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Abstract 

This study aims to develop, validate and test multivariate mathematical models in order to monitor 

real-time processing on the quality of diesel oil in a petroleum refinery. Their products have their 

specifications based on physicochemical properties that can significantly vary with cast change 

during the processing of oil, with the same conditions of production control, which compromises 

the quality standards of their products. This compels the need of determining them, or providing 

them as often as possible in the lieu of traditional laboratory point analysis. It was possible to 

model the property density of diesel through a multivariate analysis - Partial Least Squares from 

experimental data. The developed models were used in an actual production process, allowing 

flexibility in the decision-making of a system in blending, a reduction of process variability, an 

increase in production profitability, and the elimination of reprocessing without chemical residues. 
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Introduction 

While the demands for petroleum refining are increasing [1], quality and lower costs are also being 

demanded [2]. For this, greater knowledge on industrial processes is required, as well as a more realistic 

approach of the variables [3-4].  

Petroleum is a complex mixture of organic compounds, consisting predominantly of hydrocarbons (carbon 

and hydrogen), and other compounds such as nitrogen, oxygen, sulfur and metals like nickel and vanadium 
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[5]. They are chemically different from one another. In paraffin with 43 carbon atoms, for example, there 

may be approximately 10
15

 different chemical compounds [6] - one of the factors that prevent direct use of 

the chemical composition.  

Petroleum products have specifications based on their physicochemical properties [7] that can vary 

significantly with the change of cast during the processing of oil, keeping the same conditions of production 

control which compromises the quality standards of their products.  

This leads to the need of determining them, or providing them as often as possible in the lieu of traditional 

laboratory point analysis. 

The use of advanced instrumentation in conjunction with Multivariate Statistical techniques to determine 

products properties is one of the ways to optimize refining operations [8]. 

 

Methods Overview  

Samples of diesel oil were subjected to laboratory tests, aiming to determine the input variables, Xi, the 

absorption of infrared radiation, the response variable, Yi, and the physicochemical density to be predicted 

by the Partial Least Squares (PLS) mathematical model.  

In PLS regression, each principal component (PC) is obtained in order to maximize the covariance between 

Y and all possible linear function of variables X. Thus, the PC which better relates with variable Y is 

obtained and, at the same time, explaining the variability in X [9]. 

With computing evolution, the PLS algorithm shall employ the NIPALS algorithm (Nonlinear Iterative 

Partial Least Squares) in which the PC, now called as latent variables (LV), produce a weight matrix W 

reflecting the covariance structure between blocks X and Y [10]. 

Columns W are weight vectors to X, producing scores matrix T (T = XWT). Ordinary least squares are 

performed in Y and T, to produce weights q for Y (Y = TQ+F) [11]. 

With an increase of the covariance Cov (U, T) by the NIPALS algorithm, however, vector T will no longer 

be orthogonal. To solve this problem, after the convergence of the relationship between T and U is checked, 

a block P - loading matrix - is calculated to ensure an orthogonality between the vectors of matrix T (X = TP 

+ E) [12].  

The second latent variable is found in the same manner, but using residual matrices E and F, instead of the 

data of X and Y, after subtracting the first latent variable. The idea is to explain the residual variability from 

another LV by the cross-validation mechanism [13]. This algorithm is able to gradually and randomly reduce 

a sample (leave-one-out) from the data set [14], and a model built from the remaining samples is tested by a 

comparison with the true values of the excluded samples [15]. 

Various statistical criteria and heuristic methods can be used to determine the number of principal 

components or latent variables such as Kaiser Criterion, Scree Plot, Cross-Validation and Malinowski 

Indicator. [16]. Cross-validation is a practical method for such determination, and has a high degree of 

predictability in a chemometric analysis [17]. It allows verifying the predictive power of each added 

component, and then stopping the extraction of these when there are components with low predictive power. 

Cross-validation stabilizes the number of latent variables between two extremes called: underfitting and 

overfitting [18]. The former phenomenon occurs when the model has not captured sufficiently important 

data variability. On the other hand, the latter occurs when using more than necessary latent variables, 

meaning high redundancy derived from variable X. In both cases, the model predictions result in low quality. 

The regression coefficients are calculated by Equation 1:  
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(1)                                               

  

 

Results and Discussions 

For the density property, it has been developed a PLS mathematical model from variables X. Graphs were 

drawn showing the predicted values versus actual values along the correlation coefficient (R
2
). 

To assist in determining the number of latent variables between the underfitting and overfitting extremes, the 

leave-one-out cross-validation algorithm was used. Cross-validation also serves as an important indicator of 

the models performance because the RMSECV (Root Mean Square Error of Cross Validation) corresponds 

to the standard deviation of the residues (difference between the values predicted by the model and the 

reference values) during the modeling. The number of latent variables was determined, so when the 

RMSECV is minimal. 

During the models development, outliers were identified and removed whenever necessary by a Leverage 

and Student Residuals analysis [19]. The magnitude Leverage may be interpreted as the distance from the 

centroid of a sample data set, and can be calculated by Equation 2 [20]. 

 

 
   

High Leverage values mean that the sample is far from its average, which has a major influence on the 

model. Student Residuals can be interpreted as the difference between the actual values and the values 

predicted by the model. So, outliers are samples with high Leverage values. Among these, the ones that 

present high Student Residual must be disposed of. Otherwise, they are going to be outliers that should not 

only be kept in the model, but also studied and interpreted. 

Once the regression model is developed, it had to be tested for their performance. For this, it was used an 

independent set of samples, called external validation set. In this work, 20 samples were randomly selected 

to compose this validation set. The predicted values were compared to real results. In order to calculate the 

prediction error, it was used the RMSEP parameter (Root Mean Square Error of Prediction) that corresponds 

to the standard deviation of residuals for external validation. The RMSECV was statistically compared with 

RMSEP, and it was found that there is no evidence of significant differences at 95% confidence.  

Table 1 summarizes the modeling results and a validation for the modeled property.  

 

Table 1. Summary of modeling results and validation 

 

Property Samples LV R
2
 RMSEC

V 

Density 145 8 0.98630 0.0012 

 

To describe the density property, 08 latent variables are required according to the cross validation 

algorithm.  

According to Table 2 and Figure 1, over 08 LV, there are no significant percentage gains in the explained 

variance. 

  

 

 

(2) 
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Table 2. Cumulative Explained Variance (%) versus number of latent variables 

 

Latent Variable Cumulative Explained 

Variance (%) 

1 8.61 

2 26.38 

3 64.66 

4 92.41 

5 93.64 

6 96.28 

7 97.07 

8 97.29 

9 97.27 

10 97.27 

11 97.31 

12 97.39 

 

 

 

Figura 1. Explained variance (%) versus number of latent variables 

 

The Figure 2 shows the plot of predicted values versus actual values for the density property of the PLS 

model developed with a correlation coefficient of R
2
 0.98630, and the RMSECV equals 0.00067. 
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Figure 2. Predicted values versus measured values for density 

 

The Table 3 shows the results of external validation. The obtained RMSEP was 0.0012. 

 

Table 3. External data set (Validation) 

 

Sample Real Predicted Residual 

1 0.8675 0.8688 0.0013 

2 0.8721 0.8724 0.0003 

3 0.8713 0.8706 -0.0007 

4 0.8734 0.8713 -0.0021 

5 0.8740 0.8758 0.0018 

6 0.8552 0.8559 0.0007 

7 0.8625 0.8634 0.0009 

8 0.8763 0.8767 0.0004 

9 0.8620 0.8618 -0.0002 

10 0.8643 0.8648 0.0005 

11 0.8726 0.8720 -0.0006 

12 0.8670 0.8673 0.0003 

13 0.8765 0.8730 -0.0035 

14 0.8630 0.8628 -0.0002 

15 0.8789 0.8786 -0.0003 

16 0.8640 0.8644 0.0004 

17 0.8596 0.8589 -0.0007 

18 0.8620 0.8613 -0.0007 

19 0.8572 0.8572 0.0000 

20 0.8669 0.8683 0.0013 
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Conclusion 

It was possible to mathematically model the density property of diesel oil by a multivariate PLS technique 

from the absorption of infrared radiation. 

The developed model was externally validated and its predictions have equivalent accuracy in reference to 

methods according to ASTM D-4052.  

The results were used in an industrial plant in a Brazilian refinery and contributed to reducing process 

variability, increasing production profitability and agility in decision making in a blending system. 

Although the database was relatively large, data compression in no more than ten latent variables was 

sufficient to explain its variability. 

The cross-validation algorithm is efficient to determine the size of the models. The RMSECV indicator is 

statistically robust due to its proximity to the RMSEP indicator. 
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