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Experiment 

The data of octanol dehydrogenation to produce octanal are shown in Table S0 

Table S0 -octanol dehydrogenation on the Cu/La2O2CO3 catalyst at 373-413 K.1,2 

 

Reaction conditions: 1-octanol (2 mmol), mesitylene (8 ml), catalyst (200 mg), styrene (8 

mmol), 12 h, N2 atmosphere. 

 

1. Reaction kinetic and process model 

The dehydrogenation of octanol to octanal is a typical catalytic dehydrogenation reaction, 

usually carried out under appropriate catalysts and reaction conditions. To derive the reaction 
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kinetics equation, we need to consider factors such as reaction mechanism, reaction order, and 

catalyst surface reactions. Below is a possible derivation process: 

 

1. Assumption of Reaction Mechanism: 

Octanol (1-octanol) undergoes dehydrogenation on the catalyst surface to form octanal 

(1-octanal). Assume the reaction follows these steps: 

 

where * represents active sites on the catalyst. 

2. Assuming Step 2 is the Rate-Determining Step: 

If the second step (dehydrogenation of octanol to octanal) is the rate-determining step, then 

the reaction rate can be expressed as: 

 

where k is the rate constant and is the surface coverage of octanol on the 

catalyst. 

 

3. Expression for Surface Coverage: 

Using the Langmuir adsorption isotherm to represent surface coverage, and assuming 

adsorption equilibrium is achieved, we have: 
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where K is the adsorption equilibrium constant and  is the partial pressure 

of octanol. 

 

4. Combining the Rate Equation and Surface Coverage: 

Substitute the expression for surface coverage into the rate equation: 

 

5. Simplifying the Kinetic Equation: 

To simplify the equation, we can introduce a new rate constant k' = kK, giving: 

 

6. Form of the Kinetic Equation 

The final reaction kinetics equation is: 

 

This is the typical Langmuir-Hinshelwood kinetics model, suitable for describing catalytic 

surface reactions. This kinetics equation indicates that at low partial pressures, the reaction 

rate is proportional to the partial pressure of octanol; whereas at high partial pressures, the 

reaction rate approaches a constant value, showing saturation behavior. This equation can be 

used for further studies on the specific mechanism of the reaction, optimizing catalysts, and 

reaction conditions. 

The capacity of the octanal to octanol is 10000 tons per year. The process simulation of 

octanol dehydrogenation to octanal involves modeling and simulating the chemical reaction 
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process to optimize reaction conditions, enhance yield, and improve efficiency. First, it is 

essential to collect input data, including the physical and chemical properties of the raw 

material (octanol) such as density, viscosity, boiling point, and heat capacity, as well as the 

characteristics of the required catalyst like activity, selectivity, and lifespan. Determining the 

reaction mechanism and deriving the kinetic equation is crucial, utilizing experimental or 

literature data to obtain kinetic parameters like rate constants and adsorption equilibrium 

constants. Selecting an appropriate reactor type and designing the reactor's geometric 

parameters are also key steps. Using process simulation software (Aspen Plus), the reaction 

model is established, incorporating thermodynamic models (e.g., Peng-Robinson) to predict 

phase behavior and heat/mass transfer phenomena accurately. The reactor module is defined 

within the software, and kinetic equations and parameters are inputted.  

Optimization of reaction conditions is performed by adjusting variables such as 

temperature, pressure, and feed flow rate to maximize the conversion of octanol and 

selectivity of octanal. The distribution of products and energy consumption under different 

operating conditions is analyzed. The product separation and purification design involves unit 

operations like distillation, extraction, or adsorption to separate and purify octanal from the 

reaction mixture. Separation modules are added to the simulation, and parameters are adjusted 

to enhance separation efficiency. An economic analysis and evaluation are conducted to 

estimate costs, including raw materials, energy, equipment, and operation costs, assessing the 

economic feasibility of the process and determining the economic benefits under optimal 

operating conditions. Through these steps, the process simulation achieves the 

dehydrogenation of octanol to octanal, optimizing reaction conditions and equipment design 

to improve the overall process's economic efficiency and feasibility, aiding engineers in 

making informed decisions during the design and operation phases. 

Subsequently, Equation (1)-Equation (11) provide constraint conditions for the decision 

variables involved above. It is worth mentioning that, in order to ensure qualified products, 

equation (12) stipulates that the purity of isooctanal obtained after separation must be greater 

than 99.5%. Coct represents the quality and purity of isooctanal. The boundaries are set based 

on experimental data and practical considerations, considering factors like feasibility, system 

stability, and goal achievement. For instance, the reaction condition Xr was selected by 
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referencing the iso-octanol process temperature and verifying it with preliminary experiments. 

The reaction pressure was set according to the experimental conditions, ensuring all key 

factors were covered. 
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The process simulation of octanol dehydrogenation to octanal involves several key steps 

to optimize reaction conditions, enhance yield, and improve efficiency. Initially, octanol is 

pumped into a preheater, where it is heated to approximately 100°C. The heated octanol then 

enters a fixed-bed reactor for the dehydrogenation reaction. Following the reaction, the 

gas-liquid mixture proceeds to a two-stage cooling and flash tank equipped with an external 

coil for effective cooling, facilitating the maximum separation of hydrogen gas. The liquid 
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phase is subsequently pumped into a distillation column, where any remaining gases and 

minor light impurities are separated. The distillation column's top section produces the desired 

octanal product, while unreacted octanol is collected at the bottom for recycling. 

Through these steps, the simulation process aims to optimize reaction conditions and 

equipment design, thereby improving the overall economic efficiency and feasibility of the 

octanol to octanal conversion. Utilizing process simulation softwar, the reaction model is 

established, incorporating thermodynamic models to predict phase behavior and heat/mass 

transfer phenomena accurately. The reactor module is defined within the software, and kinetic 

equations and parameters are inputted. An economic analysis and evaluation are conducted to 

estimate costs, including raw materials, energy, equipment, and operation costs, assessing the 

economic feasibility and benefits under optimal operating conditions. This comprehensive 

approach aids engineers in making informed decisions during the design and operation 

phases. 

 

Fig. S1 Process Simulation 

 

2. Description of DNN, DBN, XGBOOST and RF Network 
 

Deep Neural Networks (DNNs) 

Deep Neural Networks (DNNs) are a type of artificial neural network composed of 

multiple hidden layers, each consisting of numerous neurons. DNNs learn complex 

patterns and features through multiple layers of nonlinear transformations, excelling in 

tasks such as classification, regression, and generation. A typical DNN structure includes 
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an input layer, several hidden layers, and an output layer. The connections between layers 

are trained using the backpropagation algorithm to minimize the error function. DNNs are 

widely used in fields like image recognition, speech recognition, and natural language 

processing. 

 

Deep Belief Networks (DBNs) 

Deep Belief Networks (DBNs) are generative models composed of multiple stacked 

Restricted Boltzmann Machines (RBMs). DBNs are trained layer-by-layer, with each 

RBM learning data representations that serve as inputs for the next layer, gradually 

extracting high-level features of the data. Pre-trained DBNs can be used to initialize deep 

neural networks, addressing the gradient vanishing problem in traditional deep network 

training, thus improving convergence speed and performance. DBNs excel in 

unsupervised learning and feature extraction, commonly used for dimensionality reduction 

and initial weight setting. 

 

Random Forest 

Random Forest is an ensemble learning method based on decision trees. By constructing 

multiple decision trees, Random Forest aggregates their predictions through voting or 

averaging, enhancing the model's accuracy and stability. Each decision tree is trained 

using randomly selected features and samples, increasing model diversity and reducing 

the risk of overfitting. Random Forest performs well in handling high-dimensional data 

and complex relationships, commonly used in classification and regression tasks. 

 

XGBoost 

XGBoost (Extreme Gradient Boosting) is an efficient gradient boosting algorithm 

designed for fast training and high-performance prediction. It builds a series of weak 

learners (typically decision trees) to iteratively reduce prediction errors. XGBoost 

employs regularization techniques to prevent overfitting and achieves significant speed 

improvements through parallel computation and optimization. Due to its high performance 

and flexibility, XGBoost is widely used in data science competitions like Kaggle and is 
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suitable for various classification, regression, and ranking tasks. 

3. Database, Pareto Optimization Set and Verification 

The database contains 1845 data, partial as shown in Fig S2 and Fig S3.  

Table S1 The range of variables 

Varible Range step size Varible Range step size 

Reaction temperature/℃ [100, 140] 1 Distillation tray numbers [20, 40] 5 

(Reaction time/h, Feed position) ([10, 12], [12, 14], [14, 16]) 

Reaction pressure/MPa 0.2, 1, 1.5 

 

 

Fig. S2 Partial Codes 
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Fig. S3 Partial Codes 

For the convenience of reviewers and readers, we uploaded the database to GitHub 

website. xinzhouupc/DNN_DBN_RF_XGB (github.com) 

4. Implementing environmental and evaluation standards 

4.1 Implementing environmental 

In the process of building and optimizing surrogate models, various professional 

software packages were leveraged. All computations were executed in a high-performance 

computing environment equipped with an Intel Core i7-11800H processor and 32GB of RAM. 

The process flow diagram was constructed in Aspen Plus V12, where the reaction 

mechanisms and process unit simulations were precisely executed. This resulted in a training 

dataset containing 620 mechanism convergence data points, providing a solid foundation for 

subsequent analyses. In the study, a hybrid model was developed that integrates the robust 

fitting capabilities of deep neural networks with the efficient search mechanisms of 

https://github.com/xinzhouupc/DNN_DBN_RF_XGB
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multi-objective optimization algorithms. The surrogate model is constructed using deep neural 

networks within the Python 3.8 environment, and the multi-objective optimization algorithms, 

such as NSGA-II, NSGA-III, and MOEA/D from the Pymoo packages, are employed to 

achieve multi-dimensional optimization of the model. This approach not only improves the 

predictive accuracy of the model but also enhances its applicability in complex 

decision-making problems. 

In the process of constructing the surrogate model, various machine learning algorithms 

were employed to achieve a multi-level construction. Specifically, three distinct surrogate 

modeling techniques were utilized: Deep Neural Networks (DNN), Xgboost, and Random 

Forest. DNNs are renowned for their powerful feature learning and representation capabilities, 

while Xgboost is known for its efficient gradient boosting and optimized tree structure. 

Random Forest, on the other hand, provides robust predictions by integrating multiple 

decision trees. The combined use of these algorithms aims to compare and select the optimal 

approach, ultimately resulting in a superior-performing and highly generalized surrogate 

model. 

Table 1 shows the summary of surrogate modeling and optimization strategy 

nomenclature in this work. This table summarizes the nomenclature of the different surrogate 

modeling and optimization strategies used in this study. The surrogate models are categorized 

into the following three types: (1) Direct Solution Method (DSM): This approach utilizes 

COM technology to directly interact with the Aspen Plus mechanism model and optimize it 

through multi-objective optimization algorithms compiled in Python 3.11. This provides a 

direct solution to the optimization problem. (2) Deep Learning-based Surrogate Model 

(DLSM): This category employs algorithms such as Deep Neural Networks (DNN) and Deep 

Belief Networks (DBN) as surrogate models. Through training, these models capture the 

characteristics of complex systems and, when combined with multi-objective optimization 

algorithms, enable efficient optimization solutions. (3) Ensemble-based Surrogate Model 

(ESM): Here, Xgboost and Random Forest (RF) algorithms are utilized as surrogate models. 

By integrating the predictive results of multiple base learners, this approach improves the 

accuracy and stability of the surrogate model. Subsequently, it works synergistically with 

multi-objective optimization algorithms to achieve the desired optimization goals.  
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Table S2. The summary of surrogate modeling and optimization strategy nomenclature 

Model 

classification 

Surrogate Model and Optimization 

Algorithm Name 

Surrogate Model 

Pattern 

Optimization Algorithm 

Strategy 

DSM 

AP-NSGA-II Aspen Plus NSGA-II 

AP-NSGA-III Aspen Plus NSGA-III 

AP-MOEA/D Aspen Plus MOEA/D 

AP- C-TAEA Aspen Plus C-TAEA 

DLSM 

DNN-NSGA-II 
Deep neural 

networks 
NSGA-II 

DNN-NSGA-III 
Deep neural 

networks 
NSGA-III 

DNN-MOEA/D 
Deep neural 

networks 
MOEA/D 

DNN- C-TAEA 
Deep neural 

networks 
C-TAEA 

DBN-NSGA-II 
Deep belief 

network 
NSGA-II 

DBN-NSGA-III 
Deep belief 

network 
NSGA-III 

DBN-MOEA/D 
Deep belief 

network 
MOEA/D 

DBN- C-TAEA 
Deep belief 

network 
C-TAEA 

ESM 

Xgboost-NSGA-II 
eXtreme Gradient 

Boosting 
NSGA-II 

Xgboost -NSGA-III 
eXtreme Gradient 

Boosting 
NSGA-III 

Xgboost -MOEA/D 
eXtreme Gradient 

Boosting 
MOEA/D 

Xgboost - C-TAEA 
eXtreme Gradient 

Boosting 
C-TAEA 

RF-NSGA-II Random Forest NSGA-II 

RF-NSGA-III Random Forest NSGA-III 

RF-MOEA/D Random Forest MOEA/D 

RF- C-TAEA Random Forest C-TAEA 

 

4.2 Evaluation standards 
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Before delving into the optimization of various surrogate modeling methods, their 

performance was first evaluated on both training and testing sets. To achieve this, the 

coefficient of determination (R²), mean absolute percentage error (MAPE), and root mean 

squared error (RMSE) were employed as key evaluation metrics, aiming to comprehensively 

assess the model's fitting capability and prediction accuracy. The calculation equations are 

shown as follows: 
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To provide a precise description, K was used to denote the total number of data points, 

and k to represent each individual data point. Among them, the variable ky  stands for the 

actual output value, 


ky  represents the predicted output value from the surrogate model, and 

_

y  denotes the average of the actual output values. 
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5. Verification of accuracy of surrogate model for the isooctanol 

oxidation process 

Table S3 displays the hyperparameters for RF and XGBoost in the ensemble algorithm, 

while the remaining parameters mentioned adopt default values of the model. The ratio of 

training set and test set are 0.8:0.1:0.1. 

Table S3. ESM algorithm hyperparameter settings 

No.  Items Values 

1 RF max_depth 5 

2 RF n_estimators 100 

3 RF random_state 0 

4 Xgboost learning_rate 0.05 

5 Xgboost max_depth 5 

6 Xgboost n_estimators 100 

Figures S4(a) and S4(b) depict the predicted values and actual values for each target 

variable using the XGBoost model for training and prediction tasks, respectively. Similarly, 

Figures S4(c) and S4(d) illustrate the predicted values and actual values for each target 

variable using the RF model for training and prediction tasks, respectively. The MultiOutput 

Regressor method was utilized from the sklearn machine learning algorithm package to 

predict the multi-output ensemble algorithm. As depicted in Figure S4, the XGBoost 

algorithm achieved training results for predicting octanal production costs with an R2 value of 

0.998, an RMSE of 0.00085, and an MAPE of 0.00044. In contrast, the RF algorithm 

demonstrated superior performance in the same task, with R2, RMSE, and MAPE values of 

0.998, 0.00083, and 0.00045, respectively. Overall, both models exhibited slightly better 

performance on the prediction set compared to the training set, but the XGBoost model 
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displayed higher accuracy in predicting octanal production costs, especially in terms of the 

RMSE and MAPE metrics on the training set. For the prediction of unit carbon dioxide 

emissions, the XGBoost model also outperformed the RF model, indicating stronger 

generalization capabilities of the XGBoost when handling such prediction tasks. 

 

Figure S4. (a) The performance of Xgboost training and testing sets, in terms of the 

production cost of octanal; (b) Performance of Xgboost training and testing sets, for CO2 unit 

emissions; (c) RF training set and test set performance, in terms of the production cost of 

octanal; (b) RF training set and test set performance, for CO2 unit emissions 



15 
 

This study also focuses on the accuracy assessment of Deep Neural Networks (DNN) 

and Deep Belief Networks (DBN) within the Deep Learning Structure Model (DLSM) for 

training and prediction tasks. Through Figures S5(a) and S5(b), a detailed comparison was 

provided of the predicted values and actual values for each target variable during the training 

and prediction processes of the DNN model to evaluate its performance. Figures S5(c) and 

S5(d) reveal the prediction accuracy of the DBN model for the same tasks. Additionally, Table 

S4 presents the key hyperparameter settings for DNN and DBN within the DLSM. In this 

study, the ratio of training set to testing set is set to 0.9:0.1 to ensure comprehensive 

evaluation of model performance. 

Table S4. DLSM algorithm hyperparameter settings 

No.  Items Values 

1 DNN 
Number of neural 

network layers 
40 

2 DNN 

Number of nodes in 

each layer of neural 

network 

50 

3 DNN 
Number of neural 

network iterations 
300 

4 DNN Learning rate 0.001 

5 DBN 
Number of neural 

network iterations 
300 

6 DBN Learning rate 0.001 

7 DBN RBM iterations 50 

8 DBN 
Number of neural 

network layers 
40 

This study conducted predictions of octanal production costs and unit carbon dioxide 

emissions for the DNN and DBN models within the DLSM, showcasing the predictive results 

of both algorithms. As depicted in Figure S5, the DNN algorithm achieved training results for 

predicting octanal production costs with an R2 value of 0.997, an RMSE of 0.0011, and an 
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MAPE of 0.00061. In contrast, the DBN algorithm demonstrated superior performance in the 

same task, with R2, RMSE, and MAPE values of 0.999, 0.00041, and 0.00022, respectively. 

Overall, both models exhibited slightly better performance on the prediction set compared to 

the training set, but the DBN model displayed higher accuracy in predicting octanal 

production costs, especially in terms of the RMSE and MAPE metrics on the training set. For 

the prediction of unit carbon dioxide emissions, the DBN model also outperformed the DNN 

model, indicating stronger generalization capabilities of the DBN when handling such 

prediction tasks. 
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Figure S5. (a) The performance of DNN training and testing sets, in terms of the production 

cost of octanal; (b) Performance of DNN training and testing sets, for CO2 unit emissions; (c) 

DBN training set and test set performance, in terms of the production cost of octanal; (b) 

DBN training set and test set performance, for CO2 unit emissions 

6. Discussions on model convergence 

Ensuring iterative convergence is crucial for guaranteeing the accuracy and 

efficiency of simulations. It is essential to select appropriate methods and strategies based 

on the specific circumstances. Specifically, when faced with non-convergence issues 

during simulation, the following measures can be taken:  

(a) When encountering convergence issues, the first step is to check whether the data 

settings are reasonable. If there are no issues with the data settings themselves, making 

slight adjustments to the relevant parameters within a reasonable range can often 

effectively avoid convergence problems. 

(b) Reassess the appropriateness of the selected property methods. The choice of 

property methods should consider several factors, including the type of fluid, required 

accuracy, computational cost, and the availability of property data. 

(c) Select an appropriate iteration algorithm. Aspen offers a range of iteration 

algorithms, each designed for specific applications. It is essential to review and choose the 

default convergence method or select other more suitable iteration algorithms based on the 

specific circumstances. 

(d) Adjust the iteration control strategy based on the findings in (b). For instance, if 

convergence issues arise, it may be due to an insufficient number of iterations. In such 

cases, consider increasing the maximum number of iterations for the convergence method. 

However, it is crucial to minimize the number of iterations required while still meeting the 

specified convergence criteria, thereby conserving computational resources and time. 

7. Verified results 

This study employed the Aspen Plus software platform to systematically validate the 

solutions obtained from surrogate-based optimization. After a comprehensive evaluation 

of various combinations of surrogate models and optimization strategies during the 

preliminary phase, the XGBoost-RVEA integrated model was selected as the core 

analytical tool for in-depth investigation. The optimized solutions generated by this model 
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were subsequently imported into Aspen Plus for full-process simulation verification, with 

the corresponding validation results detailed in Table S5. 

Table S5 XGBoost-RVEA model validation results 

  Surrogate model Simulation relative error 

Case 1 
production cost 1.29564 1.29579 -0.01158 

CO2 emission 0.28924 0.28935 -0.03802 

Case 2 
production cost 1.30303 1.30415 -0.08588 

CO2 emission 0.28488 0.28512 -0.08418 

Case 3 
production cost 1.31043 1.31096 -0.04043 

CO2 emission 0.28081 0.28109 -0.09961 

Case 4 
production cost 1.31783 1.31688 0.07214 

CO2 emission 0.27704 0.2769 0.05056 

Case 5 
production cost 1.32523 1.32537 -0.01056 

CO2 emission 0.27356 0.27374 -0.06576 

Case 6 
production cost 1.33263 1.33196 0.050302 

CO2 emission 0.27039 0.27026 0.048102 

Case 7 
production cost 1.34003 1.33965 0.028366 

CO2 emission 0.26751 0.26726 0.093542 

Case 8 
production cost 1.34743 1.34652 0.067582 

CO2 emission 0.26493 0.26488 0.018876 

Case 9 
production cost 1.35483 1.35522 -0.02878 

CO2 emission 0.26264 0.26284 -0.07609 

Case 10 

production cost 1.36223 1.36258 -0.02569 

CO2 emission 0.26066 0.26084 -0.06901 

 

8. Multi-objective optimization parameters 

The parameter configurations of the four multi-objective evolutionary algorithms used in 

this study are shown in Table S6. 

Table S6 The parameters for multi-objective algorithms. 
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Parameters NSGA-II NSGA-III MOEA/D RVEA 

pop_size 40 40 —— —— 

n_partitions —— 10 12 12 

n_gen 300 100 200 400 

n_neighbors —— —— 15 —— 

prob_neighbor_mating —— —— 0.7 —— 
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