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Abstract: The second half of the 20th century marks the 
beginning of the mathematical modelling of geological 
indicators in Bulgaria. Prof. Hristov founded a school, which 
comprised initially of three or four researchers. Within the 
period of 10 years, this number rose up to 30 or 40 specialists, 
working in the research institutes and industry. The school has 
solved the problems that are significant for the mining 
industry, including: establishing the regulations for the mined 
resources, planned reduction of losses and of contamination 
experienced by mining of the poly-metallic ores, improving the 
extraction rate of the mineral processing by decreasing the 
variation of the quality parameters of oreflow, and surveying 
audits of mining (Hristov, 1958, 1959, Mazhdrakov, 2006, Boev 
and Topalov, 2002). 
At the current stage of development (namely, the Bulgaria’s 
transition from closed to open economy), the principles of 
modelling technology such as: the volume control information, 
the modelling method of quantity and quality, and the 
multiplication of solutions, have been enriched by the contra 
problem solution, the interactivity and flexibility of the amount 
of information, and the tendency to decrease the model error. 
Information technologies have been applied in the mining 
sector and particularly in the geological and surveying 
activities. They were followed by the use of artificial 
intelligence methods in modelling (Topalov and Hristov, 2007 
and 2008). This has made possible to improve the prediction 
process of deposit geological parameters. The logistics of 
geological parameters, starting from the preliminary stage, 
passing through the exploration stage, and reaching the 
extraction stage, has been vastly improved and its expression 
expanded by quantitative denominations. 
This paper presents, not only hypothetical but also analytical, 
recommendations for the application of certain modelling 
technologies taking into account the conditions and constraints 
imposed by the mining objectives and by the natural 
environment. 

I. INTRODUCTION 
Since the early 1950s, with the exception of the first stage 

of the transition period, the mining in Bulgaria has had 
priority and has actively been participating in the gross 
domestic product formation of this country. 

The conditions and factors that encourage positivism in 
the expectations for the development of the mining in 
Bulgaria, within the next few decades to come, are as 
follows:  

- Deposits of non-ferrous metals, with multicomponent 
ore and clear extraction technology, incl. gold and other 
precious metals;  

- Deposits of solid energy hydrocarbons immediately 
below the surface, those allow the use of powerful 
production equipment, limited cyclical transport, and a 
relatively low quota of funds for environmental protection; 

- Poly-metallic deposits with competently and 
permanently built infrastructure that creates opportunities 
and conditions for complex and thorough mining of these 
deposits; 

- Human resource with knowledge, experience and 
proven skills acquired from different schools, as well as, 
with the broad outlook when it comes to innovative 
approaches to the theory and practice.  

Within the indicated period, both globally and in 
Bulgaria, innovativeness in the area of mining has been 
associated with the modelling and solving of variety of 
engineering problems. 

It should be admitted, with a degree of measured pride, 
that the mine surveying in Bulgaria is the first among others 
disciplines of the mining engineering industry that 
introduced the orebody modelling. Until the transition 
period, it was championed by Prof. Ivan Hristov, the 
founder of the mining and geometrical analysis (Hristov, 
1959). He has indicated and proved that the model created 
by the one-dimensional and two-dimensional statistical 
analysis is central to the initial stage of modelling in mining. 

During the initial stage, the models were based on the 
analytical-statistical and graphical theory using contours for 
presentation of data. The models have provided the practical 
solutions to a number of significant tasks (Hristov, 1958). 
The solutions of those tasks have been employed in 
searching for optimums, in solving inverse problems, etc. 
Such methods were applied to the biggest lead and zinc 
deposit in Bulgaria located near the border with Greece 
(Valkanov et al, 2008). 

The development of ore body model, during the second 
stage of developments, was mainly performed by Prof. 
Hristov’s students, some of whom are renowned scientists 
beyond the Bulgarian borders – M. Mazhdrakov, I. Kuzmev, 
P. Ganchev, K. Boev, etc. They enriched the theoretical 
foundations of the models through the theory of random 
functions, multidimensional analysis, discriminant analysis, 
heuristic methods, and others. This allowed for the control 
of inverse problem solution; the amount of reserves under 
the definite values for relative ore, (Topalov et al, 2000), 
interactivity and flexibility of the information volume with 
respect to solution reliability, the expected model error 
dependant on the relationship between regular and random 
variability of the modelled parameter. The solution 
pragmatism, during this stage, was very helpful in the 
transition from the state-planned to the market economy. 
The market economy principles were also established in the 
mining sector - a process that was relatively faster and more 
painless than in the other branches of industry.  

Concurrently, with the "withdrawal" of the state from 
financing the mining industry and due to market reasons, as 



16TH INTERNATIONAL CONGRESS FOR MINE SURVEYING, BRISBANE, AUSTRALIA, 12-16 SEPT 2016 
 

 60 

well as, to reasons that were highly motivating for the 
branch, information technologies have spread far and wide 
in mining and with them specialized software, including 
software for modelling carried out directly or indirectly by 
mine surveying specialists. This could be conditionally 
accepted as the third stage in ore body modelling. 

II. MODELLING METHODOLOGY 
The mine management principles, (Mazhdrakov, 2006) 

require that the model is controlled, despite the following 
facts: the probabilistic approaches are saved in a 
probabilistic environment; such environment requires 
problem solving in partial or complete uncertainty; the 
interactive approach of human - machine solutions is based 
on the vast databases, etc. 

The above principles of the mine management have 
resulted in incorporation of the artificial intelligence 
methods to the modelling carried out for the copper ore 
deposits (Topalov and Hristov, 2007). These deposits are 
extracted using an open-pit method and pose several 
problems to solve. Using the artificial neural networks the 
following tasks have been solved: 

The forecasting of the copper grade within the mine 
extraction level. For the "Assarel" copper ore deposit, 
where the natural distribution of the copper content 
significantly differs from the normal distribution (right 
asymmetry), the anisotropy has been revealed (ratio 2:1 and 
orientation 388g). The uncertainty of the copper grade under 
equal increase in the density of information reduces with 
variations. To eliminate some uncertainties and ambiguities, 
the geometrically regular network of exploration drilling is 
additionally densified. 

According to the theory of neural networks (Denby and 
Burnet, 1994), the anisotropy should not affect the outcome 
- the estimated copper grade in this case. The results from 
the previous study, (Boev and Topalov, 2002, Topalov and 
Hristov, 2008, Hristov and Topalov, 2011) on the variability 
of the copper grade in the same extraction level are 
available. They have provoked the idea to check the impact 
of the changeability on the quality of training of neural 
networks, as well as, on the effectiveness of forecasting 
through neural networks. 

To check the target, 5 neural networks were "trained": 
four of those for distinct zones (I, II, III, IV), and one 
general - for the entire mine extraction level. Results were 
considered as acceptable, if they were predicted with an 
error of less than 10%, which ensured the sufficient 
reliability of the average. In this case, the threshold error 
achieved during the training was within the range from 3% 
to 8%. 

The results obtained have shown that the proven 
anisotropy in the copper grade changeability, for the 
researched object, does not affect the quality of the 
prediction of the individual predictive models. They have 
also shown that the quality of the results, the unambiguous 
forecast, defines them as a predicting tool that is applicable 
to other quantitative and qualitative geological parameters. 

The second task, the study of how information 
uniformity influences prognosis results, is an attempt to 
check how the input of information from the various stages 
of the study affects the effectiveness of forecasting. 

For a specific entity of nature, it turns out that the use of 
mining data for the training of neural networks does not lead 
to more reliable results than use of samples from the 
detailed exploration within and around the conceptual 
boundaries of the mine field for the extraction level. In this 
respect, and in the conformity with the approach by 
GEMNet, the four sub-areas within the limits of extraction 
level were structured (Topalov, 2008), and the four smaller 
trained neural networks were used for prognosis, each 
"responsible" for the respective area. 

The results of prediction by a neural network were 
compared. The network was trained and supplied with 
current information from the exploration that was 
consistently incoming and arranged in a certain order. In this 
case, the relatively uniform density of data about the whole 
extraction level "degenerated" in some places. Despite the 
increase of the objective data employed in retraining, it 
appeared that the quality of the estimate did not rise 
significantly. The survey results have shown that: the quality 
of the prediction model (i.e. the trained neural network) 
depends on the location of "training" information; under the 
existing order of reserves working on the extraction level 
(the order of information replenishment of the network), the 
reliability of prediction performed with the additionally used 
information stabilizes discernibly only after supplying the 
network with 2/3 of all information about the extraction 
level. 

Similar methodology was applied to solve the problem of 
predicting the basic quality parameters of an ore body 
that has been mined out. An experimental verification was 
implemented by means of Qnet and NeuroSolutions 4.22, 
the software products that were available then. 

Only raw data was used that contained the X, Y and H 
coordinates and the values for the lead, zinc and copper 
grades. The input data (X, Y and H coordinates) of the final 
block (e.g. bl. 5407 or from another layer), Figure 1, were 
used in training a network, which was required to predict the 
adjacent block (e.g. bl. 5409 or bl. 5907). Next, the network 
was consecutively trained first with data from the two 
adjacent blocks and was then "required" to predict about the 
third block that was next in line. Further, it was trained with 
data from three blocks and was "required" to predict about 
the next one, the fourth; and so forth. 

In the various types of neural networks constructed, the 
best prediction results were achieved in neural networks 
with two inner layers (with 3 neurons in the first layer and 4 
neurons in the second layer). 

The technology of training the Qnet and NeuroSolutions 
neural networks, with the total amount of information about 
the lead and zinc grade (available from the main ore vein 
and the apophyses) whose aim is to carry out predictions, 
has shown satisfactory results. The spatial information 
determined by a 3D model was illustrated. This illustration 
has focused on the analysis of the structure and origin of the 
ore bodies in these areas. After geological assessment, the 
information about basic ore parameters has been specified in 
terms of its affiliation to the main ore body or to the 
accompanying ones - the apophyses. It has been shown that 
use of data from the main ore body only, for the purposes of 
training the neural network, significantly improves the 
quality of prediction under the conditions of the unimodal 
statistical distribution (lognormal) of lead and zinc. 
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Figure 1 - Ore blocks vertical projection plan 

 
These results required solving the problem related to the 

investigation of the influence of the density of the 
exploration network and the stability of data regarding 
the prediction training and efficiency. 

The results of this study, with respect to the specific 
conditions (Hristov and Topalov, 2011), have given the 
following answers: 

- Training a neural network with information from a 
drilling grid (200 × 200 m) is successful, even with 
variations in positioning of the drilling grid; 

- Increasing the amount of information employed in the 
training process (drill grids 100 × 100 m and 50 × 50 m) 
does not require a change in the type and parameters of the 
predicting model - the neural network. 

III. GUIDELINES FOR FUTURE RESEARCH 
Applying the methods of artificial intelligence in 

modelling the "unorganized" systems, such as the deposit 
parameters, has made it possible to carry out operational and 
long-term predictions with less risk. The predicted 
parameter values, in the operational plan, are based on data 
from the detailed exploration. The logistics of pre-mining 
exploration is greatly improved. It is expressed not only 
qualitatively but also quantitatively. 

In the modelling, the theoretical foundations, as well as, 
the architecture of the model are going to change, but the 
mine surveyor - geologist - IT expert "trio" will mainly rely 
on geological and mine surveying documentation in digital 
form. The following hypothetical questions arise: 

Does investigating the basic regularities of the physical 
and chemical processes of separation and extraction of a 
lode from the techno genic deposits (this resource is 
significant in Bulgaria) allows currently for modelling 
through use of the artificial intelligence regarding the 
retention of risk in making decision? 

Is it possible, at this stage (and with the existing resources 
of hardware and software), to construct predictive models of 
the component status, before the assessment of spatial 
dynamics of the natural techno-genic complexes? 

Can the adopted modelling methodology support the 
establishment of scientific and pragmatic foundations for the 

quality management of mineral resources that is based on 
geoinformation and geophysical methods, as well as, on the 
evaluation of the lithology and petrography of the array? 

What methodological approach should be adhered to, 
when it comes to storing and archiving of the geological and 
the mine surveying documentation – the two procedures that 
are able to model natural and ergatic systems? 

IV. CONCLUSION 
The insufficient experience in applying neural networks 

for estimates and prognoses of mineral resources deposits, 
as well as, the unique natural conditions of identical types of 
deposit, require experimenting with various types of 
prediction models. Reducing the wide range of types of 
neural networks (that also have different parameters) is 
accomplished most effectively by employing the Intelligent 
Problem Solver module of the STATISTICA 7.0 software. 
It proposes such types of models that allow researcher to 
choose the best one; the one whose parameters are the basis 
for constructing an active forecast model by using the 
Custom Network Design module of the STATISTICA 7.0 
software. 
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