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Abstract: This work presents a new formula to calculate the surface tension of alcohols. As a first step, an analysis of 
the available data of the surface tension for alcohols was made. A total of 1643 data were collected for n-alcohols, 
aromatic alcohols, cycloaliphatic alcohols, 2-alkanols, and methyl alkanols. The data were then analyzed through a 
factor analysis approach. The factor analysis, combined with physical considerations, allowed to regress the 
experimental data with a scaled equation that is very simple to employ. The same physical parameters considered in 
the scaled equation were also adopted as input parameters in a multi-layer perceptron neural network, to predict the 
surface tension of alcohols. The proposed multilayer perceptron has one hidden layer with 30 neurons, determined 
according to the constructive approach. The proposed model was trained, validated, and tested for the set of 
collected data, showing that the accuracy of the neural network model is very high. 
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1. Introduction 

Surface tension is an important fluid property for the 
industrial applications study. In particular, it plays a 
fundamental role in the study of phase transitions and 
technical processes such as boiling and condensation, 
absorption and distillation, microscale channel flow 
processes and detergents. Liquid–vapor interfaces are also 
important for the naturally occurring phenomena, such as 
the performance of biological membranes. 

In this paper, the raw surface tension data (experimental, 
smoothed, and predicted) available from DIPPR database 
(DIPPR-801 2006) were analyzed for 94 alcohols. During 
the data collection, a fluid by fluid analysis was performed 
and data showing deviations higher than three times the 
standard deviation were rejected. All the fluids containing 
the alcohol functional group were considered and divided 
into the following subfamilies: n-alcohols, aromatic 
alcohols (phenols), cycloaliphatic alcohols and other 
aliphatic alcohols (2-alkanols and methyl alkanols). 

 

2. Statistical analysis 

As a first step, the distribution of the entire dataset was 
statistically analyzed. In Figure 1, the box-plot for the 
outliers identification is reported. Each datum lying 
outside the defined bounds can be considered as outlier. 
From Figure 1, it is evident that 47 outliers for n-alcohols 
(almost all outside the lower fence), 32 for other aliphatic 
(both outside the higher and lower fence), 2 for 
cycloaliphatic (outside the higher fence) and 11 for 
aromatic alcohols (outside the higher fence) were 
detected. A descriptive statistics referring to distribution 
properties such as location, dispersion, and shape of the 
data is also reported in Table 1. 

 
Figure 1: Histogram of analyzed data on the surface 

tension of alcohols. 

From the statistical analysis, we found that three 
cycloaliphatics (namely sitosterol, stigmasterol and beta-
cholesterol) and four aromatics (namely 2-phenyl-2-
propanol, dinonylphenol, P-isopropenylphenol and P-tert-
amylphenol) are not following the common trend. In 
particular the three cycloaliphatics were found to have a 
critical temperature value much higher than the other 
fluids. The same thing was noticed for dinonylphenol, 
while the other aromatic alcohols (2-phenyl-2-propanol, 
P-isopropenylphenol and P-tert-amylphenol) were found 
to have higher surface tension values than the other fluids. 

 

3. Factor analysis 

Among numerous physical parameters, the fluid 
parameters most likely to influence surface tension were 
identified using factor analysis. This involves analyzing 
relationships among items in an expression or large 
numbers of variables in order to obtain a reduced number 
of variables or factors. 
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Table 1: A descriptive statistics of the collected data for 
alcohols. 

 Aromatics Cycloaliphatic n-
Alcohols 

Other 
Aliphatic 

Points 
Number 575 166 487 415 

Mean 25.90 22.18 21.09 20.38 

Variance 148.78 122.05 42.29 38.24 

Standard 
Deviation 12.20 11.05 6.50 6.18 

Skewness 0.77 0.46 -1.14 -0.62 

Kurtosis 5.37 3.20 4.06 3.87 

Median 25.99 22.64 22.60 21.32 

10° Quantile 9.85 7.78 10.43 11.27 

90° Quantile 38.94 34.23 27.80 26.45 

 

In this work, the factor analysis was carried out with the 
software modeFRONTIER. In particular, the following 
physical parameters were taken into account: experimental 
temperature, reduced temperature, triple point pressure, 
liquid molar volume, solubility parameter, reduced boiling 
point, critical pressure, radius of gyration, critical 
compressibility factor, boiling temperature, Van der Waals 
volume, acentric factor, critical density, molecular mass, 
dipole moment, critical temperature, melting point 
temperature, and triple point temperature. All physical 
parameters were collected from the DIPPR database 
(DIPPR-801 2006). For our calculations, only values 
accepted by the database were considered. Figure 2 
depicts the results of the factor analysis on the entire 
database. 

 
Figure 2: Factor analysis of the entire database carried out 

with modeFRONTIER. 

 

4. Development of the equation 

Starting from the consideration that experimental data can 
generally be well described by adopting a linear 
dependence on a function of (1-Tr), in Figure 3 a scatter 
plot of surface tension data of alcohols divided by family 
versus (1-Tr) is presented; it shows a rather positive 
correlation for all fluids that underlines the importance of 
the reduced temperature in calculating the surface tension. 

 
Figure 2: Data on the surface tension for alcohols vs. 

reduced temperature. 

 

Besides the experimental temperature and the critical 
temperature, we searched for some specific additional 
fluid property that could be involved in the model to 
improve the representation of data for all the alcohols, 
which represent various chemical structures. According to 
the results of the factor analysis and the equations 
available in literature (Di Nicola and Pierantozzi 2014, 
Fanchi 1985, Fanchi 1990), the critical density and the 
radius of gyration were selected as parameters. 

Figure 3: Surface tension at the boiling point vs. critical 
temperature. The marked symbols are the fluids not 

considered during the data regression. 

 

Figures 4-6 show the relationship between the selected 
physical properties and the surface tension at boiling 
point. From Figures 4-6, a general trend is clearly evident 
for surface tension at the boiling point when plotted 
against the selected parameters. In particular, surface 
tension at boiling point was found to be decreasing with 
critical temperature and radius of gyration and increasing 
with critical density: a common trend was evident for all 
the alcohols, excluding the already pointed out seven 
fluids: sitosterol, stigmasterol, beta-cholesterol, 2-phenyl-
2-propanol, dinonylphenol, P-isopropenylphenol and P-
tert-amylphenol. These fluids were marked in Figures 4-6. 
Since these seven fluids presented a very limited number 
of data (a total of 84 points), we decided to not consider 
these data in the further regression. Aromatic alcohols are 
showing slightly different behavior when surface tension 
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at boiling point is plotted versus critical temperature, 
radius of gyration and critical density (Figures 4-6). 

 

Figure 5: Surface tension at the boiling point vs. radius of 
gyration. 

 

 

Figure 6: Surface tension at the boiling point vs. critical 
density.  

 

Taking into account all the above considerations, the 
following equation for alcohols is finally proposed: 

σ
σ 0

= A ⋅ 1−Tr( )B ⋅ 1+ΦC( )
D

   (1) 

where σ is the surface tension, σ0 is a scaled factor equal to 
(k·Tc)/Gr

2, Tr is the reduced temperature, k is Boltzmann’s 
constant, Φ is an adimensional term equal to 
Na·ρc·Gr

3·1012, Gr is the radius of gyration (m), Na is 
Avogadro’s number (mol-1), ρc is the critical density 
(mol·m-3), and 1012 is a scaling factor. To optimize the 
coefficients, the Levenberg-Marquardt curve-fitting 
method was adopted (Marquardt 1963). This method is 
actually a combination of two minimization methods: the 
gradient descent method and the Gauss-Newton method. 
The following coefficients were found after regression: A 
= 0.03464, B = 1.15387, C = 0.12660, and D = 18.5227.  

In order to deeper analyze the cross-correlations between 
the selected parameters, in Figures 7-9 the radius of 
gyration versus critical temperature, the critical density 
versus critical temperature, and the critical density versus 
radius of gyration are plotted, respectively. Again, 

aromatic alcohols are showing slightly different behavior 
in Figures 7 and 8.  

 
Figure 7: Cross-correlation between radius of gyration and 

critical temperature. 

 

 

Figure 8: Cross-correlation between critical density and 
critical temperature. 

 

 

Figure 9: Cross-correlation between critical density and 
radius of gyration. 

 

Figure 9 shows a noticeable cross-correlation between 
radius of gyration and critical density for all the families 
including aromatics, suggesting that one of the parameters 
could be substituted by a correlation, giving the possibility 
to remove a physical parameter from Equation (1). The 
following correlation between critical density and radius of 
gyration was considered: 
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0.63-Gr 106.36-Gr103.02 9218

e0.0396 ⋅⋅⋅⋅⋅=cρ    (2) 

Substituting Equation (2) in Equation (1), again adopting 
the Levenberg-Marquardt curve-fitting method 
(Marquardt 1963), the following new values for the 
coefficients were found: A= 0.11421, B= 1.15017, C= -
3.65621, D=0.27531.  

In order to compare the equations, deviations were 
calculated as follows: 
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The corresponding AAD values were reported in Table 2. 
Deviations are generally rather similar for n-alcohols, 
cycloaliphatic and other aliphatics, while aromatic alcohol 
prediction is clearly improving with the correlation found 
in Equation (2). Comparing Equation (1) and Equation (1) 
with equation (2), it has to be considered that this last 
correlation has one physical parameter less, but four 
additional coefficients. In both cases, to keep the 
proposed equations as much as possible general and 
simple, we decided not to regress the coefficients for each 
sub-family, separately. 

 

Table 2: Summary of deviations for equations. 

Family N. of points 
AAD% 
Eq. (1) 

AAD% Eq. 
(1)+Eq. (2) 

AAD% 
ANN 

Cycloaliphatic  129 9.4 7.6 3.1 

Other 
Aliphatic  415 5.4 6.6 1.1 

n-Alcohol 487 5.2 5.0 1.6 

Aromatic  528 15.1 9.9 2.4 

Mean - 8.9 7.3 1.9 

 

 
Figure 10: Deviations of Equation (1) as function of 

reduced temperature. 

 

Residuals produced by Equation (1) are reported in Figure 
10. The prediction of surface tension of alcohols is good, 
especially at high reduced temperatures. Behavior of n-
alcohols, cycloaliphatic, and other aliphatic is generally 
well described by the equation (within ±3 mN·m-1), while 
aromatic alcohols are, as expected, poorly predicted at low 

reduced temperatures (up to ±10 mN·m-1). However, 
prediction of aromatic alcohols drastically improves with 
the increasing of the reduced temperature. 

 

5. Artificial neural network 

For the modeling of surface tension of alcohols, the 
Wolfram Mathematica artificial neural network (ANN) 
toolbox was employed. A neural network is a structure 
involving weighted interconnections among neurons 
which are most often nonlinear scalar transformations, 
but they can also be linear. A neuron is structured to 
process multiple inputs, including the unity bias, in a 
nonlinear way, producing a single output. Specifically, all 
inputs to a neuron are first augmented by multiplicative 
weights. These weighted inputs are summed and then 
transformed via a nonlinear activation function, s. 

The goal of training is to find values of the parameters so 
that, for any input x, the network output is a good 
approximation of the desired output y. Training is carried 
out via suitable algorithms that tune the parameters so 
that input training data map well to corresponding desired 
outputs. These algorithms are iterative in nature, starting 
at some initial value for the parameter vector θ, and 
incrementally updating it to improve the performance of 
the network.  

There are a lot of models that can be used by ANN such 
as: linear models, perceptrons, feedforward neural 
networks, radial basis function networks, etc. The type of 
ANN used to solve the approximation problem 
concerning surface tension is the feedforward neural 
network, known by many different names, including 
Multi-Layer Perceptron (MLP). 

The network is generally divided into layers. The input 
layer consists of just the inputs to the network. Then 
follows a hidden layer, which consists of any number of 
neurons, or hidden units, placed in parallel. The network 
output is formed by another weighted summation of the 
outputs of the neurons in the hidden layer. This 
summation on the output is called the output layer.  

The required number of training data points and hidden 
layer neurons are the main goals of the ANN modeling. 
They can be determined by the constructive approach 
(Haykin 1999). An important theorem guarantees that a 
network with only one hidden layer is able to approximate 
almost any type of nonlinear mapping (Cybenko 1989). 

Each neuron performs a weighted summation of the 
inputs, which then passes the nonlinear activation 
function s, also called the neuron function. 
Mathematically, the functionality of a hidden neuron is 
described by: 
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where the weights wj, bj are symbolized with the arrows 
feeding into the neuron. 
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The number of output neurons equals the number of 
outputs of the approximation problem. The output of this 
network is given by: 
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where n is the number of input signals to the jth neuron, 
and nh is the number of neurons in the hidden layer. The 
variables are the parameters of the network model that are 
represented collectively by the parameter vector θ. In 
general, the neural network model will be represented by 
the compact notation g(θ,x). The size of the input and 
output layers are defined by the number of inputs and 
outputs of the network and, therefore, only the number of 
hidden neurons has to be specified when the network is 
defined. 

In training the network, its parameters are adjusted 
incrementally until the training data satisfies the desired 
mapping as well as possible; that is, until the output of the 
network matches the desired output y as closely as 
possible up to a maximum number of iterations. 

The activation function can be: the hyperbolic tangent 
function, the sigmoid function, the inverse tangent 
function, or the saturated linear function. For this 
feedforward network, the sigmoid function as activation 
function is employed as follows: 

xe
)x(s

−+
=
1
1

                   (6) 

Moreover, keeping fixed the number of hidden layers, it is 
possible to modulate the network by changing the number 
of hidden neurons in each layer. In this way, we test each 
time the network with a different number of neurons 
trying to limit the error produced by the model. Too few 
neurons in the hidden layer prevents the network to better 
fit the experimental values and approximate points 
maintaining a low deviation. On the other hand, too many 
neurons lead to a network that has a very good response 
when it is tested with the training points, but the structure 
of this network is too rigid and too adapting to those 
values of database provided. This last condition is 
generally referred as to overfitting. 

Often it is more convenient to use the RMSE when 
evaluating the quality of a model during and after training, 
because it can be compared with the output signal directly. 
Different neural networks were compared adopting the 
Levenberg-Marquard algorithm (Marquard 1963) using 
their Root Mean Square Errors (RMSE), defined as 
follows: 
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ii x,gy

N
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21

                (7) 

where N is the number of data points. 

The risk when the network is trained with new data 
consists in unacceptably large errors committed. These 
problems that occur during the neural network training 
are called overfitting. To avoid and overcome the 
overfitting problem, it is possible to divide the data points 
into the training, validation, and test dataset.  

Therefore, before the trained network is accepted, it 
should be validated. Roughly, this means running a 
number of tests to determine whether the network model 
meets certain requirements. In this case, it was decided to 
split the database into three parts: one that comprises 70% 
of the data with which it is made the operation of the 
“training”, a second which employs a 20% of the data 
with which is performed the “validation” test, and a third 
which employs a 10% of the data with which is performed 
the ‘‘test” in order to investigate the prediction capability 
and validity of the obtained model. In all cases, data were 
randomly chosen within the database. 

Figure 11 illustrates a diagram of a one-hidden-layer 
feedforward network adopting the following inputs: the 
experimental temperature, T, the critical temperature, Tc, 
the critical density, rc, and the radius of gyration, Gr. The 
output is the surface tension, σ. Each arrow in the figure 
symbolizes a parameter in the network. 

 
Figure 11: Schematic diagram of the ANN model. 

 

Figure 12 depicts the AAD for the training, the validation, 
the test, and the overall set of data obtained for various 
neural network configurations with one hidden layer, 
obtained after 1000 iterations during the surface tension 
of alcohols modeling. From the figure it is evident that 
AAD is decreasing, as expected, with the increasing of the 
number of neurons and that a good configuration is 
reached when the number of neurons in the hidden layer 
is 30. This configuration is selected as the best network 
architecture. AADs for the proposed ANN are reported 
in Table 2. 
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Figure 12: Absolute average percent deviation between 

collected data and ANN results vs. number of neurons in 
the hidden layer. 

 

Because of the discussed cross-correlation between 
reduced density and radius of gyration, a configuration 
with a one-hidden-layer feedforward network without 
critical density as input parameter was also tried, but 
results in terms of AAD were much poorer (AAD=4.3%). 
Thus, this configuration was neglected.  

Finally, Figure 13 shows the correlation between the 
predictions of the validated, trained, and tested MLP and 
the corresponding experimental surface tension data. 
From the figure it is evident a linear fit witnessing a good 
correlation among predictions and data. It is worth 
noticing that the training dataset, even linear, shows a 
slightly different trend with respect to the tested and the 
validated dataset. 

 
Figure 13: Correlation between the calculated and the 

corresponding experimental surface tension data. 

 

6. Conclusions 

In this paper, a new scaled equation and a multilayer 
perceptron neural network are proposed to predict the 
surface tension of alcohols. The equation is very simple, 
containing only reduced temperature, critical density, and 
radius of gyration. The choice of these parameters was 
determined through a factor analysis approach. The 
proposed multilayer perceptron adopts as input 
parameters the same parameters proposed for the scaled 
equation and has one hidden layer with 30 neurons, 
determined according to the constructive approach. The 
model was validated, trained, and tested for a wide set of 
data, showing that the accuracy of the neural network 
model is very high. 
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