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ABSTRACT  

This paper presents an integrated stochastic discrete-continuous simulation-based optimization 
framework specifically designed to address greenhouse gas (GHG) mitigation in operational 
decision-making processes in open pit mines. Our framework not only addresses the economic 
imperative of minimizing transportation costs but also prioritizes environmental sustainability by 
concurrently reducing carbon dioxide emissions. A case study is conducted on a specific copper 
mine to address the challenge of determining the optimal size of the transportation fleet, while 
concurrently minimizing transportation costs and the fleet’s CO2-equivalent emissions. 
Furthermore, a novel approach for allocating trucks to shovels is introduced in this work. This 
method not only contributes to cost reduction and carbon emission mitigation, but also leads to the 
enhancement of key performance indicators, such as tonnage hauled and cycle time. Sensitivity 
analysis is performed to examine the influence of various parameters on the objective functions 
and performance indicators. The findings provide valuable insights for researchers focused on 
GHG mitigation in mining and contribute to the development of sustainable mining practices. 

Keywords: Sustainable production, GHG emission control, equipment selection and sizing, 
allocation problem, stochastic simulation-based optimization 

1. Introduction 

Mining operations, crucial to global economic activities, heavily rely on fleets of trucks and 
shovels for material handling, constituting a significant portion of operational costs. The main 
material handling system in open pit mines is the truck-shovel system [1] which consumes over 
50% of the operational budget [2-4]. Adding to the operational cost, these operations come with a 
hefty environmental cost, marked by substantial greenhouse gas (GHG) emissions, necessitating 
urgent mitigation efforts in the face of climate change concerns. Besides, the transportation fleet is 
accounted to consume around 30% of total energy in an open pit mine [5, 6]. Therefore, proper 
selection, sizing, and utilization of truck and shovel fleets not only will have substantial economic 
gains but also could lead to mitigating the possible environmental footprints. As presented in the 
literature section of this paper, several research papers addressed the selection, sizing, and the 
utilization problems in open pit mines.  
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Lack of a proper tool accounting for the associated operational uncertainties and decisional 
conflicts while sizing the fleet and simultaneously considering economic gains and environmental 
footprints while utilizing the fleet motivated the authors to conduct this research resulting in 
introduction of a hybrid stochastic simulation and optimization framework taking a step closer to 
responsible open pit mining operations. 

In the past few years, we have seen a growing emphasis on the development of sustainable mining 
practices aimed at minimizing environmental impact while maximizing economic efficiency [7-
11]. Despite its inevitably crucial role, mine planning has not received its deserved attention in this 
regard. Developing and applying fleet management systems (FMSs) can be named as a cost-
effective strategy widely used to improve overall fleet utilization. The main purpose of 
implementing an FMS is to apply mathematical models helping to efficiently utilize the equipment 
leading to production increase [2]. This implementation subsequently causes a reduction in GHG 
emissions as well as the operational costs, [12] addressing the two fundamental pillars of 
sustainable practices namely economic and environmental impact. 

By considering economic and environmental objectives simultaneously, alongside factors such as 
uncertainty in maintenance and repair, downstream processes, and conducting sensitivity analysis, 
our framework offers a holistic approach to sustainable mining practices. The significance of our 
research lies in its ability to provide practical applications for both academics and industry 
professionals, fostering the development of mining strategies that balance economic viability with 
environmental responsibility, thus contributing to the long-term sustainability of mining operations. 
The presented framework was applied to a case study of a copper mine for performance evaluation. 
In addition, we performed sensitivity analysis to examine the impact of different parameters on the 
legitimacy of the framework and accuracy of the performance indicators. The analysis identifies 
important and influential parameters in economic productivity as well as environmental issues, 
further enhancing the applicability and effectiveness of the framework. 

The following section of this paper includes an extensive review of the literature related to the 
topic. Following that, a step-by-step elaboration on the components of the framework including the 
simulation modelling and the optimization algorithm is presented. Model verification and 
validation using the case study are discussed in the fourth section. Section five provides a detailed 
comparative representation of results, and subsequently, in section six, results of the sensitivity 
analysis are laid out. Finally, section seven provides conclusions and proposes possible directions 
for future research in the field. 

2. Literature Review 

Finding optimal solutions for the equipment selection and sizing (ESS) problem plays a critical role 
in open pit mining operations, significantly influencing operating costs and the efficiency of the 
production fleet [13-14]. Over the years, diverse methodologies have emerged to address the ESS 
problem, which can be categorized into: considering the concept of equipment matching factor, 
applying the operations research techniques, implementing the artificial intelligence approaches, 
introducing the new life cycle costing techniques, and utilizing the discrete event simulation 
method [15]. This review focuses on research related to operations research techniques and 
simulation methods. 

Early attempts, such as the application of linear programming models by Edwards et al., and the 
linear programming model by Burt et al., primarily aimed to optimize the selection of shovels and 
minimize costs. Ta et al. introduced a mathematical model focused on reducing truck fleet size, 
limited by its applicability to homogeneous fleets [16-18]. Addressing this limitation, Moradi 
Afrapoli et al. presented a framework integrating the optimization approach and the simulation 
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modeling considering FMS and operational uncertainties. Mohtasham et al. implemented a two-
stage framework to optimally dispatch trucks, making decision on the size of the transportation 
fleet, allocation of the available equipment, and dispatching of the transporters in real-time [4, 19]. 
Their subsequent work [15] explored strategies to optimize fleet size, emphasizing matching factor 
targets. Souza et al. [20] utilized a mixed-integer programming (MIP) model with incorporation of 
truck dispatching to reduce the possible deviations from the tonnage and grade targets. Yeganejou 
et al. [21] integrated the Monte-Carlo simulation technique with the MIP to optimize truck fleet 
allocation leading to enhancement of the fleet productivity. Meanwhile, Mohtasham et al. [22]  
applied multi-objective decision making technique to develop a framework with which production 
is maximized while fuel consumption and grade deviations are minimized. Zhang and Xia [23] 
minimized operating costs by employing the integer programming, considering truck capacities and 
travel distances. Ahangaran et al. [24] defined transportation cost as the decision variable and used 
integer programming to minimize it, albeit with a constraint on the number of available trucks. 
Alexandre et al. [25] explored multi-objective genetic algorithms for minimizing transportation 
costs and maximizing production. Afrapoli et al. [3] proposed a multi-objective model optimizing 
truck allocation based on assignment request time, addressing idle time, cumulative truck wait 
time, and deviations from flow rates. 

Mohtasham et al. [12] presented a chance-constrained goal programming model for truck 
destination optimization, considering uncertainties and minimizing total operating costs. Ta et al. 
[26] and Afrapoli et al. [27] also presented stochastic models, addressing uncertainties in 
operational parameters and quality requirements. Both and Dimitrakopoulos [28] introduced a 
stochastic optimization model considering geological and operational uncertainties trying to 
investigate impact of short-term strategic plans on the allocation of trucks.  

Studies examining environmental factors in open-pit mining include Topal and Ramazan, Peralta et 
al., Mane et al., Walnum and Simonsen, Aksoy et al., Alinaghian and Naderipour, Winebrake and 
Green, and Montiel and Dimitrakopoulos [29-36]. These studies investigated the impact of factors 
such as truck age, maintenance, driver behavior, infrastructure, and vehicle specifications on fuel 
consumption and greenhouse gas emissions. 

The limitations of deterministic models in handling uncertainties, as highlighted by Dindarloo et 
al., led to the adoption of discrete event simulation (DES). Rist pioneered the application of DES in 
mine haulage, followed by notable studies by Kolonja and Mutmansky, Ataeepour and Baafi, 
Yuriy and Vayenas, Que et al., and Chaowasakoo et al., Upadhyay and Askari-Nasab, Forsman et 
al., Torkamani and Askari-Nasab, Hashemi and Sattarvand, and Moradi Afrapoli and Askari-Nasab 
[2, 37-47].  

Recent studies by Awuah-Offei et al., Suglo and AlHassan, Tan et al.,  Ortiz et al., Tiile et al., 
Kaba et al., Zeng et al. and Chaowasakoo et al. have applied simulation to optimally address open-
pit mining operational and strategic problems [48-55]. Readers are encouraged to navigate the 
work by Burt and Caccetta [14] for further investigation on ESS problem. 

Recent works by Anaraki and Afrapoli [11] propose a multi-objective optimization model for fleet 
management, incorporating carbon emission minimization. Mohtasham et al. [15] introduce 
strategies for equipment sizing using mixed-integer non-linear programming (MINLP) models. 
Abolghasemian et al. [56] present a modified-NBI optimization method for copper open-pit mine 
extraction systems, emphasizing multi-objective optimization. Another work by Abolghasemian et 
al. [57] focuses on the hauling system in an Iranian copper mine, employing a simulation-based 
optimization approach for increased production. Table 1provides a detailed high level comparative 
analysis of the current advancements in the field. 
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Table 1. High level comparative representation of available models. 

Year Paper 
Contributions 

Model 
Objective functions 

Software 
Simulation Optimization 

Case 
study 

Discrete Continues 
Maintenance 

problems 
Economic Environmental 

 # Min Max Type  # Min Max Type 

2013 [18] * *  *  * LIP 1 *  
Total number 
of allocated 

trucks 
    

C# / 
CPLEX 

2015 [23]  *  *  * IP 1 *  
Total truck 
operating 

costs 
     

2019 [3] * * * *   MILP 3 *  

idle and wait 
time of 

equipment 
and deviation 
from target 
production 

    
Arena / 

CPLEX / 
VBA 

2019 [25] * *  * *   2 * * 

Min: Total 
cost of the 
trucks in 

operation / 
Max: Total 
production 

     

2020 [56] * * * *   MINLP 1  * 
Total 

production 
    

Arena / 
OptQuest 

2021 [15] * * * *   MINLP 1 *  Match factor     
GAMS / 
Arena / 

OptQuest 

2021 [12]  * * * * * CCGP 4 *  

Deviation 
from 

production, 
grade 

requirements, 
ore tonnage, 

total operating 
costs 

    
MATLAB 
/ CPLEX / 
Visual C# 

2021 [22]  * * *   MILGP 4 *  

Difference 
between 

production / 
material 
content / 

material sent / 
fuel 

consumption 

    
CPLEX / 
GAMS 

2021 [27] * * * * * * FLP 3 *  

Deviation 
from the 

production 
target / idle 

and wait time 
of equipment 

    Arena 
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2022 [57] * * * *  * MINLP 2 * * 

Max: total 
extraction 

amount / Min:  
travel time 

    
Arena / 
Maple / 
Lingo 

2022 [19] * * * *   NLP 1 *  
Deviation in 

the match 
facto 

    
Arena / 

OptQuest 

2023 [11]  * * *   MILP 1 *  
Transportation 

costs 
1 *  

CO2 
emission 

CPLEX 

2024 
This 
study 

* * * * * * MILP 1 *  
Transportation 

costs 
1 *  

CO2 
emission 

Arena / 
OptQuest 

 
LIP: Linear integer program, MILP: Mixed-integer linear programming, MILGP: Mixed-integer linear goal programming, MINLP: Mixed-integer nonlinear programming, CCGP: Chance-
constrained goal programming, NLP: Nonlinear programming, IP: Integer programming, FLP: Fuzzy linear programming. 
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In conclusion, the literature provides a rich landscape of methodologies and models addressing 
equipment selection, sizing, and allocation in open pit mining. While various studies have made 
significant contributions, gaps remain in addressing uncertainties, environmental considerations, 
and integrating fleet management systems. The proposed framework aims to bridge these gaps and 
contribute to the advancement of sustainable and efficient mining practices. The following are the 
key contributions of our research work: 

 Considering both environmental and economic issues; 

 Considering stochastic maintenance parameters to account for uncertainties; 

 Modelling downstream processes; and 

 Sensitivity analysis in identifying effective parameters. 

3. Framework and Formulations  

The proposed framework consists of several interactive models and sub-models imitating open pit 
mine planning and operational activities, simultaneously simulating the way material handling 
systems in mines work and optimizing the decisions mining engineers make considering stochastic 
factors that impacting the operational excellence. 1 conceptualizes a high-level scheme of the 
proposed framework, illustrating the integrated stochastic discrete-continuous simulation-based 
optimization framework and highlighting the dynamic interactions between the optimization and 
simulation models. 

We present a multi-objective optimization algorithm that optimizes decision making both 
economically and environmentally. The model considers various parameters, including fleet size, 
maintenance and repair of shovels and trucks, post-crushing processes, and allocation of trucks to 
shovels. One of the principal contributions of our research is the comparison and investigation of 
truck allocation methods. In this paper, we not only employ the locked-in method based on the 
match factor [2] but also introduce a novel approach for allocating trucks to shovels. This method 
not only leads to cost reduction and carbon emission mitigation but also improves key operational 
performance indicators such as tonnage hauled and cycle time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. High-level schematic representation of the proposed simulation-based optimization framework. 
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3.1. Optimization Model 

Our proposed multi-objective model aims to minimize transportation costs and enhance 
environmental sustainability by reducing carbon dioxide emissions. This MILP approach considers 
various aspects of FMS, such as transportation costs, truck types, ages, and velocities, as well as 
the emissions generated by each truck. It is important to note that costs, emissions, and velocities 
vary based on the specific truck type and its age. This model seeks to identify the most efficient set 
of trucks, including their quantity and age within each closed system (Loading point to Dumping 
point). However, driver proficiency and weather conditions are not accounted for in this model.  
The subsequent section outlines the specified indices, sets, parameters, decision variables, the 
objective function, and the constraints of the optimization model. 

 
i   Indices for truck type (i ϵ {1, 2, … I}) 
j   Truck age group indices (j ϵ {1, 2, … J}) 
s   Indices for closed system (s ϵ {1, 2, … S}) 
o   Ore sites indices (o ϵ {1, 2, … O}) 
w   Waste sites indices (w ϵ {1, 2, … W}) 

 

Parameters 
FCijs Fix cost of truck of type i age j in closed system s 
CLijs Cost of trucks of type i age j in closed system s when loaded per kilometer 
CULijs Cost of trucks of type i age j in closed system s when unloaded per kilometer 
Dijs Distance traveled by truck i age j in closed system s 
NLijs Average loaded trip numbers of trucks of type i age j in closed system s  
NUijs Average unloaded trip numbers of trucks of type i age j in closed system s 
CLijs Amount of carbon produced by loaded trucks of type i age j in closed system s per trip 
CEijs Amount of carbon produced by unloaded trucks of type i age j in closed system s per trip 
TNijs Average tonnage hauled by trucks of type i age j in closed system s 
LPR Lower bound of production requirement 
UPR Upper bound of production requirement 
Ti Total number of truck type i 
Tj Total number of truck age j 
Ts Total number of truck in closed system s 
SR Stripping ratio 

 

Decision Variable 
Xijs Number of trucks of type i with age j in system s 

 

𝑀𝑖𝑛 𝑍1 = ෍ ෍ ෍൫𝐹𝐶௜௝௦𝑋௜௝௦൯ + ൫𝐶𝐿௜௝௦𝑁𝐿௜௝௦𝐷௜௝௦𝑋௜௝௦൯ + ൫𝐶𝑈𝐿௜௝௦𝑁𝑈௜௝௦𝐷௜௝௦𝑋௜௝௦൯ 

ௌ

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

 

 

(1)                             

𝑀𝑖𝑛 𝑍2 = ෍ ෍ ෍൫𝐶𝐿௜௝௦𝑋௜௝௦𝑁𝐿௜௝௦൯

ௌ

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

+ ൫𝐶𝐸௜௝௦𝑋௜௝௦𝑁𝑈௜௝௦൯ 

 

(2) 

  

Subject to: 
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෍ ෍ ෍൫𝑇𝑁௜௝௦𝑋௜௝௦𝑁𝐿௜௝௦൯ ≥ 𝐿𝑃𝑅

ௌ

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

 

 

(1)                             

෍ ෍ ෍൫𝑇𝑁௜௝௦𝑋௜௝௦𝑁𝐿௜௝௦൯ ≤ 𝑈𝑃𝑅

ௌ

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

 

 

(2) 

  

෍ ෍ 𝑋௜௝௦

ௌ

௦ୀଵ

= 𝑇௜    

௃

௝ୀଵ

∀𝑖 ∈ 𝐼 

 

                    (3) 

  

෍ ෍ 𝑋௜௝௦

ௌ

௦ୀଵ

= 𝑇௝    ∀𝑗 ∈ 𝐽

ூ

௜ୀଵ

 

 

(4) 

෍ ෍ 𝑋௜௝௦

௃

௝ୀଵ

= 𝑇௦   ∀𝑠 ∈ 𝑆  

ூ

௜ୀଵ

 

 

(5)  

෍ ෍ ෍ 𝑋௜௝௦

ௐ

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

= 𝑆𝑅 ෍ ෍ ෍ 𝑋௜௝௦

ை

௦ୀଵ

௃

௝ୀଵ

ூ

௜ୀଵ

   

 

(6)  

𝑋௜௝௦ ≥ 0 

 
(7) 

 

The first objective function, as illustrated in Equation Error! Reference source not found.), 
focuses on reducing transportation costs. This involves considering the cost differential between 
using new and used trucks, and loaded and empty trucks, as well as the distance between shovels 
and dumpsites. Furthermore, as demonstrated in Equation Error! Reference source not found.), 
the second objective function aims to reduce carbon emissions by assessing the amount of carbon 
generated. Constraints (1) and (2) are implemented to guarantee compliance with the plant capacity 
requirement in terms of the number of trucks.  In fact, these refer to the targeted upper and lower 
limits of material tonnage to be transported during each shift. Constraints (3), (4), and (5) represent 
the cumulative count of trucks for each category, the aggregate number of trucks within distinct 
age brackets, and the collective count of trucks within individual systems, respectively. These 
represent operational constraints concerning the quantity, type, and age combinations of trucks. For 
instance, in constraint 5, it ensures that the total count of type i trucks across various ages and 
systems does not exceed the planned number. Constraint (6) controls the standard ratio of trucks in 
the ore closed system to the waste closed system. Finally, Constraint (7) guarantees that the 
solution is an integer number. 

3.2. Simulation Model 

One major part of the framework was built applying the DES modelling techniques which itself 
includes several sub-models for proper imitation of cradle-to-gate processes and operations. One of 
the significant aspects here is the integration of discrete and continuous process modelling 
techniques, making the framework capable of simulating various aspects of mining operations, 
including comminution processes, slurry transfer, and plant processes as a cohesive package. 
Figure 2 and Figure 3 provide an operational level descriptive layout of integrated DES package 
where two scenarios were simulated to compare different allocation methods. The first allocation 
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method is a locked-in method based on the match factor [2] (Figure 2), while the second method is 
a new allocation method that considers trucks' waiting time and loading process queue length 
(Figure 3). 

 

Figure 2. Flow chart of locked-in method. 
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Figure 3. Flow chart of new allocation method. 

First, external data, including equipment state, truck assignments, station information, distance 
information, and maintenance information, is entered into the model before starting the simulation 
process. Trucks are assigned to fixed shovel stations based on the pre-defined external data. Then, 
imitating the operation starts with the first step being loading, after two logic controls are 
performed to check the maintenance program such as emergency or preventive maintenance for 
trucks and shovels. If a truck fails, it will be taken out of service until the repair or inspection 
process is completed. However, when a shovel fails, logic control is implemented to ensure that the 
process does not stop and the trucks do not wait in a queue, allowing them to travel between 
stations.  

After the failure controls, trucks travel to and are loaded by shovels and the loading tonnage is 
determined. The loaded trucks then haul materials (ore or waste) to a specific dumpsite, where they 
dump the materials and return to their initial station. Simultaneously, a continuous process is 
conducted. The ore fed into the crusher undergoes crushing before being conveyed to the slurry 
plant through a conveyor system. The output of the slurry plant is then transferred to the processing 
plant, where the final product is produced. It is noteworthy that the framework, as shown in Figure 
2 and Figure 3, has an integrated databases built on Microsoft SQL Server, that seamlessly works 
together with the simulation models to record and store statistics and results of all the production 
steps. 
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4. Framework Validation and Evaluation 

In the previous sections, authors established a comprehensive framework for optimizing and 
simulating mining methods. In this section, the proposed framework is first verified and then 
validated, and the results of its performance evaluation are presented. In this regard, the framework 
was implemented in a copper mine case study, illustrated in detail in the following sections, 
considering both abovementioned dispatching methods, and the consequent results served as a 
benchmark for subsequent evaluation. The validation process performed in this paper started with 
running the framework for 10 replications (calculated based on the desired production half-width). 
Subsequently, a comparison was made between the results and actual operating records in various 
aspects to confirm the efficacy of the framework. After validation, an extensive comparison was 
conducted between the locked-in method and the new allocation method, resulting in the 
determination that the new allocation method performs better than the locked-in method across 
multiple indicators. 

4.1. Case study 

To assess the efficacy of the hybrid stochastic simulation optimization framework proposed, 
Sungun open pit copper mine, situated in the northwestern region of Iran and renowned as a 
leading copper mine globally, has been selected for analysis. Figure 4 demonstrates a specific 
segment of the mine profile, showcasing the road network and the tasks related to trucks and 
shovels, which are responsible for the transportation of materials from loading to dumping points 
[15] Table 2 presents a concise overview of the gathered data. 

 

 
Figure 4. Schematic of the mining operation in the Sungun mine (reproduced after [15]). 
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Table 2. Main production and transportation systems and their components [11]. 

Closed 
system 

Loading 
point 

 
Dumping 

point 
Distance 

(km) 

Mean 
head 
grade 

Loaders 
(Komatsu) 

Hauler 

 
Type No Type 

Capacity 
(ton) 

No 

1 1900 
 Crushing 

unit 
2.1 0.75 

PC-
1250 

1 
HD-
785 

100 3 

2 2150 
 Crushing 

unit 
3.15 0.42 

PC-
1250 

1 
HD-
325 

30 4 

3 2275 
 Waste 

disposal 
2.5 - 

PC-
2000 

1 
HD-
785 

100 5 

4 2237.5 
 Waste 

disposal 
3.65 - 

PC-
1250 

1 
HD-
785 

100 7 

Furthermore, it is necessary for the crusher to maintain a copper grade ranging from 0.62% to 
0.63% per shift. The designated tonnage of materials that should be moved during each shift is 
established at a minimum of 15300 tons and a maximum of 26600 tons. Moreover, the extraction 
process necessitates a stripping ratio within the range of 2 to 3.  The mine operates round-the-clock 
with three 8-hour shifts, operating 363 days annually. 

To categorize the trucks, they are separated based on their working years into two distinct groups. 
Trucks with under fifteen years of service are categorized as new, whereas those exceeding fifteen 
years are deemed old. Additionally, the hourly carbon emissions, transportation costs, and cycle 
time are all equally regarded for both types of trucks within the mine. A summary of the trucks’ 
age groups information is provided in Table 3. 

Table 3. Trucks age groups information. 

Closed 
system 

Hauler (Komatsu) New trucks Old trucks 
Type Capacity (ton) No No No 

1 HD-785 100 3 2 1 
2 HD-325 30 4 2 2 
3 HD-785 100 5 3 2 
4 HD-785 100 7 4 3 

It is noteworthy that the Equation Error! Reference source not found. was used to calculate the 
carbon emission of trucks on truck fuel consumption [5]. 

𝐹 ൬
𝐿

𝑐𝑦𝑐𝑙𝑒
൰ = 1.37071 + 0.00483 × 𝑃𝐿 + 0.00398 × 𝐿𝑇 + 0.00499 × 𝐸𝑆

+  0.01471 × 𝐸𝑇𝑅 + 0.00278 × 𝐿𝑆 + 0.0519 × 𝐿𝑇𝑅 
 

(10)                             

F: Fuel consumption (liters per cycle) 

PL: Payload (metric tons) 

LT: loading time (seconds) 

ES: Empty idle time (seconds) 

ETR: Empty travel time (seconds) 

LS: Loaded idle time (seconds) 

LTR: Loaded travel time (seconds) 
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4.2. Validation 

Verification is to double check if the conceptualized model of the real operation works properly. 
The main question answered in verification step as mentioned by Banks et al is: “Is the conceptual 
model accurately represented by the operational model?”[58]. Validity testing assesses the model's 
compatibility with the real system. To validate the framework, the head grade criteria are examined 
by comparing them between the actual system and the computer framework. This process confirms 
the model's validity. To do so, an assumption test is conducted on the mean of the normal 
population with an unknown variance. The alpha level for this test is set at 0.05, with a sample size 
of 10, representing simulation replications. Table 4 presents percentage information, averages, and 
standard deviations for both scenarios in the real system. 

Table 4. Information about averages and standard deviations. 

Scenario 2 
(new allocation method) 

Scenario 1 
(locked-in method) 

Case study 
Closed 
system 

std Mean std Mean Average 

0.0087 0.74 0.0085 0.74 0.75 1 

0.0075 0.42 0.0084 0.42 0.42 2 

 

Assumption tests are applied to each closed system, calculating the test score as follows: 

𝐻଴: 𝜇 = 𝜇଴ 
 

 (8) 

 
𝐻ଵ: 𝜇 ≠ 𝜇଴ 
 

 (9) 

 

𝑡଴ =
𝑥 − 𝜇଴

𝑆

√𝑛

  (10) 

 

If the test statistic falls within the range ൤−𝑡ഀ

మ
.௡ିଵ. 𝑡ഀ

మ
.௡ିଵ൨ , there is no basis to reject the H0 

hypothesis, confirming the model's validity. Referring to the t-distribution table, the acceptance 
interval for a two-tailed test with 9 degrees of freedom and a significance level of 0.05 is [-2.26, 
2.26]. Table 5 displays the test statistics for each system. 

Table 5. Test statistics for each system. 

Closed system 
Test score 

Scenario 1 Scenario 2 
1 -1.57 -1.59 
2 1.84 1.91 

Thus, there is no grounds to reject the null hypothesis for this test, meaning the head grade 
percentage resulting from the simulation model implementation is not significantly different from 
the percentages obtained in the case study at the 5% significance level. 

The key performance indicators (KPIs) are defined, as presented in Table 6, to analyze the state of 
two models. 
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Table 6. Key performance indicators. 

KPIs 
Total tonnage hauled to dumpsite (Ore and Waste) 
Average waiting time per shovel 
Average cycle time 
Average fuel consumption per cycle 
Average CO2 emission per cycle 

5. Results and Discussion 

The proposed framework with several simulation models and sub-models and a multi-objective 
optimization model with one decision variable was developed and evaluated using Arena 16.1 
software on a windows 10 operating system, equipped with an Intel 7 Core CPU of 2.20 GHz and 
an 8GB RAM. 

OptQuest solver provides a potent tool that uses tabu search and scatter search heuristics to choose 
an optimal candidate for each decision variable in each simulation run [59]. The assessment of the 
objective function for each potential solution is conducted by the Arena model, which operates 
over a period of 12 months with a warm-up period lasting 15 days. To minimize errors and enhance 
the reliability of results, this process is repeated 10 times. OptQuest employs a variable number of 
replications, allowing for swift elimination of poor-quality solutions after ten replications to 
expedite the overall search time.  Utilizing the current assessment of the candidate solution and the 
list of previously examined solutions, OptQuest determines the subsequent candidate solution to be 
evaluated. The search process continues until the specified stopping criterion is satisfied. A visual 
representation of the search methodology employed by OptQuest is presented in Figure 5. 

 
Figure 5. Search method in OptQuest. 

Finally, after approximately 500 simulation runs, the optimal results were found in run number 
224, as illustrated in Table 7 and Table 8. 

Table 7. Optimum size of the truck fleet in different systems. 

Item Quantity 
Type 1 trucks 9 
Type 2 trucks 10 
Closed system 1: sum of trucks 4 
Closed system 2: sum of trucks 3 
Closed system 3: sum of trucks 5 
Closed system 4: sum of trucks 7 
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Table 8. Optimum number of trucks per each age group to be present in each closed production system 

Closed 
System 

Truck type 1 Truck type 2 
Total 

Age bin 1 Age bin 2 Age bin 1 Age bin 2 
1 1 2 1 0 4 
2 1 0 1 1 3 
3 1 1 2 1 5 
4 1 2 2 2 7 

After obtaining the optimal values, we applied the new allocation method for the same period. The 
differences in objective functions among the three models are illustrated in Table 9 and Table 10, 
as well as Figure 6, Figure 7, and Figure 8. The case study model represents the current situation in 
the mine, whereas the other two models, namely the locked-in and new allocation method, were 
developed based on optimal values of decision variable. The difference between these models, as 
discussed in Section 3.2, refers to the logic of truck allocation within each system. 

Table 9. Differences between the optimal costs and emissions of the operation using three different decision 
making models. 

Model 
Objective 1  

(Transportation Costs -$M) 
Objective 2  

(CO2 Emission – M Kg) 
Case Study 37.796 156.234 
Locked-In 23.550 47.522 
New allocation method 23.059 43.396 

Table 10. Optimum fixed and variable costs of the material transportation for each decision making method. 

Model 
Fix transportation 

cost ($M) 
Loaded travel costs 

($M)  
Empty travel costs 

($M) 
Case Study 8.3 15.716 13.78 
Locked-In 18.1 2.904 2.546 
New allocation method 18.1 2.643 2.316 

 
Figure 6. The transportation costs comparison between the case study, locked-in, and new allocation method. 
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Figure 7. The detailed comparison of transportation costs between the case study, locked-in, and new 
allocation method. 

As shown in Figure 6, the locked-in model and new allocation method have successfully reduced 
transportation costs by an impressive 38% and 39% respectively. This significant reduction 
highlights the superior efficiency of these models compared to the current situation in the mine. 
Furthermore, when referring to Figure 7, we observe a noteworthy 218% increase in fixed costs, 
attributed to the fleet renewal. However, this increase in fixed costs is counterbalanced by an 
average decrease of 83% in variable costs, which include loading mode and empty transportation 
costs. 

 

Figure 8. The comparison of CO2 emission between the case study, locked-in, and new allocation method. 

As depicted in Figure 8, the renovation of the fleet has led to a remarkable reduction of 70% and 
72% in CO2 emissions for the locked-in model and the new allocation method, respectively. These 
findings highlight the significant impact that the renovation of the fleet has on reducing harmful 
environmental pollutants. Additionally, these results suggest that investing in fleet renovation can 
be an effective strategy for combatting climate change and promoting sustainability. 

344



Pasha, A., & Moradi Afrapoli, A.                                         306-17 
 
 

5.1. Comparison of Results 

In this section, an evaluation of the outcomes achieved by all three models will be conducted with a 
focus on defined KPIs. The findings of this comparative analysis are presented in Table 11, along 
with visual representations in Figure 9. 

Table 11. Differences between KPIs. 

KPI Case Study Locked in New allocation method 
Total tonnage hauled to dumpsite (Ore and 
Waste) (million tons) 

16.803 17.613 18.195 

Average waiting time per shovel (min) 3.08 2.73 1.94 
Average cycle time (min) 40.33 23.45 22.54 
Average fuel consumption per cycle (liter) 56.52 36.72 35.83 
Average CO2 emission per cycle (Kg) 146.95 95.47 93.16 

 
Figure 9. The comparison of KPIs. 

By examining Figure 9, it becomes evident that the implementation of both the locked-in model 
and the new allocation method results in a notable increase in the total tonnage hauled. 
Specifically, an increase of 5% and 8% is observed respectively for each method, showcasing the 
significant efficiency improvements brought about by the new approach. 

Moreover, it is evident that the locked-in and new allocation method models exhibit a reduction in 
the average waiting time per shovel by 11% and 37% respectively. Additionally, implementation of 
different allocation method leads to a significant decrease of 42% and 44%. These findings can be 
attributed to the adoption of optimal policies for truck allocation, resulting in minimized waiting 
and cycle times. These significant improvements in efficiency highlight the potential benefits 
associated with the utilization of advanced allocation strategies. 

By analyzing Figure 9 and Table 11, it becomes evident that through fleet renewal and the optimal 
allocation of trucks, there is a notable average reduction of 36% in fuel consumption as well as 
carbon dioxide emissions. As a result, this issue demonstrates that fleet renewal has a substantial 
impact on both the economic and environmental aspects. 

6. Sensitivity Analysis 

In this section, set pf sensitivity analysis with changes in the parameters of maintenance policies, 
truck velocity, and changes in the age of trucks has been applied for further analysis of the 
framework performance. This analysis is done on the new allocation method by examining the 
objective functions and KPIs. The findings of the analysis are presented in Table 12. As mentioned, 
the scenarios are categorized into three areas, detailed as follows: 
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Maintenance: 

 Improvement in maintenance policies, entailing a 5% reduction in failures. 

 Improvement in maintenance policies, entailing a 10% reduction in failures. 

Velocity: 

 Increase in truck velocity by 5%. 

 Increase in truck velocity by 10%. 

Age: 

 Depreciation of trucks over 5 years. 

 Depreciation of trucks over 10 years. 

 Renovation of trucks over 5 years. 

 Renovation of trucks over 10 years. 
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Table 12. Results of sensitivity analysis. 

Scenario 

Objective 1 Objective 2 KPIs 

Fix 
cost 
($M) 

COV 
Loading 

costs 
($M) 

CO
V 

Empty 
costs 
($M) 

COV 
CO2 

Emission 
(M Kg) 

COV 

Total 
tonnage 
hauled 
(million 

tons) 

COV 

Average 
waiting 

time 
(min) 

COV 

Average 
cycle 
time 
(min) 

COV 

Average 
fuel per 

cycle 
(liter) 

COV 
Average 

CO2 
(Kg) 

COV 

New allocation 
method 

18.1 - 2.643 - 2.316 - 43.396 - 18.195 - 1.94 - 22.54 - 35.83 - 93.16 - 

Reduction in failure 
(5%) 

18.1 1.00 2.871 1.09 2.516 1.09 44.791 1.03 19.765 1.09 1.67 0.86 20.59 0.91 36.94 1.03 95.94 1.03 

Reduction in failure 
(10%) 

18.1 1.00 2.938 1.11 2.547 1.10 46.686 1.08 21.119 1.16 1.12 0.58 19.36 0.86 38.69 1.08 100.61 1.08 

Increase trucks 
velocity (5%) 

18.1 1.00 2.739 1.04 2.409 1.04 46.234 1.07 21.834 1.20 1.90 0.98 19.51 0.87 38.05 1.06 99.87 1.07 

Increase trucks 
velocity (10%) 

18.1 1.00 2.995 1.13 2.618 1.13 50.396 1.16 23.504 1.29 1.89 0.97 17.93 0.80 41.48 1.16 108.86 1.17 

Increase trucks age 
(5 years) 

15.6 0.86 2.876 1.09 2.499 1.08 48.604 1.12 17.940 0.99 2.08 1.07 23.94 1.06 40.24 1.12 104.53 1.12 

Increase trucks age 
(10 years) 

12.8 0.71 3.145 1.19 2.745 1.19 52.510 1.21 16.557 0.91 2.25 1.16 26.37 1.17 43.00 1.20 112.72 1.21 

Decrease trucks age 
(5 years) 

20.7 1.14 2.352 0.89 2.108 0.91 39.491 0.91 18.198 1.00 1.86 0.96 22.31 0.99 32.61 0.91 84.78 0.91 

Decrease trucks age 
(10 years) 

23.5 1.30 2.061 0.78 1.853 0.80 34.717 0.80 18.326 1.01 1.78 0.92 21.93 0.97 28.66 0.80 74.53 0.80 
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After reviewing the results of the sensitivity analysis, we have identified the following findings: 

 Fixed costs: The age of trucks has the most significant impact on the fixed costs of the 
project. 

 Variable costs: Changes in the age of trucks have the greatest effect on variable costs. 
Additionally, truck velocity and improved maintenance policies have a similar impact on 
variable costs. 

 The emissions: The age of trucks is the most influential factor in changes to the amount of 
carbon gas emission. Following this, changes in truck velocity have the most significant 
effect on pollution levels. 

 Amount of hauled tonnage: Truck velocity is the most influential factor in this index, 
followed by the implementation of improved maintenance policies. 

 Average waiting time: Improvement in maintenance policies is the most effective factor in 
reducing average waiting time. 

 Average cycle time: Truck velocity is the main determinant of the cycle time. 

6.1. Maintenance Improvement 

Improving maintenance policies and reducing the duration of failure times does not affect fixed 
costs. However, reducing the duration of breakdowns increases the availability time of trucks, 
which impacts the number of trips they can make. This, in turn, directly increases the values of the 
objective functions. Generally, improvements in maintenance policies result in a 9 to 10% increase 
in transportation costs and around 3% to 8% increase in CO2 emissions. It is noteworthy that the 
increase in the objective function values is primarily due to the reduction in breakdown duration, 
leading to a potential 9-16% increase in the amount of tonnage hauled. Additionally, this policy 
improvement significantly affects time related KPIs such as average cycle time and waiting time. 
The implementation of this policy is expected to result in a 9-14% reduction in cycle time and a 14-
42% reduction in expected time. The results of these analyzes are shown in Figure 10. 

 
Figure 10. Effects of improving maintenance. 
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6.2. Increase Truck’s Velocity 

In this analysis, we examined the effect of increasing the velocity of trucks by 5 and 10 percent. As 
a result, we observed no change in fixed costs, but we did observe an increase of 4 and 13 percent 
in variable costs. Furthermore, there was an increase of 7 and 16 percent in carbon emissions. 
However, the increase in truck velocity had a positive impact on their performance. Specifically, 
the amount of tonnage carried increased by 20 and 29 percent, while the cycle time decreased by 
13 to 20 percent. It is noteworthy that the increase in truck velocity did not have a significant effect 
on waiting time. In fact, the reduction in waiting time was only between 2 and 3 percent in this 
scenario. The graph illustrating these changes can be found in Figure 11. 

 
Figure 11. Effects of increasing velocity. 

6.3. Changes in the Age of Transport Fleet 

In this section, we aim to analyze the impact of truck renovation and depreciation on objective 
functions and key indicators for our research paper. During this analysis, we tested truck renewal 
and depreciation over periods ranging from 5 to 10 years. As the trucks' age increases, we observed 
a decrease in fixed costs, attributed to newer trucks having higher fixed costs initially. This 
decrease in fixed costs ranged between 14 and 29 percent as the trucks aged. Conversely, 
increasing the age of trucks led to an increase in variable costs, ranging between 9 and 19 percent. 
Furthermore, the aging of trucks had a significant impact on carbon emissions, showing an increase 
of between 12 and 21 percent. Apart from influencing objective function values, aging also 
negatively affected truck performance. For instance, the amount of tonnage moved decreased by 1 
to 9 percent, while cycle time and waiting times increased by 6 to 17 percent. 

Now, let us explore the scenario of reducing the age of trucks and considering their renovation. It is 
evident that truck renovation will result in increased fixed costs, ranging between 14 and 30 
percent. However, due to the modernization of trucks and their improved performance, we 
observed a reduction in variable costs of 9 to 20 percent. Additionally, newer trucks exhibited a 9-
20% decrease in carbon emissions. When it comes to measuring truck performance in terms of 
indicators, the age reduction did not significantly impact the amount of transported tonnage, 
resulting in a minimal 1% increase. Conversely, cycle time and waiting time experienced a 
reduction of 4 to 8 percent. These analyses are shown in Figure 12. 
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Figure 12. Impacts caused by age of the fleet 

7. Conclusion 

In this study, we introduced a comprehensive integrated stochastic discrete-continuous simulation-
based optimization framework for GHG mitigation in open pit mines. Our framework not only 
addresses the economic imperative of minimizing transportation costs but also prioritizes 
environmental sustainability by concurrently reducing carbon dioxide emissions. Furthermore, our 
novel approach to allocating trucks to shovels stands out for its dual benefits, enhancing both 
economic efficiency and environmental performance.  

The significance and distinction of present work is concurrent addressing of both strategic and 
tactical level mine planning with simultaneous consideration of economic, environmental, and 
operational advantages and disadvantages in one frame. Although the presented framework, as the 
scope mandated, targets the open pit mining operations, the analogy, both the simulation and 
optimization modeling approaches, and the main structure of the framework can be adapted or 
translated to other production environments.  

In conclusion, the presented framework was effectively evaluated through a real currently in 
operation copper mine case study. The use of sensitivity analysis allowed for an examination of the 
influence of factors such as uncertainty in maintenance and repair, as well as downstream 
processes, on the legitimacy of the framework and accuracy of the performance indicators. 
Through this analysis, it was possible to identify significant parameters that impact economic 
productivity and environmental concerns, thus further enhancing the applicability and effectiveness 
of the framework. Based on our study, the remarkable findings of implementing our novel method 
for allocating trucks to shovels are as follows: 

 Our proposed model led to a significant decrease in transportation costs compared to the 
existing situation and the use of old truck allocation policies. We observed an 83% 
reduction in variable costs and a 39% reduction in total costs. These results highlight the 
economic justification of implementing this model in the strategic planning of the mine. 

 Aligned with the growing importance of sustainable development and environmental 
concerns, a primary accomplishment of our study was the prioritization of these matters. 
Through the utilization of our new allocation method, we were able to contribute to a 72% 
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reduction in carbon dioxide emissions. This reduction is crucial for addressing current 
environmental challenges. 

 Our model also demonstrated satisfactory results in terms of time savings and productivity. 
Notably, we observed a 37% reduction in waiting time and a 44% decrease in the duration 
of cycle time. Additionally, the model displayed good efficiency, resulting in an 
approximately 8% increase in tonnage and material transfer. These findings are indicative 
of the effectiveness and efficiency of our proposed approach. 

 Another significant finding of this research was the identification of factors influencing 
both environmental and economic concerns. Through sensitivity analysis and simulation 
tests, we discovered that the truck age parameter is the most influential factor in increasing 
transportation costs, pollution levels, and greenhouse gas emissions. 
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