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Three methods for reconstruction of the detailed molecular composition of complex
hydrocarbon mixtures, based on their global properties, are compared: a method
based on the Shannon entropy criterion, an artificial neural network and a multiple
linear regression model. In spite of the broad range of naphthas included in the train-
ing set, the application range of the last two methods proved to be limited. Principal
component analysis allowed to identify their three-dimensional ellipsoidal application
range. In this subspace, the artificial neural network is more accurate than the multi-
ple linear regression model and the Shannon entropy method. However, outside its
application range, the performance of the neural network, as well as the regression
model, decreases drastically. In contrast, the performance of the Shannon entropy
method is not influenced by the characteristics of the considered naphtha, but rather
depends on the number of available commercial indices. The Shannon entropy method
yields comparable results to the artificial neural network, provided that a sufficient
amount of distillation data is available to supply information on the carbon number
distribution. Combining the reconstruction methods with a fundamental simulation
model illustrates the necessity of having accurate feedstock reconstruction methods
since they allow to capture the full power of fundamental simulation models for
the simulation of industrial processes. © 2010 American Institute of Chemical Engineers
AIChE J, 56: 3174-3188, 2010
Keywords: artificial neural network, molecular reconstruction, fundamental kinetic
modeling, principal component analysis, process simulation, Shannon entropy

Introduction

Complex hydrocarbon mixtures like naphtha, kerosene,
diesel, gas oil, etc., contain a multitude of components,
including n-paraffins, iso-paraffins, olefins, naphthenes, and
aromatics. When such mixtures are used as feedstock, reli-
able tools for determining a detailed molecular composition
are crucial. Knowledge of an accurate feedstock composi-
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tion, which, in industrial practice, can change on a daily or
even hourly basis, makes it easier to estimate proper eco-
nomical value, since it significantly affects product yields
and quali‘[y.1 Furthermore, an accurate molecular composi-
tion also allows to determine whether the feed meets the
design and environmental specifications of the considered
unit and to identify possible bottlenecks.

Knowledge of the detailed molecular feedstock composi-
tion is especially important when fundamental models are
used for process simulation. Such models have been devel-
oped for various chemical processes, such as steam cracking
and pyrolysis,” oxidation,*'* steam reforming,"? hydro-

cracking,'*™'? catalytic cracking,”®>* etc. These fundamental
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models are able to simulate the chemical kinetics over a
wide range of process conditions and for a wide range of
feedstock types, by accounting for the occurring chemical
reactions as well as for the physical transport phenomena.24
This allows to predict product yields and to determine opti-
mal process conditions, i.e., provides a powerful tool to
improve process performance. Figure 1 illustrates that the
fundamental modeling goal is accomplished at the molecular
level: the behavior of the feedstock molecules and the for-
mation of the product molecules is described by a large net-
work of elementary reactions and their associated kinetics.
This, in contrast to so-called lumped models, where the feed-
stock molecules, the occurring reactions, and the product
molecules are grouped together in so-called pseudocompo-
nents to reduce complexity. Compared with fundamental
models, these lumped models therefore lack fundamental ki-
netic information and flexibility in terms of feedstock and
operating conditions.*

To obtain the detailed molecular feedstock composition,
necessary to make optimal use of the fundamental process
simulation strategy, several analytical techniques can be
used, e.g., conventional gas chromatography (1D-GC) for
lighter fractions, comprehensive two-dimensional gas chro-
matography (GC x GC) for heavier fractions,”*?’ etc.
Although these techniques allow obtaining an accurate mo-
lecular composition, they are in general very time-consum-
ing, and the obtained data is often difficult to interpret. Fur-
thermore, for the heaviest petroleum fractions, e.g., heavy
gas oil and vacuum gas oils, no current analytical technique
is powerful enough to detect and quantify the thousands of
different components, including a significant number of iso-
mers, that make up such an oil fraction.”®

In an effort to eliminate the use of time-consuming analytical
techniques, current research focuses on the development of nu-
merical methods that reconstruct the molecular composition of
a mixture based on a number of average properties or so-called
commercial indices.”’™** Although they are not representative
of all the chemical and structural variety that such mixtures can
contain, process feedstock is generally identified and distin-
guished by these commercial indices rather than by its molecu-
lar composition.28 These indices, e.g., the average molecular
weight of the mixture, some points of a boiling point distillation
curve, the specific density, the global PIONA weight fractions,
etc., are determined by means of relatively simple and standar-
dized analytical procedures.”> Several global characterization
methods have been developed based on gas chromatography
(GC),**  high-performance-liquid-chromatography ~(HPLC),*
supercritical fluid chromatography (SFC),*® mass spectroscopy
(GC-MS),Y comprehensive 2D GC (GC x GC) for complete
characterization of complex mixtures*® or for trace analysis,
e.g., quantification of the sulfur amount,” etc. Also Fourier
Transform-near infrared (FT—NIR)50 and FT-nuclear magnetic
resonance (FT-NMR),5 152 can be used to determine global
characteristics of petroleum fractions.

Until recently the importance of feedstock reconstruction
was generally ignored in the fundamental modeling strategy.
However, as illustrated in Figure 1, this step is crucial if fun-
damental models are to be applied on a regular basis to opti-
mally operate and design chemical production units.

This article compares three methods for molecular recon-
struction: maximization of the Shannon entropy, artificial
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Figure 1. Fundamental kinetic modeling approach:
from feed to product.?®

neural networks, and multiple linear regression. Although
these reconstruction methods can be applied to all kinds of
mixtures, the emphasis in this work is on naphtha because
its detailed composition can still be determined experimen-
tally in reasonable time, especially when compared to, for
example, heavy gas oil fractions. This allowed to obtain a
large amount of experimental data, i.e., the so-called training
set, necessary to develop the artificial neural network and
the multiple linear regression model, as will be discussed
below. The application range of an artificial neural network
and a multiple linear regression model strongly depends on
this dataset. Therefore, special attention will be paid to the
unambiguous classification of petroleum fractions based on a
principal component analysis of the training set. This classi-
fication is an important feature that allows to define the
application range of the reconstruction methods and to deter-
mine a priori whether the considered feedstock falls herein.

Finally, the reconstruction methods are coupled to a fun-
damental simulation model for steam cracking, illustrating
the use of the proposed simulation strategy and the evalua-
tion of the influence of differences between a reconstructed
and an analytically determined composition on the simula-
tion results.

Reconstruction Methods

Starting from a number of average mixture properties, it is
not straightforward to determine the corresponding molecular
composition, simply because there is no unique relationship
between a set of commercial indices and the detailed compo-
sition of a complex mixture. Molecular reconstruction there-
fore corresponds to the selection of a single molecular com-
position, i.e., the one most likely to occur, out of all theoreti-
cally possible molecular compositions that comply with the
specified commercial indices.

A distinction can be made between two types of methods
for molecular reconstruction. Methods of the first type allow
to determine a detailed molecular composition by optimizing
a specific objective function, subject to constraints that are
derived from the available commercial indices. The objective
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function can be derived from theoretical concepts such as
Gibbs free energy® or Shannon entropy,”*! or can be some
sort of cost function.’”*® Several of these methods start from
a predefined set of components, the mole fractions of which
are adjusted using a specific optimization algorithm.zg’37’41
In other approaches, the algorithm that adjusts the mole
fractions is preceded by an algorithm that generates the spe-
cific set of molecules to be considered. To create such a set
of molecules, several possibilities exist, e.g., algorithms
using group contribution methods'*®  or  stochastic
methods, 30-31:35.36.39

The second type of reconstruction methods uses a rather
pragmatic approach, as they are based on a large set of ex-
perimental data, the so-called training set. Basically, the
composition is reconstructed by interpolation between the
samples in the training set using, for example, an artificial
neural network™"* or other empirical correlations.>** Gener-
ally, these reconstruction methods are faster than those of
the first type since they are computationally less demanding.
A disadvantage is that, because the size of the employed
training set is evidently finite, the application range of these
methods will be determined by the latter. These methods
therefore require to determine a priori whether the consid-
ered feedstock falls within the application range defined by
the training set. Frequently, nonphysicochemical criteria and/
or expert user involvement are employed, making this classi-
fication error-prone, not transparent and non extendible. In
this work, a principal component analysis (PCA) of the train-
ing set is used to define the application range and to com-
pare petroleum fractions unambiguously.

In the following paragraphs three reconstruction methods
are discussed. The first method belongs to the first type of
methods and employs the so-called Shannon entropy crite-
rion. The other two methods, based on artificial neural net-
works and multiple linear regression, belong to the second
type of reconstruction methods. As will be discussed, the ar-
tificial neural network allows to model the relationship
between commercial indices and detailed composition using
a nonlinear relationship. While this is also possible using
multiple linear regression, this work only considers a strictly
linear regression model, i.e., linear in both model parameters
and variables. The following paragraphs therefore allow the
comparison of a linear approach and a nonlinear approach.

Shannon Entropy Maximization

The first reconstruction method discussed in this article
follows a rather theoretical approach. When the maximiza-
tion of the Shannon entropy (MSE), originally formulated in
the information theory developed by Shannon,>® is applied to
the molecular reconstruction of hydrocarbon mixtures, the
Shannon entropy criterion is defined by Eq. 1.>*!

Ny N
MAX  S(YF) ==y In(y®) with Y =1 (1)
i=1 i=1

S represents the Shannon entropy and y; is the mole fraction of
one of the N,, components that is part of the considered set of
molecules. The principle of maximum Shannon entropy states
that if only partial information concerning possible outcomes
is available, the variables, i.e., the mole fractions, are to be
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chosen so as to maximize the uncertainty on the missing
information, which is represented by the Shannon entropy S.
This criterion can also be related to the thermodynamics of
mixtures since the Shannon entropy, defined by Eq. 1, is
directly proportional to the mixing entropy.”* The Shannon
criterion therefore corresponds to the assumption that mixtures
with a composition that results in a higher entropy, and
therefore lower Gibbs free energy, are favored in nature.

Evidently, the Shannon entropy has to be maximized sub-
ject to some constraints like those in Eq. 2. These constraints
are derived from the N, available commercial indices and
express their dependency on the unknown mole fractions
using mixing rules and other correlations.

pe—fi(F) =0 k=1,...,N, )

This means that out of all the possible mixture composi-
tions that meet the specified boundary conditions a single
composition is selected, i.e., the composition with maximum
Shannon entropy. In the absence of any information, it is
impossible to favor one molecule over another, and the dis-
tribution of mole fractions will be completely uniform.

The so-called molecular library forms the basis of the
method and specifies which molecules are considered. For
each component, the library should contain all physical prop-
erties, e.g., normal boiling point, molecular weight, density,
etc, necessary to derive the constraints in Eq. 2. Depending on
the type of the considered mixture, e.g., naphtha or kerosene,
a different molecular library has to be selected. Evidently, a
library containing components that are not representative for
the considered mixture will never result in an accurate recon-
struction. Furthermore, if the reconstructed composition is
used as input for a fundamental kinetic model, the library of
components should be aligned with the required information
on feedstock composition, as illustrated in the last paragraph,
which means the library development also depends on the
final application of the reconstructed composition. For the
reconstruction of naphtha, a molecular library containing 118
different molecules was created. The experimental composi-
tions of a number of well chosen naphthas, determined using
one-dimensional gas chromatography, showed that these 118
molecules, including n-paraffins (C3—C;3), iso-paraffins (C4—
Cy3), olefins (C4—C;), naphthenes (Cs—C;;), and aromatics
(C6—Cy1), are the components found in most petroleum naph-
thas. The complete list of components can be found in sup-
porting information. All physical properties included in the
library were taken from NIST Chemistry WebBook.>

Using this rather large library allows to reconstruct a
much more detailed molecular composition as compared to
the composition reconstructed with the library proposed by
Van Geem et al.*' which included only 37 chemical compo-
nents. Constructing a relevant molecular library for heavier
fractions, e.g., kerosene, can be carried out similarly but
requires more advanced analytical techniques such as com-
prehensive GC X GC.%° However, for the heaviest fractions,
e.g., vacuum gas oil, no current analytical technique is
powerful enough to characterize the complete mixture. In
this case, stochastic methods can be used to come up with
an appropriate library.30’31’35

Finding the global optimum of the nonlinear problem
defined by Eqgs. 1 and 2 is not straightforward, but one of
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Figure 2. Schematic representation of an ANN for mo-
lecular reconstruction.

the advantages of the MSE method, compared to the other
optimization methods, is the solution strategy for the maxi-
mization problem. The Lagrange multiplier method can be
used to reduce the optimization problem with constraints to
an optimization problem without constraints. Furthermore, if
all constraints considered, see Eq. 2, are linear functions of
the unknown mole fractions, the linearity of these constraints
can be exploited to drastically simplify the objective func-
tion,>>*! which is optimized using the Rosenbrock method.”®

From all commercial indices considered in this work, i.e.,
average molecular weight, density, molar H/C ratio, global
PIONA weight fractions, and up to 13 points from a true
boiling point curve, such linear constraints can be derived.
Additionally, more commonly used distillation data, e.g.,
ASTM D86 or ASTM D2887, can be converted, using Dau-
bert’s empirical conversion correlations,* into true boiling
point data, since the latter is very rarely available in an
industrial environment. Moreover, other types of composi-
tional data can be incorporated into the reconstruction
method, including SARA weight fractions, weight fractions
of component groups identified by mass spectroscopy, 'H-
and "C-NMR data, etc., thus providing additional informa-
tion on mixture composition.

Finally, from the reconstructed molecular composition and
the information available from the molecular library, the
commercial indices of the considered petroleum fraction are
calculated using mixing rules and other correlations.** This
allows to compare the characteristics of the generated mix-
ture with the experimentally determined commercial indices
and to determine whether the algorithm succeeded in finding
a suitable optimum, which should correspond, besides to a
maximal value of the Shannon entropy, to a minimal differ-
ence between the experimental commercial indices and the
calculated ones.

Artificial Neural Networks
An artificial neural network (ANN) allows to develop
complex and nonlinear relationships between multiple input
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and output variables. In recent years, this technique has
gained wide popularity in many areas of chemical engineer-
ing. 5%

The concept of an ANN is loosely based on the human
brain, which consists of over 10 billion neurons that are
closely interconnected. When a neuron is activated by
receiving a signal from a neighboring neuron it can fire off
an electrochemical signal of its own. Artificial neural net-
works use this principle to model complex relationships. The
input variables offered by the user are processed by the
ANN, thus generating values for the output variables, which
depend on network structure and connectivity. It is important
to realize that such an ANN operates as a ““black box” since
the network parameters have no physical meaning. Figure 2
shows a schematic representation of a multilayer ANN that
is used to determine the molecular composition of a hydro-
carbon mixture, based on a number of commercial indices.
The neurons are represented by circles. The weighted con-
nections between them are unidirectional and are represented
by arrows.

Neurons that receive input, i.e., values for the N, selected
commercial indices, are part of the input layer. These neu-
rons perform no operation on the received information, but
simply pass it on to the following neurons. For the molecular
reconstruction of naphtha, the nine commercial indices given
in Table 1 were selected as input variables, since they are
commonly available in an industrial environment and contain
information about the distribution in hydrocarbon classes,
e.g., PIONA weight fractions, as well as the carbon number
distribution, e.g., density and distillation data.

Neurons that are part of the output layer generate values
for the mole fractions, y™°, of the N, chemical components
considered in the model. For naphtha, the MSE method dis-
cussed in the previous section determines the mole fractions
of 118 different molecules, commonly encountered in a wide
range of naphtha fractions. However, constructing an ANN
that generates an output of 118 mole fractions would be
unachievable, as will be discussed below. Therefore, a par-
tially lumped composition of 28 components is proposed,
see Table 2. This composition that combines for example all
iso-paraffins of a given carbon number into one so-called
lumped component, contains sufficient information about the
molecular composition of the naphtha. As previous studies
have shown that the internal distribution of isomers is fairly
independent from the feedstock,®””’ this approach allows to
determine a detailed molecular composition starting from the

Table 1. Ranges of the 9 Commercial Indices Included in
the Naphtha Training Set

Minimum Maximum

Commercial Index Value Value
Initial boiling point (IBP) [K]* 302.9 326.2
50 vol % boiling point (Tsgq,) [K]* 325.7 389.7
Final boiling point (FBP) [K]* 353.2 453.2
Specific gravity (60-60°F) [—] 0.664 0.732
Total amount of n-paraffins [wt %] 28.5 49.8
Total amount of iso-paraffins [wt %] 27.3 51.7
Total amount of olefins [wt %] 0.00 1.00
Total amount of naphthenes [wt %] 5.86 333
Total amount of aromatics [wt %] 1.90 16.3

*Determined by ASTM D86 distillation.
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Table 2. 28 Output Parameters of the ANN and MLR Model

n-Paraffins iso-Paraffins Olefins Naphthenes Aromatics
n-butane Cs iso-paraffins Cs olefins Cyclopentane Benzene
n-pentane Cg iso-paraffins Cg olefins Cyclohexane Ethylbenzene
n-hexane C; iso-paraffins Methylcyclopentane Xylenes
n-heptane Cyg iso-paraffins C; naphthenes Cg aromatics
n-octane Cy iso-paraffins Cg naphthenes Cy aromatics
n-nonane C, iso-paraffins Cy naphthenes

n-decane Cy, iso-paraffins

n-undecane

generated partially lumped composition, by assuming a fixed
internal composition of the lumped components.

The nonlinear nature of the ANN is realized in two ways.
First, besides input and output neurons a number of addi-
tional neurons, located in so-called hidden layers, are incor-
porated in the network, see Figure 2. Secondly, hidden neu-
rons as well as output neurons perform an operation on the
signal they receive. For example, a certain neuron receives
ng signals S; from n; preceding neurons. The total input sig-
nal Sj,,; of this neuron is equal to the weighted sum of the
received signals.

Sini = Z w;j X S; 3)
=

where w;; is the weight of the connection between the
considered neuron and each of its preceding neighbors. The
signal S;,; is used as input for the activation function that
characterizes the neuron. The result of this function, generally
a sigmoid function like the one in Eq. 45" is the output signal
Sout; of the neuron.

Souti = “

1 + e—(Sini—o)

where «; is the so-called activation value of the neuron. The
output of the neuron is passed onto the output neurons in case
of a hidden neuron, or is equal to a final output value in case of
an output neuron.

Determining the connectivity of the network, i.e., the acti-
vation values and the weights of the connections, is accom-
plished using specialized software (EasyNN Plus) that
employs the backpropagation algorithm, thus minimizing the
so-called training error (TE), defined by Eq. 5.

n N, 2
MIN TEx Y Y. (y;?;*’ - y§3°) )
=1 j=1
Since the output (y™°) of the network also depends on the
number of hidden neurons, the employed software is also
able to determine the optimal number of hidden neurons in
the hidden layer. According to the theory of Kolmogorov, an
ANN with one hidden layer including 2N,, + 1 hidden neu-
rons is able to model the relationship between any specified
set of input and output parameters.®*>’ Starting from this
number of hidden neurons, i.e., 19 for the ANN considered
in this work, the training software was set to determine the
optimal number, i.e., 14 for the discussed ANN.
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Equation 5 implies that training of an ANN requires an
extensive training set containing » training samples, for which
both the commercial indices as well as the associated values
of the mole fractions are known from experimental work. The
selection of adequate commercial indices, as well as appropri-
ate output variables, prior to the method development is
essential and strongly depends on the desired application of
the generated chemical compositions. It is important that the
number of training samples is large enough, to assure a suffi-
cient degree of generalization. Since the required number of
training samples increases dramatically with the number of
parameters included in the network,®! it was opted to restrict
the output to a partially lumped composition of 28 compo-
nents, as mentioned before. The training set used for the mo-
lecular reconstruction of naphtha fractions and some associ-
ated implications are discussed in greater detail further on.

Multiple Linear Regression

Multiple linear regression (MLR) can be used to model a
relationship between a dependent variable and a number of
independent variables. The latter are either control variables
or are variables that can easily be observed. The objective of
the regression model is to predict the dependent variable
from the independent variables. The correlation between
them is a linear combination of the model parameters, 5.

Multiple linear regression can be used for molecular
reconstruction, in which case the independent variables are a
number of commercial indices while the mole fractions of
the considered components in the mixture are the dependent
variables. The latter implies that for each of the considered
chemical components in the hydrocarbon mixture, a regres-
sion model has to be determined, as illustrated in Figure 3.

The ANN discussed earlier allowed to model the relation-
ship between the mole fractions and the commercial indices
using a nonlinear approach. To examine the possibility to
accurately reconstruct a molecular composition using a
strictly linear relationship, a regression model in the form of
Eq. 6 is considered in this work.

Vit =PBoj+ By xpr+ ..+ By Xpnp J=1,...,Ne (6)

with N,,, the number of commercial indices and N, the number
of chemical components considered in the model. This
regression model does not include any quadratic terms or
cross products, and is therefore linear in both model
parameters and variables.

Concerning the molecular reconstruction of naphtha, a
multiple linear regression model is developed starting from

December 2010 Vol. 56, No. 12 AIChE Journal



.+ ‘GNP.T'PNp)—9 yrrec
. BNPIQ‘,ON'D)—% yg'e“
. F BNP.Q'pr}_} y_?rec

+ BN;J,r’\.l'z:]D.'\JD_9 yNE'ec

Figure 3. Schematic representation of a MLR model for
molecular reconstruction, linear in both
model parameters (f) and variables (p).
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the same input and output parameters as those used for the
ANN, Table 1 and Table 2. The regression model therefore
includes 28 correlations in the form of Eq. 6, each of which
are determined by 10 (=N, + 1) regression coefficients f, ;,
see Figure 3. This implies that initially no detailed molecular
composition is determined by the MLR model, but rather a
partially lumped composition. The latter can be transformed
to a detailed molecular composition by assuming a fixed in-
ternal composition of the lumped componf:nts,6()’7 see supra.

The regression coefficients of each of the 28 correlations
are determined using the method of least squares, thus mini-
mizing 28 separate objective functions, i.e., the sums of the
squared errors (SSE) given in Eq. 7.%°

n

cXp rec 2 .
MIN SSEj:Z(y,-J —yu) i=1,...N. @D
i=1

The least squares method requires an extensive and rele-
vant training set containing n training samples, for which
both the commercial indices as well as the associated values
of the mole fractions are known from experimental work.
This makes the concept of multiple linear regression rather
similar to that of artificial neural networks, since both their
development is based on an extensive training set containing
experimental data.

Training Set

The training set, containing the required information for a
large amount of industrial naphthas, was established over a
period of almost 3 years. For all training samples nine com-
mercial indices, specified in Table 1 with their corresponding
ranges, are available. Besides these indices, the detailed mo-
lecular composition of each sample is also available. As dis-
cussed earlier, this molecular composition was reduced to a
composition of 28 chemical components, given in Table 2,
to facilitate the development of the ANN.

The requirement for a training set has several implications
for the ANN as well as for the MLR model. First of all, the
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ANN and MLR model can only be applied if all of the com-
mercial indices considered during the method development
are available. If, for given naphtha, more commercial indices
are available, they cannot be included in the reconstruction.
If less commercial indices are available, the neural network
or regression model cannot be used. This is an important dif-
ference compared with MSE, which can perform a recon-
struction based on varying numbers and types of commercial
indices.

Secondly, for heavier fractions such as kerosene or gas
oil, it is not straightforward to gather even a few complete
detailed compositions, implying that both ANN and MLR
are not easily extended to heavier fractions due to a lack of
training data.

Thirdly, the training set determines the application range
of the reconstruction methods. It is obvious that these meth-
ods will not be able to provide accurate results for naphthas
that differ substantially from the training samples. The parity
diagram shown in Figure 4, where the analytical composition
of an evaluation sample (naphtha A), i.e., a sample that is
not part of the training set, is compared to its reconstructed
composition, shows that MLR and ANN can be remarkably
successful in predicting an accurate molecular composition.
However, the parity diagrams for naphtha B and naphtha C,
shown in Figure 5a and b, confirm the expectation that the
application range of both reconstruction methods is limited.
The commercial indices used for the molecular reconstruc-
tion of naphtha B indicate that this naphtha contains notably
more olefins, i.e., 4.17 wt %, than the training naphthas,
which contain between 0 and 1 wt % of olefins, see Table 1.
This could explain why the reconstruction of this sample is
so poor. On the other hand, although all the commercial

14

120

10

Reconstructed weight fraction [wt%)]

(L

0 T T T T T T
0 2 4 6 8 10 12 14

Analytical weight fraction [wt%)]

Figure 4. Parity diagram for naphtha A [d = 0.710 kg/
m3, P = 34.4 wt %, | = 28.1 wt %, O = 0.01
wt %, N = 27.4 wt %, A = 10.1 wt %, ASTM
D86 IBP = 303.9 K, T, = 322.4 K, FBP =
419.7 K] (dM = 1.9, MADANN = 0.2, MADMLR =
0.4) (M ANN, A MLR).
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(b)

24.6 wt %, A = 6.13 wt %, ASTM D86 IBP = 306 K, Tsoo, = 341.6 K, FBP = 438.2 K] (dm = 14, MADAnN =
2.3, MADy, g = 3.1) and (b) naphtha C [d = 0.690 kg/m?, P = 37.7 wt %, | = 47.3 wt %, O = 0.2 wt %, N
= 12.06 wt %, A = 2.71 wt %, ASTM D86 IBP = 308.5 K, Tsqe, = 362.5 K, FBP = 433.6 K] (du = 3.1,

MADann = 1.6, MADy, g = 1.3) (H ANN, A MLR).

indices of naphtha C are within the ranges indicated in
Table 1, the reconstruction of this sample is not good either.
This example points out that to determine the application
range of the MLR and ANN methods, it is not sufficient to
compare the available commercial indices with the ranges
given in Table 1. Therefore, practical implementation of the
ANN and MLR model requires a method for assessing the
similarity between the considered naphtha and the training
set. In this work, feedstock similarity is assessed based on a
principal component representation of both the feedstock to
be reconstructed and the training samples. This unambiguous
approach allows to determine a priori, based on the available
commercial indices, whether the considered naphtha falls
within the application range of ANN and MLR.

Principal component analysis (PCA) is a multivariate sta-
tistical technique that allows to project the information car-
ried by the original variables, i.e., the commercial indices,
onto an equal or smaller number of uncorrelated variables,
while preserving the most important information.**%> PCA is
mathematically defined as an orthogonal linear coordinate
transformation such that the greatest variance by any projec-
tion of the data comes to lie on the first coordinate, i.e., the
first principal component, the second greatest variance on
the second coordinate, i.e., the second principal component,
and so on. This approach allows to identify patterns and sim-
ilarities in the data. Furthermore, PCA can be used for
dimensionality reduction by retaining only those principal
components that contribute most to the data set variance,
thus facilitating the search for patterns, which can be hard to
find in multidimensional data for which no graphical repre-
sentation is possible.

This methodology is applied to determine a principal com-
ponent representation of the naphtha samples in the training
set used to develop the ANN and MLR model. Each of these
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n samples is characterized by nine commercial indices; see
Table 1, which are brought together in n x 9 matrix P. To
eliminate undesirable scale effects induced by the different
units of these indices, the data in P is autoscaled,’*®° result-
ing in an n x 9 matrix P containing dimensionless variables.
Next, the covariance matrix C of data matrix P is deter-
mined, using Eq. 8.

1
C=

~ T~
lP P ®)

with

and
1 n
=130
i=1
1 n
Sf = *Z (pij— m/‘)z

3
Accordingly, the matrix C is a square symmetric 9 x 9
matrix. To reveal hidden structure in the original data, the
goal is double: to minimize correlation between the variables
and to differentiate between important and less important in-

formation carried by the data.
The off-diagonal elements of C, i.e., the covariances, are
a measure for the former. Therefore, to achieve the first
goal, the data in P should be transformed to a coordinate
system, which results in uncorrelated data, and, conse-
quently, a diagonal covariance matrix (L). To determine this
space, the eigenvalues, 4;, and corresponding eigenvectors,
vj, of the covariance matrix C are calculated. These
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Figure 6. Eigenvalues and corresponding percentage
of the total variance.

eigenvectors define the transformation between the original
coordinate system and the coordinate system of principal
components, while the eigenvalues are equal to the diagonal
elements of L (/;; = 4;), and thus correspond to the varian-
ces of the transformed data along each principal compo-
nent.**% The diagonal matrix L of eigenvalues and the ma-
trix V of eigenvectors, which contains the eigenvector corre-
sponding to the largest eigenvalue in the first column and so
on, comply with Eq. 9.

vicv =L )

Consequently, the nine dimensional principal component
representation of the data, in the form of an n X 9 matrix Z,
is determined using Eq. 10.

Z =PV (10)

However, by considering only the principal components
that correspond to the largest eigenvalues, i.e., restricting the
matrix V to a smaller number of columns, the dimension of
the transformed data is reduced, thus retaining only the most
important information carried by the original data and ignor-
ing so-called noise. According to the so-called Scree plot
shown in Figure 6, which also shows the relative variances of
the data along each principal component, the first three princi-
pal components account for nearly 80% of the total variance.
Retaining only these three principal components allows to
characterize every training naphtha using three variables
instead of nine commercial indices. This 3D principal compo-
nent representation (Z') is calculated by replacing V with V’,
i.e., a 9 x 3 matrix made up with the first 3 columns of V, in
Eq. 10. Retaining less than three principal components, results
in the loss of important information about the data and an
inadequate principal component representation.

The columns of V' contain, for each principal component,
the so-called loadings corresponding to each of the nine
(autoscaled) commercial indices. This information can be
displayed in so-called loading diagrams. The interpretation
of these diagrams is based on the direction in which the plot-
ted values lie, as seen from the origin. Two properties are
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strongly correlated when there is a small angle between the lines
connecting them with the origin.®* Figure 7 shows such a load-
ing diagram that allows to conclude that there is a strong corre-
lation between the 50 vol % boiling point and the density and
also between the initial and final boiling. The latter indicates
that the training set primarily contains naphthas with similar
boiling point range, i.e., the difference between FBP and IBP.
To determine whether a naphtha with unknown composi-
tion falls within the application range of the ANN and MLR
model, requires an assessment of the similarity between the
additional naphtha and the training naphthas, by comparing
their principal component representations. The Mahalanobis
distance (dyy), calculated using Eq. 11, is a measure for the
distance between a single naphtha and the group of training
naphthas that takes the variance of the data into account.®*

dZ=1"x (L) xz (11)

Where z is a column vector containing the three dimen-
sional principal component representation of the naphtha, and
L’ is the 3 x 3 diagonal covariance matrix of the 3D principal
component representation of the training set, and is therefore
made up with the first 3 rows and columns of L. If the Maha-
lanobis distance is small enough, the considered naphtha
belongs to the group of training data and an accurate molecu-
lar reconstruction should be possible. Because the squared
Mahalanobis distance follows the Hotelling T -distribution,
the critical value can be obtained using Eq. 12.

3(n—1
it = %Fsﬁﬁ;ow =25 (12)
with F3 ,,3.0.05, the F-statistic with (3,n-3) degrees of freedom
corresponding to a three-dimensional ellipsoid that encloses
90% of the data. It is therefore assumed that naphthas with a
principal component representation that falls within the

1,0

0,5 4

PC2

00 +——————

-0,5

-1,0 T
-1,0 -0,5 0,0 0,5 1,0
PC1

Figure 7. Loading diagram, loadings of PC1 vs. load-
ings of PC2.
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Figure 8. Three-dimensional principal component representation of naphtha A, C-H and ellipsoid corresponding to

dy = 2.5.

ellipsoid, i.e., naphthas for which this Mahalanobis distance is
equal or smaller than 2.5, can be reconstructed accurately
using the developed ANN or MLR model.

Figure 8 shows the principal component representation of
seven of the eight naphthas discussed in this work along
with the ellipsoid that corresponds to a Mahalanobis distance
of 2.5. Naphtha B does not show up on these diagrams
because the corresponding Mahalanobis distance simply is
too large. From this figure it is clear that this approach is
reliable, e.g., the Mahalanobis distance of the well recon-
structed naphtha A shown in Figure 4 is smaller than 2.5,
i.e., 1.9, whereas the Mahalanobis distance of naphtha B in
Figure 5a as well as naphtha C in Figure 5b is larger than
2.5, i.e., 14.0 and 3.1, respectively.

Comparison of the Reconstruction Methods
The performance of the three methods for molecular

reconstruction discussed earlier is compared in Table 3,
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which gives the average differences, i.e., the mean difference
(MD), the mean absolute difference (MAD) and the root
mean square difference (RMSD), between the reconstructed
and the analytical weight fractions, per hydrocarbon class
and per carbon number. All of the naphthas used to obtain
the data in Table 3 fall within the application range of the
ANN and MLR model.

It is obvious from both Table 3 and Figure 4 that the
ANN and the MLR model are remarkably successful in pre-
dicting an accurate composition. Nevertheless, Table 3
clearly shows that the performance of the neural network is
slightly better in most cases. The ANN seems to be better
suited to model the complex relationship between the input
and output parameters compared with the MLR model.

For naphthas within the application range of the ANN, the
MSE method generally performs less accurate according to
Table 3. However, Figure 9a shows that, in the case of naph-
tha D, the accuracy of MSE can be comparable to the accu-
racy of the ANN provided enough commercial indices are

December 2010 Vol. 56, No. 12 AIChE Journal



Table 3. Average Differences* Between Analytical and Reconstructed Weight Fractions, Per Hydrocarbon Class and Per
Carbon Number, for n Evaluation Naphthas

MSE ANN MLR
MD [wt%] MAD [wt%] RMSD [wt%] MD [wt%] MAD [wt%] RMSD [wt%] MD [wt%] MAD [wt%] RMSD [wt%]

n-Paraffins

Cy —1.43 1.75 2.21 0.27 0.50 0.68 0.03 0.52 0.68

Cs 1.68 2.28 2.72 0.02 0.97 1.35 —0.33 1.16 1.55

Cs 0.36 1.16 1.50 —0.15 0.71 1.03 0.04 1.10 1.43

Cy —0.93 1.15 1.38 —0.25 0.47 0.64 0.09 0.63 0.95

Cy —0.01 0.66 0.87 —0.08 0.29 0.37 0.00 0.50 0.64

Co —0.03 0.57 0.71 —0.11 0.26 0.35 —0.06 0.32 0.42

Cyo —-0.22 0.27 0.43 —0.03 0.11 0.15 —0.06 0.22 0.27

Cyy 0.02 0.05 0.08 0.01 0.03 0.04 —0.01 0.06 0.08
iso-Paraffins

Cs 2.04 2.40 3.04 0.08 0.82 1.08 —0.26 1.11 1.37

Cs 0.38 1.63 2.11 0.22 0.85 1.21 —0.18 1.40 1.82

C, —2.33 2.40 2.89 —0.52 0.84 1.11 0.02 1.02 1.41

Cyg —1.37 1.41 1.70 —0.29 0.44 0.57 —0.01 0.62 0.84

Co 0.44 0.63 0.80 —0.09 0.32 0.43 —0.07 0.47 0.62

Cio 0.48 0.52 0.71 —0.06 0.25 0.32 —0.13 0.44 0.55

Cyy 0.11 0.11 0.20 —0.01 0.04 0.06 -0.02 0.10 0.14

Olefins

Cs 0.00 0.01 0.03 —0.04 0.05 0.09 —0.04 0.04 0.07

Csg 0.02 0.02 0.04 —0.02 0.02 0.04 —0.03 0.03 0.05
Naphthenes

Cs —2.20 2.20 2.32 0.00 0.14 0.19 —0.04 0.20 0.26

Cs 1.47 1.48 1.76 0.26 0.53 0.75 —0.29 1.07 1.35

C; 2.16 2.18 2.38 —0.35 0.56 0.72 0.16 0.84 1.06

Cy —0.34 0.56 0.74 —0.01 0.31 0.44 0.06 0.60 0.75

Co —0.90 0.93 1.16 —0.10 0.34 0.43 —0.07 0.46 0.64
Aromatics

Cs —0.30 0.61 0.80 0.01 0.30 0.43 —0.17 0.54 0.76

C; 0.79 0.81 1.00 —0.12 0.26 0.34 —0.03 0.45 0.60

Cy —0.17 0.36 0.58 —0.11 0.26 0.35 —0.11 0.56 0.72

Co —0.12 0.58 0.69 —0.32 0.37 0.53 —0.22 0.38 0.49

* i i
MD = 137 (% —x{), MAD = 13" |t — x|, RMSD =
i=1

available, see Table 4. Especially the available distillation
data has a considerable effect on the accuracy of the MSE
method. These boiling points provide important information
about the carbon number distribution in each hydrocarbon
class (n-paraffins, iso-paraffins, olefins, naphthenes, or aro-
matics), thus reducing the uniform character of the distribu-
tion imposed by the objective function. A limited number of
available commercial indices results in a more uniform distri-
bution, which generally corresponds to an overestimation of
components with the lowest or highest carbon numbers, e.g.,
Cs and Cy naphthalenes, and an underestimation of the middle
ones, e.g., C¢ and C; naphthalenes. In contrast to Van Geem
et al.,*! no Gaussian distribution of the mole fractions as a
function of the carbon number is imposed, and only the infor-
mation contained within the available commercial indices is
adopted to reconstruct the mixture composition.

Figure 9b shows, for naphtha E, the effect of the consid-
ered number of boiling points on the accuracy of the molec-
ular reconstruction. It is obvious that the composition of
naphtha E is reconstructed well, when all available distilla-
tion data, i.e., 13 boiling points, is employed. In this case,
the MAD is equal to 0.6 wt %. Including less boiling points
in the molecular reconstruction results in considerable devia-
tions, especially when only three boiling points, i.e., IBP,
Tsoq and FBP, are used (MAD = 1.8 wt %). Using seven
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boﬂmg pOil’ltS (IBP, Tlo%, T30%, TSO%’ T70%, Tgo%, FBP)
results in a MAD of 0.8 wt %. The poor accuracy of the
reconstructed composition in these cases can also be attrib-
uted to the used distillation data conversion methods. As
mentioned earlier, to determine a molecular composition by
MSE, the available distillation data (e.g., ASTM D86) has to
be converted to a true boiling point curve. The accuracy of
these conversion methods increases when more boiling
points are available.*> However, it must be emphasized that
even when the reconstructed composition is not completely
identical to the analytically determined one, the employed
algorithm does succeed in finding an optimum for the con-
sidered objective function. This means that the generated
composition will correspond to the specified commercial
indices and to maximal Shannon entropy.

Finally, note that determining the application range is less
of an issue when using the MSE method, in which case it is
sufficient to create a suitable molecular library containing
the components commonly found in a wide range of samples
relevant for the desired application. Figure 10 shows that
while the ANN is not able to accurately reconstruct the com-
position of naphtha C, a sample with a Mahalanobis distance
larger than 2.5, the performance of the MSE method is not
remarkably worse (MAD = 0.9) compared to for example the
results obtained for naphtha E shown in Figure 9b (MAD = 0.7).

DOI 10.1002/aic 3183
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Figure 9.

Parity plots for (a) naphtha D reconstructed with ANN (M) [d = 0.699 kg/m®, P = 36.9 wt %, | = 32.9 wt

%, O = 0.0 wt %, N = 21.4 wt %, A = 8.71 wt %, ASTM D86 IBP = 309.8 K, T5q, = 364.1 K, FBP = 440.6
K] and with MSE (@) using all experimental commercial indices given in Table 4 and (dy = 0.91, MADanN
= 0.3, MADyse = 0.6) (b) naphtha E reconstructed with MSE using density, PIONA weight fractions and
all boiling points given in Table 4 (¢, MAD = 0.7) and using density, PIONA weight fractions, IBP, Tsq,

and FBP given in Table 4 (¢, MAD = 1.8).

Validation of the Fundamental Kinetic Modeling
Approach

The results in the previous paragraph show that the three
considered methods are able to accurately reconstruct a feed-
stock composition based on the available commercial indi-
ces, provided a preliminary PCA assessment is performed.
The effect of errors induced during reconstruction can be
properly evaluated by combining the feedstock reconstruc-
tion methods with a fundamental kinetic model. In what fol-

lows, the reconstruction methods are combined with a funda-
mental model for steam cracking, COILSIMI1D, that com-
bines a single event microkinetic reaction network,
CRACKSIM, with a set of one-dimensional reactor model
equations that account for axial gradients in the reactor
only.” This simplification is acceptable since, in this case, the
model will be used to simulate the pilot plant installation for
steam cracking of the Laboratory for Chemical Technol-

ogy®>®7, which has a small enough diameter to neglect radial

Table 4. Experimental Commercial Indices and Those Corresponding to the Reconstructed MSE Composition, for Naphtha D,

E,F, G and H
Naphtha D Naphtha E Naphtha F Naphtha G Naphtha H

exp. calc. exp. calc. exp. calc. exp. calc. exp. calc.
d [kg/m’] 0.699 0.697 0.691 0.693 0.687 0.687 0.679 0.678 0.714 0.711
P [wt%] 37.0 37.9 38.6 38.8 342 342 36.3 36.5 25.7 25.2
I [Wt%] 329 33.8 32.1 32.0 35.8 35.8 42.0 41.7 32.3 32.5
O [wt%] 0.00 0.00 0.00 0.00 0.10 0.10 0.20 0.20 0.95 0.96
N [wt%] 21.4 20.5 22.8 22.7 26.6 26.7 17.3 17.5 34.5 349
A [wt%] 8.71 7.87 6.61 6.56 3.23 3.25 4.17 4.19 6.50 6.44
IBP* K] 309.8 309.6 312.8 3123 303.9 307.6 302.9 304.7 308.7 310.8
5% [K] 320.5 318.6 321.3 321.4 315.1 317.1 312.0 311.9 323.7 322.0
10% [K] 332.4 328.6 330.8 3314 327.6 327.7 322.0 320.0 3339 334.4
20% [K] 339.5 337.2 337.9 338.9 332.6 333.4 325.8 324.1 346.9 346.5
30% K] 346.6 345.8 345.0 346.3 337.7 339.0 329.5 328.1 355.5 358.5
40% [K] 355.3 354.8 350.3 3523 341.2 342.1 3339 332.8 365.2 365.7
50% [K] 364.1 363.8 355.6 358.3 3447 345.2 338.3 3375 373.2 372.8
60% [K] 376.5 374.1 359.7 361.8 352.7 3522 348.5 347.6 381.3 380.7
70% [K] 388.9 384.3 363.7 365.4 360.7 359.2 358.6 357.7 389.4 388.5
80% [K] 399.6 397.4 373.9 376.3 378.1 376.7 381.9 381.1 399.0 400.8
90% [K] 410.3 410.5 384.2 387.1 395.5 394.2 405.1 404.6 411.7 413.1
95% [K] 426.2 426.5 401.0 404.0 411.6 410.5 423.6 422.8 420.5 4219
FBP [K] 440.6 441.0 416.0 419.2 426.0 4252 440.2 439.2 431.8 429.8

dm 0.91 2.28 1.27 2.45 3.60

*All boiling points were determined by ASTM D86 distillation.
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Figure 10. Parity diagram for naphtha C reconstructed
with MSE () [d = 0.690 kg/m®, P = 37.7 wt
%, | = 47.3 wt %, O = 0.2 wt %, N = 12.06
wt %, A 2.71 wt %, ASTM D86 IBP
308.5 K, Tso, = 319.8 K, Tqg0, = 332.2
Toos, = 339.4 K, Ts3q0 346.7 K, T409
354.6 K, T50% = 362.5 Tso% 366.8
T700, = 371.1 K, Tgoo, 384.9 K, Tgoo
398.6 K, Tose, = 417 K, FBP = 433.6 K] and
with ANN (H) using only the 9 required com-
mercial indices (dwm 3.1, MADpnn = 1.7,

naxnxu

K,

nonuniformities.®® As discussed by Van Geem et al.,” using
CRACKSIM, requires a detailed molecular feedstock compo-
sition, since the model is made up with elementary reactions.
The kinetic model considers over 478 components and distin-
guishes between different isomers in the naphtha range. Con-
cerning naphtha cracking, the MSE molecular library, con-
taining 118 components, is aligned with the required feed-
stock composition and compositions reconstructed with MSE
are therefore sufficiently detailed for CRACKSIM. From the
partially lumped composition generated with ANN or MLR
the required detail can be derived by assuming a fixed internal
composition of the lumped components, e.g., iso-paraffins.®®’

Pilot plant experiments with three naphthas are performed,
i.e. naphtha F, G, and H, for which the process conditions
were varied over a broad range. The flow rate of the hydro-
carbon feedstock was varied between 9.9 x 10~* kg/s and
1.1 x 1072 kg/s, while the coil outlet temperature was var-
ied from 819 K to 892 K. The dilution was varied from 0.40
kgsteam/kgnaphtha to 0.70 kgsteam/kgnaphtha’ The coil outlet
pressure was varied from 0.15 to 0.20 MPa.

The detailed molecular composition of the naphthas is
determined analytically using a gas chromatograph with a
PONA column (50 m x 0.25 mm, 0.5 gm film). Furthermore,
the feedstock composition is reconstructed using the available
commercial indices of the naphthas (Table 4). The Mahalano-
bis distances given in Table 4 show that naphtha F is located
inside the application range of the ANN, naphtha G is near
the edge, and naphtha H is outside the ellipsoidal subspace.

The parity diagram in Figure 11a shows the yields of two
important cracking products, i.e. ethene and propene,
obtained when cracking naphtha F. This diagram allows to
compare the experimental yields with the yields simulated

MADyse = 0.9) with a reconstructed feedstock composition, obtained with
either the MSE method or the ANN, for a naphtha within
35 35
[ ]
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Figure 11. Pilot plant yields of ethene and propene, simulated with ANN composition (H) and MSE composition
(®), vs. the experimental yields; for (a) naphtha F and (b) naphtha G [ranges of process conditions: F =
9.9 x 107%-1.1 x 1072 kg/s, COT = 819-892 K, = 0.40-0.70 kg/kg, COP = 0.15-0.20 MPa].
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Table 5. Simulated and Experimentally Determined Pilot
Plant Product Yields Obtained with naphtha H [Process
Conditions: CIT = 873 K, COT = 1143 K, CIP = 0.23

MPa, COP = 0.17 MPa, F = 1.2 x 103 kg/s, = 1.0 kg/

kg, 0 = 0.28 s]

Simulated yields [wt %] Experimental

ANN MSE Analytical  yields [wt %]
Hydrogen 0.71 0.72 0.74 0.97
Methane 15.15 14.58 14.32 14.09
Ethene 28.15  29.1 29.50 29.23
Ethane 391 3.69 3.57 3.44
Propene 16.83 17.59 17.71 17.63
1,3-Butadiene 3.93 437 4.69 4.71
1-Butene 2.11 2.32 223 2.13
2-Butene 0.94 0.81 0.99 1.31
Isobutene 4.32 351 3.40 3.67
Benzene 3.81 3.92 3.74 3.75
Toluene 1.48 1.39 1.16 1.26
Styrene 0.36 0.19 0.27 0.35
P/E [wt %/wt %] 0.60 0.60 0.60 0.60

the application range of the ANN. The results obtained with
the reconstructed composition using MSE are similar to
those obtained using ANN. For naphtha G, on the other
hand, the results obtained with the ANN start to deviate
slightly from the experimental yields, see Figure 11b. Naph-
tha G is on the border of the application range of the ANN,
indicating that the performance of the ANN will not be per-
fect. Table 5 shows that for naphtha H the combination of
reactor model and feedstock reconstruction using the ANN
fails completely. Only for the analytically determined feed
composition and the reconstructed feed composition using
the MSE method, a proper agreement with the experimental
data is obtained. The differences between the simulations
using the ANN and the experimental data are even more im-
portant for some minor products such as ethane, iso-butene
or 1,3-butadiene.

The results obtained for these three naphthas indicate that
the feedstock composition has a considerable effect on the
results of the simulation, showing that accurate analytical
techniques or reliable molecular reconstruction methods are
indispensible when using such fundamental simulation mod-
els. Finally, these results also illustrate the validity of the
fundamental simulation strategy shown in Figure 1: the com-
bination of an accurate reconstruction method with the fun-
damental simulation model allows to obtain accurate simula-
tion results over a wide range of process conditions and
feedstock compositions.

Conclusions

Three methods to reconstruct the detailed molecular com-
position of a hydrocarbon mixture, based on a number of
commercial indices are compared: a method based on the
Shannon entropy criterion, an artificial neural network and a
multiple linear regression model.

The last two methods are both able to reconstruct the
composition of naphtha fractions with great accuracy, pro-
vided the considered naphtha has similar characteristics com-
pared to the large number of training naphthas used to de-
velop these reconstruction methods.
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A principal component analysis of the training set allowed
to represent the training samples in a three-dimensional space
and to identify unambiguously the application range of both
methods. If the 3D principal component representation of a
naphtha results in a Mahalanobis distance lower than 2.5, the
naphtha falls within the application range. When this is not
the case, significant deviations between the reconstructed and
experimentally determined composition are observed.

In almost all cases, the overall performance of the ANN is
better than the performance of the MLR model considered in
this work. The strong nonlinear nature of the ANN seems
better suited to model the complex relationship between the
commercial indices and the considered chemical components
compared to the linear relationship imposed by the MLR
model considered in this work.

Within the application range defined by the training set,
the ANN method is more accurate then the MSE method.
However, outside this range the performance of the ANN
decreases drastically, while the performance of the MSE is
not influenced by the characteristics of the considered naph-
tha. The performance of the latter strongly depends on the
number of available commercial indices and, in particular on
the level of detail of the available distillation data. The main
advantage of using MSE, is its ability of generating a feed-
stock composition based on varying numbers and types of
commercial indices. Much information can be derived from
a detailed PIONA analysis, which contains information about
the distribution in hydrocarbon classes, and the density/distil-
lation data, providing information about the carbon number
distribution. However, the adoption of other types of feed-
stock properties, such as 'H- and '*C-NMR data, in the
MSE method can yield additional compositional information
and result in a even more detailed feedstock composition.

Finally, the three reconstruction methods were evaluated
by combining them with a fundamental simulation model for
steam cracking. Experimental product yields, obtained with a
steam cracking pilot plant, were compared with yields that
were simulated using a reconstructed feedstock composition.
The results showed that a feedstock composition recon-
structed with MSE as well as ANN, when applied inside its
application range, enables accurate process simulation.

Notation

A = total amount of aromatics [wt %]
ANN = artificial neural network
CIP = coil inlet pressure [MPa]
CIT = coil inlet temperature [K]
COP = coil outlet pressure [MPa]
COT = coil outlet temperature [K]
= density [kg/m?]
Mahalanobis distance |[-]
hydrocarbon mass flow rate [kg/s]
FBP = final boiling point [K]
= total amount of iso-paraffins [wt %]
IBP = initial boiling point [K]
MD = mean difference, [wt %]
MAD = mean absolute difference [wt %]
MLR = multiple linear regression
maximization of the Shannon entropy
number of samples in the training set for ANN and MLR
N = total amount of naphthenes [wt %]
N. = number of chemical components included in ANN and MLR
model
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N, = number of hidden neurons in the ANN
N,, = number of molecules in the molecular library of the MSE

method
N,, = number of commercial indices included in the ANN and MLR
model

O = total amount of olefins [wt %]
P = total amount of n-paraffins [wt %]
PC = principal component

PCA = principal component analysis
RMSD = root mean square difference [wt %]
Tsoq, = 50 vol % boiling point [K]

x¥P = analytical weight fraction [wt %]

X = reconstructed weight fraction [wt %]

y**P = analytical mole fraction [mol %]

¢ = reconstructed mole fraction [mol %]
o = dilution [kg/kg]

0 = residence time [s]
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