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One of the effective thermochemical properties in the determination of heat Received 23 July 2020
process efficiency is the combustion enthalpy changes during complete Revised 25 March 2021
combustion of the compounds. According to the importance of this property Accepted 26 March 2021
in different processes, the main aim of this work is selected as the develop- KEYWORDS

ment of extreme learning machine (ELM) approach to predict the combus- ELM; predicting model;
tion enthalpy in terms of functional groups. To achieve this goal, enthalpy; combustion;
a comprehensive data set containing 4,590 experimental enthalpy points is heating value

used for the preparation and validation of ELM. To investigate the accuracy of

the ELM approach in the estimation of the enthalpy, various visual and

statistical comparisons are used. These comparisons lead into R* value of

one and low error values for overall phase. The standard deviation, root

mean squared error, and mean relative error for overall phase are determined

to be 11.18, 14.92, and 0.28, respectively. The relative deviations between

the estimated and actual enthalpy points are below 8%. According to the

statistical and graphical results, ELM algorithm has great potential in the

prediction of enthalpy of combustion for pure chemical materials.

Introduction

The combustion enthalpy (A.H") for chemical material is expressed for the amount of changes in
enthalpy when the material undergoes oxidation to combustion products in standard conditiorg the
pressure of 1 atm and temperature of 298.15 K. The combustion products include N,(g), CO.(g), Cl;
(g), Fa(g), SO(g), H,0(g), Bra(g), H;PO,4(s), I(g), and SiO,(crystobalite) (International 2009).

The knowledge about the heat of reactions, and this parameter is highly important when research-
ers and engineers are dealing with the calculation of thermal efficiency of the process to produce heat
and power. The enthalpy of combustion gives knowledge for the value of available heat energy from
the combustion of a fuel to perform efficient work. Thus, the importance of accurate and reliable heat
of combustion values becomes highlighted when designing plant because of time consumption and
hardships in the measurement of this value for many materials including toxic, explosive, volatile, and
highly reactive materials. Due to these facts, the interest to develop a high ability approach for
prediction of this property in terms of the material chemical structure has been increased
(Suleymani and Bemani 2018).

In the literature, there are several approaches for forecasting enthalpy of combustion. Cardozo
suggested a group contribution approach based on equivalent normal alkane chain length. This
approach was constructed by 1,168 different pure organic compounds; however, the details of the
accuracy of this method were not mentioned by Cardozo (Cardozo 1986). After that, Seaton et al
proposed an approach derived from Benson’s approaches that had been used for prediction of
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formation enthalpy of pure materials. Unfortunately, they did not discuss the degree of precision for
their model. Moreover, they did not report any details about databank, which they utilized to present
their method (Seaton and Harrison 1990). Then, two empirical models were developed by Hshieh to
estimate combustion enthalpy of polymers and organosilicon compounds. These models have limita-
tion in their applicability to a definite number of chemical group compounds(Hshieh, Hirsch, and
Beeson 2003). Besides these approaches, Gharagheizi suggested a quantitative structure-property
relation to predict enthalpy of combustion. Gharagheizi used 1,714 pure compounds for the devel-
opment of the model with R* of 0.996 (Gharagheizi 2008). In another research, Pan developed two
methods based on artificial neural network and quantitative structure-property relation. The first one
utilizes atom-type electro topological state index to predict the enthalpy. This method concluded to R*
of 0.991. The other method had R* of 0.995 for 1,650 pure compounds (Pan et al. 2011). Then, an
artificial neural network that used group contributions for the estimation of the enthalpy of combus-
tion with an absolute deviation of 0.16% is presented by Gharagheizi (Gharagheizi, Mirkhani, and
Tofangchi Mahyari 2011). The experimental investigations require lots of cost (Li et al. 2019) and time
(Shi et al. 2018); therefore, the computational approaches are preferred in different issues (Xu et al.
2020). The artificial intelligence methods are known as the most reliable methods (Chen et al. 2020).

The artificial intelligence methods have extensive applications in other issues such as determination
of higher heating values based on proximate (Keybondorian et al. 2017) and ultimate systems
(Darvishan, BakhDarvishan et al. 2018), asphaltene adsorption (Mazloom et al. 2020), hydrocarbon
and carbon dioxide interfacial tension (Suleymani and Bemani 2018), and sulfur deposition (Bemani,
Baghban, and Mohammadi 2020). Due to extensive applications of machine learning methods in
chemical engineering (Ershadnia et al. 2020), in the present work, a novel very accurate machine
learning method is proposed for the estimation of combustion enthalpy of pure chemical compounds
based on group contributions. The extreme learning machine (ELM) algorithm has low running time
in comparison with other methods. Additionally, user who has some knowledge of artificial intelli-
gence methods can use this algorithm. The simplicity and low cost of ELM highlight the importance of
this method in different issues.

Methodology

The process of the present work can be described as follows: first, a comprehensive experimental
databank has been collected, then it is divided into two main groups known as testing and training
data sets. After that, the parameters of the ELM model are obtained by using the training data set and
next the accuracy of the model is evaluated based on graphical and statistical approaches.
Additionally, the outlier detection has been done on the experimental data set to ensure the utilized
data set.

gperimen tal data set collection

The reliability and accuracy of models for prediction of properties, especially those dealing with
a considerable amount of measured data, are highly functional of the comprehensiveness and quality

the applied databank for its training. The mentioned characteristics of such a method are bothgzlarge
number of pure compounds exist in databank and diversity in the studied chemical groups. In this
paper, the databank prepared by Yaws is used, which is known as one of the popular sources of physical
properties data, especially enthalpy of combustion for pure compounds. Thus, the enthalpy values for
4,590 materials have been gathered in this source and used for training of ELM algorithm (Yaws and
Gabbula 2003). They are divided into 3,443 and 1,147 points for training and testing phases randomly.
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Extreme learning machine

The complex relationship of multiple variables with aggpecial target (Zhang et al. 2020) such as
prediction of a chemical engineering process is really difficult to be determined for an extensive
combination of data by applying common approaches (Abdi-Khanghah et al. 2018). To handle this
type of issues, many alternative methods have been proposed (Keybondorian, Soltani Soulgani, and
Bemani 2018); artificial intelligence modeling is presented as a prediction tool that can be applied to
identify and express complicated relationships between input variables and consequent outputs (Zarei
and Baghban 2017). 5

Huang et al. proposed ELM for the first time as a fast machine learning strategy with impressive
generalization performance that fundamentally utilized single-hidden layer feedforward neural net-
works (SLFNNs) with random generation of hidden nodes (Huang, Zhu, and Siew 2006). All the
utilized parameters that are tuned in the common feedforward neural networks cause a dependency
between different girameters layers. The significant point of ELM approach is that there is no need for
the hidden layer to be tuned so training speed is more than FENNs; furthermore, it has better
generalization performance (Huang, Zhu, and Siew 2004)

The smallest no f output weights, the smallest training error, and best generalization perfor-
mance are known ar:g:, main objectives of the ELM @porithm. This strategy has wide application in
dynamic action recognition, terms series estimation, mobile object index (Wang et al. 2), multi-
media recognition (Lan et al. 2013), and bioinformatics (Wang, Zhao, and Wang 2008). The ELM is
known as an an efficient strategy with several advantages such as limited human intervention,
simplicity of development, and fast training speed so it can be used as a pleasant alternative that
acts as a learning base for large-scale feature mapping and computations (Bengio 2009). Figure 1
illustrates the architecture of the ELM algorithm, which has a layered structure. The training (x;) and
target (y;) values are assumed in space of {(x;,y;).i = 1,.. . N} in R” x R" so that m and n are dimensions
of inputs and outputs, respectively. The ELM algorithm for L nodes can be written as follows (Torabi
et al. 2010)

\ / Random w Hidden
J Input x layer

Figure 1. Schematic diagram of ELM algorithm.
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L
filx) =S Bhi(x) = h(x)p = 7 )
i=1

where weight vector and nonlinear feature mapping are shown b}'?: [Bis ... Pl and h(x) = [hy(x),. ..
hyi(x)], respectively. In this algorithm, different types of function including cosine, multi quadric, and
hyperbolic tangent can be used. h(x) in real situations can be written as Rao and Mitra 2010):

hi(x) = G(a;, b, x) (2)

Here, b; isinR, a; isinR"r, and nonlinear differential function is shown by G as a function of @ and b,
which are hidden node parameters. The random feature mapping and solving linear parameter are two
main steps of the ELM algorithm. First, it inplements inputs weight and hidden biases for estimation
of the hidden layer matrix. After that, p is used to connect the hidden layer weights to outputs. These
values are calculated based on minimizing squared error (Rao and Mitra 2010):

min

ﬁekf-*'wH}' — ull, (3)

where u is the matrix output for the hidden layer:

up(x) o0 up(x)

ur(xy) o up(xn)

y is a training target matrix, which is defined as follows:

Yoo oo Vim
y=1io )
}’I e }'Nr.u
To solve Eq. (3), the below formulation is expressed:
B = [:u-‘ru}_lury (6)

Here, u' denotes the transposed u.

Results and discussion

To develop LM algorithm for prediction of the combustion enthalpy, the algorithm parameters
should be set. To this end, the sigmoid function has been used as an activation function. Moreover, the
cross-validation method is used to determine the number of the hidden layer neurons, which is 50 for
the heat of combustion estimation model. Table 1 gives information about the estimation results of
this algorithm based on the following parameters: mean relative error (MRE), root mean square
error (RMSE), standard deviation (STD), mean squared error (MSE), and R% As shown, R* = 1,
STD = 11.18, RMSE = 14,92, MSE = 222,62, and MRE = 0.28 are estimated for the overall phase.
Furthermore, the predicted and experimental values of the combustion enthalpy are presented in
Figure 2 simultaneously. The high degree of agreement is achieved between predicted and experi-
mental enthalpy points. Additionally, the real enthalpy value is illustrated versus ELM enthalpy in

Table 1. Statistic parameters for ELM algorithm in prediction of enthalpy.

g MRE (%) MSE RMSE STD
Train 1.000 0.28 22495 15.00 11.23
Test 1.000 0.28 21564 14.68 11.04

Total 1.000 0.28 22262 14.92 11.18
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Figure 2. Simultaneous comparison of actual and predicted combustion enthalpy values.

Figure 3. Two fitting lines are implemented on training and testing data set @ that the obtained lines
have similar formulations to y = x approximately. These lines show that the algorithm has great
accuracy in the prediction of the enthalpy. As shown in Figure 4, the relative deviations between the
calculated and real combustion enthalpy values vary in the range of —4 and 8. These values have high
compaction alongside x-axis, which expresses the quality of accuracy.

One of the important parts of the development of a model is the detection of inaccurate or
suspected data points (Torabi et al. 2012). The actual data have straight effect on the performance
of models (Cao et al. 2020). To this end, the leverage method should be employed (Pirdashti, Taheri
and Dragoi et al. 2020). There are some necessary parts such as Hat matrix in this method (Razavi et al.
2019b):

H=Xx(x"X) 'x" )

in which H represents Hat matrix and X points to the g x p matrix. p and q are the model parameters
number and number of samples, respectively (Razavi et al. 2019a). The major step of this method is the
illustration of William's plot. In this depiction, the reliable portion of data set is located between
standard residual indexes (-3 and 3) and a leverage limit, which is calculated as :

H'=3(p+1)/q (8)

The leverage limit shows the upper limit for reliable data. If the Hat value of a sample is more than
leverage limit, the sample point is suspected data. William’s plot for the combustion enthalpy data set
is shown in Figure 5. Due to this plot, most numbers of the enthalpy data points in this data set are
accurate and reliable.
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Figure 3. Cross plot of real and forcasted enthalpy.
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Figure 4. Relative deviation of predicted and actual enthalpy values.
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Figure 5. William's plot for enthalpy databank.

Conclusion

The main aim of this paper is the suggestion of a group contribution approach based on ELM

orithm for the calculation of the standard combustion enthalpy for pure chemical materials by
using a data set of 4,590 pure compounds. The accuracy of the collected data set has been judged to
detect the suspected data for improving ELM prediction. The needed inputs of this approach are the
number of available molecular groups among 142 groups in the investigated structure. In this study,
the leverage metjgd is used to detect correct data for preparation of the algorithm. TheSTD, RMSE,
and MRE for the overall phase are determined to be 11.18, 14.92, and 0.28 for the proposed model. The
comparis@ of experimental data and forecasted enthalpy points has concluded to the fact that our
proposed algorithm has great potential in the prediction of combustion enthalpy. The most significant
outcomes of this study are the development of a powerful tool to determine combustion enthalpy.
Additionally, a mathematical analysis of the accuracy of data set in this topic is introduced. Due to the
accuracy of the model and the investigated analysis, the present study can be an interesting study for
engineers dealing with combustion process.
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