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Abstract 

This article examines the problem of managing ore flow quality at mining enterprises from the perspective of applying big 

data to improve the efficiency of mineral quality management. It is noted that assessing the feasibility of collecting and 

processing big data for ore flow quality control requires an optimal quantifiable weight parameter, which determines the 

data collection discreteness and the effectiveness of their processing. Currently, this parameter is the ore (or concentrate) 

batch. A scientific-practical approach to determining batch sizes at mining enterprises is proposed, based not on business 

process conditions, but on the analysis of the distribution of quality parameters within the ore body, considering subsequent 

methods of mineral raw material transportation. An analysis was conducted on the data from every technological process 

within the mining technical system, leading to the establishment of principles for calculating the minimum required data 

samples for each stage of the process. The applicability of the Kotelnikov theorem (Nyquist – Shannon sampling theorem) 

for determining the optimal quantifiable weight parameter of a mineral raw material batch within quality control frame-

works is considered. To obtain a qualitative model, the required scope of quarry operation statistics should range from 16 

to 52 months of excavator operation at the face. This range depends on the value of the mineral quality distribution coef-

ficient at the mining enterprise. It was also established that for building a qualitative model, the mentioned coefficient must 

be considered; the higher its value, the lower the sampling frequency should be when collecting data from technological 

processing stages. 
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Introduction 

The management of ore flow quality is one of the key processes within a mining engineering 

system, determining its operational efficiency [1-3]. Consequently, justifying the frequency of data 

collection must be based on information regarding the qualitative and quantitative distribution of the 

mineral resource in the natural deposit, while also considering an analysis of data from the techno-

logical processes associated with the movement of mined rock from the point of natural rock mass 

breakage up to its transportation for processing [4, 5].  

As of 2024, approximately 55 % of Russian IT companies have implemented big data analytics, 

while 31 % plan to do so. This signifies a shift in the perception of data, with its business value 

increasing notably, as new tools for data analysis create opportunities for optimizing business models. 

Leveraging big data on the rock mass, which reflects its qualitative characteristics, enables the justification 
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of technological process parameters and the development of recommendations for the sampling and 

accounting of mineral raw material samples. This facilitates tracking quality parameters from the 

excavation stage through to the production of final concentrate during the beneficiation process [6, 7].  

The mining industry has well-established and thoroughly detailed methods for the sampling and 

preparation of samples for chemical analysis and moisture determination (technical sampling) during 

the stages of mineral storage and beneficiation. For instance, GOST 14180-801 is an essential document 

governing the sampling of both ore and concentrate batches. The primary limitation of the conventional 

approach lies in the fact that the key calculable parameter used – the “batch” – lacks strict definition. 

The operative definition of a “batch” is typically the volume of ore or concentrate moved during a 

specific loading (or unloading) period, with its size being established by contractual agreement. This 

stems from the standard's reliance on GOST R 50779.102 and GOST R 50779.113, which define the 

system of concepts and terminology in the field of probability theory and mathematical statistics. 

Within these referenced standards, the batch size is implicitly treated as a predefined variable, derived 

from the operational conditions of the applied processes within the mining engineering system.  

Furthermore, regulatory documentation typically defines a “batch” as the quantity of product units 

required to meet demand over a specific period, or the quantity produced within a single production 

cycle, accounting for production, storage, and logistics costs. This definition underscores that the 

concept is intrinsically linked to the attributes of business processes. 

However, such definitions are suitable for the production of uniform commodity units with con-

sistent quality parameters. In contrast, in mining, the batch size is influenced by the qualitative and 

quantitative distribution of the mineral component within the rock mass, as well as the applied method 

and conditions of rock transportation. This necessitates the calculation of an optimal sampling fre-

quency for quality data collection [8]. Currently, mining enterprises commonly employ contractual 

agreements to determine batch size, which directly dictates the sampling frequency. Typically, this fre-

quency is aligned with hourly intervals within a shift, a practice driven by tracking convenience. 

The objective of this work is to develop a scientifically grounded methodology for determining 

the minimum required size of a transported rock mass batch, aiming to establish the optimal amount 

of data for predicting the quality of the supplied raw material [9]. To achieve this goal, it is necessary 

to define: 

• the minimum data dimensions and collection frequency capable of characterizing the techno-

logical processes involved in mineral extraction; 

• the quantitative values for the volume of data to be collected from each technological process. 

This stated scientific and practical task is paramount for formulating the requirements and ob-

jectives for the digitalization of the mining engineering system. 

Methods 

Typically, the following formula is used to determine the sampling interval1 

60
,

М
Т

QN
  

where M – mass of the sampled ore or concentrate batch, t; Q – throughput of the sampled stream, t/h; 

N – number of incremental samples, 

0.075 ;N V M  

V – coefficient of variation, %. 

                                                      
1 GOST 14180-80. Ores and concentrates of non-ferrous metals. Methods of sampling and sample preparation for chemical 

analysis and moisture determination. Moscow: Standards Publishing House, 2010. 
2 GOST R 50779.10-2000 (ISO 3534-1:1993). Statistical methods. Probability and fundamentals of statistics. Terms and defini-

tions. Moscow: Standards Publishing House, 2001. 
3 GOST R 50779.11-2000 (ISO 3534-2:1993). Statistical methods. Statistical quality control. Terms and definitions. Moscow: 

Standards Publishing House, 2002. 
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The formulas used in the standard demonstrate that the calculation of sampling frequency uni-
versally incorporates the mass characteristic of the sampled mineral raw material batch. Furthermore, 
the batch size depends on: the productivity of the mining and processing complex for ore delivery; 
the dispatch frequency of the batch constituent units (e.g., a truckload); the coefficient of variation of 
the mineral's quality; regulations for raw material blending, etc. The described methodology confirms 
that at mining enterprises, although regulations are developed based on the coefficient of variation of 
quality parameters, their implementation in practice is tied to hourly intervals within a shift due to 
contractual agreements. 

Based on the classification of digital data sources in the mining engineering system by their object 
of acquisition, this study defines the rock mass from a «data» perspective and identifies the factors 
influencing it [4]. The qualitative indicators of the mineral raw material are associated with [10-12]: 

• geological structure (the distribution of the raw material can depend on the deposit's structure, 
including the formation features and morphology of ore bodies, as well as folds, faults, and other 
elements); 

• petrographic composition (the quality of the raw material can vary depending on the nature of 
the spatial relationships between rock-forming and accessory minerals, including the character of 
their alteration and intergrowths, which determines the recovery rates during beneficiation). 

The distribution of mineral raw material quality within the rock mass can be represented by various 
models, such as a random distribution model (which posits that raw material quality is distributed ran-
domly) and a zonal distribution model (where quality is distributed zonally, with distinct zones charac-
terized by different mineral raw material qualities). When these distribution models are considered in 
conjunction with the technological features of rock mass extraction and transportation, the distribution 
of the valuable component over time can be conceptualized as an analog signal with a defined maximum 
amplitude. In the case of a zonal distribution, this amplitude becomes predictable [13].  

The discretization of analog signals in electronics relies on the Kotelnikov theorem, known in 
Western literature as the Nyquist – Shannon sampling theorem. Formulated in the ХХ century, this 
theorem establishes that a continuous signal with a limited frequency spectrum can be perfectly 
reconstructed from its discrete samples provided the sampling rate is at least twice the highest fre-
quency component of the signal. This implies that for transmitting such a signal through a commu-
nication channel, it suffices to send only instantaneous values (samples) at specific intervals rather 
than the complete continuous data set [14, 15]. In practical applications, recording devices capture 
a finite number of such measurements, resulting in discrete signal representations [16]. 

Mathematically, the Kotelnikov theorem can be expressed by the following formula: 

 
 sinc π( )

( ) ( ) ,
t nT

f t f nT
T


  

where f (t) is the original continuous-time signal; f (nT) – discrete samples of the signal; T – sampling 
period; sinc(x) – normalized sinc function. 

The Kotelnikov theorem can be applied to the data generated during the management of the mining 
engineering system. When transmitting a signal originating from any technological process stage 
(drilling and blasting, excavation and transportation, storage, and beneficiation of solid minerals), it is not 
necessary to collect and transmit the complete continuous dataset. Application of the Kotelnikov theorem 
demonstrates that transmission of instantaneous samples is sufficient for signal reconstruction. 

The methodology for testing the Kotelnikov theorem employed synthetic data – a dynamically 
scalable object generated according to predefined patterns derived from a trained machine learning 
model. The model was trained on two months of real sensor data from automated systems, utilizing, in 
this specific instance, the k-means clustering algorithm. 

The developed methodology comprises the following stages: 
• generation of a statistical distribution simulating the distribution of qualitative indicators of the 

mineral resource within the rock mass; 
• modeling of the processes associated with drilling and blasting operations, excavation, and 

transportation of rock mass (for open-pit mining); 



 

 

Journal of Mining Institute. 2025. Vol. 275. P. 145-154 

© Egor A. Knyazkin, Dmitrii A. Klebanov, Roman O. Yuvakaev, 2025 

   

148 

This is an open access article under the CC BY 4.0 license 

• modeling of dump truck unloading onto a stockpile or into a bin; 

• modeling of belt conveyor operation, including the functioning of a sample cutting and division 

machine. 

In accordance with the developed methodology, the research is directly linked to the physical 

processes of ore flow movement within the mining engineering system. 

The following computational tools were employed for data array processing in this study: the 

NumPy library for signal analysis and processing, including filtration and Fourier transform opera-

tions; specifically, the library's fftfreq function was utilized, which returns the frequency array corre-

sponding to the indices of the array obtained from the Fast Fourier Transform (FFT) [17].  

The algorithm for generating the statistical distribution of mineral quality indicators within the 

rock mass was developed based on a reference dataset obtained from a dispatching automated system 

over a two-month period of operation at an iron ore enterprise conducting open-pit mining [18-20]. 

This resulted in a distribution (Fig.1) of the mineral quality indicators within the rock mass volume, 

representing 17 thousand excavator buckets [21, 22]. 

 The resulting distribution was randomly assigned to the blast holes of extraction blocks according 

to the zonal distribution model [23]. This approach enabled the identification of multiple blocks with 

distinct quality characteristics, while maintaining consistent zoning within each block. In other words, 

within a single extraction block, closely spaced blast holes could not exhibit quality variations ex-

ceeding a step equivalent to 10 bucket loads (to the left or right), thereby conforming to the original 

distribution (Fig.1). This methodology successfully simulated a process where each loaded truck main-

tains a consistent quality parameter value in its payload during processes 1 and 2, as defined by the 

quality-aware ore delivery chain typical of mining enterprises (Fig.2) [24-27]. Processes 3 and 4 were 

simulated straightforwardly, as they are linear in nature, except for the blending stage. During this stage, 

the entire stockpiled volume undergoes mixing due to standard mining practices involving loading by 

front-end loaders or excavators [28, 29]. 

For data analysis, an experiment comprising several scenarios was conducted: 

1. The Kotelnikov theorem was applied to the initial distribution (Fig.1), where the extraction unit is 

an excavator bucket. This scenario assumes the technical feasibility of monitoring the flow quality at 

Stage 4 (Fig.2) with a sampling frequency corresponding to each dispatched bucket. In this setup, the 
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blending process is disregarded, thereby simulating an ideal extraction and transportation process 

consisting of Stages 1, 2, and 4 (Fig.2).   

2. The Kotelnikov theorem was applied to the weighted average value of the initial distribution, 

with the blending volume set as one truckload. In this scenario, the truck's nominal capacity was 

conditionally set at 7 bucket loads, with blending performed over this volume. At Stage 4, the quality 

recording interval changes according to the blending volume – one truckload or a weighted average 

over 14 bucket loads. Similar to Scenario 1, the final configuration of this scenario comprises Stages 

1, 2, and 4 (Fig.2). 

3. The Kotelnikov theorem was applied to the weighted average value of the initial distribution, 

with the blending volume set to 3 trucks or 42 bucket loads. This scenario simulates the unloading of 

trucks into a receiving hopper under a cyclic-flow transport scheme. The theorem is applied at Stage 

4 during conveyor transport following the receiving hopper feeder (Fig.2). 

4. The Kotelnikov theorem was applied to the weighted average value of the initial distribution, 

with the blending volume defined by a transfer stockpile. In this scenario, the blending volume 

amounted to 10 trucks or 140 excavator buckets, simulating a small section of a transfer point. The 

theorem was applied similarly to the previous scenarios, with the recorded volume being a stockpile 

section, and the flow scheme comprises all four stages. 

It should be noted that considering larger blending volumes in subsequent scenarios is unneces-

sary, as most modern mining enterprises operate automated dispatching systems capable of dividing 

large-volume stockpiles into sections, effectively creating quality-based zoning. Furthermore, the 

point for reconstructing the original distribution from its discrete samples is the belt conveyor, which 

carries fragmented mineral raw material delivered by trucks of a specific volume. The primary ob-

jective of all scenarios is to compare the initial quality distribution with the newly obtained distribu-

tion derived via the Kotelnikov theorem and to draw conclusions regarding the theorem's applicability 

under different conditions. 

Prior to the experiment, a decision was made to analyze the performance of the Kotelnikov 

theorem against variations in the distribution magnitude of the mineral within the rock mass. From 

the reference dataset obtained from an operating iron ore deposit, it was determined that the mineral 

quality distribution coefficient is 498 a.u. (spread = 498). Subsequently, based on this sample, initial 

distributions with spread = 1000 and 2000 were generated, simulating complex-structured,  

disturbed blocks. Thus, this part of the experiment was conducted without considering the rock 

mass delivery technology, and the Kotelnikov theorem was applied in its classical form – for  

reconstructing the original signal. 

The Kolmogorov goodness-of-fit test was used as the metric to evaluate the conformity  

between the original distribution and the distribution obtained using the theorem. This method is 

widely used in practice as it is designed to test the hypothesis that a sample belongs to a specific 

distribution law, i.e., to assess the correspondence between an empirical distribution and a pre-

sumed model. 

Results 

Figure 3 shows the results of reconstructing the initial distribution according to the described 

methodology (Stage 1) for different initial quality distribution values – 498, 1000, and 2000. 

The performance of the Kotelnikov theorem under ideal mining conditions is deemed acceptable, 

as the original distributions were reconstructed with sufficient accuracy; the corresponding evaluation 

metrics are presented in Table 1. 

Interpreting the obtained results leads to an expected conclusion: the higher the initial spread 

value, the lower the sampling interval should be. For a spread of 498, the interval should be 104.95 s, 

meaning that for such a distribution, every 105th bucket must be sampled to achieve convergence, 

where the KS Statistic approaches zero and the P-value approaches one. For spreads of 1000 and 

2000, it is necessary to sample every 43rd and 19th bucket, respectively. 
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However, the considered ideal scenario is unat-

tainable in real production conditions due to nu-

merous constraints and uncertainties. A key factor 

among these is the blending of the mineral material 

that occurs in truck beds and at transfer blending 

stockpiles. To assess the degree of influence of the 

blending volume on the performance of the Kotelni-

kov theorem, situations were modeled where rock 

mass transportation involves blending of the con-

veyed raw material in volumes equivalent to 1, 3, 

and 10 trucks (Fig.4). 

Based on Fig.4, it can be concluded that the performance of the Kotelnikov theorem in recon-

structing the original distribution deteriorates as the blending volume increases. For instance, in the 

case of blending at the transfer point (Fig.4, e, f), the theorem only identifies the general trend [29]. 

Reconstructing the original distribution requires a more substantial sample size, as indicated by 

Table 2. 
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Distribution 

(spread) 

Kolmogorov – Smirnov test Sampling  

interval, s KS Statistic P-value 

498 0.0055 0.9999 104.950 

1000 0.0076 0.9768 43.256 

2000 0.0029 0.9999 19.329 

 

Table 1  
 

Accuracy of distribution  

reconstruction via Kotelnikov theorem  

under different spread values 

 

 Fig.3. Original (a, c, e) and Kotelnikov theorem-reconstructed (b, d, f) distributions  

for spread = 498, 1000, and 2000 
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A comparison presented in Table 2 
demonstrates that for cases involving a fixed 
volume (e.g., a block or stope), the Kotelnikov 
theorem cannot be universally applied across all 
blending volumes. This limitation is most evident 
with the 10-truckload blending scenario, where the 
fidelity of the original distribution reconstruction 
is notably low [6]. 

The obtained results indicate that applying the 
Kotelnikov theorem without a thorough assessment 
of the mineral resource base quality is impractical. Training models and constructing high-quality fore-
casts for extracted raw material quality requires a substantial volume of statistical data, which must be 
collected from the mining engineering system through the implementation of digital solutions [30, 31]. 
Modern IT tools for data archiving and rapid retrieval significantly reduce the requirements for data storage 
media, thereby lowering the cost of maintaining large information volumes for subsequent analysis. 

A series of comparative experiments was performed to assess how mineral characteristics influence 
the requisite data volume. These experiments demonstrate how the spread parameter affects the sam-
pling interval and what data volume needs to be collected to achieve a specific KS Statistic under 
different blending schemes. For this experiment, a KS Statistic value of 0.07 was selected as indicative of 
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 Fig.4. Original (a, c, e) and Kotelnikov theorem-reconstructed (b, d, f) distributions  
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a highly variable distribution (see Fig.3). It should  
be noted that the target KS Statistic can be set to any 
value and is contingent upon the specific conditions 
and requirements of the mining enterprise. For in-
stance, this metric is influenced to varying degrees 
by factors such as: truck payload capacity and fleet 
size, the productivity of the mining complex, the 
method of mineral raw material delivery, the distri-
bution of minerals within the rock mass, the structure 
of extraction blocks, and the processing flowsheet of 
the beneficiation plant, among others. Figure 5 illus-
trates the variation in sampling frequency as a 
function of the changing spread parameter.  

Figure 5 demonstrates an inverse relationship 

between the spread parameter and the required sam-

pling frequency, with frequency stabilizing into a plateau beyond the threshold of spread = 1700. This 

plateau indicates that at high spread values, the informational contribution of each subsequent data point 

diminishes. The resulting lower sampling rate produces a trend line that is less sensitive to local variations.  
To determine the data volume required to achieve a KS Statistic of 0.07 under different blending 

schemes, graphical analyses were constructed for blending volumes of 10 and 100 trucks. This sub-
stantial difference in scale was selected to clearly demonstrate the influence of the blending volume 
on the requisite size of the initial dataset. 

Figure 6 demonstrates that, despite substantial blending volumes, a requisite minimum volume 
of initial data can always be identified for model training. Specifically, to achieve a KS Statistic of 
0.07 with a blending volume of 10 trucks requires 50,820 excavator buckets, while a volume of  
100 trucks necessitates 203,280 buckets. This is equivalent to 4.5 and 18 months of enterprise 
operation (based on a single excavator's workload) for each quarry section type, characterized by the 
specific quality distribution within the rock mass. 
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However, it is important to note that the nu-

merical values obtained are valid only for the initial 

sample presented in Fig.6. Any modification of the 

source data could fundamentally alter the relation-

ships illustrated in Fig.7.  

To develop a high-fidelity model based on the 

Kotelnikov theorem for a rock mass delivery chain 

involving, for instance, a blending volume of 100 

trucks, the required operational statistics range from 

0.17 to 0.6 million bucket loads, equivalent to 16 to 

52 months of continuous excavator operation [32-34]. 

This considerable variation is primarily governed 

by the value of the mineral's quality distribution 

coefficient. 

Conclusion 
Based on the conducted research following the outlined methodology, it has been established 

that the Kotelnikov theorem can be applied to determine the minimum batch size of transported mineral 

raw material, taking into account the productivity of technological equipment – specifically, the sam-

pling frequency for recording quality parameters during rock mass transportation. Another significant 

outcome of applying the Kotelnikov theorem is the justification of the minimum required data volume 

necessary to describe each technological process within the mining engineering system. This infor-

mation allows for the unambiguous determination of the requisite data collection frequency for  

various processes during the implementation of automation systems. 

It was determined that the minimum data volume and the frequency of their recording and blending 

depend on the quality distribution of the mineral raw material in the original natural deposit, the 

structural features of the blocks, and the requirements set for the final product. 

Data recording and collection must be performed for each technological process according to the 

rate of change of the structural properties of the mineral raw material within its boundaries. For in-

stance, for the rock mass storage stage, quality and quantity indicators should be recorded at the 

moment of shipment or when the stockpile is being filled. 
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