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ABSTRACT 

  Due to the existing complicated features and huge scales of operation in open-pit 

mining sites, the in-pit crushing and conveying (IPCC) system is more efficient compared to 

the combination of truck and shovel technology [6]. Mine depth or scale expansion leads to an 

increase in the conveyance distance [6]. Hence, the performance of trucks rapidly reduces as 

haulage distance increases [6]. The studied copper mine has ambitions to switch from a 

conventional truck and shovel system to the IPCC system and on the first stage implemented 

the in-pit crushing (IPC) system. However, several risks associated with truck dumping delays 

and therefore the IPC productivity loss have been identified. The aim of this study is to produce 

risk estimation of the in-pit crushing (IPC) system installed at the operational copper open pit 

in Kazakhstan. As a part of the risk estimation process, stochastic dynamic modelling 

methodology to examine how an IPC system will behave in the presence of ambiguous causes 

of delays to predict the system productivity over time has been used.  The model analyzed for 

the real case all data from which a best-case scenario has been proposed. For the model input 

parameters, the time-tracking study of the in-pit crusher productivity and trucks haulage and 

dumping cycle has been produced. The time between truck arrivals, the dump time per truck, 

the spot time per truck, the tons per truck, the bin limit for full dumping, and the crushing rate 

were taken as basic input parameters.  For simulation a Poisson distribution is used for the time 

between arrivals, a Triangle distribution - for the dump time per truck, the spot time per truck 

and the crushing rate, a PERT distribution - for the tons per truck. Only the bin limit for full 

dumping assumed a fixed value for this stage of simulation. By incorporating the dependencies 

between the variables into the Monte Carlo simulation, the probability of the values was 

evaluated using stochastic variables. As a result, for the real case, tons dumped per hour varied 

from 1740 to 1975, number of truck arrivals per hour ranged from 30 to 32, number truck 

dumped per hour ranged from 14 to 16, delay time per truck at the crusher varied between 52 

and 69 minutes. The best-case scenario uses the quickest the dump time per truck and the spot 

time per truck. Thus, the best case has 3475 to 3600 tons dumped per hour, 30 to 32 trucks 

arriving per hour, and 28 to 29 trucks dumped per hour with the delay time per truck at the 

crusher 2.4 and 5.5 minutes. The developed model considered queuing issues at the in-pit 

crusher and can be used to analyze the impact of changing the bin size by changing the limits 

for full dumping and the crushing rate. The model is able to forecast the IPC system's future 

states and calculate the probability of various outcomes.  
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1. INTRODUCTION  

1.1 Background 

This Bachelor Thesis work includes introduction section with problem statement, 

research objectives, hypothesis, and justification of research and scope of work. As well as 

sections on literature review, research methodologies, results, discussions, conclusions and 

recommendations. Overall, the study analyse risks associated with queuing issues using in-pit 

crusher together with trucks and shovels.    

 Demand for natural resources increases despite the fact of the world turning to green 

resources. Therefore, the mining industry is still in high demand. Over 90% of the world's 

mining is done in open pits (Hartman & Mutmansky, 2002). Open pits mostly rely on trucks as 

their main source of transportation, or in other words, a haulage system. Dump trucks are mainly 

used for hauling and transporting the mined ore or waste material from the open pit to further 

destinations.  

Truck and shovel haulage method is a well-known and mostly used method among 

many mines for daily operations. These daily operations include hauling ore and waste outside 

of the pit to crushers, stockpiles, or the waste dump, depending on the purpose. Negring et al. 

(2018) also says that trucks are considered to be the main equipment in the mine and are used 

for transporting overburden, minerals and rock material to stockpiles or the dump site. The main 

advantage of the truck haulage system is the mobility as it can travel long distances. However, 

there are some limitations to this method such as high energy consumption, large labor 

requirements, and intense water demand. Moreover, as Nehring et al. (2018) states, truck 

haulage can also cause high safety risks for the labor and impact the environment due to high 

production of dust and noise. Abbaspour and Drebenstedt (2019) in their research mention that 

even though one of the most significant sources of environmental problems in mining projects 

is the transportation system, choosing the most environmentally friendly transportation system 

is important for the mine planners. Moreover, according to their studies The FMIPCC system 

achieved the greatest environmental index in all environmental parameters, which may be 

attributed to the absence of trucks, which are the major drivers of emissions, particulate matter, 

and water usage (Abbaspour & Drebenstedt, 2019). 

Nowadays, one of the most important goals of a mine production is to increase the 

productivity and decrease the costs (Nehring et al., 2018). As the number of resources decreases 
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and the demand for them increases, the need for more productive systems is in high demand. 

That is how the modern mining equipment becomes more and more efficient with dump trucks 

being able to haul up to 450 tons at once. Unfortunately, larger dump trucks with higher 

efficiency also bring a vast number of drawbacks such as cost ineffectiveness due to high energy 

consumption and serious ecological hazards. Such an example can be a case study from Sahoo 

et al. (2014) paper where in an Indian mine, the dump trucks consumed over 60% of the total 

diesel usage in the mine. Moreover, according to Purhamadani et al. (2021) dump trucks mostly 

contribute to production of greenhouse emissions, noises, and the dust. With the current trends 

towards the more sustainable development of the mining industry, the need for more efficient 

technologies has arrived.  

Purhamadani et al. (2021) states that mines will continue to grow larger in size and 

depth, but the grade of the minerals will only decrease. This means that the distances between 

the pit and crushers, waste dumps, or stockpiles increase. Therefore, with the increased haulage 

distances, the increase of truck fleet, as the most often used method of haulage, has to come. 

Purhamadani et al. (2021) mentions that with the decrease of mineral grade comes an increase 

of diesel usage in liters per ton of ore. And that, on the other hand, means an increase in energy 

consumption, noise effects, and dust production. Another problem related to IPCC is the Open 

Pit Mine Production Scheduling Problem (OPMPSP) because of the exceptional features of 

IPCC systems. IPCC requires more detailed optimization of the mine planning. Moreover, one 

of the largest problems to consider in this research would be the lack of information and 

particularly case studies on the topic of IPCC in Kazakhstan. Figure 1 is illustrating Bozshakol 

Mine Site where the in-pit crushing (IPC) system is used. The Bozshakol copper mine has 

ambitions to switch from a conventional truck and shovel system to the IPCC system and on 

the first stage implemented the IPC system. However, several risks associated with truck 

dumping delays and therefore the IPC productivity loss have been identified. 
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Figure 1. Illustration of Bozshakol Mine Site (KAZ Minerals, 2022) 

 

1.2 Objectives  

1.2.1 Aim of the study 

 The aim of this study is to produce risk estimation of the in-pit crushing (IPC) system 

installed at the Bozshakol operational copper mine in Kazakhstan.  

1.2.2 Objectives 

 For the objectives of this study the main goals were to collect primary data from the 

mine site, adapt simulation of risk modeling, build a dynamic stochastic model, receive the 

results of the simulation, analyze the results as well as interpret and validate the results.   

 Conduct literature review for the broad understanding of the topic 

 Perform mine site data collection and time-tracking study  

 Data analysis and preparation inputs for modelling  

 Produce dynamic stochastic model based on the analysed data 

 Create Best and Worst scenarios based on Real case data  

 Run the model with multiple iteration of Monte Carlo simulation 

 Interpret and analyse simulation results  
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 Provide Conclusions and Recommendations  

1.3 Hypotheses  

Modern researchers actively study an alternative haulage method - IPCC. IPCC stands 

for In-Pit Crushing and Conveying Systems. This is a relatively promising in terms of NPV 

method of haulage which consists of the crusher installed inside the pit and the conveyor which 

takes the ore to further locations. Samavati et al. (2020) explains that in IPCC, mobile crushing 

units are located right beside the excavator which then directly loads the ore to the crusher.  

After that the crushed ore is moved to the conveyor network where it transports to further 

destinations such as processing plants or the waste dump. So, IPCC acts as a substitute to 

traditional truck and shovel haulage. This method has several benefits starting from cost 

effectiveness, lower damage to the environment and higher operational efficiency. 

Despite the fact that IPCC is considered to be quite a recent innovation which is 

extensively studied, some of Kazakhstan’s open pit mines have already implemented this 

system in their work. Examples of such mines can be Koktaszhal Porphyry Copper, Vostochniy 

coal, Bogatyr coal, Kacharskoye iron ore. However, not much research has been done recently 

on the topic of local mines using IPCC systems. To develop investigations of implementation 

of IPC systems at Kazakhstan mines a case study on queuing issues at the in-pit crusher of 

Bozshakol open pit has been taken as a starting point. Stochastic dynamic risk model can 

consider risk of delays at the in-pit crusher and can be used to analyse the impact of changing 

the bin size by changing the limits for full dumping and the crushing rate. The model would be 

capable to forecast the IPC system's future states and calculate the probability of various 

outcomes. 

1.4 Justification of the R&D 

As most important goals of a mine production are to increase the productivity and 

decrease the costs by implementing more productive systems. However, trucks and shovels 

with high efficiency also bring a vast number of drawbacks such as cost ineffectiveness due to 

high energy consumption and serious ecological hazards. With the current trends towards the 

more sustainable development of the mining industry, the need for more efficient technologies 

has been raised.  
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This research is being conducted as the queuing problem of trucks in the mine sites remains one 

of the most common. With the mining sites getting larger and larger the problem will only 

increase, therefore the need for IPCC systems will increase.   

1.5 Scope of Work 

 In this study, broad literature review on the topic will be conducted, the primary data 

will be collected from Bozshakol mine site and on site time-tracking study for in-pit crusher 

productivity and trucks dumping cycle will be produced.   Monte Carlo simulation will be 

adapted, the dynamic stochastic modelling will be produced, the results of the simulation will 

be analysed and interpreted.   

2. LITERATURE REVIEW  

According to Osanloo & Paricheh (2019), due to the existing complicated features and 

huge scales of operation in open-pit mining sites, the IPCC system is more efficient compared 

to the combination of truck and shovel technology. Mine depth or scale expansion leads to an 

increase in the conveyance distance. Hence, the performance of trucks rapidly reduces as transit 

distance increases. In order to achieve the minimum mine production capacity, the number of 

trucks or other transporters in use needs to be increased (Osanloo & Paricheh, 2019). Overall, 

all of these factors raise transportation rates by more than 50% of the production costs, which 

reduces the affordability of trucks. Such incidents typically take place when the stripping ratio 

is raised, the project enters a new stage or an expansion phase, and the primary fleet of trucks 

reaches the end of its operational life. On other hand, these variables will increase the expenses 

of the project, and decrease its profitability as result it will affect the amount of mineral 

resources (Osanloo & Paricheh, 2019). The authors also imply that although the use of IPCC 

technologies in open-pit mining is indeed not a new system, over the past couple of decades 

there has been a significant increase in the number of research and applications that have looked 

at the IPCC system as a potential replacement for the conventional TS approach. Ritter in his 

thesis work (2016, as cited in Osanloo and Paricheh (2019)) conducted a survey and found that 

overall 447 in-pit crusher machines have been implemented since 1956. Figure 2 emphasizes 

the use of different types of IPCC systems.  
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Figure 2. In-pit crusher station distribution by region and type (Osanloo & Paricheh, 2019). 

IPCC systems have several advantages over traditional truck haulage methods. An 

example of such advantages can be the efficiency, long-term productivity, ecological benefits, 

decreased dust and noise production.  

The IPCC system is more cost-effective because of its large production rate (more than 

25 million tons annually), extended project lifespans (more than 20 years), and lengthy 

distances with considerable elevation changes (more than 10 km length or more than 25 minutes 

of truck cycle time), (Osanloo & Paricheh, 2019). Another advantage of IPCC according to the 

authors, is that the conveyors are used for hauling both ore and the waste.  

McCartney (2011, as cited in Nehring et al., 2018) in his research stated that there are 

several important factors that are needed to be considered in planning IPCC implementation 

into the open pit. These are such technical parameters as a) no more than 4 Mtpa of material 

movement, b) mine life over 10 years, c) less than quarter costs for electricity compared to 

diesel. Overall, all these parameters are crucial in maintaining Capital Expenditure (CAPEX) 

and cost effectiveness.  

IPCC is a safer alternative to the truck haulage system as it does not require the same 

number of labors. Nehring et al. (2018) states that some IPCC systems can require only 80 

workers, whereas only one truck in truck haulage will need a minimum of 7 workers.  

Usually, IPCC’s are implemented in the open pit with longer mine life as by this way it 

can overcome and prevail the operating costs of the project. Negring et al. (2018) states that 

IPCC is best used in the deep mines with low sinking ratios, so that one crusher can serve at the 

same location for more than 5 years.  
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Russel (2010) provided examples of implemented IPCC systems around the world: in 

the Baiyinhua coalfields of Inner Mongolia, there are three fully mobile IPCC systems with 

6,000 mt/h capacities for overburden and a 3,000 mt/h fully mobile IPCC system for coal; four 

5,600 m3/h semi-mobile RollSizer crushing plants handling coal and overburden, with spreader 

systems, installed at the Coilolar project in Turkey; four 4,250 mt/h semi-mobile crushing plants 

with gyratory crushers for gyratory crushers for iron ore are used in Australia, Bulgaria, and 

Australia. Two fully movable IPCC systems and a spreader are used in a waste rock handling 

system that can handle 7,000 mt/h of waste rock.  

Types of IPCC   

There are several types of IPCC systems. For example, Nehring et al. (2018) 

differentiates several types of in-pit conveyor systems: Semi-Mobile In-Pit Crushing and 

Conveying (SMIPCC) and Fully-Mobile In-Pit Crushing and Conveying (FMIPCC). Nehring 

et al. (2018) also mentioned that with the help of SMIPCC and FMIPCC the need for truck 

haulage during the steady state operation diminishes. Utley (2011, as cited in Paricheh & 

Osanloo, 2019) states that three categories of IPCC systems—fixed, semi-mobile, and fully 

mobile—are defined. However, Abbaspour et al. (2018) in their work mentions overall four 

types of conveyor systems: In-Pit Crushing and Conveying (FIPCC), Semi-Fixed In-Pit 

Crushing and Conveying (SFIPCC), Semi-Mobile In-Pit Crushing and Conveying (SMIPCC) 

and Fully Mobile In-Pit Crushing and Conveying (FMIPCC) systems. Moreover, they also 

mention that in all of these conveyor systems (FIPCC, SFIPCC, and SMIPCC) the conveyor 

belts move crushed material away from the pit.  

Opportunities of IPCC Systems 

Ecological opportunities 

Talking about ecological advantages of IPCC, Negring et al. (2018) gives an example 

of IPCC usually being operated by electrical energy rather than diesel compared to conventional 

truck haulage. Therefore, it can be said that this mining method is considered to be more 

ecologically safe in comparison to truck and shovel haulage systems. Nehring et al. (2018) 

mentions that because future mines will get deeper, the haulage distance and consequently the 

fuel usage will also increase. This will lead to higher noise, CO2 and dust emissions, which, in 

its turn, will cause a much more visible environmental footprint. Moreover, according to 

Negring et al. (2018), traditional truck haulage is highly affected by high Operating Expenditure 

(OPEX) as one of the main cost effectiveness determining factors. In addition, according to 
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Nehring et al. (2018), one of the most important factors comprising IPCC’s efficiency is that 

conveyors receive 81% of the consumed energy for hauling the payload, whereas traditional 

trucks get only 39%. Moreover, because of that, the Operating Expenditure of IPCC can 

constitute only a third part of the truck shovel (Nehring et al. 2018).  

Overall, most researchers believe that the IPCC systems may assist mining operations 

in making the most potential progress towards sustainable development.  

Safety 

Abbaspour et al. (2018) in their research compare traditional truck-shovel haulage with 

Fixed In-Pit Crushing and Conveying (FIPCC), Semi-Fixed In-Pit Crushing and Conveying 

(SFIPCC), Semi-Mobile In-Pit Crushing and Conveying (SMIPCC) and Fully Mobile In-Pit 

Crushing and Conveying (FMIPCC) systems. They used safety and social indexes as the 

indicators of meeting the safety and social criteria for the mines. Abbaspour et al. (2018) used 

a statistical approach by trying to connect such factors as accidents, injuries, and casualties by 

trying to develop relationships between them and other factors.  

IPCC can be considered a safer option of haulage due to high automation compared to 

the high maintenance trucks haulage systems. However, Abbaspour et al. (2018) stated that 

conveyor belts have unsafe potential. Kecojevic et al. (2008, as cited in Abbaspour et al., 2018) 

developed risk determining technique of using conveyor belts and the ways it can cause 

fatalities or injuries. For that Preliminary Hazard Assessment (PHA) was used as a method of 

quantifying the risk. In order to compound their model, Abbaspour et al. (2018) took into 

consideration such indicators as average truck speed, traffic flow, traffic density, training, lost 

time injury rate, and number of conveyors sets as the leading factors affecting safety on the 

mining site.   

Case Studies 

Abbaspour et al. (2018) mentions that there are several risks particularly associated with 

moving parts of the conveyor belt. Mine Safety and Health Administration (United States 

Department of Labor, 2018, as cited in Abbaspour et al., 2018) provided reports starting from 

1995 until 2015, where it is mentioned that 31 out of 65 accidents were related to moving parts 

of the conveyor belt. This shows that the moving part of the conveyor belt plays a large role in 

causing different types of accidents. Abbaspour et al. (2018) made a model on a hypothetical 

example of a copper deposit. The authors conducted a simulation based on calculated mine life 
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and production tonnage as 32.5 years and 21.54 million tonnes per year respectively. Abbaspour 

et al. (2018) received a model of the safety index of five transportation systems including 

traditional truck-shovel and different conveyor belt systems (Figure 3): 

 

Figure 3. Safety index of five transportation systems (Abbaspour et al., 2018) 

As was mentioned previously, safety index here includes different types of haulage 

systems (Abbaspour et al., 2018). According to the author, Figure 3 shows the compiled model 

of the safety index where the Fully Mobile In-Pit Crushing and Conveying system has shown 

the highest results throughout the whole mine life. It means that FMIPCC can be considered as 

the most safe system compared to others. This method also does not require much labor and is 

more automated. Overall, according to the results of Abbaspour et al. (2018), FMIPCC has 

shown the highest safety index, while SMIPCC has shown the lowest using a system dynamic 

model.  

 Moreover, Osanloo and Paricheh (2019) in their literature review said that placing the 

primary crusher inside the pit maintains the average truck transport distance at around one 

kilometer inside the pit. Consequently, there will be seven fewer trucks overall, or 27 units, 

each operated and maintained by at least 5 people. Having fewer vehicles in open pit mines 

could also result in fewer accidents (Osanloo & Paricheh, 2019). As cited in Osanloo and 

Paricheh (2019), Banda (2016) mentions that in the South African iron mine Sishen almost 90% 

of fatal accidents were due to truck activities.  
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Figure 4. Energy efficiency of different classes of high-way trucks (Osanloo & Paricheh, 2019). 

 Figure 4 shows that the gross weight of trucks demonstrates that this ratio ranges from 

1.3 to 1.8 (Osanloo & Paricheh, 2019). As authors suggest, it means that only 40% of the energy 

used by a truck cycle is used to shift the payload; the other 60% is used to move the weight of 

the truck itself. However, when talking about the conveyors, less than half of the total weight 

of the material is carried by the top and lower portions of the conveyor for each meter of its 

length. In other words, the energy used to move the material is greater than 70%, while the 

energy lost is lower than 30% (Osanloo & Paricheh, 2019).  

 Osanloo and Paricheh (2019) mentioned the work of Norgate and Haque (2013), where 

they state that the energy required by the IPCC system was 818 MJ/t ore compared to 1024 

MJ/t ore for the TS system (Figure 5), according to a life cycle analysis of two IPCC and TS 

systems. In contrast to the TS system, which has a carbon footprint of 70 kg CO2 equivalent 

per tonne of ore, the IPCC system has a footprint of 67 kg CO2e/t ore, a reduction of 3 kg 

CO2e/t ore (Norgate & Haque, 2013, as cited in Osanloo and Paricheh, 2019).  
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Figure 5. Consumed energy and greenhouse gas emissions of IPCC and TS transport modes, (a) energy 

consumption, (b) greenhouse gas emission (Norgate & Haque, 2013, as cited in Osanloo and Paricheh, 2019). 

 Regarding the situation in Kazakhstan, it is known that several mining sites have been 

using the IPCC systems already, however little to no data was found regarding the 

implementation of these systems, their productivity, or their potential outcomes.  

 On the other hand, the study of Sapakov & Kulniyaz (2015) has shown that Aktogay 

open pit, currently operated by KAZ Minerals LLP, was considering implementing IPCC 

systems. According to the authors research, Aktogay is planning to reach their productivity to 

50 million tons of ore per year, while the pit depth will reach over 700 m. Sapakov & Kulniyaz 

(2015) suggest implementing IPCC systems as a way to increase the productivity and decrease 

the costs on truck haulage due to increase in the depth of the pit and, therefore, vast increase in 

the haulage distance. With the dip angle of 16-18º, IPCC would reduce the cost of transporting 

rock mass by 30-40% and increase the labor productivity by 1.4-2 times (Sapakov & Kulniyaz, 

2015). The authors also mention that their studies have found that the longer the life of the 

quarry, the lower the operating costs of conveyor transport. Studies have shown that the specific 

energy consumption of the IPCC quarries is 14-16 % lower compared to the cyclic technology. 

This is very important in conditions of instability and constant increase in prices for energy 

resources. The distribution of energy consumption by the main technological processes of IPCC 

is on average: transportation of rock mass - 75-80 %, crushing - 8-10 %, excavation - 16-18 % 

(Sapakov & Kulniyaz, 2015).  
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Potential risks and limitations of IPCC Systems 

Optimization limitations of IPCC 

 The biggest deterrents to deploying the system are high capital expenditure, ore-body 

characteristics, mine planning, and operational dependability (Osanloo & Paricheh, 2019). 

Therefore, more in depth research must be done on the planning and optimization.  

Negring et al. (2018) discusses potential risks associated with Ultimate Pit Limit 

optimization being used mostly for truck haulage systems and not for the conveyor systems. 

Osanloo and Paricheh (2019) also mention in their research that optimization continues to be 

one of the most difficult aspects of implementing IPCC in the open pits.  

 Samavati et al. (2020) mentions that nowadays due to increase of the interest in IPCC 

systems, the problem of lack of sequencing constraints in the production scheduling and 

optimization of this process. He explains how optimization is mostly taking into consideration 

truck haulage systems, while neglecting the IPCC systems which gain more recognition among 

worldwide mines. In their research Samavati et al. (2020) tried to present a new integer 

programming model for production scheduling. Their programming formulation was aimed at 

moderating the Open Pit Mine Production Scheduling Problem (OPMPSP). They called it 

OPMPSP-IPCC referring to the specific case of IPCC systems. In order to comprehend IPCC 

systems, Samavati et al. (2020) had to add additional constraints and variables in their 

algorithm. According to Samavati et al. (2020) this OPMPSP-IPCC is used for creating a 

network of conveyors inside the deposit and regulating material extraction movement. These 

extra limitations make the already complicated large scale OPMPSP even more complicated 

(Samavati et al., 2020). However, with their algorithm optimization process computation would 

decrease to only 1442 s. 

 Paricheh and Osanloo (2019) in their research mention that the issue of design and 

planning is linked to two additional open-pit mining issues, namely truck fleet replacement 

planning and OPMPS. To simultaneously provide the best solutions, these issues were merged 

into a single optimization model by the authors. The newly designed MILP model's (M1) 

practical performance was then assessed by contrasting it with two other models (M2 and M3) 

that do not include IPCC planning (Paricheh & Osanloo, 2019). The second model takes into 

account fleet sizing in line with OPMPS, whilst the third model is a traditional OPMPS model. 

Paricheh and Osanloo (2019) also state that by maximizing the system application time, the 

crusher site and relocation plan, and the ideal number of ex-pit or in-pit crushers, the 
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computational results demonstrated that the suggested model could successfully address the 

IPCC planning issue. In this approach, the IPCC planning also optimized the extraction 

sequences, material destinations, and truck fleet size (Paricheh & Osanloo, 2019). The total 

cash flows of the cases and their NPVs were likewise improved when compared to the 

traditional model, by $28.5 million and $23.8 million, respectively, and 3.3% and 2.4%, 

respectively (Paricheh & Osanloo, 2019). 

 Osanloo and Paricheh (2019) in their literature review describe several potential 

problems of IPCC systems related to the planning process. The authors state that given that 

transportation costs make up about half of mining expenses, even a little adjustment in those 

costs can have a significant impact on block value. An increase in block value is strongly 

correlated with a decrease in transportation costs. The primary crusher is moved within the pit 

solely to cut down on hauling expenses (Osanloo & Paricheh, 2019). 

 Block extraction sequences vary beyond a doubt when block values are changed. Authors also 

mention that the ore block that is situated nearer to the in-pit crusher generally has a higher 

value when two ore blocks with the same metal content are compared. As a result, it would 

have a higher extraction priority. On the other hand, the profit made from altering the 

transportation infrastructure could have a visible effect on how far the ultimate pit limit can be 

extended (Osanloo & Paricheh, 2019). Overall, according to Osanloo and Paricheh (2019), both 

of these IPCC issues include time and place variables. One involves the time and place of block 

extraction and the other involves the time and place of the system installation. 

 Another research of Bernardi et al. (2020) was studying the problem of optimization of 

IPCC systems. They proposed that the changes to the number of haul trucks needed and the 

intervals at which they were added to the fleet were made as part of the optimization, which 

resulted in increased NPV for each configuration (Bernardi et al., 2020). Bernardi et al. (2020) 

describe the technique that enables rapid and easy comparison of suggested and implemented 

materials handling systems, as demonstrated by the iterative optimization of the proposed 

systems using DES and Process Analyzer. The suggested systems analysis technique has the 

potential to be used repeatedly to emphasize the advantages and disadvantages of different mine 

designs, with the possibility to test several ideas for relatively little money and effort (Bernardi 

et al., 2020). As a result, the objective of developing a technique to enhance accessibility and 

practicality of testing IPCC systems in massive mining operations has been realized (Bernardi 

et al., 2020). 
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 Moreover, because of the linear bench and flat floor limitations placed by conveyor 

systems, fully mobile in-pit crushing and conveying systems have different pit form 

requirements than conventional truck haulage systems (Hay et al., 2019). Moreover, Hay et al. 

(2019) state that since the ultimate pit limit primarily determines the form of a pit, it is 

preferable to consider the extra shape requirements of fully mobile in-pit crushing and 

conveying systems in the process of determining the final pit limit. Overall, the authors imply 

that as the more restricted scheduling of FMIPCC options has a more detrimental effect on 

NPVs than conventional scheduling, it is crucial to schedule each FMIPCC option for a deposit 

(Hay et al., 2019).  

General risks associated with IPCC 

Overall, there are more risks associated with IPCC systems rather than optimization 

problems. Pekol (2019) described potential risks associated with conveyor systems in his work. 

He mentioned that the most critical risk factors are determined to be those relating to the 

environment, financial considerations, upkeep, safety, repair, availability, offer, geology, and 

reliability. Throughout the reading of relevant literature and brainstorming, 99 dangers were 

found (Pekol, 2019). He developed a check-list of potential risks (Figure 6). However, it is vital 

to mention that these risks may not apply directly to IPCC, but more to the general open pit 

operations. Pekol (2019) also mentioned that because fully mobile crushers are installed in fixed 

crushing stations that are placed in the same location and left there for a number of years, these 

crushers are made to move with the loading system. Therefore, fully mobile crushers (FMIPCC) 

require a greater workspace than stationary crushers, which must be taken into account (Pekol, 

2019). 

 

Figure 6. Risk checklist for open mining operations (Pekol, 2019). 
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Phill Morris (2008) in his works describes how it is necessary to determine the 

appropriate hours for each link in the IPCC "chain" and then consider how they interact in order 

to establish realistic estimates for the effective operating hours for an IPCC system as well as 

the hours that the system must run in order to achieve those effective hours (the Service Meter 

Unit or "SMU" factor). Moreover, the fact that there is no established method for obtaining or 

presenting this data in the mining industry. The "standard" nomenclature used by the majority 

of large mining corporations use reporting systems (like Modular Mining) to give data that 

serves as the foundation for calculations (Phill Morris, 2008). 

Another risk associated with IPCC is the problem of setting the correct parameters for 

steepness (dip angle) and the material chosen for the conveyors. According to this article, 

because high-performance conveyor belts transport bulk materials up the opencast mine's steep 

embankment and out of the mine by receiving primary crushed ore or rock overburden from an 

upstream primary crusher at the mine's base (Minkin et al., 2018). In this study, Minkin et al. 

(2018) were investigating the material behavior inside the conventional Mega-Pipe belt and the 

Deep Through belt. In their study they found the optimum parameters for the conveyors in this 

case: directly following a primary crusher in up to 1000 m-deep open pit mines with slope 

angles of up to 30°, a system with the up to 3200 mm wide and up to 10,000 N/mm strong deep 

trough chevron-belt can achieve volume flows of up to 12,000 m3/h or an annual conveying 

capacity of about 100 million m3 per year (8,322 h) (Minkin et al., 2018). 

Another potential issue is choosing the location of the conveyor system, as it is known 

they are mostly static for a long period of time. Paricheh and Osanloo (2019d) in their research 

introduce a new search method for selecting the candidates with the lowest opportunity cost 

and most usability. In order to group the blocks that are located in the same azimuth domains, 

pushbacks, and benches, a new clustering method was also devised (Paricheh & Osanloo, 

2019d). The algorithm looks for the best options while taking into account a number of general 

and specialized rules among the aggregated blocks included inside the eventual pit limit 

(Paricheh & Osanloo, 2019d). 

Economical perspective  

One if not the most important factor in considering a mining project is the economical 

perspective, as cost effectiveness continues to be the primary factor of deciding whether the 

project is valuable or not. Therefore, this perspective will be discussed in this section based on 

the case studies and current research implementations.  
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According to Turnbull and Cooper (2010), conveying presents a desirable option for the 

difficult times ahead and into the ostensibly energy-depleted future since it uses energy 

significantly more efficiently than vehicles do and has lower operational expenses per ton 

transported. When Sandvik and Snowden compared IPCC with truck-optimized pit designs in 

13 of their 15 experiments, they found that IPCC produced operating savings of between $0.18 

and $0.82 per ton moved (Turnbull & Cooper, 2010). 

Osanloo and Paricheh (2019) in their work describe how the previous studies (Dean et 

al., 2015) defined the economical comparison of these two systems (IPCC and Truck-Shovel) 

by consideration of technical safety and environmental factors. The following Figure 7 

illustrates the net present value (NPV) of the two systems over the lifetime of the mine.  

 

Figure 7. Typical economic comparison of TS and IPCC systems (Osanloo & Paricheh, 2019). 

Taking into account the necessity to replace the trucks as they become worn out, it is 

important to emphasize that the conveyor system has a lower initial investment cost over the 

mine's operational lifetime, while the machine's expected lifetime also impacts profitability and 

depreciation charges. On the other hand, as the mining operation develops, the transport length 

increases, and as a result, it increases the cost of transportation for both the truck and the 

conveyor. However, compared to truck haulage, conveyor transportation does not respond as 

significantly to an expansion in the mobility path.  

 However, despite the general thinking about the high CAPEX of these systems, they 

impose much lower OPEX to the project (Abbaspour & Drebenstedt, 2019b). Moreover, 

Abbaspour & Drebenstedt’s (2019b) research have shown that the FMIPCC method has a 
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higher economic index for the remaining five years of the mine's life, but the Truck-Shovel 

system is preferred for the first five years of the project. Additionally, it was demonstrated 

that choosing the optimal transportation system based solely on the capital or operating costs 

might be detrimental. In this study, Truck-Shovel and FMIPCC had the lowest capital and 

running expenses, respectively (Abbaspour & Drebenstedt, 2019b). 

The trucking system's operating costs (OC) are driven upward by rising costs per ton of 

amortization, infrastructure maintenance, gasoline, and tires, which results in a reduction in 

cash flow. Figure 6 illustrates that beyond a period of three to seven years, the NPV of the IPCC 

system will approach that of a conventional truck system. The economic benefits of this 

technology will then rise to the optimum point for mining transportation activities and become 

more prevalent. Throughout that period, the two curves will be moving much farther apart and 

more rapidly. As shown in Figure 6, the NPV of the IPCC system is two times more than the 

truck system.   
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3. METHODOLOGY 

3.1 Mine Site Data collection 

  

 For this research work the data from KAZ Minerals’ open pit Bozshakol was collected 

that will be used for Risk Analysis. The data contained such parameters as both crushers’ 

dimensions, spotting and dumping (backing and tipping) time of the trucks, and actual data on 

the operation of the primary crusher.  

 Actual data on the operation of the primary crusher was collected and contained 

information about tonnage of the crushed ore (DMT), operating hours of the crusher, and tonnes 

per operating hours for the year of 2022 (starting from January 1st to December 19th 2022).  

 According to KAZ Minerals’ data, the maximum performance stated by the 

manufacturer of the crusher is 5100 tons per hour. However, the company does not use it to the 

full capacity as the capacity of the mill fluctuates between 3500 to 4000 tons per hour. As stated 

by KAZ Minerals’ chief engineer, the bin limit of the crusher for full dumping is 406 tons or 

242 m3 in volume.  

 Bozhsakol mine site has two in-pit crushers: South and North. The study utilize data 

from the South crusher. Figure 8 shows the South crusher’s dimensions where it can be seen 

that the height of the crusher is 10 meters.  

 Moreover, several assumptions must be made. Trucks conditions are assumed to be 

the same. Operators’ behavior and skills are also assumed to be the same.   
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Figure 8. South Crusher’s dimensions (KAZ Minerals, 2022). 

 According to the data provided by KAZ Minerals (2022), the truck fleet consists of 28 

dump trucks from Caterpillar 785 C/D with a maximum capacity of 140 tons. Figure 9 represent 

a dump truck model (Caterpillar 785 C/D Dump Truck, n.d.).  

 

Figure 9. Caterpillar 785 C/D dump truck (Caterpillar 785 C/D Dump Truck, n.d.) 

  For data analysis time-tracking study for in-pit crusher productivity and trucks 

dumping cycle for it has been produced. In addition, video-recorded materials from 

Bozhsakol mine site were used for confirmation of produced estimations. Shooting of trucks 

dumping in the crusher were looked at and observed in order to understand the arrival time 
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and the dump time of each truck. In Table 1, collected, interpreted and analysed data prepared 

for modelling with the probabilistic inputs.  

Table 1. Data prepared for modelling with the probabilistic inputs  

 

3.2 Dynamic stochastic modelling 

 As part of the methodology, risk estimation methods is conducted. There are several 

types of risk analysis methodologies: Qualitative Methods, Quantitative Methods, and Semi-

quantitative Methods. In the scope of this research, Quantitative risk analysis methods will be 

used. A mathematical approach called stochastic dynamic modeling is used to examine and 

project how complex systems will behave in the presence of random or ambiguous causes. This 

kind of modeling is frequently used to predict the behavior of systems over time. Stochastic 

dynamic models are defined by the incorporation of random variables and the evolution of those 

variables across time. These models are frequently employed to forecast system future states 

and calculate the probability of various outcomes. 

 Research about stochastic dynamic models presume that decisions are based on the 

accumulation in continuous time of noisy, time-varying sensory information (Smith, 2001c). 

These models of decision-making are used in simple perceptual and cognitive tasks. Stochastic 

differential equations are used to mathematically depict the dynamics of information 

accumulation in these models (Smith, 2001c). 

 For the experimental work of this research, Palisade @Risk software was used. The 

software is based on Excel and acts as an extension for it which allows it to perform different 

estimates of the risk analysis.  
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 In this research, Monte Carlo simulation used in order to run dynamically stochastic 

model. In this simulation, a random value is given to the unknown variable in a Monte Carlo 

simulation. After that, the model is used to produce a result. It then will be repeated multiple 

times using different random variables in order to achieve the higher accuracy of the outcome. 

Important to mention, that as Stochastic Modeling uses random variables, the repeatability will 

only increase the randomness.  

 For the Monte Carlo Simulation random variables are used in the sample. Moreover, 

Monte Carlo is a simulation technique that computes the outcomes using statistical analysis and 

many times repeated random sampling. This simulation technique is quite similar to random 

tests, in which the precise outcome is initially unknown. In other words, as Raychaudhuri 

(2008) calls this technique “what-if” analysis as the main purpose of the model to predict as 

many results as possible. Since the values of these input parameters are their most likely values, 

a deterministic model that ignores these variances is frequently referred to as a base or real case. 

The risks related to diverse input factors should be included in an efficient model. Therefore, 

an effective model must include three scenarios: Real, Worst, and Base Cases as an initial 

version of the model. As a result, mathematical model produced will show the result for output 

of each case which will show a more realistic and critical approach to a problem. According to 

the study of Raychaudhuri (2008) for each of the input parameters, we find a statistical 

distribution in Monte Carlo simulation that we can use as the source. The values of the input 

variables are then represented by random samples that were taken from each distribution. A set 

of output parameters is obtained for each set of input parameters. Each output parameter's value 

corresponds to a certain simulation outcome scenario.  

 As Raychaudhuri in his research suggests (2008), in order to build Monte Carlo 

simulation, four main steps must be performed. First step is a Static Model Generation, or in 

other words a Deterministic Model, where the most real values are usually used in order to 

receive the most realistic scenario (base case). Second step is an Input Distribution 

Identification where from deterministic, the model must become stochastic to fulfill the realness 

of the risks. In this step the input variables' underlying distributions should be identified. Next 

step is a Random Variable Generation or in other words random samples. Here, the 

deterministic model will produce one set of output values by using one set of random integers, 

one for each of the input variables. Then, by producing additional random number sets, one for 

each input distribution, this procedure is repeated and gathers several sets of potential output 

values. Then, Analysis and Decision making, statistical analysis is performed in order to choose 
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the best version. As a last step, dynamic simulation is produced, meaning that the trucks in 

simulation are coming continuously without stop.  

 Raychaudhuri in his study (2008) presents several formulas used in the basic statistical 

analysis that was used in this study: Mean (1), Median (2), Standard Deviation (3), Variance 

(4), Coefficient of Variability (5), Minimum (6), Maximum (7), Range Width (8), and Mean 

Standard Error (9). All of these formulas are used in the Monte Carlo Simulation’s statistical 

analysis.   

𝑥̅ =
1

𝑛
∑ 𝑥𝑖𝑖   (1) 

Median is used in 50th percentile (2) 

𝑠 = √
1

𝑁−1
∑ (𝑥𝑖 − 𝑥̅)2

𝑖    (3) 

𝑠2 =
1

𝑁−1
∑ (𝑥𝑖 − 𝑥̅)2

𝑖   (4) 

𝐶𝑜𝑒𝑓𝑓. 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑠

𝑥̅
  (5) 

𝑥𝑚𝑖𝑛 = min 𝑥𝑖  (6) 

𝑥𝑚𝑎𝑥 = max 𝑥𝑖  (7) 

𝑅𝑎𝑛𝑔𝑒 𝑊𝑖𝑑𝑡ℎ = 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛    (8) 

𝑀𝑒𝑎𝑛 𝑆𝑡𝑑. 𝐸𝑟𝑟𝑜𝑟 =  
𝑠

√𝑛
  (9) 

 Several distributions were used in the inputs of the Monte Carlo such as Poisson 

distribution, PERT distribution and the triangle distribution.  

 In statistical analysis, the Poisson distribution is a probability distribution that is 

frequently used to simulate the occurrence of events. The predicted number of occurrences of 

the event of interest within a specific time or space interval is represented by the Poisson 

distribution's sole parameter, denoted as λ (lambda).  

 In statistical analysis, the Poisson distribution is a probability distribution that is 

frequently used to simulate the occurrence of events. The predicted number of occurrences of 

the event of interest within a specific time or space interval is represented by the Poisson 

distribution's sole parameter, denoted as λ (lambda). Given the predicted number, the 

probability mass function of the Poisson distribution calculates the likelihood of observing k 
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instances of the event during the interval (Ross, 2014). This probability mass function has the 

following formula (10):  

P(k; λ) = (e^(-λ) * λ^k) / k!       (10) 

where k is a non-negative integer, e is the mathematical constant, and k! denotes the factorial 

of k. (i.e., the product of all positive integers up to and including k). 

 The fact that the Poisson distribution's mean and variance are equal to λ is one of its key 

characteristics. This implies that as λ rises, the distribution's shape becomes increasingly 

symmetric around its mean. Also, when the number of trials is very large and the likelihood of 

success is very low, the Poisson distribution is frequently utilized as an approximation of the 

binomial distribution (Johnson et al., 1995). 

 In this study Poisson distribution will be used for time between truck arrivals. It is useful 

as Poisson allows dependencies.  

 According to Inouye et al. (2017), univariate count-valued data have been examined and 

modelled extensively using the Poisson distribution. Although they are much less common, 

multivariate versions of the Poisson distribution that allow for dependencies. Moreover, Inouye 

et al. (2017) in their article describe that using three different underlying assumptions, there are 

three basic methods for creating multivariate distributions generated from the Poisson 

distribution: the marginal distributions are obtained from the Poisson, the joint distribution is a 

combination of independent Poisson distributions, and the node-conditional distributions are 

derived from the Poisson.  

 Next distribution method used in the risk analysis of this research work is PERT. The 

time of a project or assignment can be estimated statistically using the Program Evaluation and 

Review Technique (PERT) distribution. It is a three-point estimation method that considers the 

most likely, worst-case, and best-case scenarios to establish the anticipated time for project or 

task completion.  

 The PERT distribution presupposes that the duration needed to finish a project or work 

follows a continuous probability distribution called the beta distribution, which has a range of 

values between 0 and 1 (Johnson, 1949). The PERT distribution considers the likelihood of the 

best-case scenario, worst-case scenario, and most likely scenario to produce a more precise 

estimate of the time needed to finish a project or activity. This gives an estimate range rather 

than a single point estimate, which can be useful for project planning and risk management. In 
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the case of this research work, worst case, regular case, and best-case scenarios were used. 

Moreover, PERT distribution was used in order to find tons per truck for the simulation.  

 The PERT distribution's formula is (11):  

f(x;a,b,c) = ((x-c)/(c-a)) * (1/(B(a,b) * (c-b))        (11) 

^((a+b)/2-1) ((a+b)/2) + (1+((x-c)/(c-a))) ^(-((a+b)/2)) 

where f(x;a,b,c) denotes the probability density function of the pert distribution for a given 

value of x, a, b, and c denote the four distribution parameters that stand for the smallest, most 

likely, and largest values of the uncertain time, respectively, and B(a,b) denotes the beta 

function (Pendharkar et al., 2005).  

 In this study PERT was used for tons per truck input as it is used for continuous 

probability.  

 Triangle distribution is another distribution method that was used in this research. The 

triangle distribution is a continuous probability distribution that is frequently used in statistics, 

notably in simulation studies. Its name refers to the probability distribution's triangular shape. 

Three factors—a, b, and c—are used to define the distribution. While a and b represent the 

lower and upper bounds, c represents the median, or most likely value. The triangular 

distribution's probability density function (PDF) is linear, with the mode showing the highest 

value. Since the area under the PDF curve is always equal to 1, it is symmetric about the mode. 

Because it allows for variation in the input parameters, the triangle distribution is usually 

applied in simulations. By utilizing the triangle distribution, it can be taken into consideration 

the ambiguity of the input parameters. Therefore, the decisions can be based on the likelihood 

of various outcomes in a more accurate way.  

 The formula for the triangular distribution (12) is:  

If x a, then f(x;a,b,c) = 2(x-a)/((b-a)(c-a); if x c, then f(x;a,b,c) = 2(b-x)/((b-a)(b-c); and if x > 

b, then f(x;a,b,c) = 0        (12) 

Where a is the lowest value, b is the highest value, and c is the distribution's mode (Kendall & 

Stuart, 1977).  

 Triangle distribution was used for determining dump and spot time per truck and the 

crushing rate in the scope of this work. It is needed for the even distribution with higher 

accuracy needed for simulation.  
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 The results of the simulation were produced in form of graphs using probability density 

and the normal distribution.  

 Probability density is a term used in probability theory to describe the likelihood that a 

random variable will take a particular value. It is a function, more specifically, that expresses 

the probability that a continuous random variable will take any particular value inside a given 

range.  

 The distribution of probabilities for a continuous random variable is described by a 

mathematical function called a probability density function (PDF). The likelihood that the 

random variable will take a value inside a given range is determined by the area under the curve 

within that range, which is how the PDF is defined. The probability density, or relative 

likelihood that a random variable will take any particular value within a range, is represented 

by the PDF's curve. 

 The normal distribution, also referred to as the Gaussian distribution, is a continuous 

probability distribution that is frequently utilized to model random variables that have a 

tendency to cluster around a central value, with the majority of observations falling close to that 

central value and fewer observations at extreme.  

 The mean and standard deviation of a normal distribution are two parameters that 

describe it. While the standard deviation indicates the distribution's spread, the mean represents 

the distribution's symmetrical tendency.  

 A bell-shaped curve with symmetry around the mean makes up the normal distribution's 

probability density function (PDF). The distribution's mean is shown by the curve's highest 

point, after which the curve gradually falls off in either direction. 

 Dynamic stochastic models involve multiple stage events for more complex operations 

often featuring queuing, limited resource and other issues. 

 Many dynamic models utilize the Poisson distribution. The Poisson distribution is a 

discrete probability distribution of the occurrence of independent events often expressed events 

per period of time or the fixed interval of time between these events. 

 Dynamic models provide to decision-makers data in the form of probabilities on the 

variability that can result from operations or support activities.  
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 The dynamic stochastic models can be utilized to test the results of applying alternatives 

to unacceptable circumstances to find an acceptable solution. 

 

4. RESULTS 

 Queuing issue at the in-pit crusher in the open pit mine has been solved with help of 

Dynamic Stochastic Modeling. Data has been analysed for three scenarios: Real, Best and 

Worst. For this time-tracking study for in-pit crusher productivity and trucks dumping cycle for 

it has been produced.   

4.1 Real Case Scenario 

 Real case has been produced on the database collected during long-term period and 

considered different situations of breakdowns related with weather conditions, repair works, 

maintenances etc. In the regular case time between arrivals, dump time per truck, spot time per 

truck, tons per truck, bin limit for full dumping, and crushing rate were taken as basic 

parameters of input.   

Table 2. Real Case Scenario parameters 

Parameters min mean max units Distribution 

Time between arrivals 120   sec Poisson 

Dump time per truck 0.6 1.2 2.2 minutes Triangle 

Spot time per truck 0.1 2.1 6.1 minutes Triangle 

Tons per truck 120 125 140 tons PERT 

Bin Limit for Full Dumping 400   tons Fixed 

Crushing rate 3 000 3 500 4 000 tons per hour Triangle 

 Table 2 shows the information regarding the parameters needed for the Palisade@Risk 

software simulation input.  

 Truck arrivals at the crusher fit a Poisson distribution with a value of 120 seconds 

between truck arrivals. The dump time per truck is a triangle distribution with values of 0.6, 1.2 

and 2.2 minutes respectively. Spot time per truck is also a triangle distribution with values of 

0.1, 2.1 and 6.1 minutes respectively. The truck payloads are a PERT distribution with values 

of 120, 125 and 140 tons. The bin ahead of the crusher has a capacity of 400 tons. The crushing 

rate is a triangle distribution with values of 3,000, 3,500 and 4,000 tons per hour. 
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 Desired outputs include tons dumped per hour, truck arrivals per hour, number of trucks 

dumped per hour and average delay time per truck at the crusher. 

Table 3. Real Case Outputs 

Tons dumped / hour 1867 tons 

Truck Arrival / hour 31 trucks 

Truck dumps / hour 15 trucks 

Delay / truck (minutes) 61 minutes 

 Table 3 shows the output results for the regular case. Tons dumped per hour was found 

to be 1867. Truck arrival rate was found to be approximately 31 trucks per hour. Hourly dump 

rate was estimated to be about 15 trucks. The average truck delay was approximately 61 

minutes.  

 Simulations on the model has been run for 1000 iterations.  

 

Figure 10. Overall tons dumped per hour in the real case 

 Figure 10 displays the dump rate per hour in tons for the real case. By incorporating the 

dependencies between the variables into the Monte Carlo simulation, the probability of the 

operational events occurring was evaluated using stochastic variables. The Y-axis in the 
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histogram shows the probability density. X-axis shows tons. As a result, overall tons dumped 

varied from 1736.7 to 1988 per hour with the probability of 90% occurrence. Mean value was 

found to be 1856.6 tons per hour with the standard deviation being 75 tons per hour. Normal 

distribution shows that the output achieved fits in the distribution. 

 

Figure 11. Truck arrival per hour in the real case 

 Figure 11 displays the truck arrival rate per hour in tons for the real case. The Y-axis in 

the histogram shows the probability density or the number of times the event has occurred in 

the simulation over the total number of trials. X-axis shows number of trucks arrived. As a 

result, the overall number of trucks arrived per hour ranged from 30.4 to 31.6 with the 

probability of 90% occurrence. Mean value was found to be 31 trucks per hour with the standard 

deviation being 0.37 trucks per hour. It is vital to mention that decimal numbers of trucks are 

taken as the method of statistic approach and in real life case number of trucks is measured as 

integer number.  
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Figure 12. Truck dumps per hour in the real case 

 Figure 12 displays the truck dump rate per hour in tons for the real case. The Y-axis in 

the histogram demonstrates the probability density or the number of times the event has 

occurred in the simulation over the total number of trials. As a result, the overall truck dumping 

rate per hour ranged from 13.9 to 15.9 with the probability of 90% occurrence. Mean value was 

found to be 14.9 truck dumps per hour with the standard deviation being 0.6 truck dumps per 

hour. 
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Figure 13. Delay per truck in the real case 

 Figure 13 displays the delay per truck in minutes for the regular case. The Y-axis in the 

histogram shows the probability density or the number of times the event has occurred in the 

simulation over the total number of trials. X-axis shows the number of trucks delayed. As a 

result, the overall time the trucks have been delayed for fluctuated between 50.8 and 69.3 

minutes with the probability of 90% occurrence. Mean value was found to be 59.9 minutes with 

the standard deviation being 5.6 minutes. 

 Analysis shows that based on the inputs a truck queue is formed inconsistently therefore 

parameters can be optimized. The truck arrivals are based on annual time-tracking study, and it 

is presented based on minimum and maximum values for Best and Worst scenarios.  

4.2 Worst Case Scenario 

Table 4. Worst Case Scenario parameters 

Parameters min mean max units Distribution 

Time between arrivals 120   sec Poisson 

Dump time per truck 1 1.5 2.2 minutes Triangle 

Spot time per truck 3.1 4.1 6.1 minutes Triangle 

Tons per truck 120 125 140 tons PERT 

Minutes 
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Bin Limit for Full Dumping 400   tons Fixed 

Crushing rate 3 000 3 500 4 000 tons per hour Triangle 

 Information about the parameters required for the @Risk Simulation input for the worst-

case scenario is provided in Table 4. Time between arrivals displays the number of seconds that 

pass between each truck's arrival. The input was a Poisson distribution with the value set to 120 

seconds. Triangle distribution was used to determine the amount of time required for each truck 

to deposit its load of ore into the crusher (dump time). The times were calculated as 1, 1.5, and 

2.2 minutes, respectively. Spot time was estimated in the same manner using Triangle 

distribution and was estimated to be 3.1, 4.1 and 6.1 minutes respectively. PERT distribution 

was used to estimate the tons per truck, which came out to be 120, 125, and 140 tons. Bin limit 

for full dumping is a fixed value of 400 tons as stated by the company. Crushing rate for the 

worst case was estimated using Triangle distribution and found to be 3000, 3500, and 4000 tons 

per hour. 

Table 5. Worst Case Outputs 

Tons dumped / hour 1273 tons 

Truck Arrival / hour 31 trucks 

Truck dumps / hour 10 trucks 

Delay / truck 

(minutes) 114 minutes 

 The output results for the worst-case scenario are displayed in Table 5. An estimated 

1273 tons were dumped each hour. The average number of trucks arriving each hour was found 

to be 31 trucks. Approximately 10 trucks were dumped every hour. And estimated delay per 

truck was equal to 114 minutes.  
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Figure 14. Overall tons dumped per hour in the worst case 

 Figure 14 displays the dump rate per hour in tons for the worst case. By incorporating 

the dependencies between the variables into the Monte Carlo simulation, the probability of the 

operational events occurring was evaluated using stochastic variables. The Y-axis in the 

histogram shows the probability density or the number of times the event has occurred in the 

simulation over the total number of trials. X-axis shows tons. As a result, overall tons dumped 

varied from 1237 to 1295.7 per hour with the probability of 90% occurrence. Mean value was 

found to be 1267 tons per hour with the standard deviation being 18.2 tons per hour. It can also 

be seen that the input goes out of the distribution slightly.  
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Figure 15. Truck arrival per hour in the worst case 

 Figure 15 displays the truck arrival rate per hour in tons for the worst case. The Y-axis 

in the histogram shows the probability density or the number of times the event has occurred in 

the simulation over the total number of trials. X-axis shows number of trucks arrived. As a 

result, the overall number of trucks arrived per hour ranged from 30.4 to 31.6 with the 

probability of 90% occurrence. Mean value was found to be 31 trucks per hour with the standard 

deviation being 0.38 trucks per hour. 
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Figure 16. Truck dumps per hour in the worst case 

 Figure 16 displays the truck dump rate per hour in tons for the worst case. The Y-axis 

in the histogram shows the probability density or the number of times the event has occurred in 

the simulation over the total number of trials. As a result, the overall truck dumping rate per 

hour ranged from 9.9 to 10.4 with the probability of 90% occurrence. Mean value was found to 

be 10 truck dumps per hour with the standard deviation being 0.14 dumps per hour. 
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Figure 17. Delay per truck in the worst case 

 Figure 17 displays the delay per truck in minutes for the worst case. The Y-axis in the 

histogram shows the probability density or the number of times the event has occurred in the 

simulation over the total number of trials. As a result, the overall time the trucks have been 

delayed for fluctuated between 109 and 119 minutes with the probability of 90% occurrence. 

Mean value was found to be 114 minutes with the standard deviation being 3 minutes.  

4.3 Best Case Scenario 

Table 6. Best Case Scenario parameters 

Parameters min mean max units Distribution 

Time between arrivals 120   sec Poisson 

Dump time per truck 0.6 1 1.2 minutes Triangle 

Spot time per truck 0.1 1 2 minutes Triangle 

Tons per truck 120 125 140 tons PERT 

Bin Limit for Full Dumping 400   tons Fixed 

Crushing rate 3 000 3 500 4 000 tons per hour Triangle 

 Table 6 shows the information regarding the parameters needed for the @Risk 

Simulation inputs for the best-case scenario. Time between arrivals shows the seconds between 

Minutes 
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each truck’s arrival in seconds. The value was taken to be 120 seconds and Poisson distribution 

was used for this input. Dump time per truck or the time needed for each truck to dump the ore 

into the crusher was estimated using Triangle distribution and was estimated to be 0.6, 1, and 

1.2 minutes. Spot time or waiting time of each truck before the arrival of the next truck, was 

estimated to be 0.1, 1, and 2 minutes respectively using the Triangle distribution. Tons per truck 

were estimated using PERT distribution and found to be 120, 125, and 140 tons. Bin Limit for 

full dumping or the capacity of tons in the crusher’s bin. This input is fixed and is equal to 400 

tons according to KAZ Minerals. The last variable is the crusher rate. This input was estimated 

using Triangle distribution and found to be 3000, 3500, and 4000 tons per hour as in the 

previous scenarios.    

Table 7. Best Case Outputs 

Tons dumped / hour 3545 tons 

Truck Arrival / hour 31.5 trucks 

Truck dumps / hour 28.6 trucks 

Delay / truck (minutes) 4 minutes 

 Table 7 shows the output results for the best case. Tons dumped per hour was found to 

be 3545. Truck arrival rate was found to be approximately 31.5 trucks per hour. Hourly dump 

rate was estimated to be about 28.6 trucks. The average truck delay was approximately 4 

minutes. 
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Figure 18. Overall tons dumped per hour in the best case 

 Figure 18 displays the dump rate per hour in tons for the best case. By incorporating the 

dependencies between the variables into the Monte Carlo simulation, the probability of the 

operational events occurring was evaluated using stochastic variables. The Y-axis in the 

histogram shows the probability density or the number of times the event has occurred in the 

simulation over the total number of trials. X-axis shows tons. As a result, overall tons dumped 

varied from 3474.7 to 3603.9 per hour with the probability of 90% occurrence. Mean value was 

found to be 3540 tons per hour with the standard deviation being 40 tons per hour. Here the 

normal distribution fits well with the inputs.  
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Figure 19. Truck arrival per hour in the best case 

 Figure 19 shows the truck arrival rate per hour in tons for the best case. The Y-axis in 

the histogram shows the probability density or the number of times the event has occurred in 

the simulation over the total number of trials. X-axis shows number of trucks arrived. As a 

result, the overall number of trucks arrived per hour ranged from 30.4 to 31.6 with the 

probability of 90% occurrence. Mean value was found to be 31 trucks per hour with the standard 

deviation being 0.36 trucks per hour. 
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Figure 20. Truck dumps per hour in the best case 

 Figure 20 displays the truck dump rate per hour in tons for the best case. The Y-axis in 

the histogram demonstrates the probability density or the number of times the event has 

occurred in the simulation over the total number of trials. As a result, the overall truck dumping 

rate per hour ranged from 27.8 to 28.9 with the probability of 90% occurrence. Mean value was 

found to be 28.4 truck dumps per hour with the standard deviation being 0.33 truck dumps per 

hour. 
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Figure 21. Delay per truck in the best case 

 Figure 21 displays the delay per truck in minutes for the best case. The Y-axis in the 

histogram shows the probability density or the number of times the event has occurred in the 

simulation over the total number of trials. As a result, the overall time the trucks have been 

delayed for fluctuated between 2.4 and 5.44 minutes with the probability of 90% occurrence. 

Mean value was found to be 3.8 minutes with the standard deviation being 0.9 minutes.  

 

 

 

 

 

  

Minutes 
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5. DISCUSSION 

 Potential solution of the queuing problem alternative bin limits was examined to see the 

change in the outputs.  

 There are many factors affecting these variables, such as weather conditions during 

specific day or the driver’s experience, the road condition etc. One of the most important 

factors, however, is the weather during specific day. 

 In the scope of this work three case scenarios were checked: real, worst, and best. By 

comparing these cases it can be seen how the outputs of the simulations vary. Real case has 

shown the real situation in the mining site, the worst case has shown the situation with the most 

negatively affecting factors, and the best case has shown the situation with the most positively 

affecting factors.   

 In the next phase mining engineers could decide to examine the impact of changing the 

bin size by changing the limits for full dumping to 800 tones. Therefore, Bin Limit for Full 

Dumping has to be a variable. However, the examination of the output statistics reveals that 

with the larger bin the dumping rate increases, and the delay time declines but consistent delays 

and queuing remain. Therefore, increasing bin size is not a solution to the queuing problem. 

Next step is to examine crushing rates by increasing crushing them. Examining the outputs of 

the simulation can show that the delay could be reduced by increasing the crushing rate but not 

eliminated. For this case the mining company may then undertake a cost / benefits analysis to 

determine which size crusher to specify for the installation.  

 Moreover, it is clear that when checking best case but varying one variable (Bin limit) 

the results of the simulations have not changed significantly. Therefore, the current bin limit 

(400 tons) has shown the best results. 

Table 8. Best Case Output Comparison 

Bin Limit 400 800  

Tons dumped / hour 3545 3731 tons 

Truck Arrival / hour 31.5 31 trucks 
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Truck dumps / hour 28.6 31 trucks 

Delay / truck (minutes) 4 0.5 minutes 

 Table 8 displays the comparison between best case outputs for different bin limits: 400 

tons (actual data) and 800 tons. When comparing tons dumped per hour it can be seen that by 

increasing bin limit, the tonnage has increased visible. The number of trucks arrived and 

dumped did not vary significantly. However, the delay time in the increased bin limit has 

decreased from 4 minutes to only 0.5 minutes. 

 Figure 22 and Figure 23 represent tons dumped in one hour and delay per truck 

respectively. Tons dumped per hour have normal distribution with mean being 3751 tons and 

standard deviation being 58 tons. Delay per truck has lognormal distribution with mean being 

1.1 trucks and standard deviation being 0.7 trucks.  

 

Figure 22. Overall tons dumped per hour in the best case with 800-tons bin limit 
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Figure 23. Delay per truck in the best case with 800-tons bin limit 

 Overall, it can be seen that increasing bin limit up to 800 tons increases the dumped 

tonnage and decreases the delay per truck. Therefore, it can be suggested as a potential 

solution for the queuing problem.  
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6. CONCLUSIONS AND RECOMMENDATIONS 

 The study produced risk estimation of the in-pit crushing (IPC) system installed at the 

operational copper open pit in Kazakhstan. For this research all of the objectives, based on 

assumptions of truck conditions and operators’ characteristics being the same, were achieved: 

primary data from the mine site was collected, simulation of risk modeling was adapted, a 

dynamic stochastic model was built, the results of the simulation were obtained and analyzed, 

and later interpreted and validated. As a part of the risk estimation process, stochastic dynamic 

modelling methodology to examine how an IPC system will behave in the presence of 

ambiguous causes of delays to predict the system productivity over time has been used. The 

model analyzed all data for the real case from which the best-case scenario has been proposed.  

 As a result, for the real case, tons dumped per hour varied from 1740 to 1975, number 

of truck arrivals per hour ranged from 30 to 32, number truck dumped per hour ranged from 14 

to 16, delay time per truck at the crusher varied between 52 and 69 minutes. The best-case 

scenario uses the quickest the dump time per truck and the spot time per truck. Thus, the best 

case has 3475 to 3600 tons dumped per hour, 30 to 32 trucks arriving per hour, and 28 to 29 

trucks dumped per hour with the delay time per truck at the crusher 2.4 and 5.5 minutes. Thus, 

the best case has twice higher tones dumped per hour and about 60 minutes shorter delays.  

 The developed model considered queuing issues at the in-pit crusher and can be used to 

analyse the impact of changing the bin size by changing the limits for full dumping and the 

crushing rate. The model is able to forecast the IPC system's future states and calculate the 

probability of various outcomes.  
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8. APPENDICES 

 
Figure 24. Tons dumped per hour for the real case. 

 
Figure 25. Truck arrival per hour for the real case. 
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Figure 26. Truck dumps per hour for the real case. 

 
Figure 27. Truck delay per hour for the real case. 
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Figure 28. Tons dumped per hour for the worst case. 

 
Figure 29. Truck arrival per hour for the worst case. 
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Figure 30. Truck dumps per hour for the worst case. 

 
Figure 31. Truck delay per hour for the worst case. 
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Figure 32. Tons dumped per hour for the best case. 

 

 
Figure 33. Truck arrival per hour for the best case. 
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Figure 34. Truck dumps per hour for the best case. 

 
Figure 35. Truck delay per hour for the best case. 
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