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Abstract 

In an effort to overcome the difficulties involved in the experimental determination of surface 

energies of materials, a semi- empirical relation was proposed and further improved using a 

graphical approach. This research work employs support vector regression to improve the 

known semi- empirical relation between surface energy ( ), melting temperature ( mT ) and 

the nearest neighbor separation ( or ) instead of the conventional linear graphical approach 

adopted in the literature. Surface energy estimator (SEE) was developed through training 

and testing the support vector regression (SVR) model with twelve experimental results using 

test-set-cross validation technique. The developed model (SEE) was used to estimate surface 

energies of bcc, fcc and hcp metals in the periodic table. Comparison of our results with the 

available experimental surface energies as well as surface energies obtained from both the 

semi-empirical relation and its modification indicate that the results of our developed model 

are closer to the experimental values than other conventional relations. This developed 

model (SEE) can serve as a means of circumventing the experimental difficulties in 

determining the surface energies of materials especially when anisotropy is of no desire. 

Keywords: Surface energy estimator, support vector regression, semi-empirical relation and 

empirical relation 



International Journal of Advanced Academic Research | ISSN: 2488-9849 

Vol. 7, Issue 9 (September, 2021) | www.ijaar.org 

 

71 
 

Introduction 

Surface energy is generally referred to as the excess energy at the surface of materials which 

helps one surface to adhere to another. This excess energy comes from the difference in the 

energy of the atoms at the surface and at the bulk region of the crystal. Surface energy plays 

significant role in crystal growth, corrosion, oxidation and adsorption among others.  The 

most comprehensive experimental database of surface energy stems from surface tension 

measurement extrapolated to 0Kelvin [1]. In order to circumvent the difficulties involved in 

the experimental approach, a semi-empirical relation was proposed by C.L Reynold [2]and 

his group by combining two known relations presented in equations (1) and (2) to obtain a 

semi-empirical relation represented in equation (3). 
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Where vE represents the vacancy formation energy 

C.L Reynold and his group expected a straight line graph with zero intercept for a graph of   

 against
2
0

mT
r .  Instead, the obtained straight line graph has intercept on   axis at about 

760 
2/erg cm  which led to a new empirical relation presented in equation (4). 
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Our research work hereby utilizes the intrinsic and predictive ability of support vector 

regression to model SEE using melting temperature and the lattice parameters as descriptors 

in lieu of the graphical approach adopted by C.L Reynold and his group. High accuracies of 

97% and 100% were obtained for the correlation coefficient between the experimental and 

estimated values were obtained during training and testing period respectively. The 

developed model (SEE) was further used to estimate surface energies of periodic metals in 

order to assess its effectiveness in generalizing to unseen materials.  

SVR works on the principle of artificial intelligence in the field of machine learning. Its 

excellent predictive ability is made use in tackling several problems in medical field[3-4], 

material science[5][6][7][8][9], oil and gas industries[9-10], to mention but few. The 

excellent predictive and generalization ability of SVR in solving numerous problems coupled 

with the need to have accurate and effective way of tackling experimental difficulties in 

determining surface energies of materials, serve as motivation for this research work. 

The remaining part of this work is organized as follow. Section 2 describes the proposed 

machine learning techniques (i.e. support vector regression). Section 3 contains empirical 

studies that include the description of the dataset, computational methodology and the 



International Journal of Advanced Academic Research | ISSN: 2488-9849 

Vol. 7, Issue 9 (September, 2021) | www.ijaar.org 

 

72 
 

strategies adopted in searching for the optimum parameters. Section 4 presents and discuses 

results while section 5 states the conclusions and recommendation. 

2.0 Description of the proposed model 

SVR is a class of regression developed from the statistical learning theory[12]. It excellently 

deals with non-linear problems with the aid of non-linear mapping function called kernel 

function. The kernel function maps non-linear problems to high dimensional feature space 

where the regression is performed. The complete expression of the regression function is 

presented in equation (5) with inclusion of the kernel function ,iK x x . 
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 ………………. (5) 

Where 
*
i  and i represent Lagrangian multipliers. 

The working principles of SVR involve acquisition of existing pattern between the target 

(surface energy) and descriptors (melting temperature and lattice parameters). SVR model 

further generalizes the acquired pattern for the effective estimation of unknown target. 

Among the parameters that are to be defined and varied by the user during the optimization 

stages of the SVR model includes regularization factor(C ), epsilon (  ), hyper-parameter( ) 

and kernel option . The regularization factor helps in controlling the trade-off between the 

flatness of the acquired pattern and the amount to which the deviation larger than   is 

tolerated. The epsilon   represents the maximum deviation of the estimated values from the 

actual ones while hyper-parameter guides the model to select the hyper-plane where 

minimum possible error is ensured. The presence of the kernel option is to determine the 

structure of high dimensional feature space which in turn governs the complexity of the 

developed model. 

During the modeling of SEE, SVR model was trained with the best values of the Performance 

measure (regularization factor(C), epsilon (  ), hyper-parameter (  ) and kernel option) 

obtained during optimization stage. The accuracy and efficiency of the trained model was 

assessed using test-set-cross validation technique. The developed model was further used to 

estimate surface energies of the periodic metals. SEE generates surface energy of any metals 

when their corresponding value of melting temperature and lattice parameters are fed into the 

model. 

3.0 Empirical study 

3.1 Description of the dataset 

The dataset employed for modeling SEE comprises twelve experimental values of melting 

temperature, lattice parameters and surface energy of some selected metals in the periodic 

table. The comprehensive list of the dataset is presented in table 1 as drawn from 

literatures[13][1]. 
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Table 1:  The dataset used for modeling SEE 

Metals Experimental Average Surface energy ES  

(Jm
-2

) 

Melting point(K) a (A
0
) 

Rb 0.11 312.6 5585.00 

K 0.13 336.3 532.80 

Na 0.26 371.0 429.06 

Nb 2.7 2750.0 330.04 

V 2.55 2202.0 303.00 

Li 0.525 453.7 351.00 

Cs 0.095 301.6 614.10 

Fe 2.48 1811.0 286.65 

Ni 2.45 1728.0 352.40 

Cu 1.83 1358.0 361.49 

W 3.68 3695.0 316.52 

Mo 3.00 2895.0 314.70 

The dataset presented in table 1 was statistically analyzed and the results of the analysis are 

presented in table 2 and 3. 

Table 2: Statistical analysis of the dataset 

 Experimental average surface energy ES(Jm
-2

) Melting point (K) a (A
0
) 

Mean 1.651 1517.85 395.855 

Median  2.14 1543 351.7 

Standard 

Deviation  

1.332 1189.12 111.511 

Minimum 0.095 301.6 286.65 

Maximum 3.68 3695 614.1 

 

Table 3: Correlation between each pair of the attributes of the datasets 

 ES and melting temperature ES  and lattice parameter 

Coefficient of correlation  0.9703 -0.8254 

 

The consistency and suitability of the dataset can be deduced from values of the mean, 

median, standard deviation, minimum and maximum expressed in table 2. Table 3 shows the 

coefficients of correlation between each pair of the attributes. Both melting temperatures and 

lattice parameters are well correlated with the surface energy and lattice parameter shows 

negative correlation with the surface energy. These high coefficients of correlation denote 

that the chosen features are good descriptors for surface energy since they are highly 

correlated with it. 

3.2 Computational methodology 

The computational aspect of this work was conducted within MATLAB computing 

environment. The dataset was subjected to normalization and randomization before the 

commencement of the modeling in order to ensure computational efficiency and consistency. 
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The dataset was further separated into training and testing set in the ratio of 8 to 2. The 

training set was used to train the model using the best value of the performance measure. The 

model was further tested using test-set-cross-validation technique. After the model was well 

trained and tested, it was used to estimate the surface energies of periodic metals using the 

values of their melting temperature and lattice parameter as the model inputs or descriptors 

for the model . 

3.3 Optimization strategy 

The strategy employed during the development of SEE was the test-set-cross validation 

technique. In this case, the values of correlation coefficient, root mean square error and 

absolute error were monitored in every run of the training and testing dataset for a group of 

parameters (regularization factor, kernel option, epsilon and hyper-parameter). In the course 

of searching through all the possible values of the parameters in a given range, the best 

performance measures were identified with the corresponding values of parameters for the 

fixed set of features. The whole process involves searching for the initial kernel option from 

the pool of the available kernel options and the identification of the best values of the 

parameter C and   so as to store the corresponding performance measures. The best values of 

the performance measures (i.e.  Regularization factor, kernel option, lambda and epsilon) 

were further used to train the SVR model. The values of the performance measure that 

produces optimum performance in the model are presented in table 4.   

Furthermore, the mathematical representation of the modelling procedures is presented in 

algorithm 1 and goes thus: Let the set Acontain all the possible kernel options, the element of 

A is of the shape , where i is the kernel function number, j is the index for selected value 

of C and k is the index for selected value of , nf is the total number of kernel functions 

available, nc is the maximum value of C assumed and is the maximum value of 

assumed. Also  represents performance measure taken,  represents index for best 

kernel function,  represents index for best value of C, and  represents index for best 

value of .  

Table 4: Optimum parameters for the developed model (SEE) 
C 500 

Epsilon 0.2 

Kernel option 0.3 

lambda e-7 

Kernel function Polynomial 

 

3.4 Evaluation of the performance of the developed model 

The performance of the developed SEE was evaluated using the coefficient of correlation (cc) 

between the actual and estimated values of surface energy, root mean square error (rmse) and 

the absolute error (Ea).  The evaluations were based on the relations (6), (7) and (8). 
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Where n represents the number of available dataset 

The generalization performance evaluation is presented in table 5. 

Table 5: Generalization performance evaluation 

Performance Measure  Training   Testing  

CC 0.97 1 

RMSE 0.3308 0.1818 

MAE 0.2314 0.1744 

 

4.0 Results and Discussion 

4.1 Development of SEE 

SEE was developed from SVR through training and testing using test-set cross validation 

technique. The development of SEE involves twelve dataset. The adoption of small number 

of dataset strengthens the known ability of SVR to perform excellently with small dataset and 

descriptive features[14].High accuracy of 97% and 100% were obtained during the training 

and testing phases of the model. Figures 1 and 2 compare the experimental and estimated 

values of surface energy during the training and testing period of the model respectively. It 

can be deduced from the graph that the estimated surface energies are very close to the 

experimental values. This suggests that the developed model is capable to excellently 

estimate surface energy of material using their respective melting temperatures and lattice 

paramters. 

4.2 Estimation of surface energies of periodic metals using the developed model (SEE) 

After SEE was developed, it was used to estimate surface energies of bcc, fcc and hcp metals 

in the periodic table. The utilization of SEE involves feeding the model with the value of 

melting temperature and lattice parameter of the concerned material. The model takes these 

values and generates the corresponding surface energy. 

4.2.1 Estimation of surface energies of Bcc metals 

The developed model was used to estimate surface energies of bcc metals in the periodic 

table.  The estimated surface energies of bcc obtained from SEE were compared with the 

experimental values as well as surface energies obtained from both semi-empirical and 

empirical relations. The comparison is presented in both table6 and figure 2. The table and 

the figure show that the results of our developed model (SEE) show consistency and accuracy 

in terms of its closeness to the experimental values.  
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Table 6: Comparison between surface energies as obtained from the experiment, the 

empirical relation, the semi-empirical relation and SEE for bcc metals 

BCC-metal Experiment(Jm
-

2
) 

empirical relation(Jm
-

2
) 

Semi-empirical relation(Jm
-2

) SEE(Jm
-2

) 

W 3.680 3.113 2.353 4.095 

V 2.550 2.285 1.525 2.425 

Ta 3.150 2.683 1.923 3.473 

Rb 0.110 0.823 0.064 0.310 

Nb 2.700 2.366 1.606 3.038 

Na 0.260 0.892 0.132 0.375 

Mo 3.000 2.615 1.856 3.200 

Li 0.525 0.996 0.237 0.468 

K 0.130 0.838 0.078 0.336 

Fe 2.480 2.168 1.408 1.987 

Cs 0.095 0.812 0.053 0.298 

 

4.2.2 Estimation of surface energies of Fcc metals 

 Our developed model was further used to estimate surface energies of fcc metals in the 

periodic table. The estimated surface energies were compared with the experimental values as 

well as the surface energies obtained from both semi-empirical and empirical relation. The 

comparisons presented in table 7 and figure 4 showthat the surface energies obtained from 

SEE are closer to the experimental value in the case of Pb, Rh, Ir, Mn, Au, Pt Pd, Cu and Ni 

metals. In the case of Ag and Al metals, the surface energies obtained from SEE and the 

empirical relation are comparable with the experimental values. 

 

Table 7: Comparison between surface energies as obtained from the experiment, the 

empirical relation, the semi-empirical relation and SEE for fcc metals 

Fcc-

Metal 

Experiment(Jm
-

2
) 

empirical relation(Jm
-2

) Semi-empirical 

relation(Jm
-2

) 

SEE(Jm
-2

) 

Ni 2.450 1.652 0.892 1.894 

Cu 1.830 1.4209 0.6609 1.4799 

Pd 2.050 1.5279 0.7679 1.9218 

Pt 2.480 1.6064 0.8464 2.1515 

Au 1.500 1.2737 0.5137 1.4046 

Ag 1.250 1.2318 0.4718 1.2959 

Al 1.160 1.1238 0.3638 0.9782 

Mn 1.600 0.8817 0.1217 1.558 

Pb 0.593 0.9159 0.1559 0.62 

Rh 2.700 1.7244 0.9644 2.3539 

Ir 3.048 1.9338 1.1738 2.8641 

 

4.2.3 Estimation of surface energies of hcp metals 

The predictive and generalization ability of our developed model (SEE) was also assessed by 

using the model to estimate surface energies of hcp metals.  The obtained values were 

compared with the experimental values and the results of other two relations.  It can be 
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deduced from table 8 and figure 5 that the surface energies estimated by SEE are very close 

to the experimental values. 

Table 8: Comparison between surface energies as obtained from the experiment, the empirical 

relation, the semi-empirical relation and SEE for hcp metals 

Hcp-

Metal 

Experiment(Jm
-

2
) 

empirical 

relation(Jm
-2

) 

Semi-empirical 

relation(Jm
-2

) 

SEE(Jm
-2

) 

Be 2.7 2.2059 1.4459 1.65 

Mg 0.76 1.1868 0.4268 0.9648 

Sc 1.275 1.5498 0.7898 1.9049 

Y 1.125 1.4048 0.6448 1.888 

Ti 2.1 1.8266 1.0666 2.0479 

Zr 2.000 1.6809 0.9209 2.2369 

Hf 2.15 1.9337 1.1737 2.634 

Tc 3.15 2.3338 1.5738 2.6166 

Re 3.6 2.926 2.166 3.6453 

Ru 3.05 2.4013 1.6413 2.6633 

Os 3.45 2.8605 2.1005 3.4846 

Co 2.55 2.6733 1.9133 2.6649 

Zn 0.99 1.227 0.467 0.7262 

Cd 0.74 1.0792 0.3192 0.629 

Tl 0.575 0.9899 0.2299 0.5987 

 

Conclusion and recommendation 

Surface energy estimator (SEE) was developed from support vector regression through test-

set-cross validation technique using twelve dataset. The developed model was used to 

estimate surface energies of bcc, fcc and hcp metals in periodic table. The results of SEE are 

closer to the experimental values when compared with both semi-empirical and empirical 

relations. High accuracy obtained from the developed model makes it a viable alternative in 

determining surface energies of materials in order to circumvent difficulties encountered in 

obtaining experimental data. 
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