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A B S T R A C T   

Computational models may help to reduce research cost by predicting properties of alternative blends. Nowa-
days, most efforts focus on prediction of a few properties for sets of gasoline samples. However, there are no 
reports of models able for classification of gasoline samples with multiple output properties measured in real life 
refinery plants. In this work, Information Fusion (IF), Perturbation Theory (PT), and Machine Learning (ML) 
algorithm (IFPTML) was used to model real production data with >230,000 outcomes gathered from a petroleum 
refinery plant. IF-pre-processing phase assembled the working dataset with 44 physicochemical output properties 
vs. 574 input variables of 4 production lines distributed in 26 data blocks including 14 different streams and 23 
operations carried out in the plant. PT-calculation phase quantifies the effect of perturbations (deviations) in all 
input variables using PT Operators. Last, in ML-analysis phase involved Linear Discriminant Analysis (LDA) and 
Artificial Neural Networks (ANN) models training. IFPTML-LDA model presented AUROC = 0.936 with overall 
Sensitivity Sn and Specificity Sp ≈ 84–91% for training and validation sets. In internal control experiment we 
obtained an IFPTML-FT-NIR model with similar Sn and Sp ≈ 86–97%, for >25,000 values of 16 properties 
measured FT-NIR technique; demonstrating the robustness of the algorithm to changes on the experimental 
techniques used. This model could be useful for the design of new alternatives blends (biofuels, refuse-derived 
fuels, etc.) with lower environmental impact.   

1. Introduction 

Worldwide energy demand is increasing and pollution problems 
grow with it. This problem creates the need to find a sustainable and 
renewable way to meet the demand. There are several options to find a 
way out of this problem. The composition, parameters, and standard 
limits established for gasoline properties may vary from region to re-
gion. The different types of gasoline and blending are regulated by 
agencies such as American Society for Testing and Materials (ASTM), 
European committee for Standardization (CEN), Bureau of Indian 
Standards (BIS), etc [1]. 

In this context, we can try to carry out gasoline compounding with 
alternative fuel sources. For instance, the use of gasoline blends together 
with methanol has many advantages compared to other liquid fuels 
since it can reduce NOx and CO2 emissions, increase the octane number 

and steam pressure, etc [2]. It has several disadvantages such as being 
toxic and corrosive in some materials [3]. Biofuels [4] obtained from 
processes of conversion of biomass or waste from plants, animals and/or 
agriculture has become an interesting alternative. Particularly, ethanol- 
reach alternative biofuels have a Research Octane Number (R.O.N.) of 
108–109 and a Motor Octane Number (M.O.N.) of 91. These values are 
greater than the required for gasoline (R.O.N. equal or greater than 95 
and M.O.N. equal or greater than 85) [6]. A third alternative, is the use 
of refuse-derived fuel [5] produced from sundry types of waste and by- 
products as non-recyclable plastics, labels and other corrugate material, 
is another alternative for gasoline compounding. 

Taking everything into account, the discovery, characterization, 
optimization, and introduction to production lines of these alternatives 
for gasoline compounding is a long and costly process. It involves the 
consideration of a high number of combinations of gasoline blend 
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components, sources, additives, etc. vs. multiple input/output properties 
to be tested. In addition, many industrial platforms are prepared for 
production process but not to test new blending alternatives to gasoline 
compounding. This is why predictive models are needed for the design 
of new alternative mixtures for gasoline compounding [7,8]. In this 
context, there are reports of computational models useful to determine 
the composition of gasoline from near infrared spectrum data [9–11]. In 
fact, many groups have successfully employed modern Machine 
Learning (ML) algorithms to predict target composition-properties for 
the discovery of new materials. For instance, ML models have been used 
to predict the density, compressibility, expansivity [12], or heating 
value [13] of blends. ML models have been used also for screening 
molecules for the design of next generation fuels [14]. In addition, In-
formation Fusion (IF) strategies are being used to process information 
from different sources in order to train ML models [15–20]. Alterna-
tively, ML algorithms can be employed for the classification of different 
samples in classes instead of predicting the numerical values of their 
physicochemical properties. Linear Discriminant Analysis (LDA) [21] is 
one of the most used linear technique for classification. However, Arti-
ficial Neural Networks (ANN) [22] and Support Vector Machine (SVM) 
[23] are among the most used non-linear ML methods [24]. In recent 
works we successfully introduced the IFPTML (IF + PT + ML) algorithm, 
which includes a Perturbation Theory (PT) step to the IF and ML phases. 
The IFPTML models have been applied to multiple problems in Organic 
Chemistry, Medicinal Chemistry, Nanotechnology, Biofuel design, Ma-
terials science, etc. [25–33]. In any case, there are not been reports of 
IFPTML models for alternative fuel blend modelling. 

In this paper, we work with a database created from the beginning 
based on real analysis of a refinery. This model is not intended to analyze 
or model the process of the plant. The aim of this work is the generation 
of a model for the synthesis of new gasoline blends, trying to get the raw 
materials from natural or green sources or waste. For this purpose, an 
IFPTML model has been obtained based on real analysis data from a 
refinery placed in Basque Country, North Spain. First, a database has 
been created with the analysis of different streams and operations car-
ried out in the plant. In so doing, we carried out an IF process to 
assemble a large working data set with 270,918 cases (property out-
comes for different samples). Next, we are going to train alternative 
IFPTML models with different ML techniques such as LDA, ANN, and 
SVM. We also show the results of internal control experiments using 
Fourier Transform Near Infrared (FT-NIR) spectroscopy. This kind of 
models could become a useful tool towards the design of new biofuels, 
Refuse-derived fuels, etc. with lower environmental impact. 

2. Materials AND methods 

2.1. IF Pre-processing and data healing phase 

2.1.1. Data set compilation 
The first step was the compilation of information released by a pe-

troleum refinery sited in the Basque Country. The workflow diagram of 
the refinery is depicted in Fig. 1. In this figure, squares represent 
streams, dots operations, and ellipses crude oil streams. We obtained a 
total of 657 samples and carry out 5758 measurements of at least 1 out 
of 574 input properties and at least 1 out 44 possible output properties. 
This led to the formation of 26 blocks of information (datasets) including 
574 input properties (upstream samples) and up to 44 output properties 
(downstream blending samples) from 14 different streams and 23 op-
erations included in 4 different production lines. After that, we carry out 
the IF process to assemble all the initial data blocks into a large working 
data set with 270,918 cases (property outcomes for different samples), 
see next sections. Please, take into consideration that one upstream 
sample may be involved in many different operations and streams and 
ultimately in different lines of production (bifurcations) of the process. 
This give place to a formation of a very large dataset with a notably 
higher number of final cases ntotal = 270,918 ≫ noriginal = 5758 original 
cases. The data set built follows the order of streams in Fig. 1. The data 
set is composed of a number of input variables and output variables to 
build a multi-label (multi-output) classification model. 

2.1.2. Output values healing 
The original dataset released by the refinery contained a total of 62 

output variables vk,i(tj) of different types kth (R.O.N., M.O.N., Temper-
atures, Density, etc.) measured at the end of the process. In order to have 
valid values when generating the model, we cleaned the data by 
removing those data that do not have a numerical outcome and empty 
variables. We have fond also some variables with same property 
measured but different units: Reid steam pressure (kPa and psi), density 
(kg/m3 and g/cm3). 

2.1.3. Input variables healing 
Our dataset contains multiple output variables vk,i(tj) and input 

variables Vk,i(sj, oj, tj). The output variables vk,i(tj) are real numerical 
parameters used to quantify the value of the of the kth physicochemical 
property (R.O.N., M.O.N., Temperatures, Density, etc.) for the ith prod-
uct sample obtained at time tj. The input variables Vk,i(sj, oj, tj) are used 
to quantify the value of the kth property for the ith sample obtained/ 

Fig. 1. Refinery general workflow.  
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measured from the stream sj and operation oj at time tj. The output vk, 

i(tj) and input Vk,i(sj, oj, tj) variables quantify essentially the same 
properties. However, for the case of input variables Vk,i(sj, oj, tj) the 
property have been measured in other operations and at other time tj up 
stream not in the end of the process as is the case for output variables vk, 

i(tj). In the case of missing values Vk,i(sj, oj, tj) for a specific sample at a 
given sampling time tj, we assigned the average value <Vk,i(sj, tj)>oj of 
the variable for all samples from the same operation (o) in different 
times tj. In the case that we cannot calculate <Vk,i(sj, tj)>oj because there 
are no measures of Vk,i(sj, oj, tj) for the operation oj, we assigned the <Vk, 

i(sj, tj)>o’j. This is the average value of the equivalent operation (o’j) of 
the same stream but released on a different data package. For instance, if 
we have not data for the density Vk,i(sj, oj, tj) = di(Catalytic reformer, 
Reformate, 1) of one sample at time tj = 1 in the stream for the Catalytic 
reformer in Reformate operation we used the average <di(Catalytic 
reformer, 1)>Reformate. In the case we cannot calculate < di(Catalytic 
reformer 1, 1)>Reformate we used the average <di(Catalytic reformer 2, 
1)>Reformate. Last, if we cannot calculate neither <di(Catalytic reformer 
1, 1)>Reformate nor < di(Catalytic reformer 2, 1)>Reformate then we 
eliminated the variable di(Catalytic reformer 1, Reformate, tj) from the 
dataset. After healing/replacing missing data for all these input vari-
ables Vk,i(sj, oj, tj) in each one of the streams, we analyzed their vari-
ability. Those that remained constant or had a very small variability 
were deleted. In total, we eliminated 237 variables out of 744 original 
variables. The existence of missing data is explained due to the high cost 
of a constant sampling of all the 744 variables several times per day. 

For the sake of simplicity we grouped and processed all the infor-
mation into data matrices or blocks DBm(sj, oj, tj). Each DBm(sj, oj, tj) 
contains the values for all input variables Vk,i(sj, oj, tj) of operation. It 
means that variables Vk,i(sj, oj, tj) included in the mth data block DBm(sj, 
oj, tj) have the same values sj, oj, and tj of this DBm(sj, oj, tj). After healing 
process the number of variables that remain in each DB(sj, oj, tj) are the 
following. The first data block DB1(s1, o6, tj) includes the variables 21 of 
stream s1 = Atmospheric Crude Destillator 1 (ACD1) and the operation 
o6 = Straight Naphtha (StN). The second data block DB2(s2, o5, tj) in-
cludes 48 variables of the stream s2 = Atmospheric Crude Destillator 2 
(ACD2) and operation o5 = Stabilized Naphtha 2 (StN2). The other data 
blocks and their number of variables appear in Table 1. See also Fig. 2 to 
see the correspondence between the data blocks DB(sj, oj, tj) and their 
respective streams sj and oj in the productive process. This make a total 
of 507 input variables Vk,i(sj, oj, tj) retained for IFPTML analysis 
distributed into 14 data blocks DBm(sj, oj, tj) involving 14 operations and 
9 process streams sj, see details in Table 1. See also the points of sam-
pling/measuring for these variables on the process diagram in Fig. 1. 

2.1.4. IF process and data set design 
In order to design the final working data set we carried out an IF 

process with all the values of the output vk,i(tj) and input measured 
variables Vm,i(sj, oj, tj) from the 14 data blocks DB(sj, oj, tj) released by 

the refinery. In our IF process we fused two data data blocks DB(sj, oj, tj) 
and DB(sj+1, oj, tj+1) as follows. We fused DB(sj, oj, tj) and DB(sj+1, oj, 
tj+1) in horizontal from left to right if they belong to the same production 
line, are consecutive in the production flow, and the operation of the 
first block was previous to the second block tj < tj+1. Consequently, all 
data blocks DB(sj, oj, tj) fused in horizontal correspond to continuous 
batch operations performed in series downstream, see Table 2. On the 
other hand, blocks DB(sj, oj, tj) fused in vertical each other correspond to 
operations performed in parallel in different lines of the process. Please, 
compare Fig. 2 vs. Fig. 3 to see the mapping of DB(sj, oj, tj) allocation 
from flow diagram to data sheet during IF process. In order to facilitate 
understanding of the IF process we used the same operation DB(sj, oj, tj) 
letter code and operation color code in both figures. We used the 
DBrowser for SQLite DB4S 3.11.2 to create the database [34]. It is a tool 
for creating databases based on smaller tables in an IF like process. To 
generate this database, first, a data file for each of the operations in the 
different streams must be created. In one line of our working dataset we 
put one value of the output vk,i(tj) variable and all the corresponding 
values of the input Vk,i(oj, sj, tj) variables for a given pathway 

Table 1 
Data blocks, streams, operations and input variables count after healing.  

DB (m) DB Symbol sj Stream Name Stream Code oj Oper. Name Oper. Code Var. Count 

1 DB1(s1, o6, tj) s1 Atmospheric Crude Destillator 1 ACD1 o6 Straight Naphtha StN 21 
2 DB2(s2, o5, tj) s2 Atmospheric Crude Destillator 2 ACD2 o5 Stabilized Naphtha 2 StN2 48 
3 DB3(s3, o5, tj,) s3 Hydrotreater 1 H1 o5 Stabilized Naphtha 1 StN1 25 
4 DB4(s3, o4, tj) s3 Hydrotreater 1 H1 o4 Hydrogenated High Naphtha 2 HHiN2 62 
5 DB5(s3, o3, tj)    o3 Hydrogenated Heavy Naphtha 2 HHeN2 26 
6 DB6(s3, o2, tj)    o2 Hydrogenated Heavy Naphtha 1 HHeN1 56 
7 DB7(s4, o4, tj) s4 Hydrotrater + Stripped HS o4 Hydrogenated High Naphtha 1 HHiN1 25 
8 DB8(s5, o1, tj) s5 Catalytic Reformer CR o1 Reformate R 43 
9 DB9(s6, o1, tj) s6 Reformate (Low Benzene Content) R    40 
10 DB10(s7, o10, tj) s7 Hydrotrater 2 H2 o10 Cracked Gasoline Precursor CGP 32 
11 DB11(s8, o8, tj) s8 Fluid Catalytic Cracking 1 FCC1 o8 Cracked High Gasoline CHG 31 
12 DB12(s8, o9, tj)    o9 Cracked Intermediate Gasoline 2 CIG2 33 
13 DB13(s8, o11, tj)    o11 Cracked Intermediate Gasoline 1 CIG1 35 
14 DB14(s9, o7, tj) s9 Hydrotrater 3 H3 o7 Hydrogenated Cracked Gasoline HCG 30  

Fig. 2. Workflow used to develop the model.  
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downstream from the crude sample to the end of the process. In so doing, 
we have taken into account that streams from ACD can go either way by 
the upper path to the Blending and can go through any of the processes 
that appear in each stream. In addition, crude stream could reach to the 
Blending stream along the lower path. 

Once the previous working data set was constructed we defined the 
objective function f(vk,i(tj))obs. This function gets the values f(vk, 

i(tj))obs = 1 when the kth output physicochemical property vk,i(tj) (R.O. 
N., M.O.N., Density, etc.) of the ith sample reach a value within the 
desired range at time tj. The function gets the values f(vk, 

i(tj))obs = 0 otherwise. The desired limits of one variable are given by 
production guidelines specified under UNE EN 228:2012 + A1:2017 
standard. This European Union (EU) standard specifies the requirements 
and test methods for the unleaded gasoline that is distributed and 
marketed. This include the top vki(tj)max and bottom vki(tj)min limits for 
the physiochemical properties vki(tj) of gasoline blends.[35] Conse-
quently, f(vki(tj))obs = 1 if vki(tj)min < vki(tj) < vki(tj)max, f(vki(tj))obs =

0 otherwise. In the case of physicochemical property vk,i(tj) interesting 
for the production process that do not have specified limits in the 
guidelines, the following heuristic has been used. For these cases the 
superior/inferior limits are calculated as < vk,i(tj)>± 3⋅σk,j. Specifically, 
vki(tj)max = <vk,i(tj)> + 3⋅σk,j and vki(tj)min = <vk,i(tj)> − 3⋅σk,j. It rep-
resents a deviation from the < vk,i(tj) > value expressed in 3-times the 
value of the standard deviation σk,j. This comes from a rearrangement of 
the formula used to calculate standardized values with z-scores.[24] PT 
data pre-processing phase 

2.1.5. PT Operators calculation 
After healing the input variables, we transformed them into 

Perturbation-Theory Operators (PTO). These PTOs have the notation 
PTOk(vk, sj, tj) for this problem. The values used here as input are 
Moving Averages (MA) of the original input variable PTOk(oj, sj, tj) =
ΔVk,i(oj, sj, tj). The MAs depend on the experimental values of each input 
parameter measured Vm,i(sj, tj) in the operation oj of the stream sj at the 

Table 2 
IF process schematic illustration.  
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Fig. 3. ROC Curve of Equation 8 model.  
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sampling time tj. In this way, the deviation of each input value Vk,i(oj, sj, 
tj) with respect to the average < Vk,i(tj)>oj,sj (expected value) of this 
value for all the samples with the same output parameter vk,i and the 
same stream sj was calculated as follows (Equation 1). 

ΔVk,i(oj, sj, tj) = Vk,i(oj, sj, tj) - <Vk,i(tj)>oj,sj (1) 

2.1.6. Function of reference 
The reference function f(vk,i(tj))ref is the first variable that enters the 

model. It is equal to the expected probability p[f(vk,i(tj)) = 1]expt with 
which the parameter vk,i(tj) of a sample at the end of the process falls 
within the specified limits, f(vk,i(tj))obs =1. It depends on the number of 
samples n(f(vk,i(tj))obs = 1) that fall within the limits and on the total 
number of samples n(f(vk,i(tj))obs) with parameter f(vk,i(tj)). It is ob-
tained as follows in Equation 2. 

f(vk,i(tj))ref = p[f(vk,i(tj)) = 1]expt = n(f(vk,i(tj))obs = 1)/ n(f(vk, 

i(tj))obs) (2) 

2.2. ML training and validation phase 

2.2.1. IFPTML linear and non-linear models 
Firstly, linear IFPTML models will be sought using Linear Discrimi-

nant Analysis (LDA).[24] The values of objective function f(vk,i(tj))obs 
(function to be fitted) were used to train the model together with the 
values of function of reference f(vk,i(tj))ref and the operators PTOk[ΔVk, 

i(sj, tj)] as input variables. In addition, we are going to run Artificial 
Neural Network (ANN) algorithms to seek PTML-ANN models. The 
PTML-ANN models using Linear Neural Network (LNN) topology are 
similar to PTML-LDA models (both present a linear form).[24] The 
PTML-ANN models using Multi-Layer Perceptron (MLP) and Radial 
Basis Function (RBF) topologies are non-linear. In most cases we are 
going to use Specificity (Sp), Sensitivity (Sn), Fisher ratio (F), p-level, 
and/or Area Under Receiver Operating Characteristic (AUROC) curve to 
measure the performance of the model. In Fig. 2 we summarize all the 
steps given to seek this kind of IFPTML models. This model takes as a 
starting point the reference function f(vk,i(tj))ref and adds the effect of 
deviations (perturbations) measured by the PTOk[ΔVk,i(sj, tj)] input 
variables. See the general equation of the linear models: 

f(vk,i(tj))calc = a0 + a1⋅f(vk,i(tj))ref +
∑

ak⋅ ΔVk,i(oj, sj, tj) (3) 

2.2.2. Output variable and posterior probabilities calculation 
The output variable f(vk,i(tj))cal is a real-valued scoring function 

related to the probability p[f(vk,i(tj))pred = 1] with which the experi-
mental value of the ith property measured on the jth stream in lth time is 
predicted f(vk,i(tj))calc = 1 to fall within the specified limits. The output 
variable f(vk,i(tj))calc was discretized to obtain the predicted classifica-
tion of each case (f(vk,i(tj))pred = 1) or not (f(vij)pred = 0), see next sec-
tion. This Boolean variable f(vk,i(tj))calc should be compared to the 
observed classification f(vk,i(tj))obs for each sample in order to calculate 
the Specificity (Sp) and Sensitivity (Sn) [36,37] of the model. On the 
other hand, the function f(vk,i(tj))ref is the first input variable. 

2.2.3. Posterior probabilities calculation 
When the IFPTML model is generated (by LDA, SVM, ANN, etc.), we 

can obtain the values of f(vk,i(tj))calc. However, f(vk,i(tj))calc is a real 
value variable (scoring function) and we need to discretize it in order to 
classify the samples as f(vk,i(tj))pred = 1 or f(vk,i(tj))pred = 0. In so doing, 
we used a sigmoidal function to calculate the probabilities a posteriori p[f 
(vk,i(tj))pred = 1] with which a sample is classified as f(vk,i(tj))pred = 1. 
This sigmoid function uses as input a priori probabilities (π0 and π1). 
These prior probabilities are used in the Bayesian method to calculate 
the posterior probabilities. The equation of the sigmoid function of the 
posterior probabilities is the following [24]. 

p[f(vk,i(tj))pred = 1] = 1/[1 + (π0/π1)⋅exp(-f(vk,i(tj))calc) (4) 

2.2.4. FT-NIR spectra acquisition 
For internal control study a total of 28,876 samples have been 

measured in the refinery quality control lab using FT-NIR technique. The 
spectra of these samples were recorded as follow. Firstly, thermostatic 
bath was turned on regulated at 25 ◦C and connected the FT-NIR spec-
trometer to run the standard samples of reference. All Gasoline samples 
were keep a low temperatures and the cell was washed repeated times 
with samples avoiding either loss by vaporization or the formation of 
bubbles. FT-NIR spectra were recorded in the range 4000 cm− 1 to 4800 
cm− 1. The FT-NIR spectrometer used was ABB MB3600. This spec-
trometer is able to comparing recorded spectra vs. an internal database 
of standard samples. Specifically, for this study all results were recorded 
and expressed according to the respective EU Standards: ASTMD2899 
for RON, ASTMD2700 for MON, ASTMD5191 for Reid’s Vapor Pressure 
(RVP), ASTMD4052 for Density, EN22854 for Benzene, EN22854 for 
Aromatics, EN22854 for Olefins, ASTMD88 for Evaporated (70, 100, and 
150 ◦C), EN13132 for MTBE, and ETBE, etc [35]. 

3. Results and discussion 

3.1. IFPTML-LDA linear models 

We decided to train our model using an Expert-Guided Selection 
(EGS) strategy. The aim was to seek a model taking into account as many 
streams and production lines as possible but using few variables as 
possible and without losing Sp and Sn. In so doing, used a Forward 
Stepwise (FSW) variable selection strategy to select the more influential 
variables and complemented them with criteria of the experts in our 
team [38]. The equation of the best model found written upstream from 
left to write is the following, Equation 5: 

f(vk,i(tj))calc = -9.381 + 16.898⋅f(vk,i(tj))ref − 0.418⋅ ΔV5,i(s1, o6, tj) −
0.094⋅ΔV8,i(s1, o6, tj) + 0.353⋅ΔV30,i(s2, o5, tj) + 0.409⋅ΔV8,i(s2, o5, tj) −
0.022⋅ΔV1,i(s3, o3, tj) − 2.689 ⋅ΔV13,i(s4, o4, tj) − 0.049⋅ΔV5,i(s5, o1, tj) +
17.153⋅ΔV9,i(s5, o1, tj) + 0.025⋅ΔV3,i(s6, o1, tj) − 0.575⋅ΔV26,i(s6, o1, tj) 
+ 0.081⋅ΔV4,i(s7, o10, tj) − 0.028⋅ΔV2,i(s7, o10, tj) + 0.039⋅ΔV30,i(s8, o8, 
tj) − 0.001⋅ΔV3,i(s9, o7, tj) (5) 

This IFPMTL-EGS model has only 14 ΔVk,i(oj, sj, tj) variables plus the 
function of reference and the independent term. The details about the 
input variables (names, data block, etc.) and he exact values of the co-
efficients of the new EGS model are shown in Table 3. The classification 
matrix (Table 3) shows that the values of Sn and Sp ≈ 84–91% are high 
for this kind of model. The EGS model take into account the most 
important variables of each of the operation’s streams overcoming the 
pitfall of the FSW strategy. Consequently, we have input variables ΔVk, 

i(oj, sj, tj) measured at almost all points of the process. This is very 
important if we want to maximize the possibility of introducing alter-
native raw materials blending mixtures from other sources in different 
points of the process. In fact, the model takes into account the 4 lines of 
production, 9 streams, and 9 operations directly. The model also takes 
into account other streams and operations in an indirectly manner. It 
happens because when you include a variable for one stream/operation 
upstream it shall affect in turn all streams/operations downstream in the 
production line, see Fig. 1. 

The relatively low number of variables that enter makes the model 
easier to use and with less risk of over fitting and co-linearity. In any 
case, in order to check on the collinearity between the variables, we 

Table 3 
IFPTML-LDA models results.  

Classes f(vk,i(tj))pred 

f(vk,i(tj))obs Stat. (%) nj 0 1 

Training set 
0 Sp  91.1 25,189 22,940 2249 
1 Sn  84.8 151,108 23,013 128,095  

Validation set 
0 Sp  91.1 8405 7660 745 
1 Sn  84.7 50,339 7700 42,639  
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generated a correlation matrix with R2 for every two variables in the 
EGS model. We can see that almost all variable pairs have very low R2 <

0.1. This demonstrates a very low risk of pair-wise co-linearity among 
the variables of the model. Consequently, the coefficients of the vari-
ables should express their real contribution to the output variable 
because the lack of collinearity masking effects among them [39]. There 
is only one case in which R2 = 0.42 with p-level < 0.05 indicating 
certain collinearity between this pair of variables. These are variables 
measuring 10% collected from the sample and the amount in volume of 
toluene are related to each other. We also analyzed the AUROC values. 
This is a widely used technique because it is very visual to evaluate the 
performance of the classifier model [40]. Consequently, we also ob-
tained values of AUROC = 0.936; which are notably higher than AUROC 
= 0.5 (value for a random classifier), Fig. 3. This indicates that this 
model significantly discriminate between acceptable and unacceptable 
fuel samples being a not random classifier [41]. Consequently, the 
model could be useful to design alternative fuel blends for gasoline 
compounding. In so doing, the following steps are necessary. Firstly, the 
user have to obtain experimentally samples of new alternative mixtures 
from biofuel, refuse-derived fuels, etc. Next, it is necessary to measure 
experimentally the input properties of these samples. Last, we introduce 
the values in the respective terms of the equation of the model (ac-
cording to the operation or stream desired) to obtain the predicted 
probability of success. 

3.2. IFPTML-ANN non-linear models 

After analyzing the data with linear equations, mor-
e complex models were generated to analyze if the prediction can be 
improved. Several types of ANN were analyzed in order to obtain the 
best results. We used the variables of the EGS model. Three types of ANN 
were analyzed in this work: the LNN [24], MLP [42], and RBF [43] to-
pologies. They are more complicated models to generate and use, but in 
some cases better results are obtained. In this case, very similar results 
were obtained with the RBF and MLP models, but they are much more 
complex to use than the EGS model and the prediction improvement is 
not enough to opt for these ANN, see Table 4. It is interesting that the 
IFPTML-LNN linear model is similar to the IFPMTL-LDA model (also 
linear) but the values of Sp in the LDA model are 10% higher. It could be 
because the LDA is a more flexible Bayesian model allowing to adjust 
prior probabilities (π0/π1) [24]. In conclusion, the results obtained with 
the IFPTML-ANN models did not outperform the optimized IFPTML-LDA 
model. This confirms our decision on using a linear instead of a non- 
linear model. 

3.3. IFPTML-FT-NIR internal control study 

FT-NIR methodology has been used before for Chemometrics studies 
of gasoline fuel blends.[44,45] In most studies using FT-NIR it is used as 
the main technique for the characterized the samples. In our case we 

Table 4 
IFPTML-ANN models results.  

Profile   Training  Validation  

AUROC f(vk,i(tj)) 0a 1a (%) Par. (%) 0a 1a 

LNN 15:15-1:1  0.898 0b 24,523 28,229  81.3 Sp  81.1 8172 9404  
1b 5636 122,879  81.3 Sn  81.3 1904 40,935 

MLP 9:9-7-1:1  0.900 0b 24,720 5439  82.0 Sp  81.9 8249 9081  
1b 5439 123,913  95.8 Sn  82.0 1827 41,258 

RBF 11:11-388-1:1  0.900 0b 24,725 27,058  82.0 Sp  81.8 8246 9044  
1b 5434 124,050  82.1 Sn  82.0 1830 41,295  

a f(vk,i(tj))pred = 0 or 1 predicted values. 
b f(vk,i(tj))obs = 0 or 1 observed values. 
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used FT-NIR methodology to run an internal experimental control test of 
the robustness of IFPTML methodology based on physicochemical 
properties (PCP). The aim of this study was not the comparison of in-
direct FT-NIR vs. direct PCP measurement techniques per se. The 
objective was to analyze the robustness of the IFPTML model predictions 
using the two types of inputs (direct PCP measurements vs. FT-NIR 
inference). Different researchers have used different IR ranges in this 
kind of studies, e.g,; Balabin et al. [46] used 14,000–8000 cm− 1, da Silva 
et al. used 10,000–4000 cm− 1, but Al-Ghouti et al. [47] used peaks in the 
range 400–3500 cm− 1. In our case, following spectrometer calibration 
specifications FT-NIR spectra were recorded in the refinery quality 
control laboratory in the range 4800–4000 cm− 1. In Fig. 4 we depict two 
examples of FT-NIR spectra recorded for a reformatted naphtha sample 
(upstream) and gasoline sample (downstream). 

A total of 28,876 values for 16 different PCP; e.g., Benzene (%V) and 
Aromatics (%V) of multiple samples were inferred from the FT-NIR 
spectra using the software associated to the ABB MB3600 spectrom-
eter. These experimental values and their respective input variables 
were distributed as follow: 21,652 outcomes for training and 7224 
outcomes for validation. After that, alternative values of input variables 
ΔVk,i(oj, sj, tj)IR were calculated using FT-NIR-inferred properties instead 
of classic PCP properties ΔVk,i(oj, sj, tj)PCP. Both kinds of values were 
used above to train and validate the IFPTML model altogether. We de-
pict in Table 5 the classification matrix for the control IFPTML-FT-NIR 
model. This model was generated using fully balanced prior probabili-
ties of π1 = π 0 = 0.5. We can note that the Sp and Sn ≈ 86–97%values for 
FT-NIR predictions are very high and mostly in the same range, only 
slightly higher than, Sp and Sn ≈ 84–91% of PCP model. 

In addition, there are only few Sign Inversions (SI) on the coefficients 
when we change use FT-NIR instead of classic procedures, see Table 6. 
Fortunately, the magnitude of sign change (ΔSI) is small when 
happening. For instance, Naphthene (%V) have a change of only 0.87. 
The only variable with a relatively higher change in coefficient was 
Paraffin (%V) but this does not affect the overall Sp and Sn values of the 
model. We can conclude that both models IFPTML-PCP and IFPTML-FT- 
NIR are coincident and the IFPTML algorithm is robust to the change of 
technique from classic procedures to FT-NIR. 

3.4. IFPTML model compared to other ML models 

In closing, we would like to present a comparison of our IFPTML 
models to other ML models reported in the literature for similar prob-
lems. In general, the models compared do not use the same dataset or 
solve exactly the same problem. As result, the present comparison is not 
focused on statistical parameters but in terms of range of applicability of 
the model. In Table 7 we summarized the results obtained with different 
models in this work and in the literature. The criteria used to select the 
models was the following. The dataset details and model performance 
statistics are public and the model applies to at least one Gasoline/Fuel 
property. As it can be seen in the table all models use relatively small 
datasets (<1500 cases) vs. >230 K cases of our model. All models apply 
to only one physicochemical property. In the case that more than one 
output PCPs are predicted in the same paper they need to fit more than 
one model. In addition, all papers focus on few (1–3) output properties 
by sample vs. up to 44 output properties by sample of our model. In 
addition, all works use as input variables PCPs or FT-NIR to predict the 
output PCPs. Our paper is the only one reporting a comparative study 
(internal control) with both PCPs vs. FT-NIR as alternative input 
variables. 

4. Conclusions 

Optimization of current or alternative fuel blends to be introduced in 

Fig. 4. FT-NIR control spectra for naphtha (upstream) and gasoline blend (downstream).  

Table 5 
IFPTML-LDA FT-NIR models results.  

Classes f(vk,i(tj))pred 

f(vk,i(tj))obs Stat. (%) nj 0 1 

Training set 
0 Sp  97.4 230 224 6 
1 Sn  86.7 21,422 2857 18,565  

Validation set 
0 Sp  94.9 78 74 4 
1 Sn  86.9 7146 937 6209  
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real refinery plants may benefit from ML models able to predict multiple 
output properties along time series. IFPMTL methodology is able to 
predict with high overall Sp and Sn the levels of 45 output properties. 
The methodology is flexible enough to take into consideration inputs 
from multiple lines, streams, and operations in a refinery. EGS heuristic 
based on expert criteria combined with automatic feature selection 
techniques give the better results in this cases. The use of non-linear 
models like ANNs does not improve the results confirming the validity 
of the linear hypothesis. Using FT-NIR experiments as internal control 
demonstrated the robustness of the IFPTML to changes on the experi-
mental technique used to determine the output variables. The present 
IFPTML opens a gate to the multi-output computational optimization of 
current and new alternative fuel blends in gasoline production. 
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Table 6 
IFPTML-LDA PCP vs. FT-NIR model coefficients.  

Procc. Data Variable Variable f(vk,i(tj))calc 
a 

Line Block Name Notation PCP FT-NIR SI ΔSI 

– – Indep. term a0 − 9.3812 − 91.8575 No  – 
– – Ref. function f(vk,i(tj))ref 16.9891 100.1441 No  – 
1,2 DB1(s1, o6, tj) Benzene (%V) ΔV05,i(s1, ο6, tj) − 0.4184 − 1.3746 No  –   

Naphthene (%V) ΔV08,i(s1, ο6, tj) − 0.0944 0.7721 Yes  0.87 
1,2 DB2(s2, o2, tj) RVP (psi) ΔV30,k(s2, ο5, tj) 0.3533 0.8362 No  –   

Naphthene (%V) ΔV08,i(s2, ο5, tj) 0.4095 1.6462 No  – 
1,2 DB5(s3, o3, tj) Collected10% (◦C) ΔV01,i(s3, ο3, tj) − 0.0217 0.2188 Yes  0.24 
1 DB7(s4, o4, tj) Olefin (%V) ΔV13,i(s4, ο4, tj) − 2.6887 5.4905 Yes  8.18 
2 DB8(s5, o1, tj) Benzene (%V) ΔV05,i(s5, ο1, tj) − 0.0492 − 0.2618 No  − 0.21   

Paraffin (%V) ΔV09,i(s5, ο1, tj) 17.1532 0 Yes  − 17.15 
2 DB9(s6, o1, tj) Collected90% (◦C) ΔV03,i(s6, ο1, tj) 0.0253 0.0481 No  –   

Toluene (%V) ΔV26,i(σ6, ο1, tj) − 0.5747 − 0.2433 No  – 
3,4 DB10(s7, o10, tj) Aromatic (%V) ΔV04,i(s7, ο10, tj) 0.0809 − 0.5054 Yes  − 0.59   

Collected50% (◦C) ΔV02,i(s7, ο10, tj) − 0.0278 − 0.0197 No  – 
3 DB11(s8, o8, tj) RVP(psi) ΔV30,i(s8, ο8, tj) 0.0387 − 0.3453 Yes  − 0.38 
4 DB14(s9, o9, tj) Collected90% (◦C) ΔV03,i(s9, o7, tj) − 0.0005 − 0.0459 No  –  

a IFPTML model coefficients, PCP = coefficients obtained using classic analytical techniques to determine Physico-Chemical Properties (PCP) of gasoline blends 
downstream, FT-NIR = coefficients obtained using FT-NIR as internal control technique, SI = Signal Inversion of the coefficient due to PCP to FT-NIR change, ΔSI =
magnitude of coefficient SI switching. 

Table 7 
IFPTML models compared to other ML models from literature.  

Mod. MLa IVb MOc RGBd IFRPe OPf Cases Stat. Val. Ref. 

IF 
PT 
ML 

LDA PCP Yes Yes Yes 44 >230 K Sp 
Sn 

84–91 
% 

This work 

LDA FT 
NIR 

Yes Yes Yes 16 >25 K Sp 
Sn 

86–97% This work 

ANN PCP Yes Yes Yes 44 >230 K Sp 
Sn 

81–82% This work 

ML PLS FT 
NIR 

No Yes No 2 259 R2 0.83 [44]  

PF PCP No Yes No 3 273 AAD 6.5 [48]  
CPLS PCP No Yes No 1 1471 SE 1.01 [49]  
RTO PCP No Yes Yes 1 – – – [50]  
ANN PCP No Yes No 1 173 R2 0.98 [51]  
PLS FT 

NIR 
No Yes No 1 16 RMSE – [52]  

RS FT 
NIR 

No Yes Yes 1 103 RMSE – [53]  

a ML = Machine Learning Technique, NM = Nelson’s Method, LDA = Linear Discriminant Analysis, ANN = Artificial Neural Network, PLS = Partial Least Squares. 
b IV = Input Variables, PCP = Physicochemical properties, FT-NIR = Fourier Transform Infra-Red spectra. 
c MO = Multi-Output model. 
d RGB = Real Gasoline Blends. 
e IFRP = Inputs from Full Refinery Plant process. RTO = Real Time Optimization, AAD = Average absolute deviation, SE = Standard Deviation, RS = Reverse 

Standardization. 
f OP = Output Parameters. 
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