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Summary. In the course of data collection and processing, an 

essential role is played by computation processes which can be 

performed automatically. Moreover, these processes should nat-

urally allow for uncertainties. The article presents such a process 

enables the user to monitor the total production cost of elements 

which are made of natural granite stone. Inference mechanisms 

built into the system make it possible to retrieve the information 

necessary for a rational production management. The basis for 

estimation is an approach based on a probability distribution 

parameters of the production process. It has been shown how to 

carry out a simulation research in a range of situations where 

inference mechanisms are applied. 
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INTRODUCTION 

affecting the overall course of the process as well as the 

process, having an impact on the other stages of the process, 

or it is determined by them. It is not possible to determine 

causal links without the knowledge of proper complete 

high variability of process parameters burdened with ran-

domness, justify treating the process components as random 

variables and a probabilistic model as a natural way of 

representing them.

The necessity of taking uncertainty present in the pro-

system of knowledge representation, when it is needed to 

clearly encode an uncertainty factor and understanding issue 

in terms of nondeterministic cause-effect relations. These 

network capabilities can be employed in creating production 

process predictability.

The possibility of automation of data collection process, 

9] whereas the computation processes are performed auto-

matically basing on advanced cognitive modelling systems. 

The process stages and the states of objects used in specif-

ic processes are known within the accuracy of probability 

engineering, which needs to be embedded in the system, is 

the possibility of monitoring production costs. It is a mul-

tidimensional process, which refers to entire systems, their 

machine types. Production cost optimization forms the 

-

tire production cost estimation, based on the information 

obtained from database, allows comparing the technology of 

a particular production process to other production technolo-

gies. Computational procedures are based on a deterministic 

-

factor which is integrally related to production process. The 

essence of the offered approach is that each cost component 

and the factors which determine its size are represented by 

random variables. 

-

-

-



 

The aim of this study is to present a conceptualiza-

tion method of computation process realizing a problem 

example of estimation of the total cost of natural stone 

has been made during designing the model, according to 

which the process components are represented as random 

model. This environment has built-in inference mecha-

nisms allowing the model to operate as a prognostic and 

explanatory system. 

Natural stone machining process modelling is based on 

the analysis of the granite features which are important in 

terms of modelling, and the machining process elements 

-

-

erating-supervising time have been presented as variables 

-

bels correspond to the process component represented by 

can be continuous within a given range or they can be of 

a discrete type. Cause-effect relations are represented by 

distribution type and its values.

Nodes can be divided into certain groups representing 

-

ments have values and probability distributions assigned 

to them and basing on those, values of other variables are 

determined by arithmetic operations or logical operators.

-

tinguished in the network. Variables representing density, 

material density is an essential variable in natural stone 

machining process. It depends on the percentage of each 

mineral which the natural stone is composed of. The main 

minerals which granite consists of are: orthoclase, plagi-

cutting tool consumption cost and feed rate. In the model, 

density is represented by a discrete random variable, which 

can have three values: low, average and high. Low density 
3

m3

m3 3 up to 

2800 kg/m3. This interval contains most granite, including: 
3 3

m3. The high density category ranges from 2800 kg/m3 up 
3. This density group consists of the following 

3, New Impal Red 2820 kg/

m3 3. These intervals include almost 

all granite densities.

Thickness of the machined granite workpiece is another 

continuous variable which was considered in the model. The 

workpiece thickness is based on a client’s own taste, as well 

as on assembly and design capabilities. It was assumed that 

The variable length of the workpiece represents the 

sum of its side lengths. This variable is used to estimate 

the cycle time of machining the workpiece surface. It is 

-

is a discrete variable and it can take three different values: 

high, average and economic. The cutting disc feed rate is 

feed decreases labour consumption during the process of 

polishing.

The workpiece surface is a continuous-type variable and 

its values are found as the product of length and thickness 

variables. This variable can take values from the interval 

from 0,2 m2 2

The value of this variable impacts on intensity of cutting tool 

consumption. The machined surface, after polishing, must 

as by density of the workpiece. Its precise value is found 

using a logical formula. It was assumed that the values of 

the variable have normal distributions, an expected value 

of distribution corresponds to a particular rate and standard 

cycle time.

-

Water consumption in machining process is evaluated 

in the model as the product of unitary water consumption 

per minute related to the machining time. It was assumed 

that the variable of unitary water consumption per minute 

Other variables enable estimation of operation time 

and their costs. They are continuous variables which rep-

resent: unitary machining cycle time, workpiece machin-

ing time, cutting tool exchange time and worker’s work 

machining time is estimated on the basis of information 

represented by nodes: workpiece length, cutting disc feed 

rate. In this manner, we obtain probability distributions 

over a set of estimated possible machining time values. 

-

sumption increase.

Cutting tool exchange time is a variable whose val-

ues depend on the worker’s experience, abilities, manual 

and motor coordination skills. In the model, this time 



 

The last group of variables considered in the model, 

are the variables which represent costs. Costs represent 

-

clude: unitary cutting tool consumption cost, preservation 

and labour. The range of each variable was either assigned 

or evaluated, according to possible versions of the process 

and current prices.

representing the total cost of machining a single workpiece. 

The total cost is evaluated as the sum of values of three 

The node shows probability distribution over a set of cost 

values which can be reached during the machining process 

of natural stone.

above, and at the same time, the structure of a network al-

lowing for the estimation of a single workpiece machining 

-

ing machined pieces features, machining parameters, times 

variables in the network. Probability distributions over sets 

of the variables considered in the model are illustrated in 

a graphical form in the Fig. 2.

PRODUCTION COST

-

tion concerning machining process of natural granite stone 

elements has been carried out. Inference mechanisms, typ-

The standard mechanism of the network working (pre-

-

In the analyzed problem, it has been assumed that the 

the number of cycles is 27, and unitary water consumption 

results as probability distribution over a set of total cost 

The above calculations were repeated, assuming the 

low density of the workpiece, and the highest for the high 

in case of high density, the total cost can take values from 

-

Fig. 1. Network structure used for estimation of natural stone machining process cost



 

Fig. 2. Probability distributions over random variable values 

Fig. 3. 

Fig. 4. 



 

For the variable ‘workpiece thickness’ at the value of 

the knowledge of probability distribution allows for estimat-

ing the chance of getting a desired value of the total cost.

The diagnostic inference mechanism available in the 

network is useful in a situation when we want to determine 

Fig. 5. Points corresponding to constant total costs of machining 

process depending on thickness and length of the workpiece

The working scheme of the model shown above can be 

applied to estimation of other cost components. Information 

possible to obtain by simulation experiments is of a great 

practical importance and can be used in the natural stone 

element production management.

CONCLUSIONS

The procedure of estimating the total cost of natural 

-

work, is an example of a computation process which can be 

entirely automated by virtue of embedded inference mecha-

nisms. The convenience of input data which can be formed 

arbitrarily basing on available resources and predicted pro-

at the stage of design, planning, monitoring and analysis of 

production process with reference to natural stone elements 

Prognostic inference allows for analysing all possible 

-

ceptable solutions can be determined, accurate to probability 

distribution. For expected values of the terminal variable (in 

an accuracy of probability distribution, determination of 

component and variables describing features of the work-

piece, as well as machining process parameters.

Machine learning mechanisms which are available in 

as well as in determination of a priori probability distri-

butions.
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