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Abstract 

This paper analyzes the four-year historical data of a petrochemical enterprise's 
catalytic cracking gasoline refined desulfurization unit, and establishes a prediction 
model for octane loss. Aiming at the operating variables of the FCC gasoline refined 
desulfurization unit, a prediction model was established based on random forest and 
XGBoost, and the model was verified by internal and external inspection methods. 
Through verification, it is found that the model has better stability and higher predictive 
ability. This model provides a new method for adjusting the operation of FCC gasoline 
refined desulfurization unit and optimizing octane loss. 
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1. Introduction 

Gasoline is currently the most used fuel for small vehicles, and vehicle exhaust emissions are 

particularly serious for air pollution. my country also attaches great importance to the issue of 

automobile exhaust emissions. The cleaning of gasoline is particularly important for environmental 

protection, that is, reducing the sulfur and olefin content in gasoline while maintaining the octane 

number of gasoline as much as possible. 

The rapid development of machine learning has provided many effective algorithms for establishing 

predictive models. Zhou Xiaowei uses multiple linear regression and BP neural network to establish 

the prediction model of octane number in complex reactions. It has been tested that the performance 

of BP neural network is better [1]; Zhu Xiao studied the relationship between the structure and 

performance of chemical substances, Using the support vector machine algorithm to establish an 

octane number prediction model based on the molecular structure, and the results show that the model 

has a better predictive ability; moreover, it provides new ideas for predicting the octane number of 

the alkane motor method [2]; Sun Zhongchao and others used the improved support vector machine 

and BP neural network model for the data of olefins, alkanes, cycloalkanes and aromatics in gasoline 

to establish a mathematical model for octane number prediction. The calculation results show that 

when there are few samples, the BP neural network has a slightly better prediction performance than 

the improved support vector machine algorithm. When the number of samples is increased to 40, the 

performance of the two becomes better and there is no significant difference [3]. 

Since this article is based on the operable variables of the FCC gasoline refined desulfurization unit, 

the octane number prediction model is established. Analysis of its data found that the data (325 rows 

* 370 columns) has high latitude, a large number of missing values and outliers. Data at high latitudes 

inevitably have collinearity, and it is often easy to cause over-fitting of the model, so feature selection 

of variables is a very important work that bears the brunt  [4]. This article will use random forest to 

screen the characteristic variables, and select the main variables with good representativeness and 

high independence. The XgBoost predicts the octane value of the main operating variables can 

effectively prevent over-fitting by using regularization items and other strategies. For sparse matrices 
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with many missing values, the XgBoost model is also well optimized. Finally, use the data provided 

in actual production to verify the accuracy of the model. 

2. Data preprocessing 

First of all, the analysis of the source data found that some variables only contain the site data of some 

time points, and the data of some variables are all null values. Table 1 shows the missing value 

detection results of sample No. 285. 

 

Table 1. The missing value detection results of sample No. 285 

Name Number Percentage% 

S-ZORB.FT_1501.PV 40 100 
S-ZORB.FT_1002.PV 40 100 

S-ZORB.FT_1501.TOTAL 40 100 

S-ZORB.FT_2901.DACA 40 100 
S-ZORB.FC_1104.DACA 40 100 

S-ZORB.FT_2803.DACA 40 100 

S-ZORB.FT_1502.DACA 40 100 

S-ZORB.TEX_3103A.DACA 40 100 
S-ZORB.FC_2432.DACA 16 40 

S-ZORB.FC_2432.PIDA.SP 16 40 

S-ZORB.FT_2431.DACA 6 15 
S-ZORB.FT_1204.PV 2 5 

S-ZORB.FT_1204.DACA.PV 2 5 

 

As can be seen from the above table, some attributes contain a lot of missing data. If the sample 

contains too many missing values, it contains less information. In order to obtain high-quality data 

mining results, the missing value ratio is used for filtering, that is, rows (columns) with a data missing 

rate greater than 40% in the sample are deleted to improve the quality of the sample data. For example, 

the percentage of missing values in "S-ZORB.FT_1501.PV" reaches 100%, and the percentage of 

missing values in "S-ZORB.FC_2432.DACA" reaches 40%. Therefore, this type of field contains 

less useful data, so delete such data. For partially missing data, incomplete data belongs to the random 

loss mechanism (MAR), and the average value of the two hours before and after the blank value will 

be used instead. 

Then check the distribution status of the data, remove the outliers according to the 3σ rule, then 

calculate the standard deviation of the data to be tested, and finally compare each value of the data, 

delete the bad value containing the gross error value, and finally get a clean data. 

3. Selection of main variables 

3.1 Correlation analysis 

After data processing, each sample still has 367 variables. In order to facilitate the application of 

refining engineering, we need to filter out the main variables below 30 from 367 variables. There are 

two main methods of data dimensionality reduction. One is that principal component analysis (PCA) 

will break the original structure of the data to obtain the main characteristics of the data [5], and the 

other is to perform Correlation analysis, according to certain rules to choose the attributes of the data 

to achieve the purpose of dimensionality reduction [6]. 

Each attribute value in this article is obtained through field measurement. The data itself has high 

physical meaning and research value. After preliminary analysis of the data, it can be found that the 

data has a linear correlation, so this paper uses the Pearson correlation coefficient to describe the 

correlation between attributes. The formula of Pearson's correlation coefficient is as follows: 
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(1) 

Enter the preprocessed data as a matrix, and then calculate the correlation coefficient between the 

columns. For column clusters with a correlation coefficient greater than 0.6, after analysis and 

discussion, one of the columns is selected as a variable. There are 93 variables after dimensionality 

reduction. At this time, these 93 variables are independent and represent each other. 

3.2 Feature selection in random forest 

An important feature of random forest: the ability to calculate the importance of a single feature 

variable. And this feature can be applied in many ways. However, the credit evaluation model has 

many data features, many of which have a lot of noise, so it is necessary to calculate the importance 

of each feature and perform a ranking of these features, and then the features with the highest 

importance can be selected. 

(1) Use OOB (Out of Bag Data) to calculate the error of each decision tree in the random forest. 

(2) Randomly add noise interference to each OOB sample feature, and then calculate its out-of-bag 

data error. 

(3) Suppose there are N trees in the random forest, then the importance of feature X is Xi: 

 
(2) 

If a feature is randomly added with noise, its out-of-bag accuracy will be greatly reduced. It shows 

that this feature has a great influence on the classification results of the sample, that is, its importance 

is relatively high and it has a good representativeness, so it can be selected as the main variable. The 

first 30 main features obtained are shown in Figure 1: 

 

 

Figure 1. The first 30 main features 

 

Through the above screening, the figure shows the top 30 main variables with good representativeness 

and high independence. These variables are mainly divided into two categories. One is inoperable 

variables, such as sulfur content, octane number, and olefins; the other is operable variables, including 

refined gasoline output device sulfur content, reducer fluidized hydrogen Flow rate, refined oil output 

device temperature, hydrogen-to-oil ratio, back-blowing hydrogen temperature, etc. It can be obtained 
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from the screening results that the properties of raw materials play an important role in the 

establishment of the octane loss model. Although they are not operating variables, they are still the 

main variables that have a greater impact on the reduction of octane loss. Among them, the 

characteristic importance of the sulfur content of the refined gasoline output device exceeds 0.07, the 

characteristic importance of the hydrogen flow rate of the reducer fluidization exceeds 0.06, the 

characteristic importance of the refined gasoline output device temperature exceeds 0.04, the 

hydrogen-oil ratio, the temperature of the back blow hydrogen, The characteristic importance of the 

pressure of the purification air inlet and the differential pressure of the P-101B inlet filter exceeded 

0.02, and the characteristic importance of the remaining 18 operating variables exceeded 0.01. 

4. Model establishment 

XGBOOST[7] (eXtreme Gradient Boosting) is an advanced algorithm of traditional boosting[8] method. 

XGBOOST is very similar to traditional gradient boosting decision tree. The difference is that 

XGBOOST rewrites the objective function and defines the complexity of the tree on the basis of the 

traditional boosted tree. 

4.1 XGBoost prediction model establishment 

The modeling formula of XGBoost is as follows: 

 
(3) 

Its objective function is as follows: 

 (4)
 

The representation function of the optimal solution is as follows: 

 
(5) 

The iterative process of its prediction model is constantly adding new functions: 

 

In the formula , ,Among them, w is the vector of leaves and q is the structure of the tree. 

In order to find the optimal solution, the function f added in each round is needed. The idea of residual 

error is introduced to make the objective function of XGBoost approach the minimum. 

 (6)
 

Define two functions: 

 
(7) 

 
(8) 

Bring it into the objective function to get: 

 
(9) 
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Then by traversing each sample and the leaf nodes of the tree, the formula can be expressed as: 

 

(10) 

Among them, not only , but ,Finally, use the derivative formula to find 

the value of the parameter when the objective function is the minimum. 

 

(11) 

Finally, bring the obtained value into the objective function: 

 

(12) 

The final formula is to judge that we specify a tree in the actual algorithm. The lower the target score, 

the better the structure of the tree. 

4.2 Model tuning 

In this model, the sample data belongs to a small sample with multiple functions. The XGBoost 

prediction model without parameter adjustment cannot achieve the best prediction effect. For the 

small sample data in this problem, select grid search (gridSearchCV) to optimize the parameters. 

When selecting all candidate parameters, loop through and try various possibilities, and the best 

performing parameter is the final result. The data is divided into training set and test set according to 

8:2. After the above steps, the best parameters obtained are learning rate 0.03, tree depth 5, tree 

number 200. 

4.3 Model verification and analysis 

Import the test set data into the model, and compare the predicted value obtained from the test set 

data with the true value through multiple regression iterations to evaluate the model, and evaluate the 

model by calculating the root mean square error (RMSE) and goodness of fit. The root mean square 

error (RMSE) between the predicted value of the octane number and the true value is 0.214, and the 

goodness of fit is 0.953. Therefore, based on XGBoost regression, the prediction effect of the octane 

loss model is good. 
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