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ABSTRACT:  In  this  paper  we  have  compared  the  abilities  of  two  multivariate  classification  methods:  soft 
independent modeling of class analogy (SIMCA) and support vector machines (SVM) for kerosene classification 
using physicochemical data. Two types of kerosene fractions (class A and class B) with different chemical 
compositions were collected from a refinery production. The physicochemical data used as variables for calculation 
of the models were: initial boiling point, 10 % of recovery, final boiling point, flash point, density, viscosity and 
sulfur percentage. A training set of 40 samples was used to calculate the supervised classification models. Besides, an 
independent validation set of 25 samples was used to evaluate their performance. The SIMCA model did not have 
enough discrimination power, just to distinguish the two types of kerosene fractions. The SVM model, which was 
calculated using a linear kernel with a capacity parameter of C=10 and 7 support vectors had an adequate sensitivity 
and selectivity in the training and validation steps. The model complexity (number of support vectors) was 17% of the 
total training data, therefore a reasonable separation was achieved and sufficient training data existed. SVM model 
must be considered acceptable on ability to classify and discriminate the two types of kerosene fractions (A and B), 
using physicochemical data as variables. The generalization ability of SVMs makes this technique attractive for 
systems having limited number of variables. 

 
RESUMEN:  En  este  trabajo,  se  comparó  la  capacidad  de  discriminación  de  dos  métodos  de  clasificación 
multivariada: modelo blando independiente de analogías de clases (SIMCA, de sus siglas en inglés) y máquinas de 
vectores soporte (SVM, de sus siglas en inglés) para la clasificación de querosinas a partir de los datos de sus 
propiedades físico químicas. Se colectaron del proceso de producción de una refinería dos fracciones de querosinas 
con diferente composición química (clase A y clase B). Las variables físico químicas usadas para el cálculo de los 
modelos fueron: punto inicial de ebullición, 10 % de recobrado, punto final de ebullición, punto de inflamación, 
densidad, viscosidad y contenido de azufre (%). Para el cálculo de los modelos supervisados se utilizaron 40 muestras 
(conjunto de entrenamiento). Para su validación se emplearon 25  muestras (conjunto de validación). El  modelo 
SIMCA no tuvo suficiente poder de discriminación para distinguir las dos fracciones de querosinas. El modelo SVM 
calculado empleando un kernel lineal, una función de costo C = 10 y siete vectores soporte tuvo una adecuada 
sensibilidad y selectividad en las etapas de calibración y validación. La complejidad del modelo (número de vectores 
soporte) fue del 17 %, y se obtuvo una separación adecuada entre las muestras. El modelo SVM descrito es aceptable 
para clasificar y discriminar fracciones de querosinas sobre la base del empleo de sus propiedades físicoquímicas 
como variables. La habilidad de generalización que poseen las SVM hace atractiva esta técnica cuando se trabaja con 
sistemas con un número limitado de variables. 
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INTRODUCTION 
Kerosene is produced from atmospheric distillation of crude oil and is the basic hydrocarbon 
fraction to produce jet fuels. Kerosene fuels are mixtures of literally thousands of hydrocarbons, 
which can be divided into three broad classes: paraffins (n-paraffins and isoparaffins), aromatics 
and cycloparaffins (naphthenes). The exact composition of kerosene depends on raw material and 
nature of petroleum or petroleum blends. 
Kerosene for jet fuel production must meet detailed quality specifications.1 In order to meet 
satisfactory jet fuel specifications, it is necessary to reduce the sulfur content of kerosene. For this 
purpose, refineries perform the hydrodesulphurization process, thus organic sulphus compounds 
are mainly converted into hydrogen sulfide in the presence of hydrogen. 
Depending on the nature of crude oil used as well as catalysts and operational conditions 
(temperature and pressure) used in the hydrodesulphurization process, kerosene fractions with 
different chemical composition will be obtained. These differences result in distinct physical and 
chemical properties. There are some physical and chemical properties to measure kerosene quality 
control as a basic fraction for jet fuel refining.2 From the technological point of view, the seven 
most important properties are the following: initial boiling point (IBP), temperature where 10 % 
of distilled volume is recovered (T10), final boiling point (FBP), flash point, density, viscosity and 
percentage of sulphur. The ability to select the best kerosene fraction to draw up qualified jet fuel 
and  efficiency  of  the  distillation  unit  operation  are  two  of  the  most  important  factors  in 
maximizing profits for current refineries. 
In petroleum industry, the development of alternative procedures for controlling the quality of 
petroleum refining products has been possible thanks to the application of chemometric methods 
of pattern recognition and classification, using different analytical methods. These procedures are 
carried out in a quick way with the use of small quantities of samples. 
They have also been applied to detect adulterations of different oil products such as gasoline and 
diesel. 
Principal component analysis (PCA), soft independent modeling of class analogy (SIMCA), linear 
discriminate   analysis   (LDA),   hierarchical   cluster   analysis   (HCA),   partial   least   squares 
discriminate  analysis  (PLS-DA),  multilayer  perceptron  (MLP)  and  support  vector  machines 
(SVM) are some of the multivariate techniques, commonly employed to develop classification 
models for petroleum refining products. They are associated with different analytical techniques 
such as near and middle-infrared spectroscopy,3-13 Raman spectroscopy,14 gas chromatography15-19 

and mass spectrometry.20,21
 

Despite of the fact that quality assessment of the final petroleum refining products (product 
specifications) is carried out through a series of assays, established by international norms like the 
American Society for Testing Materials (ASTM) and the Institute of Petroleum (IP), not many 
papers are dealing with the use of physicochemical data for calculating of chemometric 
classification models.22-25 de Oliveira et al.22 showed that, statistically and chemometrically, HCA, 
PCA and SIMCA were valuable in the discrimination of adulterated gasoline samples, by using 
the following physicochemical parameters: T10, T90, research octane number (RON), percentage 
of benzene and hydrocarbons (olefins, aromatics and saturates) correlation. The authors 
recommended the procedure for routine applications in quality-control monitoring programs. 
In the discrimination of diesel by origin and type, Barbeira et al.23 concluded that LDA and PCA 
applied to the results  of physicochemical  assays  (specific  gravity,  flash  point  and distillation 
curves at 20 oC) were adequate tools to classify and predict their origin. In the prediction of the 
gasoline origin, Barbeira et al.24,25  obtained adequate LDA classification models, using different 
physicochemical assays25  (distillation, specify gravity and infrared spectroscopy) and distillation 
curves only.24
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In previous works, the authors reported two supervised pattern recognition methods SIMCA and 
PLS-DA  using mid-infrared  spectroscopy for  kerosene  quality control  in  a  refinery 
environment.7,8  The developed models allowed differentiating two kerosene groups (class A and 
B) with different chemical compositions, which were corroborated through Gas Chromatography– 
Mass Spectrometry. It was demonstrated that kerosene group B is richer in high molecular weight 
hydrocarbons (heavy kerosene fraction). Although both types of kerosene can be used for jet fuel 
production, class A samples (light kerosene fraction) are the most appropriate one because they 
have a higher smoke point and a lower concentration of bicyclical aromatics. Both parameters are 
very important in jet fuel quality control. 
Even though the classification models calculated using different analytical techniques are strong 
and have an adequate discrimination power, it is not usual that Cuban refineries have these 
analytical equipments. On the other hand, it is important to highlight that, dealing with quality 
management,  international  standards  only  request  the  results  of  physicochemical  assays  for 
trading these products; hence the importance and practical value of calculating classification 
models, based on these data. 
The objective of this work is to demonstrate the feasibility of building adequate supervised 
classification models by means of physicochemical data obtained in the quality assessment of 
kerosene production. For this purpose, the authors compared the performance of two multivariate 
classification methods: SIMCA and SVM. The following physicochemical parameters were used 
for model calculation: IBP, T10, FBP, flash point, density, viscosity and sulphur percentage. 

MATERIALS AND METHODS 

Samples 
The  present  work  used  the  same  group  of  kerosene  samples  employed  by  the  authors  for 
calculating  the  classification  models  PLS-DA  and  SIMCA  through  middle-infrared 
spectroscopy.7,8 The developed models allowed differentiating two kerosene groups (class A and 
B) of different chemical compositions, which were corroborated through Gas Chromatography- 
Mass Spectrometry. 
A total of 65 kerosene samples (41 of class A and 24 of class B) were used. Sampling was carried 
out  according  to  ASTM  D4057.26   The  selected  samples  did  not  correspond  to  sequential 
production batches. Total sampling period comprised two years of routine production. In all cases, 
they complied with the required commercial specifications. 

 
Reference methods 
Reference values were obtained according to ASTM standard analytical methods and were carried 
out by a skilled staff. The seven physicochemical properties taken into consideration during the 
present research were: density to 15 oC (g/cm3),27  flash point (oC),28  kinematic viscosity to 40 oC 
(mm2/s),29 percentage of sulfur (%, m/m),30 and distillation (oC): initial boiling point (IBP), 10 % 
recovery and final boiling point (FBP).31

 

 
Chemometric data analysis 
The results of physicochemical assays were arranged into matrixes, where rows corresponded to 
samples and columns to the results of the assay. Prior to multivariate calculation, physicochemical 
data were autoscaled, which means that each variable was mean centered and variance set to 1. 
This preprocess tool was used to place variables on a more equal footing. A training set of 40 
samples (26 samples of class A and 14 of class B) was used to calculate the classification models. 
An independent validation set of 25 samples (15 samples of class A and 10 of class B) was used 
to evaluate their performance. 
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Brief descriptions of the classifiers 
Soft Independent Modeling of Class Analogies (SIMCA) 
SIMCA is a method for supervising data classification. In order to build the classification models, 
samples belonging to each class are analyzed using the principal component analysis (PCA). The 
number of principal components is determined for each class and the SIMCA model is completed 
by defining boundary regions for each of the PCA models (a multidimensional box is defined for 
each class). For each model class, the mean orthogonal distance of training data samples is used to 
determine a critical distance for classification. The number of samples correctly classified by the 
model during the training step is a proof of the quality of the criteria employed. If appropriate, 
then the model can be used to classify unknown samples, according to the same rules defined 
during the training  set.  New  observations  (prediction)  are projected  into  each  PC  model  and 
residual distances calculated. An observation is assigned to the model class when the residual 
distance from the model is below the statistical limit for the class. Details about SIMCA model 
building and usage can be found in reference.32

 

 
Support Vector Machines (SVM) 
SVM is a relatively new supervised machine learning technique, derived from recent formulations 
in  statistical  learning  theory,  developed  by  Vapnik-Chervonenkis.33   They  are  ideal  methods 
dealing with datasets of limited size, since they are based on a new principle: Structural Risk 
Minimization,  which  reduces  the  risk  of  overfitting  data,  typically  high  in  such  situations. 
Particularly, SVM are strong candidate methods for complex cases, where many others fail to 
perform optimally.  The reason is that, apart from the above mentioned features, structures of 
SVM are automatically determined on the basis of training data and their setting requires tuning 
of a very limited amount of parameters. This fact makes the method relatively easy to manage, 
even when the task is complicated. The key concept of SVM is the use of hyperplanes, just to 
define decision boundaries separating data points of different classes. The idea behind SVM is to 
map  the  original  points  from  the  input  space  to  a  highes  dimensional  feature  so  that  the 
classification problem becomes simpler in features space. Mapping is done by a suitable choice of 
a kernel function. The most distinctive fact about SVM is that learning task is simplified to the 
quadratic  programming  by  introducing  the  so-called  Lagrange  multipliers.  All  operations  in 
learning and testing modes are done in SVM using the so-called kernel functions. Details about 
SVM for classification can be found in references.34,35

 

 
Software and optimization 
The PLS toolbox 6.736 supported in MATLAB37  was used for SIMCA and SVM calculations. For 
SVM  classification,  the  C-SVM  algorithm  and  linear  kernel  were  used.  Optimization  of  the 
kernel-specific  parameter  (cost  parameter  C)  was  done  by  a  systematic  grid  search  of  the 
parameter, using five-fold cross validation (five samples out) on the training set. 
The number of samples, correctly classified by the model in the training and validation steps is a 
measure of quality. For the purpose of comparing results between different classification models, 
a well-known evaluation measure is sensitivity and selectivity. For a given category sensitivity is 
the proportion of cases of the class of interest that are correctly predicted as a member of this 
class. It is the number of true positives divided by the sum of the amount of true positives and 
false  negatives.  Similarly,  selectivity is  the  proportion  of  cases  from  the  other  class  that  are 
correctly predicted. 
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It is the number of true negatives divided by the sum of the number of true negatives and false 
positives: misclassification table and confusion matrix were reported for this purpose. 

• True positive (TP): proportion of positive cases that were correctly identified. 
• False  positive  (FP):  proportion  of  negatives  cases  that  were  incorrectly classified  as 

positive. 
• True negative (TN): proportion of negatives cases that were classified correctly. 
• False  negative  (FN):  proportion  of  positive  cases  that  were  incorrectly  classified  as 

negative. 

RESULTS AND DISCUSSION 

SIMCA model 
The SIMCA model was calculated with two principal components for each class. The training 
data projected onto class A (circles) shows that all the samples of class A fall near the center of 
the plot within the 95 % ellipse. However, some samples of class B (squares) also fall in it (Fig. 
1). Therefore, samples are partly overlapped in the principal component space. 
More information about separability of the classes can be presented in the Coomans diagram. 
There is no defined separation between samples of the training set (Fig. 2): from the 26 samples of 
class A, 18 fall in the right quadrant (Northwest quadrant); 8 samples of class A and 13 of class B 
could belong to any other category (Southwest quadrant); and only one sample of class B (B5) 
falls in the correct quadrant for this class (Southeast quadrant). It is known that a more distance 
between the classes implies a better separation. For example, in the previous SIMCA model – 
calculated for the same system, but using mid-infrared spectroscopy– the interclass distance was 
3.80 and the model had a good classification performance.8  However, in this model the interclass 
distance is 1.56, which is smaller than the figures provided by literature (more than 3), just to 
achieve models with a proper discrimination.38,39 Due to overlapping, the misclassification rate of 
the SIMCA model in the training step is very high (Table 1): 6 of the 14 samples corresponding to 
class B, classified as class A (the selectivity of the class A was only 57 %). The results showed 
that  discrimination  power  of  the  SIMCA  model  using  physicochemical  data  were  poor  to 
distinguish the two kerosene fractions. Therefore, the validation step was not carried out. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Training data projected onto model of kerosene class A. The explained variance is 
indicated in parenthesis. Elipse indicates 95 % of confidence interval. 
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The choice of the most appropriate classification method depends on the specific nature of the 
problem. For example, how many classes and variables describe the dataset? And what is the 
expected  complexity  of  the  boundaries  between  classes?  In  this  case,  boundaries  between 
kerosene classes when using physicochemical data were really complex. It has been reported that 
SVM  is  a  strong  candidate  method  in  complex  cases  where  many  others  fail  to  perform 
optimally.34 SVM is able to handle both, simple and linear classification tasks as well as more 
complex ones, i.e.: nonlinear classification problems. Both separable and non-separable problems 
are handled by SVM in linear and nonlinear cases. In order to improve the classification task, a 
SVM model was calculated. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Kerosene class distances of training data: Coomans diagram (discontinuous lines 
represent the threshold limits for both classes, with a significance level of 5 %). 

 
Table 1. SIMCA calibration results: misclassification table and confusion matrix. 
Misclassification table Confusion matrix 

 
Actual Prediction 

A 
Prediction 
B 

No match TP FP TN FN 

Class A 26 0 0 26 6 8 0 
Class B 6 8 0 8 0 0 6 

 

SVM Model 
Like other multivariate algorithms, SVM can overfit the data used in training; a problem that is 
more likely to happen when complex kernels are used to generate the SVM model.35  If the model 
fits training data too much, classification ability on unseen data may be degraded. In authors 
work, the principle of minimum complexity of kernel function was adopted, i.e.: the simplest 
function that separates the two classes with the lowest number of support vectors. 
The lineal kernel, which is simpler, was used to minimize overfitting of the model and therefore 
archieve a greater generalization ability. The optimization of parameter C and support vectors 
was carried out by using the five-fold cross validation. The capacity parameter (C) of the model is 
very important  for balancing the penalty of  classification  errors  and  the adequate number of 
vectors (non-excessive) provides  criteria  about  the  fitting  of  the  model.35    The  optimal  SVM 
model was calculated for C = 10 and seven support vectors. The model complexity (number of 
support vectors)   was   17   %   of   the   total   training   data,   thus   reasonable   separation   was 
achieved  and sufficient  training data  existed. The root  mean  square prediction  error in  cross 
validation  was small (RMSECV = 0.025), so that there is no evidence of overfitting the training 
data. The model in the calibration step provided a good accuracy assessment (Table 2). Kerosene 
samples of both classes were clearly separated (Fig. 3).                                                                         
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Table 2. SVM calibration results: training data set. 

 

 
Misclassification table Confusion matrix 

 
Actual Prediction 

A 
Prediction 
B 

No match TP FP TN FN 

Class A 26 0 0 26 0 14 0 
Class B 0 14 0 14 0 26 0 

 
 

 
 

Fig. 3. Training data set: class prediction most probably (class A and class B are represented by 
circles and squares, respectively). 

 
A good generalization is an important property and often the ultimate goal of a classifier model. It 
provides information about model performance on unseen data. To accomplish this purpose, a 
validation set was used for testing its prediction capacity (Table 3). The SVM model did not have 
misclassification errors, neither in calibration nor in prediction steps. Besides, it had sensitivity 
and selectivity values of 100 % for both steps. The outstanding results, achieved in prediction 
through the SVM model are shown in the graph displaying the probability values, calculated for 
the kerosene samples of class B, which otherwise presented more discrimination problems when 
the SIMCA model was implemented. Nevertheless, with the SVM model, all the samples 
corresponding to this class correctly predicted a probability larger than 0.7 (Fig. 4). 

 
Table 3. SVM prediction results: validation data set. 
Misclassification table                                                   Confusion matrix 

 
Actual Prediction 

A 
Prediction 
B 

No match TP FP TN FN 

Class A 15 0 0 15 0 10 0 
Class B 0 10 0 10 0 15 0 
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Fig. 4. Validation data set: class prediction probably for class B. 

 
The SVM model described herein must be considered perfectly acceptable in ability to classify 
and discriminate the two types of kerosene fractions using physicochemical data. 

 
CONCLUSIONS 
The SIMCA and SVM methods were used to develop supervised models for classification of 
kerosene production using physicochemical data. The SIMCA model had a poor selectivity (57 
%) and had no enough discrimination power to distinguish between the two kerosene fractions. 
The SVM model complexity (number of support vectors) was 17 % of the total training data, 
which achieved a reasonable separation and sufficient training data. The SVM model showed a 
good global performance both in, calibration and validation steps. The described model can be 
considered acceptable in its ability to classify and discriminate the two types of kerosene fractions, 
obtained in  a  refinery  environment.  The  ability  of  SVM  to  generalize  makes  this  technique 
attractive dealing with samples having a limited number of variables. It could also be used for 
characterization of other petroleum-based fuels such as gasoline and jet fuel. 
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