in Equation (14), ensures the 

consistency between the free valence of the cation and the number of side chains. 

Equations 15 and 16 are imposed to avoid more than one covalent bond between any 

two adjacent groups. In addition, the minimum and maximum numbers of substituents 

kL and kU for the whole cation (Equation (17)), and 
,k lLl , 

,k lUl (Equation (18)) for

each side chain l  are specified, respectively. These specifications recognize the size 

and complexity of the generated IL candidates. The detailed information for the 

building blocks of the IL molecule in this CAILD-based MINLP problem. The 

constraints on physical properties including melting point temperature (Equation (19)) 

and viscosity (Equation (20)) are introduced to ensure the generated IL candidates are 

feasible in practical operations. The melting point of IL is estimated from a GC-based 

model proposed by Lazzús, while the viscosity of IL-IL binary mixtures is calculated 

Accepted Manuscript 
Version of Record at: https://doi.org/10.1002/aic.18392



from the ANN-GC model developed in Section 2. In Equation (19), 
it , 

jt  and kt

represent the melting temperature contributions of the cation, anion, and substituent 

groups included in both the first and second IL molecules. 0T is the temperature 

adjusting parameter. 1W , 2W , 1b and 2b in Equation (20) are the optimized ANN-

GC model parameters (see Table S6(a)). The input vector, denoted as p , encompasses 

the structures of the first and second IL molecules, the system's temperature, and the 

mixture composition (see Table S5 (a)). In addition, a thermodynamic constraint on the 

selectivity of CH4/H2, as expressed by Equation (21), is applied to ensure the feasibility 

of separating H2 and CH4. Meanwhile, a thermodynamic constraint on the infinite dilute 

activity coefficient of CO, described by Equation (22), is used to ensure the solubility 

performance of the tailored mixed solvent. Equation (23) gives a process model 

constraint describing the composition of a binary mixture in terms of the mole fraction 

of ILs 1m  and 2m . 

3.2 Solutions and discussions 

The model was implemented in GAMS (24.4.6), and it was solved using a deterministic 

global optimization solver, LINDOGLOBAL. Model details from GAMS solution of 

the mixed solvent design-based MINLP optimization problem are given in Table S11. 

The optimal solution was achieved at 30 seconds on an Intel(R) Xeon(R) E5-1620 3.70 

GHz PC, demonstrating the high computational efficiency and integrability of the 

developed ML-based property models in solvent design. Optimization resutls show that 

a binary mixed solvent combining 57.2 mol% butylethylammonium tetrafluoroborate 

([N4,1,0,0][BF4]) and 42.8 mol% 1-methylimidazolium 

bis(trifluoromethanesulfonyl)amide ([C1Im][Tf2N]) meets all the design constraints has 
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the maximum / 2CO H (= 0.28 g-1). Figure 3 presents the molecular structure and some 

important properties of the tailored binary mixed solvent at room temperature. In 

addition, the impact of the composition on the selectivity performance and viscosity 

property of the mixed solvent is also investigated and presented in Figure 4 (see Table 

S10). As expected, both / 2CO H  and viscosity of the mixed solvent decrease when the 

mole fraction of [C1Im][Tf2N] is increasing. This is due to the fact that IL [N4,1,0,0][BF4] 

has both higher / 2CO H  and viscosity compared to [C1Im][Tf2N]. This can also be used 

to explain why the optimal is determined at where the viscosity of the tailored solvent 

reach its design uplimit. 

IL 

(b1) 

  

[N4,1,0,0][BF4]: 57.2 mol% 

[C1Im][Tf2N]: 42.8 mol% 

/ 2CO H : 0.28 (
1g −
) 

 [N4,1,0,0] [BF4] ILM : 254.75 g/mol 

IL 

(b2) 

 

 

mT : 276.7 ( K ) 

h : 100 ( cP ) 

2 2

4 4

sat

H H

sat

CH CH

P

P








: 57.4 

 [C1Im] [Tf2N] 

Figure 3. Molecular structure and some important properties of the binary mixed 

solvent combining 57.2 mol% [N4,1,0,0][BF4] and 42.8 mol% [C1Im][Tf2N]. 
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Figure 4. Impact of the composition on the selectivity performance and viscosity 

property of the binary mixed solvent combining [N4,1,0,0][BF4] and [C1Im][Tf2N]. 

4. Process design and optimization 

In this section, a case study on H2 recovery from raw coke oven gas is presented. The 

study explores the potential of utilizing the IL-IL mixed solvent discussed in Section 2 

and integrating ML-driven models into process design and optimization. We use one of 

the world's largest coking plants in China as our case study, which has an annual coal 

coking capacity of 3 million tons with a corresponding production of 12 billion cubic 

meters of raw coke oven gas. This gas primarily consists of H2, CO, and CH4 in a mole 

ratio of 6:1:3. 

The case involves a common gas absorption process, illustrated in Figure 5. The raw 

coke oven gas is compressed and fed to the absorption column at the bottom, where it 

contacts the tailored IL-IL binary solvent from the top. The mixed solvent selectively 
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absorbs CH4 and CO over H2, resulting in a high-purity H2 product at the column's top. 

The CO- and CH4-enriched solvent collected at the column's bottom is expanded and 

sent to a flash drum for regeneration. The gas, primarily containing CH4 and CO, is 

treated as a byproduct. The regenerated solvent, mixed with a small amount of makeup 

solvent, is returned to the absorption column via a pump. Expansion valves reduce 

liquid pressure, and both the pump and compressor operate isentropically. 

Thermodynamic calculations are performed using the UNIFAC-IL model proposed in 

our previous work, while physical properties like density, viscosity, surface tension, 

and heat capacity are calculated using ML-driven models developed in Section 2. 

Absorption

column

Raw coke 

oven gas

Expansion

valve 

H2 

Mix solvents

Flash

drum

Pump

CH4 + CO+H2
Compressor

[C1IM][TF2N]

[N4,1,0,0][BF4]

Mixer 2

IL(make-up)

Mixer 1

 

Figure 5. Process flowsheet for recovering H2 from raw coke oven gas using a binary 

IL-IL mixed solvent. 

As discussed in Section 3, both / 2CO H  and viscosity of the mixed solvent decrease 

with the increase of [C1Im][Tf2N]. Obviously, a higher / 2CO H  means a lower solvent 

input and smaller equipment size demands, and therefore it is able to reduce the cost of 

the process. In contrast, an increase in the viscosity of the solvent will reduce the 

process efficiency, especially for the absorption column. For this reason, the 
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composition of the mixed solvent is relaxed and set as a design variable to be optimized, 

but the viscosity constraint (<100 cP ) that is used in the solvent tailoring stage is still 

activated. In this work, a nonlinear programming (NLP) model coupled with the 

maximum net present value (NPV), as defined in Equation (23), is employed to 

optimize the composition, flowrate of the mixed solvent, and equipment and operating 

variables (e.g., absorption column pressure, flash unit pressure) in the H2 recovery 

process from raw coke oven gas. The assumptions and specifications used to derive the 

detailed formulation of this optimization problem are provided in Table 2. 

( )

20

0 1

n

n

NCF
NPV

r
=

+
 23 

where NCF  is the non-discounted cash flow for year n , and r  is the discount rate. 

Table 2: Design specifications and constraints in the process optimization for 

recovering H2 from raw coke oven gas 

Design specifications and constraints 

Feedstock The feed flowrate is 16128 Nm3/h at 5 bar and 298.15 K 

Product The purity of the H2 product must exceed 95% 

Solvent The sum of the mole fractions of ILs must equal 1 

Solvent viscosity must not exceed 100 cP  

The mole fraction of ILs in the regenerated solvent stream must be higher 

than 99.8% 

Equipment The height of the absorption column must be less than 50 m 

The diameter of the absorption column must not exceed 5 m 
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Operations Absorption column pressure should fall within the range of 20 to 80 bar 

 Flash unit pressure should fall within the range of 0.01 to 1 bar. 

In this work, the performance objective is the Net Present Value (NPV) of the profit 

over a 20-year lifetime. Calculating NPV involves determining the purchased cost of 

each unit, which is then used to compute the Annualized Cost of Capital (ACC) for the 

process. Installation costs are typically higher than the purchase cost and should be 

factored into ACC. Additionally, costs associated with the operation of the process, 

including labor, utilities, maintenance, repairs, taxes, and so on, need to be estimated. 

The dimensions of each unit can be estimated based on flow characteristics and relevant 

energy duty. The assumptions for the NPV calculation include a discount rate of 10%, 

a straight-line depreciation method over 7 years, a tax rate of 30%, a financing equity 

of 100%, and 8000 hours of operation per year. Detailed calculations for ACC, OPEX, 

and NPV can be found in the Supporting Information I. 

The formulated NLP model is implemented in GAMS (version 24.4.6), and 

LINDOGLOBAL is employed as the DNLP (Discontinuous Nonlinear) solver to solve 

the model. Model details from GAMS solution of this H2 recovery process design-based 

NLP optimization problem is also provided in Table S11. Optimization results, 

including the composition and flowrate of the mixed solvent, the recovery rate and 

purity of the H2 product, the operating pressure, and the size of the main equipment (i.e., 

adsorption column and flash unit), as well as the Net Present Value (NPV) of profit 

over a 20-year lifetime, are presented in Table 3. Firstly, the best solution is found 

within 27 seconds on an Intel(R) Xeon(R) E5-1620 3.70 GHz PC, indicating the high 
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computational efficiency and integrability of our developed ML-based property models 

in process optimization. Secondly, the column efficiency is only 0.29, which implies 

that viscosity has a significant impact on equipment operations. Nonetheless, the 

optimization results related to the composition of the mixed solvent show that the 

solvent's selectivity performance has a higher impact on economic performance than its 

viscosity in the process. This indicates that the integrated design for the studied process 

will have very limited improvement compared to the two-step design strategy used in 

this work. Furthermore, it is important to point out that the binary mixed solvent 

provides a promising alternative for hydrogen recovery from raw coke oven gas. Even 

for this basic flowsheet, the process allows us to obtain an H2 product with 95% purity.  

Table 3. Optimization results for the process design to recover H2 from raw coke oven 

gas with [N4,1,0,0][BF4]- [C1Im][Tf2N] mixed solvent.  

Composition of mixed solvent 
[N4,1,0,0][BF4]: 57.2 mol% 

[C1Im][Tf2N]: 42.8 mol% 

Flowrate of mixed solvent (mol/s) 5394.4 

Absorption column pressure (bar) 39.6 

Column height (m) 16.3 

Column cross section (m2) 1.8 

Colum efficiency 0.29 

Flash tank volume (m3) 600.3 

Flash pressure (bar) 0.57 

% H2 in product stream 95.0 
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% H2 recovery 86.8 

% H2 in outlet raw coke oven gas 16.8 

NPV (MM$) 812.7 

In terms of the process design itself, this work considers a simple process flowsheet, 

which is likely to offer less flexibility in process operations but also comes with lower 

costs. A more complex flowsheet would provide greater flexibility in process 

configurations and has the potential to enhance process performance. For instance, the 

addition of cooling utilities to the process could decouple temperature and pressure in 

the absorber, enabling operation at high pressure-low temperature states. Using 

multiple columns in series, each at different conditions, would allow each absorption 

column to operate at its optimal conditions. However, any increase in process 

complexity must be accompanied by a sufficient improvement in process performance 

to offset the additional capital and operating costs incurred. On the other hand, many 

industrial processes require hydrogen with purity levels ranging from 95% to 99.9%, 

necessitating adjustments in certain cases. It's important to note that increasing the 

purity level of hydrogen may lead to a higher quantity of H2 being lost to the waste gas 

stream, resulting in a reduced NPV. Therefore, a trade-off between the purity level of 

the H2 product and the overall economic performance of the process should be carefully 

considered before implementation.  

5. Conclusion 

In this work, predictive models that combine the GC method with three well-known 

machine learning algorithms (i.e., ANN, XGBoost, and LightGBM) are developed for 
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the viscosity, density, heat capacity, and surface tension of IL-IL binary mixtures. A 

comprehensive database consisting of 13,000 experimental data points from 136 

different IL-IL mixture systems, encompassing 9 cation skeleton groups and 29 anion 

groups, is initially used to train and evaluate the proposed ML-based GC models. The 

modeling results demonstrate that the GC model with all three machine learning 

algorithms, can produce reliable predictions. In particular, the ANN-based GC model 

with optimized neurons in the hidden layer demonstrates the best predictive 

performance, achieving an R2 value exceeding 0.999 for all studied properties. These 

modeling results underscore the potent capabilities of ANN in predicting the properties 

of IL-IL binary mixtures. Furthermore, SHAP analysis reveals that the viscosity of these 

mixtures is primarily affected by temperature and molar fraction, while the presence of 

functional groups BF4 and -CH2 has the most significant influence on the density of IL-

IL binary mixtures. On the other hand, heat capacity is primarily influenced by the 

functional group BF4, and surface tension. These insights from the SHAP analysis 

provide valuable information for understanding the key factors that influence the 

properties of IL-IL mixtures. 

The case study of H2 recovery from raw coke oven gas demonstrates the high 

computational efficiency and integrability of our developed ANN-based GC models in 

computer-aided mixed solvent design, process design, and optimization. Optimization 

results of the formulated CAILD-based MINLP problem show that a binary mixed 

solvent, combining 57.2 mol% [N4,2,0,0][BF4] and 42.8 mol% [C1Im][Tf2N], offers the 

best separation performance for recovering H2 from raw coke oven gas. Furthermore, 
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optimization results of the process design-based NLP problem indicate that the IL-IL 

binary solvent provides a promising alternative for hydrogen recovery from raw coke 

oven gas. The tailored solvent allows us to obtain an H2 product with 95% purity, even 

though a simple process. Additionally, solvent viscosity significantly impacts 

equipment operations, but the solvent's selectivity performance has a higher impact on 

economic performance than viscosity. In the future, a more complex flowsheet can be 

considered, as it could provide greater flexibility in process configurations and has the 

potential to enhance process performance. Overall, this study contributes to advancing 

the modeling, design, and optimization of IL-IL binary mixtures and their applications 

in various fields. 
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