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In the exploring of multicomponent systems in which a complex stress-

strain state arises due to the interaction of various loading conditions, the 

concept of a body with a dangerous volume is a convenient and effective 

mathematical tool for the researcher. Damage analysis of a multicomponent 

system allows optimization of loading conditions.  

Damage analysis is based on knowledge about the distribution of stress and 

strain fields in a solid  , ,ij ij x y z  ,  , ,ij ij x y z   where , 1,2,3i j  , 

, ,x y z . Further, based on the quantitative assessment of the stress-strain 

state, it is possible to carry out a quantitative analysis of damage according to 

the formulas [1] 
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In the mathematical model of damage to a continuous medium, the limiting 

stress 
lim  can be chosen or calculated based on the selected strength theory. 

The representation of a solid continua in the form of a discrete model 

allows you to apply various approaches and apply High-performance computing 

(HPC) methods, e.g. parallel computing methods. HPC approaches can also be 

implemented algorithmically using special CUDA technology, which allows to 

speed up computing processes many times and reduce computer cost. For 

example, figure 1 shows the acceleration coefficient in potential distribution 

calculation for the half-space. This problem arises when discretizing a 

continuous distribution and approximating potential distribution by boundary 

elements. Figure 1 shows that with the use of CUDA technology, the computing 

speed can be increased by more than 100 times. 

Parallelization of calculations can be applied due to the fact that when 

sampling a continuum model, quantitative indicators of damage to a single 

discrete element can be calculated independently of others. This simple fact 

allows you to use multithreading when performing computational procedures. 
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Fig. 1. Acceleration coefficient in potential distribution 

calculation for the half-space 

 

The above formulas for damage indicators are an analytical model that 

allows you to accurately determine the quantitative characteristics and 

configuration of the damaged area. However, in real engineering applications, 

damage can be calculated with a certain degree of probability, so statistical 

methods and machine learning methods can be used to quantify it. 

Monte Carlo methods are effectively used to calculate spatial integrals in 

complex geometry. Monte Carlo methods ensure the accuracy of the order 

C N , where N is the number of calculated nodes and, according to the law of 

large numbers, the numerical values of the damage integrals obtained by the 

Monte Carlo method converge to the exact value with an increase in the number 

of N [2]. 

Numerical approaches to assessing the damage to the medium are based on 

a preliminary calculation of the stress state in the selected node. If the operating 

voltage exceeds the limit, then the cumulative value of the dangerous volume 

increases by the value of the volume of the discrete cell according to simple 

summation formulas 
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where K is the number of points at which the stress at point ij  exceed the limit 

lim  (K < N). 

From a geometric point of view, the function  lim limf  x  sets some 

surface bounding the area 
mDR . From a physical point of view, the area of Ω 

should be limited. Thus, when calculating the dangerous volume and integral 
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damage, it is initially necessary to determine whether the point in question 

belongs to the area of Ω or not, i.e. to conduct a binary classification with one of 

two possible answers 
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The problem of binary classification can be solved by various methods. 

One of the most effective methods of machine learning is the method based on 

logistic regression. The logistic regression model allows you to calculate the 

probability  ,P x α  from 0 to 1 belonging to the damaged area. Probability 

 ,P x α  is a continuous function, therefore, 0.5 is usually chosen as the 

threshold value, i.e. A  if  , 0.5P x α  [3, 4]. 

An approach based on the calculation of probability using the logit-model 

was applied to the calculation of the damage of an elastic half-plane under the 

action of two types of forces distributed over the surface   2 2

0 1q x q x a   

(model of a non-conformal contact case) and   2 2

0 1q x q x a   (model for 

rigid stamp interaction). In both cases, the logit-model looks like 

   
1

0 1 2, , 1 expi i i iP x y x y


      α , 1,2i  . 

The quality of the logit model can be assessed based on ROC analysis [5]. 

In this case, a ROC curve is constructed in the axes of specificity (Sp) and 

sensitivity (Se), which determine how the proportion of truly positive and truly 

negative cases identified by the model, respectively. 
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where TN is the number of correctly classified negative responses; 

TP is the number of correctly classified positive responses; 

FP is the number of negative responses classified as positive; 

FN is the number of negative responses classified as negative. 

Figures 2 and 3 show the ROC curves for both cases of the normal pressure 

distribution along the boundary of the half-plane. 

To quantify the quality of the classifier, the size of the AUC area located 

between the ROC curve and the Sp specificity axis is determined. 
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Figure 2  ROC-curve of damageability 

for non-conformal contact case 

Figure 3  ROC-curve of damageability for 

rigid stamp interaction cases 

 

A set of training precedents for building a logistic regression model for 

assessing the damage to the environment was randomly generated from a 

uniform distribution over a two-dimensional area containing a dangerous 

volume. For a random sample of use cases, it is important to understand the 

stability of numerical algorithms in estimating the parameters of the logit-model 

and, accordingly, in terms of classification quality. Figures 4 and 5 show box 

diagrams for the accuracy of classification and the area under the ROC curve 

with a different number of training precedents, from which it is possible to 

determine the degree of dispersion and asymmetry in the assessment of these 

indicators. 

 

  
Fig. 4. Box plot for the binary 

classification accuracy 

Fig. 5. Box plot for the area under ROC-

curve AUC 

 

It can be seen from diagrams 4 and 5 that with an increase in the number of 

use cases for training the model, the spread in the assessment of classification 

accuracy () and in the quality of the regression model (AUC) is decreasing. For 

classification accuracy with a training sample size of 103, the difference 
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between the first and third quartile is 1.7%, for a sample size of 106 – 0.05%. 

For the AUC indicator, similar indicators are 0.017 and 0.0011, respectively. The 

decrease in the spread of indicators allows us to get the conclusion about the 

stability of numerical algorithms for estimating the parameters of the logistic 

regression model and the quality of binary classifiers. 
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