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Abstract 

Evaluation of classification models is a vital part of classifier optimization, as it provides metric, which allows tuning different parameters 
of the classification model to achieve better quality of recognition. However, in some cases it might be unclear, if applied methods and/or 
available data can be theoretically tuned to achieve desired quality. In such cases, digital model of the studied phenomena (geological 
boreholes in this case) can be used to clarify the question. Discrete model of geological borehole was developed, a series of computational 
experiments were conducted and results were analysed, in order to define further development direction. 
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1 Introduction 

Uranium extraction at deposits of Kazakhstan is performed 
using underground Acidic In Situ Leaching (ISL) method 
(Figure 1). This methods requires knowledge about 
structure of underground rocks and layers, so full-scale 
geological research is required. However, manual 
interpretation of the research data takes time and is affected 
by human factor, so delays and errors can lead to significant 
economical drawbacks. For this reason, the issue of 
automated classification is very important.  

 
FIGURE 1 Underground leeching method of uranium extraction [1] 

The problem was discussed earlier in [2-5] The existing 
programs for geophysical data processing does not support 
automatic classification process [6]  

A system for storage, processing, classification and 

analysis of data was developed, which adopts a variety of 
data analysis and machine learning algorithms and models 
[7, 8]. The work on improving the quality and speed of data 
recognition is ongoing.  

The development of the system faced with what seemed 
to be a ceiling for recognition quality. However, from 
scientific point of view some evidences and proofs of this 
“ceiling” are needed, as well as the analysis of whether the 
problem lies in data or applied methods. 

One of the measures that were taking to resolve the 
question is creating digital model of borehole. In practice, 
data gathered in the course of geological research of uranium 
deposits of Kazakhstan is never perfect. From natural noises, 
unperfect measurement tools, to the big complexity of some 
of the measurement procedures subject to human factor may 
lead to significant distortions and errors. However, in practice, 
unfortunately, there is no real way to know if the data is good 
or distorted beyond any recognition. 

The digital borehole is not subject to such problems, as 
it is generated based on geological theories and physical 
models of ideal measurement tools. And in case, if distorted 
data is needed to be tested, any type of noise, errors or 
distortions can be added to digital (synthetic) boreholes. 

So, synthetic digital boreholes can be used as test case for 
processing and recognition models, in order to isolate data 
faults from method faults, so that further course of work and 
research can be defined. Either problem lies in data, so some 
changes regarding data acquisition and processing have to be 
made, or methods of recognition are what create the “ceiling” 
for the quality and have to be changed or improved. 
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2 Data method interpretation 

Data obtained in the course of the geophysical research can 
be interpreted by a specialist or an intelligent system based 
on machine learning methods. Note that systems of 
automatic recognition and classification are used in many 
spheres of human activity, including processes of solving 
problems of lithology. 

The developed system includes functionality for 
formation of learning samples, preprocessing of the data, 
training Machine Learning models, integrating them into 
ensembles of models and using the models/ensembles to 
interpret the data. Each of the steps is an important factor 
improving interpretation quality. 

Usually, there is a lot of geological research information 
available, but it is not effective, to just use all of the possible 
information when training a learning model. So, the issue of 
formation of learning samples is important and the 
developed system allows users to form the samples based on 
several algorithms and rules. 

The quality of recognition depends a lot on 
preprocessing of data. The geological research data obtained 
from uranium deposits of Kazakhstan using electromagnetic 
logging can contain several types of artefacts and problems, 
which have to be dealt with in order to train models and 
interpret data correctly. 

Machine Learning models have different features and 
the interpretation result may vary from one model to another. 
However, the research has shown that there is no one 
universal machine learning model, which is strictly better, 
than any other. 

Geophysical data obtained during the course of 
geological research of uranium deposits of Kazakhstan 
typically contains several electrical methods: induction 
logging (IL), apparent resistively logging (AR) and the 
method of the natural polarization (NP). The raw data is 
measurements of each of the electrical properties of the 
rocks (IL, AR, NP) on each 10 cm of depth. Then this data 
is used by expert geologist to identify what type of rocks 
(sand, clay, gravel, etc.) are located at every depth, based on 
its electrical properties. The main goal of the developed 
system is to automate the process of data interpretation. 

Interpretation methods include artificial neural networks 
(ANN), metric methods (K nearest neighbours), other 
machine learning modes, as well as heuristic interpretation 
method, based on knowledge extracted from experts 
geologists. 

3 Discrete borehole model 

The developed tool generates data for discrete intervals 10 
centimetres each. This length is defined by technological 
process – most common measurement equipment used at 
uranium deposits of Kazakhstan performs measurements at 
this rate. 

The developed tool for generating synthetic discrete 
boreholes performs three steps: 

1) Generating lithological types 
2) Generating physical (electro-magnetic) properties 

values 

3) Simulating measurement process 
First step is generating lithological types. List of possible 

lithotypes, weights, which define frequency of occurrence 
of each lithotype, and probability distribution function for 
lithotype layer width is defined in a separate configuration 
file. 

Output of the first step is a list of lithotype codes, 
generated according to real borehole properties. For 
example, layer of the same lithological type cannot have 
width lower, than certain value, different lithological types 
are statistically distributed same as in real boreholes. 

Next step is generating values for physical properties. 
Separate configuration files contain distribution function for 
each of the generated parameters for each lithological type. 
For each lithotype distribution function is defined separately 
and can be either uniform, normal distribution, or discretely 
defined using weights (number of weights may vary, in 
order to allow high accuracy for tuning the distribution 
function). 

However, data generated in second step has significant 
differences from the real data obtained in the course of 
geological research (Figure 2). The reason lies in 
measurement process – although recording occurs every 10 
centimetres, a tool has length of about a meter.  

 
FIGURE 2 Synthetic (left) and real (right) data 

Different tools can have different length, position of 
electrodes and position of recording point relative to the 
electrodes. This means, that every discrete point of data 
(with period of 10 centimetres) actually contains aggregated 
information about one meter of geological rocks. A 
configuration file contains weights and flags, which 
describe position of electrodes, recording point and measure 
of influence of distant lithological rocks on the record. 

This process is simulated in the third step. During this 
process values are, in a sense, aggregated and averaged 
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(with weights). Figure 3 illustrates this. For example, high 
“real” values at around 109-112 after simulating of 
measurements. Such averaging makes it much more 
difficult to analyse and interpret, however it is the features 
of real geological research, so this data has to be handled. 

 
FIGURE 3 Sample of synthetic borehole 

4 Experiments and analysis 

A set of experiments was performed, in order to compare 
the results of developed processing and interpretation 
methods on real and synthetic data. 

The results are below: 
If we compare Table 1 and Table 2, it is clear, that synthetic 

data is interpreted with much more accurately and all of the 
quality metrics, such as Kappa and T1Score confirm it. 

TABLE 1 Quality of interpretation of synthetic borehole 

Borehole 

number 
Accuracy Kappa 

Wm 

recall 

Wm 

precision 
T1Score 

1 0.9122 0.889 0.9174 0.8605 0.888 
2 0.9295 0.911 0.9196 0.9053 0.912 

3 0.9391 0.923 0.9411 0.8993 0.919 

4 0.9545 0.942 0.9621 0.9281 0.944 
5 0.9591 0.949 0.9625 0.9355 0.948 

6 0.9678 0.96 0.9713 0.9458 0.958 

7 0.974 0.967 0.9733 0.9621 0.967 
8 0.9748 0.968 0.9761 0.9623 0.969 

9 0.9789 0.973 0.9788 0.9733 0.976 

10 0.9792 0.974 0.9783 0.9744 0.976 
11 0.9801 0.975 0.9775 0.9762 0.976 

12 0.9809 0.976 0.9812 0.9781 0.979 

Average 0.9608 0.9505 0.9616 0.9417 0.951 

TABLE 2 Quality of interpretation of real boreholes 

Borehole # Accuracy Kappa WM recall WM precision 

1 0,68 0,509 0,383 0,385 

2 0,75 0,547 0,312 0,427 

3 0,31 0,138 0,268 0,265 
4 0,60 0,449 0,416 0,427 

5 0,48 0,316 0,400 0,361 

6 0,53 0,264 0,247 0,229 
7 0,48 0,146 0,178 0,236 

8 0,44 0,156 0,246 0,258 

Average 0,53 0,315 0,306 0,323 

 
Under the assumption, that synthetic borehole model 

correctly represents real borehole properties, it can be stated, 
that the “ceiling” of results quality is defined by data, 
because on ideal model of borehole, the developed methods 
perform with high, accuracy, while real life data results are 
significantly worse. 

5 Conclusions 

Digital borehole model was developed and a set of 
computational experiments was performed. The results of 
interpretation of synthetic boreholes was significantly 
higher, than results for real data. 

If we assume, that developed discrete borehole model 
represent real borehole properties and features, does it mean, 
that further development of processing and interpretation of 
algorithms will yield no result? No. 

Further research regarding different approaches to 
working with the geological research data is going to be 
executed. Machine learning must not become a tool to put 
responsibility for unsatisfying results solely on bad data. 
Some other approaches, or some other knowledge added to 
the system may still improve the results. 
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