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Abstract: Carbon anodes used during the electrolytic aluminum production are made of aggregate material 

(petroleum coke, butts, and recycled green and baked anodes) and coal tar pitch. A clear understanding of 

chemical and physical interactions taking place during mixing would facilitate the selection of raw materials and 

optimization of mixing parameters that improve anode properties. It is well-known that good interaction 

between coke and pitch is essential for the creation of a satisfactory bond between them, and contact angle is a 

measure of this interaction. To optimize and predict the contact angle for a given coke/pitch pair artificial neural 

network (ANN) model is employed to predict the contact angles at 80 s and 1500 s of contact time. A 

quantitative relationship between raw material chemical properties and contact angle is established. It was found 

that oxygen containing functional groups are the most important factor impacting the wettability of coke by 

pitch. The obtained results demonstrated that the developed models are highly effective in estimating the contact 

angle of coke/pitch pair. The analysis provided an insight into the effect of different parameters on contact 

angle. In turn, this might help improve the quality of bonding between coke-pitch, consequently, anode 

properties.  
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I. INTRODUCTION 

 One of the major steps of the primary aluminum fabrication process is carbon anode production. 

Carbon anodes are made by baking a compacted mixture of calcined coke, recycled anode butts, recycled green 

and baked anodes, and coal tar pitch. During mixing, pitch has to penetrate into the void spaces between the 

particles as well as into the pores of the particles. In the course of baking, pitch carbonizes and bonds the solid 

particles together.  Good interaction between coke and pitch (wettability) leads to better bonding, which is one 

of the factors influencing the final anode properties. The wettability of solid surfaces is a very important 

property of surface chemistry, which is controlled by the physics and chemistry of a surface. A wide range of 

studies are reported in literature on the effect of petroleum coke surface chemistry on wetting behavior. Lahaye 

et al.[1] studied the correlation between surface chemical functional groups of coke and the wetting behavior of 

coke by coal-tar pitch. Adams et al. [2] found that the carboxyl, lactonic and phenolic functional groups are 

predominant in sponge coke surface and predominantly affect the wettability. The surface oxygen groups are by 

far the most significant surface functional groups which  influence physico-chemical properties such as wetting, 

formation of ionic and covalent bonds with other groups [3]. In previous studies, it was found that the presence 

of different impurities and functional groups of coke and pitch have an effect on their interactions [4, 5].Several 

parameters can influence coke-pitch interactions during mixing. Industries often maintain vast amount of data 

on the raw material properties and operational parameters   However, the industrial data is highly nonlinear in 

nature, and there is no mathematical relation available between data and the quality of the end product. In 

addition, it is difficult to study experimentally the effect of an individual raw material property on contact angle 

since it is difficult to change one property at a time. For example, to study the effect of coke sulfur content, 

different cokes with different sulfur contents are needed. Nevertheless, this is impossible to have because cokes 

with different sulfur contents contain also different amounts of other impurities.  In such a situation, ANN 

model has a substantial potential to predict the desired result by making use of the available data. Regarding the 

wettability of coke by pitch, a trained ANN model can predict the contact angle without performing any 

additional tests. This is especially important for choosing the compatible coke and pitch pairs to be used in 

anode production if the properties of raw materials change continuously. An artificial neural network (ANN) 

model processes information in a similar way the human brain does. The network is composed of a large 

number of highly interconnected processing elements, called neurons. Neural networks learn by example. The 

requirements for the implementation of ANN are a large set of experimental data, choice of the most suitable 

ANN model, proper training and learning algorithms.  
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ANN models were extensively used in numerous research fields including quality control [6-13], prediction of 

compositions and properties of metallic and nonmetallic compounds [14-16], prediction of properties effecting 

performance of aluminum reduction cell [17-19]. Few articles are also available in prediction of contact angle of 

electrospun pan nanofiber mat using ANN [20, 21]. In spite of various applications of ANN model, there are 

only a few studies available in literature which are directly associated to carbon anodes production [22-24]. In 

this article, the applications of ANN model to predict contact angles between coke and pitch as a function of raw 

material chemical properties and impurity contents are presented. 

 

II. MATERIALS AND METHODOLOGY 
2.1. Materials  
 Eight different calcined petroleum cokes and seven different pitches were used as raw material. Each 

coke and pitch was paired to measure their contact angle at 170°C, which is the industrial mixing temperature. 

Surface chemical compositions of raw materials were measured by XPS which is a quantitative technique to 

measure the elemental composition of the material surface. Database for raw material impurities was taken from 

suppliers certificates. All the data were normalized before analysis using the following equation. Chemical 

compositions and impurities of coke and pitch is shown in TABLE 1 and TABLE 2, respectively. 

 

Normalized value = 
Value to be Normalized - Minimum Value

Maximum Value - Minimum Value
 

(1) 

 
Table 1 Surface chemical compositions and impurities of calcined petroleum cokes used 

Comp. Coke 1 Coke 2 Coke 3 Coke 4 Coke 5 Coke 6 Coke 7 Coke 8 

Supplier 

(wt%) 
        

Si 0.01 0.0055 0.0046 0.01 0.012 0.0192 0.02 0.002 

V 0.03 0.0348 0.0296 0.024 0.03 0.0303 0.04 0.01 

Na 0.01 0.0012 0.0012 0.008 0.006 0.0052 0.2 0.001 

Ca 0.01 0.0026 0.0027 0.011 0.007 0.0149 0.02 0.001 

Fe 0.02 0.0121 0.0092 0.02 0.028 0.0292 0.035 0.009 

Ni 0.02 0.018 0.0159 0.02 0.019 0.0182 0.03 0.009 

XPS 

(At%) 
        

C 95.4 97.3 96.96 95.78 96.57 97.12 95.0 99.0 

O 2.95 1.35 1.87 2.66 2.43 1.81 3.0 1.0 

N 0.95 0.06 0.19 0.89 0.3 0.21 1.0 0 

S 0.68 1.29 0.99 0.67 0.7 0.85 1.0 0 

 

Table 2 Surface chemical compositions and impurities of coal tar pitches used 

Comp(%) Pitch 1 Pitch 2 Pitch 3 Pitch 4 Pitch 5 Pitch 6 Pitch 7 

Supplier 

(wt%) 
 

   
 

  

Si 0.0113 0.0091 0.0127 0.0099 0.0085 0.0094 0.0250 

V 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

Na 0.0105 0.0108 0.0111 0.0108 0.0094 0.0130 0.0100 

Ca 0.0044 0.0029 0.0028 0.0028 0.0037 0.0027 0.0096 

Fe 0.0112 0.0122 0.0124 0.0120 0.0109 0.0101 0.0153 

Ni 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

Pb 0.0172 0.0134 0.0126 0.0157 0.0141 0.0176 0.0147 

Zn 0.0233 0.0192 0.0183 0.0200 0.0191 0.0202 0.0197 

XPS 

(At%) 
 

   
 

  

C 98.52 93.02 96.78 97.32 97.12 98.73 98.49 

O 1.58 3.95 1.59 1.44 1.89 0.19 0.68 
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Comp(%) Pitch 1 Pitch 2 Pitch 3 Pitch 4 Pitch 5 Pitch 6 Pitch 7 

N 0.03 3.2 1.46 1.19 0.86 0.95 0.69 

S 0.03 0.26 0.17 0.06 0.13 0.13 0.14 

 

2.2. Methodology 

2.2.1 Contact angle test 

 The wettability of calcined coke by molten pitch drop can be characterized with the contact angle 

formed between the molten pitch drop and a coke bed. The contact angles were measured using the sessile-drop 

method. In this method, a drop of liquid pitch is placed on a bed of fine coke particles at 170°C. The dynamic 

contact angle is measured from the video images using FTA 32 software [1, 25-29]. Inert nitrogen atmosphere is 

maintained during the experiment. Contact angle smaller than 90 indicates that the solid is wettable by the 

liquid. The lower the contact angle is, better the wettability is.  The details of the experimental system and the 

measurement method can be found elsewhere [30]. 

 

2.2.2 Artificial neural network analysis 

 Analytical mathematical tools are often used to predict values of dependent parameters if there is an 

existing mathematical relationship between the dependent and the independent parameters. Artificial neural 

network is an important tool in predicting the values of dependent parameters where no mathematical model is 

available [7] or even though some mathematical relationship is available, it is hard to find numerical parameters 

[31]. Neural networks are inspired by biological nervous systems [32]. They are used as a mathematical tool to 

find patterns and classify data, to express output parameter as a function of a number of input parameters, and to 

predict the value of an output parameter for a set of input parameters.It basically contains different 

interconnected layers such as input layer, hidden layers and the output layer. The input variables are connected 

to the input layer, the output layer is connected to the output variable and the hidden layers are in between the 

input and the output layers. There may be one or more hidden layers and the connections between the hidden 

layers may be in series, in parallel or their combination. The steps involved in the development of an artificial 

neural network model are:  

1) Modeling  

2) Training 

3) Validation 

4) Prediction of output for a new set of values of input parameters.Modeling an artificial neural network 

 involves association of a transfer functions to each layer, setting up connections between different 

layers, finding the contribution (weight and bias) of the connections. During training, training data set is used to 

find appropriate weight and bias values for all the connections. Validation consists of predicting the values of 

output parameters using input data for which output values are known, plotting the predicted values of output 

variable against known values, finding the equation of the best-fit straight line [32] (the equation of the straight 

line  has the form y = 1.x + 0 where R
2
 is ideally equal to 1, y is the predicted value corresponding to the known 

value x). Then, the output is predicted for a new set of values of input parameters for which there are no 

available data. 

 

III.      RESULTS AND DISCUSSIONS 
 

3.1 Development of ANN model 

 A feed-forward network which consisted of four layers of neurons, namely, an input layer, two hidden 

layers, and an output layer was developed. The transfer functions associated to the first and second hidden layers 

were sigmoidal and linear, respectively. In this study, normalized input data and their corresponding contact 

angles were used to train the program. As there were few experiments compared to number of input parameters, 

principal component analysis was used to reduce the number of input parameters. In principal component 

analysis, a correlation matrix was created with all the input and output parameters. The correlation matrix gives 

the table of probability values, which is commonly known as „p‟ value. In principal component analysis, input 

parameters having „p‟ value less than a specified value are chosen as the principal components. Usually the 

value is chosen as 0.05 for 95% confidence level. It helps reduce the number of input parameters for the ANN 

model. Initially, all 20 variables were used as input parameters to determine the „p‟ values for each input 

variable. A small „p‟ value (typically ≤ 0.05) indicates that the effect of the input variable on the output variable 

is statistically significant. Based on the „p‟ value results, four input parameters, which affected the contact angle 

most, were chosen to feed the ANN model to predict the contact angle at 80 s and effect of different impurities 

and composition of raw materials on contact angle at 80 s were noted. Similarly eight input parameters were 

 chosen to feed the ANN model to predict the contact angle at 1500 s and effect of different impurities 
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and composition of raw materials on contact angle at 1500 s were studied. The final model was validated using a 

set of data with a known output which was not used in the training phase. The model was selected based on the 

value of the regression coefficient for the predicted output of the model with respect to the experimental results. 

The models for which the regression coefficients were close to 1 were considered suitable. To study the effect of 

one single parameter, the neural network model was applied to a set of input data where only that parameter was 

changed keeping all other parameters constant. 

3.2 Contact angle at 80s 

Fig1 presents the „p‟ value results. In this figure, “C” refers to coke and “P” refers to pitch in input variables. 

For example, “NaC” refers to the sodium content (Na) of coke (C) whereas “NaP” refers to the sodium content 

(Na) of pitch (P). The results indicate that the oxygen content of calcined petroleum coke and silicon, iron and 

sulfur contents of pitch wee statistically significant (≤ 0.05) for contact angle at 80 s (Fig1).  

 
Fig. 1 “p” value for different input variables (chemical compositions and impurity contents of coke and pitch) 

for contact angle at 80 s 

 

Trial and error methods were used to initialize all the parameters. Thirty eight points were used to train the 

model and four points were used for validation (Fig2). The input variables are oxygen content of calcined 

petroleum coke and silicon, iron and sulfur content of pitch. Due to the small number of data available for this 

study, the model was chosen based on a correlation coefficient R
2
 for all the 38 points and the tolerance of 

predicted and experimental values which was set to ±5
o
. The R

2
 was 0.784. The percentage of points within ±5

o
 

was 71%.  

 
Fig. 2 Normalized predicted vs. experimental contact angles at 80 s 
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The negative values of contact angles seen in Fig2 are due to the error in prediction of low contact angles and 

lack of enough data for training. The effect of different material properties on contact angles at 80 s obtained by 

ANN model are shown in Fig3 and Fig4. All the input variable data in Fig2 and Fig3 are normalized based on 

equation 1.The Fig3 shows that presence of oxygen in coke improves wetting at the beginning. Oxygen is highly 

electronegative and can form covalent/hydrogen bonds with conjugate functional groups and support wetting  

                                             

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Effect normalized oxygen content in coke on contact angle at 80 s 

Fig4 (a) shows that contact angle at 80 s reduced with increasing silicon (Si) content. Due to its non-metallic 

character, silicon could form covalent/Van der Waal‟s bonds with electronegative components in coke and pitch 

resulting in increased wettability (lower contact angle). It can be seen from Fig4 (b) that iron had a negative 

effect on coke-pitch wetting. Iron is mostly present as sulfide form and only activated at higher temperatures 

[33]. It was possible that presence of sulfur in FeS, might have polarized the electron cloud of Fe. Sulfur is also 

electronegative, and it was probable that the amount of free sulfur increases at higher total sulfur content, which 

could help the formation of covalent bonds and improve wetting. 

 

 

 

(b) 

(a) 
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Fig. 4 Effect normalized pitch impurities on contact angle at 80 s (a) silicon (b) iron (c) sulfur 

3.3 Contact angle at 1500 sFig5 illustrates the ‘p’ value results and indicates that vanadium, sodium, nickel, 

carbon, oxygen, nitrogen content of calcined petroleum coke and silicon and sulfur content of pitch were 

statistically significant (Fig5).  

 
Fig. 5 „p‟ value for different input (chemical compositions and impurity contents of coke and pitch) variables 

(XC denotes element X in coke, XP denotes element X in pitch) 

 

  

A similar ANN model was developed for contact angle at 1500 s. Trial and error methods were used to adjust all 

the parameters. Thirty eight points were used to train the model and four points were used for validation (Fig6). 

The input variables were vanadium, sodium, nickel, carbon, oxygen, and nitrogen content of calcined petroleum 

coke and silicon and sulfur content of pitch. Due to the small number of data available for this study, the model 

was chosen based on a correlation coefficient R
2
 for all the 38 points and the tolerance of predicted and 

experimental values which was set to ±5
o
. The R

2
 was 0.902. The percentage of points within ±5

o
 was 85%. The 

model was validated based on four data sets. 

 

 

(c) 
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Fig. 6 Normalized predicted vs. experimental contact angles at 1500 s 

  Thus, it can be seen that the customized feed-forward neural network model with back-

propagation training was able to predict the output (contact angle) for the test data set better than the linear 

multivariable analyses (Fig2). Similarly, the negative values of contact angles seen in Fig6 are due to the error 

in prediction of low contact angles and lack of data for training. The effect of different material properties on 

contact angles at 1500 s obtained by ANN model are shown in Fig7 and Fig8. ANN model allows the study of 

the variation in each parameter individually while keeping all other parameters constant. All the input variable 

data in   were normalized based on equation 1.  

  Fig7 presents the results of the ANN model showing the effect of vanadium in coke on the 

contact angle at 1500 s when all other parameters are kept constant. As can be seen from this figure, the 

wettability decreased (contact angle increased) with increasing vanadium and nickel content of coke, but on the 

other hand the contact angle decreased (wettability increased) to a certain extent when sodium in coke increased. 

Coke and pitch both contains polycyclic aromatic compounds. Sodium formed additional compounds with 

naphthalene and other aromatic polycyclic compounds and with aryl alkenes. Sodium could also react with 

alcohols to produce sodium salts and hydrogen. These reactions in returns could improve the wettability of coke 

by pitch. Vanadium, which is mostly stable at lower temperatures, needs some activation period before reacting 

[34]. Vanadium and Nickel are transition metals. They can form coordinate covalent bonds with non-metals 

having lone pair of electrons. For this they need to be in metallic or ionic form. As a compound their electronic 

configurations are stable. In solid coke they cannot stay as ionic species. Also they do not stay as pure metal in 

coke. They usually stay as metal-ligand complexes. So it is difficult for them to react with O/N of pitch at lower 

temperature. Sufficiently high amount of energy is required to break those bonds. The wettability test was done 

only at 170°C. It was possible that at this temperature the vanadium compounds were inactive and needed to 

transfer to an active state or it might not be in a catalytic form which could have speed up the reaction. This may 

be a reason for lower wettability. The lower wettability in presence of nickel again could be explained with its 

inactivity at lower temperatures. It can be also seen from this Figthat wettability of coke by pitch increased as 

carbon percentage in coke increased. Coke contains C-C bond and C=C [4]. In general, presence of higher 

amount of C=C indicates presence of higher aromatics. Thus the increase in carbon could correspond to the 

increase in aromatic content. The presence of aromatics could improve wetting by electrostatic interaction due 

to their pi electron cloud. Equally Fig7 shows that presence of oxygen and nitrogen improves wetting. Oxygen 

and nitrogen are hetero atoms and they are highly reactive. Also, these atoms are highly electronegative and 

might form covalent/hydrogen bonds with conjugate functional groups and support wetting. 
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Fig. 7 Effect of normalized coke chemical compositions and impurities on contact angle at 1500 s (a) 

vanadium (b) sodium (c) nickel (d) carbon (e) oxygen (f) nitrogen 

 

Fig8 presents the effect of pitch properties on the contact angle at 1500 s, hence, on the wetting capacity of 

pitch. Fig8 (a) displays that contact angle at 1500 s reduces with increasing silicon content. Similar trend was 

observed for contact angle at 80 s. The ANN model shows that, an increase in sulfur resulted in a slight increase 

in the contact angle (lower wetting) up to a certain value of sulfur (S from 0 to 0.4 and contact angle from 30.8 

to 32.5; see Fig8(b)). It is possible that at lower sulfur content, there was not enough free sulfur remaining to 

form covalent bonds and hence increased the contact angle at 1500 s. Further increase in sulfur seemed to 

reduce the contact angle at 1500 s (Fig8(b)). At higher sulfur content, it was probable that the amount of free 

sulfur increased which could aid the formation of covalent bonds and improve wetting. It should be mentioned 

that the change in contact angle is very small with changing sulfur content and most probably not significant. 
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Fig. 8 Effect normalized pitch impurities on contact angles at 1500 s (a) silicon (b) sulfur 

3.4 Validation of contact angle predictions 

 

 The predictive ability of the ANN model derived from the training sets was validated by using the test 

sets, which enabled the reliable evaluation and interpretation of the model. Therefore, the results of the test sets 

were scrutinized in more detail. The contact angles at 80 s and 1500 s for four test sets were predicted, and the 

results are presented in Fig9 which gives a comparison of the experimental and predicted values. The 

predictions for the contact angles at 80 s and 1500 s were quite satisfactory. The R
2
 value for predictive ability 

for unknown test sets was 0.89 for contact angle at 80 s and 0.98 for contact angle at 1500 s. The average 

percent errors in prediction were 8 % and 5% for contact angles at 80 s and 1500 s, respectively. 

 

 
Fig. 9 Predicted values of (a) normalized contact angle at 80 s (b) normalized contact angle at 1500 s using the 

test sets for the two cases 

 

IV. CONCLUSIONS 
 First, principal component analysis was used to identify the parameters which significantly affect the 

contact angle. Then, those selected parameters were used as inputs in an ANN model. In this study, models 

based on the artificial neuron network was developed to predict the contact angles at 80 s and 1500 s for 

different pitch-coke pairs on the basis of their surface chemical composition  and presence of impurities. The 

ANN results showed that O content of coke and Si, S content of pitch helped in wetting, and Fe content of pitch 

reduced wetting at the initial stage whereas increasing amount of  Na, C, N, O content in coke decreased contact 

angle at 1500 s and V, Ni content of coke increased contact angle at 1500 s. Increasing Si content in pitch 

reduced contact angle at 1500 s. The contact angle at 1500 s initially increased with increasing S content in pitch 

up to a certain level but later that it decreased. The current predictive ANN model, demonstrated how the 

suitable coke-pitch pairs to be used for anode paste preparation can be identified based on their surface chemical 

properties and impurity contents without the need for further experiments. This novel approach can be used as a 

tool in evaluating the potential of a given pitch to wet the dry aggregate during pre-assessment of various anode 

recipes. The major advantage of ANN over the other method is that it can efficiently handle highly nonlinear 

data with fluctuations where there is no existing mathematical relationship.The predictive ability of the model 

(a) 
(b) 

(a) (b) 
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can be improved by introducing more training sets of data. Development of ANN model is laborious and 

challenging because it involves numerous trials and errors. However, once it‟s developed it gives more accurate 

results compared to any other statistical model. 
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