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ABSTRACT 

 

A fleet management system is a set of computational routines programmed and integrated 

with the main purpose of solving the truck-shovel allocation problem (TSA) and in consequence 

controlling the dispatch system of a fleet. In the mining industry, the fleet management system is 

responsible for calculating, deciding, and registering the best possible arrangement of trucks, 

shovels and other service equipment to achieve the production targets while meeting the 

operational constraints. 

Due to the nature of the problem, the large quantity of live data involved, the uniqueness 

of each mining site, the computational limitations, and the uncertainties related to the mining 

activity, the existing research work and commercial software are unable to adjust the solution to 

the probabilistic variations in the calculation parameters, relying on a person called a dispatch 

operator for most of the parametersô adjusting and decision-making process. This human agent is 

ultimately responsible for ensuring that the fleet resources are used in the best possible way. 

However, since the dispatch operator is a human being, the decisions may result in suboptimal 

solutions due to human-related factors such as experience, expertise, and communication skills, 

among others. 

To provide a solution for this problem, a novel methodology is proposed in this thesis, 

which discusses a different solution process that involves the combination of Operations 

Research and machine learning techniques to evaluate best decision parameters and predict 

optimal decision-making for a variety of uncertain scenarios, providing the dispatch operator an 

optimal course of action for a set of operational conditions and a potential outcome for a given 

decision made. 

To date, there is no algorithm, either from previous research work or commercially 

available in any software package, that can offer a reliable solution for these variable scenarios. 

Therefore, the set of steps, logic and reasoning described in this methodology represent a 

milestone in the analysis of the truck-shovel allocation problem through the integration of 

artificial intelligence techniques in the mining systems. Ultimately, the purpose of this research is 

to provide a smart tool to dispatch operators to compare and evaluate the accuracy of certain 

decisions in the continuous process of truck allocation and dispatching.  
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CHAPTER 1.  

INTRODUCTION 

 

Compared to other industries, mining is presented as a capital-intensive operation with a 

constant condition of variability and uncertainty in almost all stages or steps of a cyclical 

process. One of these steps, highly sensitive to the variability factor of the mining conditions, is 

the process of fleet management. Often considered as a procedure for fleet allocation and 

dispatching (i.e., assigning tasks to loading, hauling and services equipment) [7], [14], [26], [34], 

[39], [53], [57], [63], it aims to find the best possible arrangement of fleet resources to either 

minimize transportation costs or maximize production output [6], [66], with the least number of 

equipment subject to multiple operational constraints such as block sequencing [14], processing 

facilitiesô feed rate requirements [59], mechanical availability [6], road conditions [23], [27], 

[51], operatorsô expertise and human factors [37], [43], among others. 

Although the modern term of  ñFleet Management Systemò is often used for open pit 

mining operations (including coal opencast mining [50]), it can be conceptually applied as well 

to underground operations since both scenarios encompass the three (3) main stages of the truck 

allocation problem: (1) loading equipment assignment, (2) best path solution and (3) optimum 

truck allocation. 

While in underground operations the transportation network is limited to almost fixed 

possible paths from the loading source to a dumping point [12] (through ramps, drifts and 

crosscuts), open pit operations represent a more complex scenario due to the multitasking of both 

source points (high & low grade ore and waste in the same bench) and dumping zones (waste 

dumps, stockpiles, crusher, etc.), numerous possible paths to arrive to the same point,  traffic 

conditions [2] and even communication interference [4]. 

1.1. A Review of Fleet Management Systems Over History 

From an optimization and mathematical solution standpoint, researchers have been 

working since the 1960s in ways to formulate, assemble, integrate and optimize developing 

algorithms able to find the best possible answer to the question of ñwhere should a truck go 

now?ò, considering both conditions: (i) when the system is fixed with deterministic parameters 
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[2], [37], [57], [62], and (ii) if some variables follow a stochastic distribution [3], [31], [57], [63]. 

However, due to the major complexities of the problem and the need for a fast solution, most of 

the existing implementations are essentially linearized solutions with some workarounds to give 

the impression of stochasticity [39], so that the problem can still be solved with deterministic 

linear solvers. It is for this reason that most computerized software implemented White and 

Olsonôs (1986) methodology as a baseline for the dispatch system, later optimizing the software 

capabilities using different approaches, from the multi-stage analysis described by Alarie and 

Gamache (2002) to case-based conditions studied in the following years [24], [27], [54]. 

Nonetheless, all the work was focused on the system only, entirely ignoring the importance of 

the human agent (dispatcher) who ultimately makes the final decision. 

To have a better understanding of the problem we want to address, it is necessary to 

understand how the truck-shovel allocation problem (TSA) has been studied, especially over the 

last 40 years. This progressive development is divided into periods designated by four (4) 

significant milestones. Before the 1980s there were some theoretical and case-based attempts to 

implement computer-based systems to solve truck allocation problems, but it was not until 1982 

that an implementable solution was proposed. 

(1) The beginning of the modern fleet management systems started when J.W. White and 

J. P. Olson presented their computer-based dispatching system to evaluate the solution for the 

problem by dividing the process in two segments, an upper stage to be solved using linear 

programming, and a lower stage to compute the truck allocation through dynamic programming. 

With minor modifications, the optimization algorithms were able to maximize production, 

minimize rehandle and meet the plant feed target, providing optimal truck dispatching solutions 

for concurrent operating objectives [66]. 

Ever since, other authors discussed the proposed methodology to adapt it to other 

scenarios, like Soumis et al. (1989) [54] who introduced the concept of foreseeable futures from 

a descriptive approach, or Temeng et al. (1997) [59] who adjusted White and Olsonôs work to 

allow the determination of live dispatching, discussing current states like needy shovels by using 

a negative deviation constraint, or shovel breakdowns in goal programming models. However, 

the most noticeable discussion in this first period was in 1998, when Temeng et al. [60] presented 

a non-preemptive goal programming approach, discerning the nature of solving multiple goals at 
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the same time without a specific priority on an objective function that minimized the deviations 

of the production targets and the ore quality. Up to this point, the problem formulations 

considered parameters as fixed values in general. 

(2) The second milestone was set by Alarie and Gamache in 2002 [6], who proposed a 

more complex and mathematically correct approach to solve the TSA problem, understanding 

that the truck dispatching process is dependent on the status of the fleet. For this, they presented 

three (3) strategies to let the system find the best solution depending on the available fleet 

resources, also known as the m-trucks-for-n-shovels analysis, where the system could consider 1 

truck for multiple shovels, multiple trucks for 1 shovel or multiple allocation units at the same 

time. 

Another important contribution to the field of research was done by Ta et al. (2005) [57] 

with one of the earliest introductions of stochastic optimization to account for the probabilistic 

nature of the truck utilization parameter and the probabilistic truck allocation analysis using a 

Gaussian distribution for a chance-constrained problem. Few other improvements were discussed 

in this period, including some heuristic rules for local information-based decisions by Arelovich 

et al. [9] and the evaluation of implementing genetic algorithms for truck dispatching problems 

by He et al. [28], both in 2010, still enclosed within the limitations presented by White and Olson 

(1986) [66] and the strategies provided by Alarie and Gamache (2002) [6]. 

(3) The third milestone corresponds to all the collaborative research work developed 

between 2011 and 2017 that could be called the current engine of the commercial truck dispatch 

systems, starting with the work done by Gurgur, DaỲdelen and Artittong (2011) [26] which 

presented in detail the basis of a real-time multi-period truck dispatching system for the 

McLaughlin mine dataset. The problem was formulated as a MILP model with the objective 

function of maximizing the net present value (NPV) of the short-term plans. 

Most of the future work would be considered variations of this model or other previous 

formulations for new case studies and undiscussed conditions. Subtil et al. (2011) [55] revisited 

the dynamic programming section of White and Olsonôs methodology (1986) [66], incorporating 

multi-objective optimization techniques and some heuristics for the m-trucks-for-n-shovels 

methodology. In contrast to most authors who addressed the stochastic condition of this problem 

and focused on the mining-related parameters, Topal and Ramazan published in 2012 [62] an 
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analysis on the stochastic nature of the maintenance cost and how it affects the truck scheduling 

for a mine in Western Australia, concluding that deterministic models may mislead the solution 

for the truck-shovel allocation problem, which was previously suspected but still lacking more 

evidence from the field tests. 

Another important contribution was done by Hashemi and Sattarvand in 2015 [27], 

evaluating additional stochastic conditions for truck inter-arrivals, waiting, loading, hauling and 

dumping times in the Sungun copper mine (Iran) case study. Upadhyay and Askari-Nasab (2016) 

[63] reformulated the problem by combining all the goals and applying a non-preemptive goal 

programming approach, including a normalization process as the goals had different dimensions, 

which was one critical condition closely evaluated in this research proposal. 

One other approach related to the goal programming model proposed by Mohtasham et 

al. in 2017 [38] discusses a multi-objective optimization where the four (4) individual goals were 

evaluated, highlighting the fact that this is one of the few publications where the weight of each 

goal is disclosed (25%, or 0.25 each), which means all goals were equal in weight or importance. 

Many other approaches have been evaluated by the authors later on, discussing variations of the 

available techniques in Operations Research, with modelling frameworks such as mixed-integer 

programming, non-linear programming, and goal programming, or solution strategies like fuzzy 

linear programming, discrete-event simulations, and genetic algorithms, which addressed 

different conditions and scenarios but with no important modification to the general framework. 

(4) The fourth and last noticeable milestone started in 2018, when Sun et al. [56] 

presented one of the first applications of machine learning in the dispatch problem, proposing the 

use of an artificial neural network (ANN) to predict the truck travel time, with overfitted models 

to the training data but highlighting the importance of including uncertain parameters like the 

meteorological features and how they impact the resulting predictions. This different way of 

using statistics to evaluate the truck-shovel allocation problem (TSA), and the implementation of 

AI techniques in an activity that uses big data analysis in live decisions was the logical next step 

in this area of research. Nonetheless, from the Operations Research standpoint, further important 

work was conducted, like Bakhtavar and Mahmoudiôs Robust Optimization (RO) models in 2018 

[14], or the in-depth analysis of the operational uncertainties in the stochastic integer 

programming model developed by Afrapoli, Tabesh and Askari-Nasab [2], also in 2018. Later in 
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2020, Baek and Choi [12] used deep neural networks (DNN) to predict ore production based on 

truck-haulage systems, little outside the scope of analysis but still important as it integrated the 

production planning with the dispatch data. 

The last two and probably most important publications in this last stage were presented in 

2021, the first one by Mohtasham, Mirzaei-Nasirabad and Alizadeh [37] presenting a chance-

constrained goal programming approach where single- and multi-objective problems were 

discussed, including multiple methods to apply normalization for multi-dimensional objective 

functions, goal weighting and the importance of the hierarchy analysis in the solution process. 

The second work was published months later, where Mohtasham, Mirzaei-Nasirabad, Askari-

Nasab and Alizadeh [39] further discussed the priority and ranking methods of goal optimization 

and how it has a significant influence on the delivered production, number of truck trips, ore 

grade and truck fuel consumption. In both cases the conclusions recognized the problem but did 

not offer a conclusive solution that could be applied for all cases. 

1.2. Research Scope 

From the dispatcher perspective, the Fleet Management System is a centralized structure 

that receives real-time information from each element that composes the fleet and transfers it into 

an schematic environment that represents the pit geometry, adding as well any possible 

destination (ore stockpiles and waste dumps) to create a virtual space where all dispatch items 

are on display and that the mathematical model can extract information from to solve the truck 

allocation problem, or any other calculation required by the user. 

If we evaluate the background and expertise of dispatch operators, their experience is 

often related to the operation of fleet equipment rather than mathematics- and Operations 

Research OR- related positions, therefore ignoring in some cases how the solutions are 

calculated, to the extent of using the software as a black box without knowing its limitations 

[11]. Depending on the expertise of the dispatcher and the complexity of the mine, the dispatch 

system can be used from a simple display and truck assignment tool with intensive dispatcher 

work, to an open self-optimizer truck allocator that requires minimum involvement of the 

dispatch operator. 
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However, the dispatch system is not able to conduct a flawless operation for long. Since 

the system works based on snapshots of the mine at a given moment (available sources and 

destinations, truck current assignment and location, available paths, and other technical and 

environmental conditions) and runs every time there is change in one (or more) of the 

operational parameters in the field, the system must also be updated accordingly [31], [54]. 

If the operational parameters are not updated and do not reflect reality, solutions are still 

being computed but including a factor of error with a fast-increasing rate since the implemented 

algorithm is not run every time a truck requires a new assignment, resulting in undesired 

outcomes such as idled and over-trucked shovels simultaneously [5], traffic lines, unnecessary 

rerouting in travel paths (sometimes because truck operators ignore dispatch decisions [9]) and 

ultimately overflow of arbitrary destinations; demonstrating that this problem requires a 

systematic and dynamic solution [33]. Communication issues also play a major role in the 

system performance, presenting complications when a truck cannot be contacted by the 

dispatcher, or if the whole system goes offline either because of weather conditions or due to 

communications infrastructure failure. 

Another important flaw, often ignored in Operations Research OR- related approaches, is 

the broken link between the live production (usually accounted through knapsack constraints, 

also known as limiting constraints to prevent the variable to exceed certain threshold) and the 

completion of the production targets over a time horizon. The decision of where to send a truck, 

if the system is under-trucked, is at the discretion of the dispatcher by analyzing the current  

cumulated production, destination priorities and fleet availability, versus what is expected to be 

produced at the end of the shift or day; whereas if the system is over-trucked, the dispatcher is 

likely to have a priority shovel to allocate the majority of trucks to, while keeping the other 

trucks operating with a minimum idle time for the other shovels [18], always aiming for the 

minimum number of active trucks to decrease transportation costs [67]. 

Without the intervention of a dispatcher, if one of the targets (e.g., waste stripping) has 

been met before the time limit, the shovel will keep loading trucks to prevent an idle shovel or 

excessive truck queuing in other shovels; similarly, if a given truck is suddenly no longer 

available (e.g., due to a mechanical failure) but the equipment does not report the new condition, 

the system will keep the truck as a selectable unit, considering it as part of the optimization 
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calculation. In all cases, the decision to redirect resources is likely made by the dispatcher rather 

than the system itself. On a different scenario, where there are negative or positive cumulative 

production rates from previous time periods, the shift targets are set manually for the system to 

plan the best solution, instead of allowing the system to keep track on current completion rates 

and project ahead to continue, increase or decrease certain production rates in order to meet 

production targets at the end of the weekly, monthly or quarterly plan. This last condition is 

usually analyzed externally by short-term planning engineers rather than from inside the system, 

blinding the dispatch routines from the big picture of the operation. 

Historically, any defined type of dispatch optimization has been conducted from an 

Operations Research OR approach (e.g., LP, MILP, MINLP, GP) including the use of solution 

strategies like genetic algorithms [21], [28] to produce mathematical optimal solutions (which 

are expected to compute global optimal solutions but realistically generate local optimal 

solutions), resulting in effective yet low-adaptative tools to solve the Truck Shovel Allocation 

TSA problem. On the other hand, machine learning techniques have been evaluated in many 

areas of the mining process, including mineral resource estimation, mid- and long-term mine 

production analysis [12], productivity ratios, fuel consumption & truck location predictive 

models [43], [56], risk management, etc. Unfortunately, there is little reference to the use of 

artificial intelligence-related approaches for mine dispatch systems. 

Since the understanding of machine learning approaches are based on a different way of 

using statistical methods to find correlation patterns and predict potential outcomes, the 

implementation of such techniques must be directed to solve those unaccounted issues generated 

by the stochastic and variable nature of certain operational parameters [3] instead of replacing 

the current solution strategies applied by OR algorithms based on OR techniques. The general 

scope of this project will propose, explore and discuss a methodology that implements the use of 

artificial intelligence capabilities to reinforce existing optimization algorithms to find ways to 

identify, describe, understand, and solve common issues found in the implementation of dispatch 

systems in open-pit mining operations for the truck allocation process. 
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CHAPTER 2.  

CONCEPTUAL THEORY 

 

2.1. Truck-Shovel Allocation Problem 

The truck-shovel allocation problem (TSA) is an adapted version of the Operations 

Researchôs vehicle-dispatch or delivery problem to the mining industry. Here, a set of source 

equipment must be matched to a set of transport units to deliver a given amount of product to the 

selected destination while meeting different types of constraints. Whether the mining method is 

by open pit or underground, the problem framework can still be applied just by adjusting the 

main sets and parameters. The sources correspond to the loading points (blasted material, 

muckpiles, and stockpiles in the case of open pits, and stope drawpoints for underground 

operations), where shovels or loaders will be assigned to load the broken material into the 

transport units or mining trucks The destinations are the target points to deliver the material to 

(stockpiles, crushers or dumping areas). The travel paths correspond to the network of roads that 

connects sources and destinations. 

Given the size of the sets, the non-uniformity of the parameters and the complexity of the 

system as a whole, the TSA problem has been redesigned to fit the time limitations and 

computational restrictions, and to solve the problem in a consistent manner and to provide a 

solution in a short period of time (calculations in less than a few seconds). The first significant 

approach was developed by White and Olson in 1986 [66], solving the flow rates required to 

meet the plant requirements. Then, knowing the exact amount of material to be moved through 

the paths or roads, the system can then assign the trucks to each path so the production targets 

could be met while minimizing costs and meeting the blending constraints.  

This approach improved the use of computational resources and set the baseline 

framework of the modern commercial dispatch systems. The second significant approach was 

discussed by Alarie and Gamache in 2002 [6], who address an optimization process to the truck 

allocation tasks based on the available trucks and shovels. They presented the m-trucks-for-n-

shovels methodology to find the best possible arrangement of trucks given the state of shovels or 

sources in the mine. The third and more recent noticeable improvement was developed by many 

authors over time under different scenarios and for different objectives; this improvement adds 



  

9 

 

an additional stage to the solution of the TSA problem, by finding the best shovel allocation in 

accordance with the block scheduling plan and presetting the most efficient arrangement of 

shovels before deciding the flow rate of material to assign to each path. Villalba-Matamoros and 

Dimitrakopoulos published in 2016 [35] an example of the integration of the fleet parameters in 

the production schedule process, accounting for the impact of the shovel and truck utilization in 

the calculations. Three years later in 2019, Upadhyay and Askari-Nasab [64] presented a mixed-

integer linear goal programming MILGP problem where the shovel positioning was critical in the 

optimization of short-term production plans. 

Additionally, it is important to mention that most of the work done for the TSA problem 

is designed to find a solution for a short period of time, either for a snapshot of a moment or for a 

controlled number of periods of analysis, considering a minimum change in the operational 

parameters between the calculation of new solutions. The problem can be evaluated under 

deterministic scenarios, with fixed values and controllable conditions, or by following a 

stochastic method, to address the probabilistic nature of the operating parameters. When this 

second option is selected, the TSA problem also increases the complexity and computational 

time required to find a solution. 

Lastly, the TSA problem has certain limitations associated with the uncertain nature of 

the input parameters commonly evaluated when applied to mining-related scenarios. Contrary to 

other implementations where the sources, destinations, and network of roads are fixed for long 

periods of time with minimum variations, mining-related cases are more complex due to the 

uncertainty factor on the stability of the input parameters, even in controlled scenarios with 

cyclical conditions and minimum deviation to the stablished production plan (e.g., coal mining). 

Besides the limitations associated with the uncertainty on the coefficients, there is also another 

limitation related to the applicability of the computed solution. Once critical condition in any 

mining operation with an installed dispatch system is the reliability on the communications 

between the control room and the fleet resources. This is usually observed when the dispatcher is 

not capable of delivering the required tasks to the shovel/trucks on time. 

The explanation of how the TSA problem is studied for open pit mines, the formulation 

of the problem from a multi-stage strategy and the current implementation by the commercial 

software is described as follows. 
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2.1.1. Shovel Allocation for Scheduling Optimization 

This first step of the analysis of the truck shovel dispatch problem is addressed during the 

long- and mid-term planning process. Mine planners need to decide the type and number of units 

of loading equipment (shovels) needed to sustain the production targets. They also need to plan 

the distribution of all pieces of equipment while taking into consideration the movement 

limitations (shovels are commonly mounted over crawlers) and the geometric considerations of 

the pit expansion (minimum operating area). 

The allocation of the shovels can also be addressed in the short-term range, either to 

replace broken-down shovels on priority benches or to plan the movement of the shovels for a set 

of scheduled blocks on a monthly basis, as evaluated by Upadhyay and Askari-Nasab in 2019 

[64], with the objective of minimizing the shovel unproductive time when relocating within the 

working bench, while securing the target grades at the processing destinations. 

2.1.2. Material Flow Rate Estimation for Overall Optimization 

The short-term plans from the production scheduling process define a given amount of 

material to be delivered to the processing facilities or the storage stockpiles. Plus, the associated 

waste stripping is required to have access to the production benches in the current and following 

periods. With the information for the minimum amount of material to deliver and the quantity 

and quality of the material in the benches, the flow rate estimation aims to ensure the production 

forecast completion and to minimize the deviations of the target grade. Also, this rate extends the 

analysis on additional optimization objectives, such as minimum rehandling, increased shovel 

utilization, lower transport cycles time, and many other particular targets.  

This upper stage basically evaluates the flow of material that can be moved through the 

paths, considering the constraints to prevent allocating more material than the maximum 

production capacity of the shovel. It further assigns an infinite number of trucks to transit at the 

same time in the same haul road. By solving this initial stage first, the next step of the TSA 

problem has as input data the location of each shovel or loader, the shortest distance from the 

source to the destinations, the required amount material to deliver from each shovel and the road 

profile from the selected path, reducing the size and complexity of the truck allocation problem. 
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2.1.3. Truck Allocation for Dispatch Optimization 

Once the shovel distribution and the flow rates are decided for the short-term plan, the 

next step is to allocate the trucks to each shovel so we can satisfy the assigned flowrate to each 

path, or the production from each source. This is quite a particular problem since it is highly 

sensitive to the uncertain conditions of the mine but also to dispatching situations; as mentioned 

by Ronen (1988) [48], this kind of problem has often soft constraints, that is, constraints that can 

be violated at some cost if it is globally profitable to do so.  

The approach to solve the problem moved from a single stage- to a multistage system, to 

simplify the solution and account for additional operational considerations. This method uses 

different linear and non-linear models and algorithms to solve the TSA problem at different 

levels of success. Nonetheless, the ultimate purpose of this problem is to decide where to send a 

truck to maximize the satisfaction of one or many dispatching objectives, as mentioned by Alarie 

and Gamache (2002) [6]. They studied the previous work and synthetized them in the well-

known three dispatch strategies to get the right assignment for a truck, a methodology accepted 

and integrated in the modern Dispatch systems. 

2.1.3.1. 1-Truck-for-n-Shovels Dispatching Strategy 

The 1-truck-for-n-shovels method is the oldest and most discussed approach in the 

literature. The strategy consists in deciding where to send a truck when an ὲ number of shovels 

are available for dispatching, evaluating the best possible allocation in terms of satisfying the 

desired objectives (e.g., to meet the production targets while minimizing the operational costs). 

The main limitation of this strategy is the lack of information for the rest of the system, since 

only one truck is evaluated at a time, making it sensitive to the decision criteria and in 

consequence generating a different result for small variations.  

There is in fact no solid rule to decide what a best solution is and, different operations 

will evaluate what is ñbestò differently, for the many possible scenarios to assess. Therefore, it is 

usually solved by heuristic methods where the dispatcherôs criteria plays a major role, resulting 

in suboptimal decisions. As mentioned by Alarie and Gamache (2002) [6], this strategy can be 

considered as a myopic method since it cannot guarantee the same behavior in all situations. 
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2.1.3.2. m-Trucks-for-1-Shovel Dispatching Strategy 

This strategy considers the optimum number of trucks allocated to a given shovel, 

selecting an ά number of trucks the shovel will need in the near future, ordering the shovel 

under analysis from the shovel pool by a priority criterion, from the neediest to the slackest (e.g., 

the shovel that is far behind the production target), assigning the truck most fitting to reduce the 

negative impact of the current state of the shovel. This strategy was first implemented and 

discussed by White and Olson (1986) [66] in their Dispatch commercial package. Although this 

approach solves many restrictions from the 1-truck-for-n-shovels strategy, there are still some 

limitations related to the global conditions of the mine and potential impact of an incorrect 

prioritization of the shovel selected for analysis at a time, since the shovel production is 

heterogeneous and the importance of the material to deliver may vary between periods. 

2.1.3.3. m-Trucks-for-n-Shovels Dispatching Strategy 

Initially discussed by Alarie and Gamache (2002) [6] as a desired condition, and 

nowadays accepted as a baseline for modern dispatching methodologies, this strategy evaluates 

simultaneously the assignment of ά next-to-use trucks to ὲ active shovels, producing near-

optimal dispatch decisions given the global vision on the whole fleet and the interconnection of 

the different constraints for all shovels and trucks at the same time. This strategy also solves the 

egotist behavior of the trucks [6] by considering the effect of the forthcoming assignments when 

a truck is allocated to the best destination, setting up a system where trucks are able to cooperate 

with each other. Although this is the most complete and accurate dispatch strategy, there are 

some complexities and shortcomings related to the size of the problem to solve, adding another 

layer of required computational time that could turn the problem unsolvable for big models. 

2.1.4. Commercial Software 

The market of Fleet Management System (FMS) software has been expanding over the 

last 30 years, starting with niche software developers designing computerized dispatch systems 

for target open-pit mines for small homogeneous fleets and limited amount of destinations, and 

currently having expanded the services for big fleets, multi-mine systems and integration with 

big-data cloud services, including as well additional optimization objectives not directly related 

to the dispatching purposes such as tire and fuel management. 
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The development of fleet management software has been commercially conducted by two 

major groups: dedicated software developers and original equipment manufacturers. This 

distinction exists in response to the market demands, technology advances and research 

development, but ultimately aiming for the same original objectives related to cost minimization, 

production maximization and recently introduced fleet automation. 

In the case of software developers, the advantages are related to the integration of the 

dispatch analysis with production plans, mine design and ore control routines already available in 

the base mining software. However, they usually require the implementation of ancillary 

software to complement the data collection, sensor management and adaptation of installed 

software in the equipment to transfer data to the dispatching system. Nowadays, these 

restrictions are less noticeable since most equipment manufacturers allow easy integration 

between both native software. Some of these FMS provided by software developers are: 

¶ HxGN MineOperate OP Pro LPÊ (HEXAGON), former Jigsaw Jmineops 

¶ CENTRICÊ (Datamine) 

¶ PitramÊ (Micromine) 

¶ GroundHog Open Pit FMSÊ (Groundhog) 

Regarding the fleet management systems developed by original equipment manufacturers 

(OEM), the advantages are more related to the full integration of the dispatching system to the 

specifics of the equipment design, sensor management, native automation, cloud services and 

direct technical support with the OEM, reflected in mines where the FMS can be partially or 

fully controlled by a third party as a complementary service of the equipment acquisition. Most 

of the shortfalls are related to the overfitting design of the software routines to the manufactured 

trucks, having some difficulties to integrate trucks from other manufacturers to the fleet. Some of 

these FMS provided by original equipment manufacturers are: 

¶ Cat È MineStarÊ Solutions (Caterpillar) 

¶ DISPATCH È - Modular Mining & KomtraxÊ (Komatsu) 

¶ WencoÊ (Hitachi) 

¶ OptiMineÊ (Sandvik) 
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The software selection will be a tradeoff analysis between the advantages and 

disadvantages offered by the different options, but as mentioned before, a set of ancillary 

programs and data integration tools will be available to complement the native software to fill 

the gaps that may exist, some of them already integrated to the offered commercial FMS 

package. More recently, many cellphone applications (Apps) have been developed for FMS with 

the main purpose of data visualization, live tracking and communications, convenient for the 

purpose of data management but not directly involved in the base optimization process. 

2.2. Operations Research Approaches 

Given that the nature of the truck dispatching problems involves the definition of a set 

known values (design and operational parameters), an objective function to maximize or 

minimize (production targets or forecasted costs), a set of constraints or limitations to consider 

(e.g., fleet capacity, blending restrictions, feed rates, effective working time) and ultimately the 

need to know the most optimal way to arrange the fleet resources (e.g., truck allocation), the 

operations research (OR) methods, also called systems engineering methodologies, are the 

preferred option for most authors. 

Different OR methods were evaluated by the authors in the literature review, looking for 

ways to model the problem and to find an optimized solution based on the size of the problem 

and the computing restrictions. Some of these methods are discussed next to explain the 

preference for each and the future work to do.  

2.2.1. Linear Programming Approach 

The simplest and first-used formulations to find a solution for the truck-shovel allocation 

problem. By definition, linear programming (LP) is a modelling framework that requires the 

objective function and the constraints to be linear or linearized prior to solving. Some noticeable 

authors who used this approach were White and Olson (1986) [66], Li (1990) [33], Ercelebi and 

Bascetin (2009) [23], and Sahoo et al. (2010) [50]. The main limitations of this approach are 

related to the nature of the problem of making binary decisions for the truck allocation. The 

method was implemented in DISPATCH computerized dispatching software when it was first 

installed for Phelps Dodgeôs Tyrone mine, but the derived versions of the software moved to a 

mixed-integer linear approach in the following years. 
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2.2.2. Mixed-Integer Linear Programming Approach 

Out of all the methods available, the mixed-integer linear programming (MILP) 

formulations are the most extended ones due to the practicality of the implementation, suitable 

for the purpose of the problem and moderate computational requirements. Different to linear 

programming, the inclusion of integer variables (either binary or regular integers) is convenient 

for the truck allocation solutions since most formulations consider the decision making of certain 

actions to happen as a binary condition, defined by 1s (if they happened) or 0s (otherwise). 

Although most of the base models are MILP, depending on the size of the problem or the 

complexities related, the decomposition in smaller problems may turn the MILP into LP 

problems for certain purposes (e.g., fast calculation) yet it is still a MILP model when all parts 

are integrated together. The complexity of the MILP models are usually associated with the 

additional computational resources required for the solution to reach convexity, or at least to find 

a feasible solution with an acceptable gap (in percentage) to the global optimal linear solution; 

for this, multiple strategies can be applied such as tightening bounds, ignore redundant 

constraints, use fixed initial solutions or the application of relaxation methods, as discussed by 

Klotz and Newman (2013) [32]. 

Since this is the preferred approach for most authors, the majority of the available models 

use a full of partial MILP formulation for single or multi-objective optimization. Some authors 

who developed MILP models for the truck-allocation problem are Sgurev et at. for the TRASY 

system (1989) [51], Gurgur, DaỲdelen and Artittong (2011) [26], Kaveh-Ahangaran et at. (2012) 

[4], Chang et al. (2015) [18], Zhang and Xia (2015) [67], Patterson et al. (2017) [45], Bajany et 

al. (2017) [13], Moradi-Afrapoli et al. (2019) [1], Manr²quez et al. (2019) [34], Prakash-

Upadhyay and Askari-Nasab (2019) [64], and Mohtasham et al. (2021) [39]. For those authors 

who combined MILP models with fuzzy logic algorithms or chance-constraint methods, their 

models will be discussed in the following sections. 

This formulation approach is also the preferred one by the commercial software. 

Although not all commercial fleet management systems are open to disclose the dispatch engine-

algorithm running in the background for the upper or lower stage in the multi-stage optimization 

framework due to confidentiality reasons, some examples can be listed based on public 

information such as PitramÊ (Micromine) for an implemented MILP solver, or from site 
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observations like HxGN MineOperate OP Pro LPÊ (HEXAGON), where the estimation of 

optimum number of trucks for each shovel returns a linear solution, while the rest of the analysis 

is based on a MILP model (undisclosed). Nonetheless, the available software have multiple tools 

and components, each of them under different optimization approaches, making it difficult to 

enclose them under a single methodology. 

2.2.3. Fuzzy Linear Programming Approach 

Fuzzy programming is a solution strategy that differs from Boolean logic when a decision 

variable cannot be exactly 0 or 1 (No or Yes), but instead allows a range of real values between 0 

and 1 to represent the existence of an uncertain condition. This method differ from deterministic 

approaches since the complexity of dispatching input parameters is more related to a stochastic 

behavior. As mentioned by Moradi-Afrapoli, Upadhyay and Askari-Nasab (2018) [3], the fuzzy 

linear programming (FLP) approach is important to consider for the mining industry since more 

than solution can be accepted under certain conditions, providing an example with an 

heterogenous truck fleet where more than one type of truck was valid for the same objective 

target. Fuzzy programming is not an isolated logic on itself, instead it is more like a reasoning 

that can be implemented to existing model to simulate a stochastic behavior to a certain extend. 

2.2.4. Non-Linear Programming Approach 

Similar to linear programming, the non-linear programming (NLP) approach is modelling 

framework for problems based on an objective function and a set of constraints, but considering 

the existence of non-linearities in any of the components, this is, one or more decision variables 

being applied in a non-linear operation. Contrary to the linear approach where the solution lands 

in a vertex of the region of feasibility, or the integer approach where the solution is contained 

within, when non-linearities are incorporated the possible solutions are along the tangents of the 

contour of the feasible region, creating a new complexity in response to the existence of multiple 

local optimal solutions but only one global optimal solution. The computational effort required to 

solve this kind of non-linear models is substantially greater than linear approaches, and there is 

no guarantee that the global optimal solution will be found within the desired computational 

time. To solve this issue, most of the NLP formulations apply different methods to linearize the 

non-linear equations, or at least making them solvable in linear solvers. 
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All above said, the NLP approach may be the least favorite of the methods for the authors 

to formulate a model; however, the nature of the decision variables in the mining industry, 

specifically for fleet management systems, are in most cases non-linear as multiple objectives are 

optimized at the same time (e.g., blending constraints). A well-recognized NLP approach was 

presented by Soumis et al. in 1989 [54], where the component related to the optimization of 

trucks itineraries between shovels and destinations was set as a non-linear equation. In the same 

model, the objective function that combined the shovel production, truck hours and blending 

targets was also non-linear. Despite the limited amount of information provided by Soumis et al., 

plus the computational restrictions back in 1990, the approach is valuable as it discussed the 

importance of taking a non-linear approach since it is, said by the Soumis et al., the most realistic 

way of describing the phenomena. 

2.2.5. Mixed-Integer Non-Linear Programming Approach 

The mixed-integer non-linear programming (MINLP) methods are probably the most 

complete yet less convenient strategy for solving the truck-shovel allocation problem given the 

additional complexity associated. Most of the MILP models are in fact MINLP, but for solving 

purposes the non-linearities are linearized in a subroutine and minimized in negative effects for 

the computing time, making the disadvantages of the non-linear condition almost negligible. This 

aspect is quite common for optimization models that consider the blending constraints or grade 

deviations as part of a non-preemptive approach when the production rates are also decision 

variables.  

For this reason, authors prefer to solve production targets separately to prevent non-linear 

complexities, which is useful for practical purposes but in the background most of these feasible 

solutions are suboptimal or local optimal, as the non-linear component required to find the global 

optimal solution is ignored or deliberately discarded. Nonetheless, the difference between the 

local optimal solution and the global optimal solution is, in most cases, so small that if ignored 

will result in little-to-none negative impact on the mining operation, concluding that in a trade-

off analysis the MILP models are more convenient for fleet management systems than MINLP 

models. 

Without discarding the merit of the MINLP formulations, Bakhtavar and Mahmoudi 

(2018) [14] developed one of these models for a scenario-based robust optimization (SBRO) 
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approach to be tested in the Sungun copper mine (Iran) dataset, subdividing the problem in a first 

phase to optimize the delivered material and the number of completed truck cycles, and a second 

phase to allocate the trucks to each shovel. There is no further information of the solver used or 

the computational time required to run the multiple scenarios evaluated, but the conclusions 

reached suggested that a SBRO approach can find a better solution than traditional TSA strategy 

installed at that time. 

2.2.6. Genetic Algorithms 

As mentioned by He et al. (2010) [28], the genetic algorithms (GA) were first proposed 

by J. H. Holland and are basically a random global search and optimization algorithms that 

automatically acquire and accumulate knowledge of the search space during a search process, 

adapting the search in order to achieve the optimal solution. These algorithms are inspired by 

natural selection to perform a stochastic search for solutions represented as chromosomes that 

reproduce through crossover and mutation, and are evaluated by a fitness function [21]. Since the 

GA generate a population of high performing solutions that keeps reproducing and leading to 

better solutions, the GA approach can be considered as an approximation method, to a certain 

extend. 

The genetic algorithms can also be applied to solve the truck scheduling problem given 

the characteristics of the problem, for single and multi-objective scenarios. The main advantage 

of this approach is the computational time associated as the algorithm follows a selective search 

to find near-optimal to optimal solutions, while the main disadvantage is the need for fixed input 

parameters, arbitrarily selected for each case to generate the desired solution (subject to human 

criteria). Some examples of this implementation are the proposed model by He et al. (2010) [28] 

for scheduling optimization, Cox et at. (2017) [21] who designed a controller for dispatching 

decisions, and Alexandre et al. (2019) [7] with two multi-objective genetic algorithms (MOGAs) 

that minimized total cost of trucks in operations, and maximized the production of ore and waste. 

2.2.7. Goal Programming Approach 

By definition, the goal programming approach is a multi-objective optimization method 

for conditions in which two or more targets are competing in the objective function. The solution 

process for this model can be preemptive, when the targets are assigned with a desired priority or 
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the optimization is sequenced from the higher importance goals to the lower ones, solved by 

hierarchical methods; or non-preemptive, when multiple goals need to be optimized 

simultaneously, requiring additional constraints for the weighted sum of all targets to 1 or 100%. 

For this second scenario, it is important to evaluate the scale and dimensions of the targets since 

different targets can be much larger in comparison to others, or just be measured with different 

units. When such conditions exist, a normalization process is usually carried out. As mentioned 

by Grodzevich and Romanko (2006) [25], the normalization plays an important role in ensuring 

that the consistency of optimal solutions is along with the preferences expressed by the decision 

maker. 

This approach was first implemented by Temeng et al. (1998) [60] to the truck 

dispatching problem for a two-objective optimization, applying priority factors for production 

and quality control optimization targets based on deviational variables that solved the 

normalization problem, but without significant findings that concluded in the author suggesting 

that, statistically, the solution for the problem presented between the linear approach y the goal 

programming method was pretty much the same. Later in 2016, Upadhyay and Askari-Nasab 

[63] presented a mixed-integer linear goal programming (MILGP) model for the truck-shovel 

allocation problem while considering four optimization targets: (a) maximize production, (b) 

minimize head grade deviations, (c) minimize tonnage feed deviations at the processing plant, 

and (d) minimize operating costs.  

The normalization of the goals was determined by the Utopia and Nadir value calculation 

[25], giving a weight to each goal so they could be optimized simultaneously. A more recent goal 

programming approach for the truck-shovel allocation problem was Mohtasham et al. (2021) 

[37], mixing it with a chance constrained method to adjust it to the stochastic nature of the 

parameters, and applying the probability theory to convert probability inequalities to a 

deterministic equivalent. The optimization aimed to minimize (a) the loader production negative 

deviation, (b) grade deviations at the destinations, (c) ore production deviation at the processing 

facility, and (d) total truck operating cost for the Sungun copper mine (Iran) dataset.  

For this multi-objective optimization, the normalization method selected was the 

Euclidean distance (proximity weighting, using the square root of the sum of the coefficients of 

the decision variables as weighting factor). Upon applying the normalization to the targets, the 
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goal weighting was arbitrarily selected based on the opinion of the mine operator, assigning 

equal weights to each of the four goals (25% or 0.25). The paper also discusses the limited 

amount of research developed for the multi-objective optimization methods and the reliance on 

the authorôs criteria to decide the importance of each goal or the hierarchal sequence that should 

be used when evaluating the priority analysis. 

2.2.8. Stochastic Programming Approach 

Contrary to deterministic approaches that consider fixed coefficients during the 

optimization process, the stochastic modelling of the truck-shovel allocation problem evaluates 

the uncertainties associated with the dispatch tasks or the mining activity in general. The 

stochastic condition can be applied to previously discussed approaches, but general it can refer to 

queuing theory models, heuristic modelling, discrete simulations, or any type of analysis that 

considers the probability or stochastic variability of the operational parameters in the 

formulation. 

One of the reasons behind the limited implementation of the stochastic modelling in this 

area of research is the additional computational resources required, given that multiple scenarios 

evaluated simultaneously, and the complexities associated with probability theory or the use of 

continuous decision variables. The problem is then divided in two possible approaches: (a) when 

the formulation is meant to be applied in short-term plans (live decisions), and (b) when the 

target is the mid- and long-term planning of the fleet and to set up some dispatching guidelines 

over a time horizon in response to potential uncertainties. 

Regarding the short-term approach, the discussion revolves around the ways to adapt a 

stochastic condition to the deterministic formulation. As mentioned by Birge and Louveaux 

(2011) [16], the main goal in problems with probabilistic constraints is to determine 

deterministic equivalents and their properties, so the problem can be solved as any other 

deterministic formulation with the available commercial solvers without the need of a simulation 

framework. Another point of discussion is the representativity of these solutions, as the 

stochastic approach generate not just a single solution but a set of them for the given ranges 

considered, so rather than perform the wait-and-see scenario for a distribution problem, a more 

reasonable option is to solve the expected value problem or mean value problem, that is 

generated by replacing the unknown values by the expected mean estimations [16]. This option 
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does not necessarily return the global optimal solution for all cases, but at least provides a 

starting point for the integration of uncertainties in the deterministic approach.  

One good example of this approach was presented by Ta et al. (2005) [57], who proposed 

a chance-constrained model to incorporate a probabilistic constraint for the surge pile confidence 

level to ensure a steady stream of ore material to the processing plant; the proposed probabilistic 

constraint was converted to a deterministic form by using uncertain coefficients that vary 

according to a Gaussian distribution with known characteristics. Another example was presented 

by Afrapoli et al. (2018) [2], where a deterministic MILP model was adapted to stochastic integer 

programming using the recourse solution method [16] to incorporate the trucksô empty travel 

time as a variable parameter. 

If we were to discuss for longer periods of analysis, the simulation of scenarios provides 

a better understanding of the implications of stochastic conditions in the truck-shovel allocation 

& dispatch problem assessment. Although the problem is still evaluated for short-term 

conditions, the results are not meant to modify the base formulation in response to the occurrence 

of certain events or parameters variation, but instead to provide some average values related to 

the proposed conditions, that could be used as starting values for the optimization process, or just 

rough estimations of the fleet performance for a mid- and long-term time horizon. These 

simulation frameworks are designed to allow the variability of certain parameters so the variation 

in the solutions can be evaluated and even sensibility analyses performed.  

As mentioned by Tan et al. (2012) [58], these simulations can help site managers to 

understand the behavior of the system, allowing the optimization through various strategies by 

providing visual and dynamic descriptions. Some examples of this approach were developed by 

Jaoua et al. (2012) [31], to evaluate a way to minimize the deviation of the truck delivered 

material from a reference trajectory; Tan et al. (2012) [58], for a transportation cost 

minimization; Topal and Ramazan (2012) [62], who evaluated the maintenance cost of the fleet 

for 20 scenarios; Hashemi and Sattarvand (2015) [27], to evaluate the truck cycle time for 

variable truck travel time, loader cycle time, truck waiting time and loader idle time; Dumakor-

Dupey et at. (2017) [22], for a simulation model to evaluate the fuel consumption with respect to 

the truck waiting time and cycle time; Baafi and Zeng (2018) [11], who implemented a discrete-

event simulation model to maximize in separate cases the total production and the truck 
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utilization; and Ozdemir and Kumral (2019) [43], for a simulation-based optimization model 

using OptQuest È for Arena È simulation software that maximized the total material production 

while considering the truck travel time as a variable condition depending on the operatorôs 

competency and performance. 

2.3. Machine Learning Solution Techniques 

The application of machine learning techniques in the mining industry is much less 

common compared to other industries, most likely due to the restrictions related to data 

accessibility and research cost associated. In general, the machine learning approach is based on 

statistical models and predictive algorithms that allow a system to learn, adapt and forecast 

possible outcomes for a set of input parameters. As a subset of the artificial intelligence designed 

to imitate human reasoning, the potential of the implementation of machine learning in the 

mining-related research fields is broad and full of potential for all stages of the mining process.  

Some of these implementations are already being discussed, like the activity time 

predictive models for truck dispatching decisions [47], real-time link travel time analysis [56], 

material destination policies using reinforcement learning for a mining complex [44], prediction 

of fuel consumption in mining excavators [49], ore production by truck-haulage systems using 

deep neural networks (DNN) [12], evaluation of resistive forces on a shovel bucket [10], use of 

random forest (RF) and back-propagation neural network (BPNN) to predict ore production [19], 

truck travel time prediction models for FMS optimization in opencast mines [20], optimum fleet 

selection of loaders and trucks [41], and all the additional areas of implementation described by 

Ali and Frimpong (2020) [8] related to object detection, truck suspension systems, excavator and 

dragline automation, photogrammetry video analysis and phase recognition models. 
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Figure 2.1. Diagram of machine learning techniques available, Nadeem 2022 [40]. 

Depending on the data available, the type of problem to solve, the complexities 

associated, and the solutions desired, the machine learning approach can be supervised (guided 

learning, predictions based on known inputs and outputs), unsupervised (unguided, algorithms 

that associate data with similar characteristics), or reinforcement (from general directives to 

interact with an environment). In Figure 2.1 there is a reworked diagram, originally developed by 

Nadeem (2022) [40] to describe the available machine learning techniques, and how they are 

distributed and associated with each learning-type approach. 

2.3.1. Supervised Learning Approach 

The artificial intelligence models based on a supervised learning approach evaluate a 

dataset of known information and divide it in a set of input parameters and a human-labeled 

output object, training the algorithm to recognize patterns and associate weights in the input 
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conditions so it can properly classify the data or predict the labeled outcome with a certain level 

of accuracy based on a previously unseen arrangement of input values. 

From the literature review in mining-related areas of research that included predictive 

models, most of the authors who chose a supervised learning approach selected operational and 

site-related parameters as input features, so they could predict specific output coefficients to be 

used as input parameters for an optimization model. Some of these applications are: Sun et al., 

(2018) [56] who used truck, road and meteorological features to predict truck travel time; Saim 

et al., (2020) [49] who predicted daily excavator fuel consumption based on excavator worked 

hours, excavator availability, excavator utilization and total bucket payload; Azure et al., (2021) 

[10] who used height, angle of repose, bulk density and fragment size of the muckpile to predict 

the resistive forces on a shovel bucket; Nobahar et al., (2022) [41] who applied season, month, 

number of trucks, routes and loader types to predict daily hauled minerals; and Choudhury and 

Naik (2022) [20] who presented a prediction model for the truck travelling time based on ID, 

type and status of the truck, load status, starting and arrival nodes, atmospheric pressure, wind 

speed, surface temperature, relative humidity, precipitation levels and rain conditions. 

The previously mentioned prediction models work under the reasoning of regression, a 

technique that analyzes the relationship of correlation and causality between independent (input) 

and dependent (output) variables, allowing the model to predict or forecast a previously 

unknown value. There are multiple types of regression models with the corresponding 

mathematical background, but not all of them are fitting for the purpose of this PhD research 

work given the multioutput regression nature of the intended methodology. A brief description of 

each regression model applied are discussed next. 

2.3.1.1. Linear Regression Algorithm 

The simplest and most common regression method, used for data evaluation and 

modelling that stablishes linear relationship between continuous values [36]. The linear 

regression algorithm is supported on the best-fit linear function for a set of known values, that 

minimizes the discrepancy or variability of each sample value to the trendline. The input values 

used are called independent variables or predictors, while the output values are the dependent 

variables. As mentioned by Hope (2020) [30], the key principle of this method is that the impact 
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of each predictor variable on the response variable can be specified with just a single number, 

which represents the ratio of change in the predictor to change in the response. 

The general form of the linear regressor is given in Equation (2.1), similar to the equation 

of the line but integrating the noise coefficient: 

ώ ὅ ‍ὼ ‐ (2.1) 

Where (ώ) is the dependent or response variable, (ὅ) is the constant coefficient or 

intercept, that defines the value of (ώ) when the independent variable is zero, (‍) is the constant 

coefficient or multiplier of the independent variable, (ὼ) is the predictor or independent variable, 

and (‐) is the noise coefficient that could exist depending on the characteristics of the dataset. 

The linear regression is also capable to incorporate multiple predictors, allowing the estimation 

of the target value from multiple predictors simultaneously. The form of the linear function for 

this condition is given in Equation (2.2). 

ώ ὅ ‍ὼ ‍ὼ ‍ὼ Ễ ‍ὼ ‐ (2.2) 

Where (ὲ) corresponds to the number of predictors used in the estimation; and (ώ) is now 

the result of the sum of the intercept, the independent products of the independent variables with 

their coefficients, and the dataset noise. 

One major limitation of the linear regression algorithm is the requirement that the 

relationship between the predictor and the predicted value must be linear, otherwise the accuracy 

of the estimation could be low and biased towards one end of the line. Hope (2020) [30] 

discussed this condition using an example of the intelligence quotient (IQ) of a group of students 

before and after completing a graduate program at a top US university. The analysis was done by 

performing a best-fit line on the scatterplot of the raw data; in Figure 2.2 we can observe the 

results obtained, showing in (A) that the initial relationship between the raw variables was non-

linear, while in (B) the data was recoded to adequate for a linear regression. 
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Figure 2.2. Example of general Linear Regression approximation discussed by Hope (2020) [30]. 

2.3.1.2. K-Nearest Neighbors Regression Algorithm 

The k-Nearest Neighbor (kNN) model is a popular non-linear regressor that works under 

the assumption that all values of the dataset are correlated to each other, and for any new value to 

estimate, the prediction applies weights to each input value with respect to the distance to the 

unknown target, similar to the inverse distance weighted (IDW) approach. The k-value 

represents the number of instances (or neighbors) to use when performing an estimation of 

prediction, selected by the closeness to the new value, so the definition of the k-value will have a 

direct impact on the accuracy of the model. In the kNN regression algorithm, it is implied that all 

the new incoming values will also be alike the existing data, and for this, each neighbor will have 

a contribution to the average value of the model that will be used as input parameter.  

Another condition important for the kNN regressor is the sensitivity to the outlier 

instances, prone to biased estimations if these outliers are not capped or limited when estimating 

the average value of the model, or when the k-value is large enough to include them. 

In machine learning kNN prediction models, the data used during the training step will 

also be used for the testing phase. As mentioned by Song et al. (2017) [52], the population size 

becomes a major concern for large models as it affects the execution speed and requires 
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additional computational resources, making it necessary to classify the data into subsets to 

reduce the operations to solve at a time. 

The implementation of a kNN regressor can be as simple as to calculate the arithmetic 

average of the values of all k-nearest neighbors, or following an inverse distance weighted 

(IDW) approach. If the calculation is based on IDW, there are 3 distance functions commonly 

used for the regression purpose of the model. These distance functions are Euclidean (Equation 

(2.3), Manhattan (Equation (2.4) and Minkowski (Equation (2.5); this last one is the preferred 

distance function since it is a weighted version of the Euclidean distance, allowing the variation 

of the distance of order. 

ὼ ώ  (2.3) 

ȿὼ ώȿ (2.4) 

ȿὼ ώȿ  (2.5) 

Where (ὼ) and (ώ) are the values of features, coordinates, or vectors; (Ὧ) is the number 

of neighbors considered, and (ὴ) is the Minkowski distance of order (where ὴ is an integer). 

As mentioned before, the limitations of this algorithm are related to the size of the data 

and the outlier instances, creating unfavorable conditions for the calculation and accuracy of the 

results. A simple example is shown in Figure 2.3 for a 2-D representation of the (X1, X2) 

distribution of a set of samples, where the target value will first stablish the number of known 

samples needed to comply with the k-value, and then select a distance function to weight the 

importance of each sample for the target value calculation. 
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Figure 2.3. kNN example for 1-class-type samples. X1 and X2 features define the dataset 

distribution, and k-value stablishes the number of samples to consider in the search based on the 

proximity to the target value. 

2.3.1.3. Decision Tree Regression Algorithm 

The most common and simplest tree-based model. Works under the process of 

subdividing datasets into smaller subsets in the form of a tree framework, where the first node 

represents the best predictor or root node, and the ending terminals are called leaves. The 

subdivisions in the between are the internal nodes that classify the data according to common 

features or characteristics, and the connections between them to the root node and the leaves are 

called branches. The accuracy of this method is directly correlated with the noise of the dataset 

and the number of estimators used in the training process, resulting in a low performance in more 

complex datasets if the model is poorly generalized. As mentioned by Boehmke and Greenwell 

(2019) [17], decision tree analysis typically lacks predictive performance compared to Neural 

Networks (NN) and Multivariate Adaptive Regression Splines (MARS), yet by a process of 

assembling multiple decision trees the performance of the analysis can be greatly improved. 

There are multiple methodologies to decide what should be the partitioning logic to 

divide the data into subsets while reducing the dissimilarity within the leaves. If the decision tree 

is meant to perform a regression process, Boehmke and Greenwell (2019) [17] suggest the use of 

the classification and regression tree (CART) method to obtain homogeneous subsets, where the 
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objective is to minimize the Sum of Squares Error (SSE) of all subregions between node levels 

(Equation (2.6); while if the model is for classification purposes, the objective of the partitioning 

is to reduce the Gini Index (Equation (2.7) for all subclasses. 

ὓὭὲὭάὭᾀὩ     ὛὉὉ ώ ὧ

ᶰ

ώ ὧ

ᶰ

 (2.6) 

 Where (ὙȟὙ) corresponds to the resulting regions, (ώ) is the actual response and (ὧ) is 

the predicted constant. 

Ὅ ρ ὴ (2.7) 

  Where (ὴ) corresponds to the probability of an element to be part of category (Ὦ) or the 

proportion of samples that are part of category (Ὦ), and (ὧ) is the total number of categories. The 

Gini Index (Ὅ) is an adjusted version of the Gini coefficient, first proposed by Corrado Gini 

(1912) to measure inequality in uneven distributions. 

The implementation of decision trees for prediction purposes is directly related to the 

type of data, the possible subclassifications, the size of set and the desired results, so a binary 

partitioning is not necessarily the only possible method. Another common method when the 

nodes are subdivided in more than two possible options is by the reduction of the standard 

deviation, where each set is divided by attribute and the standard deviation is calculated for each 

branch. The difference between the standard deviation before the subdivision and the standard 

deviation from the resulting branch is what constitutes the standard deviation reduction. The 

attribute with the resulting largest standard deviation will be the decision node. The limitations of 

this approach are related to the number of subdivisions allowed and what could be considered a 

non-leaf branch, increasing the computational resources required since many calculations can be 

recursive until all data is processed. For this matter, it is suggested to stablish some limits based 

on the dataset metrics, like the coefficient of variation (CV) or the number of remaining elements 

in a branch. 

Back to the binary partitioning, an illustrative example was presented by Boehmke and 

Greenwell (2019) [17] to discuss the difference between single and multibranch trees by using a 
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dataset of 500 continuous values with a single feature ὼ scattered with a Gaussian noise. In 

Figure 2.4 the decision tree defines the value of ὼ σȢρ from the partitioning rules to split the 

total dataset into two subsets, while Figure 2.5 represents a deeper tree with 3 levels, 7 

subdivisions and 8 leaves or prediction regions, assigning different values to ὼ for the optimal 

splits. 

 

Figure 2.4. Single-branch decision tree for the example discussed by Boehmke and Greenwell 

(2019) [17]. Decision tree diagram where the value of feature ὼ σȢρ splits the dataset into two 
subsets with the corresponding proportions (left) and decision boundary on the graphical 

representation of the dataset (right). 

 

Figure 2.5. Multi-branch decision tree for the example discussed by Boehmke and Greenwell 

(2019) [17]. Decision tree diagram with all subsets and end leaves (left) and resulting decision 

boundaries on the graphical representation of the dataset (right). 
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2.3.1.4. Ridge Regression Algorithm 

First introduced by Hoerl and Kennard (1970) [29], the ridge regression methods are a 

type of linear regressors proposed to solve the multicollinearity condition of classic linear 

regression, this is, a high correlation of the independent variables (predictors) when a multi-input 

regression process is performed, producing inaccurate predictions as the variances are increased 

although the least-squares remain unbiased. The method requires the standardization of all 

variables, reducing the complexity of the model, but also turning the tunning process into a 

trade-off analysis between tolerable bias and acceptable variance. The process of reducing the 

number of important features (predictors) without erasing the less important ones is called L2 

regularization process, typical for ridge regressions and a condition that differentiated ridge with 

respect to lasso method. 

The form of the ridge regression is similar as the linear regression but adjusted to 

multiple input parameters, as shown in Equation (2.8). 

ώ ὢ‍ ‐ (2.8) 

Where (ώ) is the dependent variable or ὔ ρ vector of observations, (ὢ) represents the 

predictors or matrix of regressors, (‍) is the set of regression coefficients or ὔ ρ vector of 

regression coefficients to estimate, and (‐) is the error or ὔ ρ vector of errors, or residuals. 

Similar to the ordinary least squares (OLS) estimator, the simple ridge estimator is calculated in 

Equation (2.9): 

‍ ὢὢ ‗Ὅ ὢώ (2.9) 

Where (‍) is the least squares estimates of (‍), (ὢ) is the matrix of predictors, (ʇ π) is 

the ridge parameter, (Ὅ) is the identity matrix, and (ώ) is the dependent variable or regressand. 

In the ridge regression, the objective of the algorithm is to minimize the expression given 

in Equation (2.10), adjusting the L2 regularization element for the fitting process. 

ὓὭὲὭάὭᾀὩ     ώ ὼ‍ ‗ ‍  (2.10) 



  

32 

 

Where (ὔ) is the number of cases, (Ù) the dependent variable for each case, (Ø) the 

independent variable for each case, (‍) the constant coefficient, and (ʇ) the ridge parameter. In 

this optimization process, (ʇ) is commonly selected as the hyperparameter as it has a direct 

influence in the effectivity of the regression model, and the tunning process is critical to the 

under-fitted or over-fitted final state of the model. 

As mentioned by Boehmke and Greenwell (2019) [17], the ridge model is beneficial for 

cases that require retaining all available features in the final model since there is no feature 

selection but a weighted importance to the input parameters. This condition may be 

counterproductive in case the model is highly sensitive to one or few parameters, or if the noise 

created by the less important predictors may deviate the regressand value. The tunning process 

must be conducted taking into consideration the nature of the input data and the level of 

generalist prediction desired. In Figure 2.6, Boehmke and Greenwell (2019) [17] presented an 

example of the impact of ʇ value for 15 predictor variables, where some of the ridge regressor 

coefficients even after a scaling and centering process are still large when ʇO π, but all of them 

shrinks towards zero as ʇO Њ. The example uses a logarithmic scale for the horizontal axis to 

improve the variation of the coefficients for all examples until ‗ ψπππ. 

 

Figure 2.6. Ridge regression coefficients for 15 predictor variables using different values of ɚ, by 

Boehmke and Greenwell (2019) [17]. 



  

33 

 

2.3.1.5. Lasso Regression Algorithm 

The Least Absolute Shrinkage and Selection Operator (LASSO) regression was first 

proposed by Tibshirani (1996) [61] as an alternative linear approach for ridge regression when a 

feature selection is required. Contrary to ridge regression that maintains all input predictors 

under different levels of importance and the coefficients are approximated but never equal to 

zero, lasso uses a method called ñshrinkageò that forces all independent variables to shrink 

towards a central point (e.g., mean), reducing all determination coefficients to zero. This process 

is called L1 regularization, typical to lasso method and beneficial when the less important 

regressor coefficients shrunk to zero helps with the over-fitting/under-fitting adjustment. The 

ultimate purpose of L1 and L2 regularizations is to apply penalties to improve the accuracy of 

the predictions, making them the most likely tunning elements. 

The goal of the lasso regression aims to minimize the result of Equation (2.11), where the 

second component corresponds to the L1 regularization element. 

ὓὭὲὭάὭᾀὩ     ώ ὼ‍ ‗ ‍  (2.11) 

Where all the parameters being the same as in ridge regression in Equation (2.10), but 

with the condition that large values of (ʇ) will make the coefficients zero, underfitting the model. 

Boehmke and Greenwell (2019) [17] discussed the performance of the (ʇ) hyperparameter, as 

shown in Figure 2.7, observing that for ʇO π most of the coefficients are still relevant in the 

regression, while for ʇ ρπ only 5 variables are still retained. 
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Figure 2.7. Lasso regression coefficients, by Boehmke and Greenwell (2019) [17]. 

From this, it can be evaluated the influence of (ʇ) in the shrinkage process. When ʇ π 

the estimated value is equal to the one created through linear regression (same applies to ridge), 

when ʇO π the variance is increased as there is little no none feature selection, resulting in an 

over-fitted model to most parameters, and when ʇO Њ the biased is increased towards the 

remaining coefficients different to zero, under-fitting the model to very few parameters, but it 

can also imply that if (ʇ) is large enough (near infinite) all coefficients are eventually eliminated.  

It is important to mention that, in most implementations of ridge and lasso regression 

models in python, (ʇ) value for L1 and L2 regularizations is described as ñalphaò input parameter 

for the tunning process and cross-validation. 

2.3.1.6. Random Forest Regression Algorithm 

The random forest regression is a type of tree-based algorithm that works under the 

ensemble learning process to produce predictions, this is, combines predictions from multiple 

regression models to produce a more accurate output. In this particular case, the ensembled 

independent models are decision trees configured to generate different prediction under certain 

ranges of randomness, and ultimately report the mean of all independent predictions as the 

output of the model. 
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In general, the random forests follow the same principles as the decision tree algorithm, 

subdividing the dataset in subsections based on an input attribute, but adding some conditions to 

allow the creation of an (ὲ) number of possible decisions trees, as shown in Figure 2.8. This 

combinatorial process will allow the prediction to determine how deep the analysis should be, or 

the complexity of each decision tree should take to improve the prediction performance. 

 

Figure 2.8. Diagram of configuration of Random Forest regression algorithm. 

As part of this configuration process, the input parameters to evaluate can also be 

considered as the hyperparameters for the tunning process. As mentioned by Boehmke and 

Greenwell (2019) [17], the accuracy of the random forest is determined by (1) the number of 

trees generated, (2) the number of features in each split, (3) the degree of complexity of each 

tree, (4) the desired sampling scheme, and (5) the splitting rules during the decision trees 

construction. Depending on the type of dataset, the abovementioned parameters have different 

degrees of influence in the tunning process, but in general the number of trees and the number of 

features in each split are the preferred hyperparameters in the tunning process.  

The higher the number of independent decision trees, the lower the root mean square 

error (RMSE) and the more generalized the random forest prediction is, but an excessive number 

of trees would also result in an unnecessary increase of computational requirements without 
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major prediction improvement. On the other hand, the parameter that controls the number of 

features in each split (ά ) is often selected as the primary hyperparameter as it helps in the 

balancing of the low tree correlation. In regression problems it is commonly estimated as a third 

of the number of input features considered, but it will depend on the number of predictors 

available. 

2.3.1.7. Gaussian Regression Algorithm 

The gaussian processes regression (GPR) is a supervised machine learning algorithm that 

works under the condition that any collection of random variables has a multivariate normal 

distribution, this is, any finite linear combination will behave like a normal distribution. Contrary 

to other regression algorithms, the gaussian processes model is strongly related to the stochastic 

nature of prediction algorithms, making use of prior knowledge and uncertainty parameters to 

improve the prediction process. 

An excellent definition of the gaussian processes model is presented by Wang (2020) 

[65], who describe it as a probability distribution over possible functions that fit a set of points. 

Given that there are multiple functions fitting the dataset to a certain degree, the means of these 

functions become the new predictive function, and the variance is adjusted to minimize the error 

of these predictions. 

The gaussian regression function is given in the Equation (2.12), incorporating the 

distribution and known-data components. 

ὖὪȿὢ ﬞ Ὢȿ‘ȟὑ  (2.12) 

Where (Æ Ὢ(X)) is the vector of training observations, (ὢ ὼ) corresponds to the 

array of observed points, (‘ άὼ ) represents the array of the means of each function, (ά) 

is the mean function, and (ὑ Ὧὼȟὼ) is the kernel function. This kernel component, directly 

correlated to the covariance function, represent the ability to express prior knowledge of the form 

of the function being modelled [65], and it will depend on the type of distribution evaluated (e.g., 

constant, linear, gaussian noise, squared exponential, periodic). 

Wang (2020) [65] presents in Figure 2.9 a simple example of how the gaussian process 

regression model adjusts to a dataset (a) and evaluates 5 possible functions that could fit to the 
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distribution (b). The evaluated functions will create a range of options represented as a shaded 

area to indicate the prediction variances. 

 

Figure 2.9. Gaussian processes regression model, by Wang (2020) [65]. 

For the hyperparameter tunning process, it is important to properly define the type of 

kernel (covariance) to evaluate according to the nature of the dataset, so the parameter 

optimization can be conducted properly. One of the most common kernel functions used in GPR 

is the radial basis function (RBF), defined in Equation (2.13). 

Ὧὼȟὼ „ᴢ  (2.13) 

Where (ØȟØ) represents two samples being evaluated, and (ʎ) is the signal variance. 

For this kernel function, (ʎ) and (ὰ) are the hyperparameters to tune, (ʎ) controlling the vertical 

span of the function, and (ὰ) defining the maximum distance between the points to keep a 

correlation. The selected value of (ʎ) will result in either higher or lower variances for each 

known point, while (ὰ) will control the overfitting (small value) or underfitting (large value) of 

the model. 

2.3.1.8. Polynomial Regression Algorithm 

The polynomial regression is a type of regression model that evaluates the relationship 

between the predictors (independent variables) and the regressand (dependent variable) as a non-

linear function in the form of a ὲ  degree polynomial. 

To properly understand how the polynomial regression works, it is important to discuss 

the framework of multiple regression models, where there are more than one predictor 

(independent variable) acting to estimate the dependent variable, so it could be expressed as an 
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array of regression functions for each predictor. Ostertagov§ (2012) [42] evaluated this scenario 

for linear regression models using a similar structure as what is shown in Equation (2.14). 

  

ώ ὅ ‍ὼ ‍ὼ ‍ὼ Ễ ‍ὼ ‐
ώ ὅ ‍ὼ ‍ὼ ‍ὼ Ễ ‍ὼ ‐

ể
ώ ὅ ‍ὼ ‍ὼ ‍ὼ Ễ ‍ὼ ‐

 (2.14) 

Where (ώ) is the regressand for ὲ  number of cases, (ὅ) is the intercept, also expressed 

as ‍, (‍) is the constant coefficient for Ὧ  number of predictors, (ὼ ) is the predictor used in 

each of the ὲ  number of cases, and (‐) is the noise associated or random error component for 

each of the ὲ  number of cases. 

On the other hand, the polynomial regression structure considers only one independent 

variable (ὼ) for a set of different constant coefficients, but adjusting the predictor to a polynomial 

order, as shown in Equation (2.15). 

ώ ὅ ‍ὼ ‍ὼ ‍ὼ Ễ ‍ὼ ‐ (2.15) 

Where (Ὧ) corresponds to the degree of the polynomial, that will also represent the order 

of the regression model. This simplistic method can actually fit to different data points and allow 

certain level of prediction accuracy, but also present certain shortfalls in the implementation. As 

mentioned by Ostertagov§ (2012) [42], fitting this regression model requires several 

assumptions, and one of the major assumptions is that the errors are uncorrelated random 

variables with mean zero and constant variance, and should be normally distributed.  

This condition induces a biased prediction if the parameters are not correctly set to the 

desired results. As part of the discussion, Ostertagov§ (2012) [42] evaluated some examples of 

the implementation of this regression model, as shown in Figure 2.10. (a) A dataset of 10 points 

is presented along with 4 polynomial models to find the best fit. The selected polynomial 

regression models are in the order of 1 (linear), 2 (quadratic), 3 (cubic) and 4 (quartic), being the 

last one the selected model for the fitting process, (b) reaching a 95% prediction accuracy for the 

presented conditions. 
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Figure 2.10. Polynomial regression example for four (4) polynomial models, by Ostertagov§ 

(2012) [42]. Plot of individual polynomial models (left) and fitted predictive model (right). 

2.3.1.9. Logistic Regression Algorithm 

In general, regression algorithms are designed to perform predictions for discrete and 

continuous input/output variables and features, having a successful performance under different 

degrees of fitting and accuracy. However, when the regressand (dependent variable) is in the 

form of binary (i.e., zeros/ones) or Boolean form (yes/no), classic regression models such as 

linear regression have a poor performance as they are not able to adequately model datasets 

distributed between fixed bounds under different degrees of probability. For this cases, logistic 

models (also known as logit models) are introduced to evaluate the probability of the output to be 

classified as one of only two possible options, turning the prediction model into a categorical 

selection. 

The general form of the logistic function is described in Equation (2.16), creating a S-

shaped function characteristic to this regression approach. 

ὴὼ
ᴢ

ρ ᴢ
 (2.16) 

Where (ὴὼ) is evaluated as the probability of the class to be true (between 0 and 1), 

(‍) is the interceptor, (‍) is the constant coefficient, and (ὼ) is the feature or predictor used for 

the regression. The logit transformation is then applied to (ὴὼ) to adjust the equation to a linear 

equation, helping with the interpretation of the magnitude of (‍), as shown in Equation (2.17). 
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Ὣὼ ὰὲ
ὴὼ

ρ ὴὼ
‍ ‍ὼ (2.17) 

If the dataset considers multiple predictors to estimate the probability of the category of 

the independent variable, the logistic function in Equation (2.18) is extended as follows: 

ὴὼ
ᴢ Ễ

ρ ᴢ Ễ
 (2.18) 

Where (‍) is the constant coefficient for ὲ number of predictors. This multi input 

variable arrangement will also result in a biased estimation for certain predictions over the 

others, so the correct identification of (‍) magnitude is important for accurate models. 

The analysis of the unfitting nature of linear-type regression models for this type of 

datasets is discussed by Boehmke and Greenwell (2019) [17] as shown in Figure 2.11, where the 

linear approach is not able to set a limit below the lower bound (left) and extends the possible 

predictions below zero, performing a poor regression fit, while the logistic regression creates a 

non-linear sigmoidal-shaped function (right) able to contain all the information within the limits. 

 

Figure 2.11. Comparison of linear regression (left) and logistic regression (right) for a 

probabilistic dataset between 0 and 1, by Boehmke and Greenwell (2019) [17]. 

Regarding the hyperparameter tunning, the parameter to evaluated is not usually related 

to the general equation, the logit transformation, or the coefficients, but instead to the solver used 

for the calculation. In the implementation of the logistic regression to Python libraries, the 

different solvers are configured to have different performances in terms of efficient use of 
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computational resources, size of datasets, sparsity nature of the input data, or high-dimensional 

conditions associated with the input variables. Another parameter to consider is the 

regularization (penalty) associated to the generalization error (e.g., L1, L2) that may depend on 

the solver selected. 

2.3.1.10. Single-input Multi-output Regression Models 

This is a special type of regression implementation where there is only one regressor 

(independent variable) for two or more regressands (dependent variables). This implementation 

is common when the required output corresponds to an array or combination of numeric values, 

like coordinates prediction (2 or more dimensions). 

Since the classic regression algorithms require the input of one of more input parameters 

to predict a single result, the multioutput regression process is an application that not all 

regression algorithms are able to perform properly, specifically those who require an extensive 

training process on multiple variables, making unsupervised approaches inadequate to this 

purpose as the feature selection must be conducted carefully to generate the desired results. 

The configuration of a single input to a multioutput regression adds another layer of 

complexity to this case study, suggesting quite a unique regression approach where the possible 

predictions are overfitted to one specific input variable, but if the input variable can also be used 

for different possible predictions sets, then the pool of possible predictions becomes a contour 

map with regions of possible solutions from a single input parameter. If the input parameter is a 

feature type (categorical) then the problem turns into a selection or classification problem with a 

strong bias towards the input-output cases with the highest frequency of occurrence, while if the 

predictor is a continuous numerical value, then the contour map produces regions of solutions 

where the desired output can be located at the limit of the next boundary, or at the center 

(centroid) of the solution pool that could behave like convex or non-convex regions of analysis. 

Some classic regression algorithms have an inherit design to allow multioutput 

regressions without major modifications, like linear-type regression models and decision trees, 

while others will require extensive hyperparameter tunning to produce accurate results under 

overfitting conditions, as small changes in the training dataset may require a new hyperparameter 

tunning to maintain the accuracy of the predictions. 
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One of these unfitting regression algorithms for multioutput regression is the support 

vector machine or support vector regression (SVR), that does not support multioutput regressions 

by design. Although there are workarounds to assemble multiple single-output regressions to 

create the form of a multioutput regression, results are not guaranteed to be correct for all cases. 

2.3.2. Unsupervised Learning Approach 

Contrary to supervised learning where the process is guided, the unsupervised machine 

learning approach analyze unlabeled datasets (features are not identified by a human agent) to 

evaluate and identify hidden correlations or patterns within the input information, and group 

them in clusters based on common characteristics without human guidance. 

This flexible characteristic to handle unknown information without major intervention 

makes the unsupervised learning approach ideal for exploratory analysis, image recognition and 

data segmentation. The many uses of unsupervised learning can be grouped into clustering 

methods and dimensionality reduction applications. 

The clustering algorithms are designed to group unlabeled data into smaller sets based on 

similarities or common patterns. The clustering process can be based on proximity of the samples 

to a selected target (also called exclusive or hard clustering) commonly used for customer 

segmentation, hierarchical clustering if the data is separated in smaller groups and then 

agglomerated based on common features, and probabilistic clustering if there are probability 

distributions associated with the dataset (also known as soft clustering). 

On the other hand, the dimensionality reduction implementation is used to simplify the 

evaluation of big datasets and improve the performance of the data processing. When the input 

information contains several features or dimensions in each log the model tends to become 

difficult to visualize, so the reduction of the dataset size while maintaining the integrity of the 

original characteristics is required, commonly used for meaningful data compression or feature 

elicitation. 

2.3.3. Reinforcement Learning Approach 

Despite the differences between the supervised learning methods, characterized for being 

guided in the data labelling and feature selection, and the unsupervised models that cluster and 
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comprise unlabeled data, both approaches require input information for the training process so 

the prediction function can obtain accurate results, having preference for extensive training 

information to prevent the overfitting of the model. In the between of these two areas of analysis, 

the reinforcement learning approach evaluates a condition where the input data is limited and it 

must be generated by interacting with an environment, setting the act of progressive and 

sequential decision making into the core component of this approach. Between all machine 

learning models, the ones considered as part of the reinforcement learning are the best 

representation of the stochastic nature of the prediction models given the simulation process 

involved. 

For a set of initial directives, the model interacts to the many conditions existing in a 

given environment while receiving limited feedback. In consequence, the learning process is 

guided to obtain maximum benefit for a desired target (minimize or maximize a certain result). 

Aside these starting instructions, the model will have no further help or guidance to explore, 

interact with, and reach the goal. This process of discovery will be based on a trial-and-error 

process where each possible combination of steps will be evaluated to find the optimum 

sequence of decisions to obtain the early rewards (primary objective) and late rewards 

(secondary objectives to optimize). 

Reinforcement learning models require a set of elements to perform this self-learning 

process, being these (1) a learning process or agent of learning to make the decision of what 

action to take, (2) an environment to explore and interact with, (3) the reasoning the agent must 

follow for the decision making, and (4) a reward signal to guide the agent in the optimum 

decision making direction (reward desired decisions and/or penalize actions that led to undesired 

outcomes). The number of variables in each of these elements turn the training of a self-learning 

algorithm into a slow and long process to reach an acceptable level of understanding of the 

environment to perform optimum results. Nonetheless, reinforcement learning models are 

recognized as strong and powerful algorithms for the limitless areas of implementation, such as 

real-time decisions, robot navigation, artificial intelligence in games, learning tasks, skill 

acquisition, etc. [40]. 
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CHAPTER 3.  

METHODOLOGY 

 

This chapter will first discuss the implementation of current Fleet Management Systems 

(FMSs) in open pit mines, comparing them with the traditional approach framework to evaluate 

the major differences and improvements over the last 40 years, and ultimately identifying the 

most noticeable shortcomings yet to resolve. Then, a new methodology to re-evaluate the 

decision-making strategies in dispatch systems is presented, proposing a different view in how 

the truck-shovel allocation (TSA) problem should be analyzed in current mining industry in face 

of the new technologies, computational resources, and complexity of the operations. 

3.1. Traditional Approach Review and Shortcomings 

The truck dispatching systems were originally designed to evaluate in real time the 

interactions between the shovel and trucks in open pit mines so that an optimum allocation of 

resources could be met supported by a mathematical correctness solution. The primary targets of 

these initial models were the maximization of production output while meeting the operational 

constraints, or to reduce the operational costs while meeting the production targets. Given the 

limitations in computational resources, the models were primarily linear or linearized if any non-

linear condition was present.  

After White and Olson (1986) [66] presented a computer-based dispatching system that 

split the problem into two stages for solution optimization, the traditional approach was properly 

defined as the baseline for all current fleet management systems. This approach stablished that 

the upper stage must be the solution of the optimum production/transportation capacities, 

represented by the flowrates in each transportation path so that the feed rate at the processing 

facilities is guaranteed under the blending constraints, using linear programming formulation for 

this purpose. The second or lower stage was the solution of the truck-shovel allocation (TSA) 

problem, or in other words the allocation of the trucks to the available paths or sources (shovels), 

by implementing a dynamic programming formulation to obtain fast results. The input 

information to solve these two consecutive stages was always a snapshot of fixed conditions and 

operational parameters at the mine, allocating trucks whenever a new request was received, and 
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only resolving the upper stage of the problem when a major change in the operational parameters 

occurred. 

Ever since, multiple improvements were made to the system in close connection with the 

development of new technologies and the availability of more powerful computers and dedicated 

software, filling the many gaps in the traditional approach to have a better response to the 

uncertain nature of the mining operations and the variability of the operational parameters. In 

equal amounts, the complexities of the newer formulations accounted for stochastic schemes and 

multi-goal optimization approaches, focusing on the reduction of the fleet costs, directly or 

indirectly related to the request by the global industries affected by the 2007-2008 financial 

crisis, and supported by the previous evaluation made by Alarie and Gamache (2002) [6] that 

reported an approximate of 50%-60% of the operational costs in open pit mines are directly 

related to the transportation activities. 

Some of the initial shortcomings have been also solved over time, such as the difficulties 

to deal with heterogeneous fleets, large input datasets, complex road networks, integration with 

long-term targets or live data systems, GPS and satellite location; but others still remain, 

specifically those related to the framework itself inherited from the traditional approach, 

noticeable in current implementations regardless of the software provider, the equipment 

manufacturer or mining site location. The following list is not necessarily a rule for all 

implementations, but to a certain extent they are associated with the most common issues in fleet 

management systems and present under average conditions of operation: 

- The FMS rarely achieves the medium- and long-term expectations. Observed when a 

completion analysis is performed on the production targets (forecasted vs executed) for 

long periods of time. Although these plans are evaluated taking into consideration the 

fleet capacities, efficiency and availability rates, and even some contingency cushions as 

part of the risk management, there are always gaps and deviations in the final number as 

result of small variations in the planned parameters, such as inoperative trucks and shovel 

due to the occurrence of uncertain conditions, but also in response to suboptimal 

decisions made by the dispatching system and authorized by the dispatchers to solve 

short-time issues. 
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- The FMS keeps track of fixed conditions and assumptions. For the system, the decision 

must be a reactive response to the observable conditions while considering the input 

operational parameters. When the exactness of a parameter is not known, the dispatcher 

or dispatch analyst must provide an approximate value for it so the dispatch system can 

compute a solution (e.g., mechanical availabilities of certain components provided by the 

equipment manufacturer), and although these values tend to vary between periods of 

analysis, to simplify the calculations they are usually kept as fixed or under the 

assumption that they remain constant. The same apply to the objective function of the 

optimization, either to minimize or maximize one or more targets at the same time or 

following a priority sequence, it does not change over time or at least cannot be changed 

by the dispatcher as it should, restricting this access in most cases to only the dispatch 

analysts or high-level site officials. This shortcoming is inherited from the traditional 

approach, that stablishes the truck allocation process as a cyclical procedure where there 

are no changes unless informed otherwise. If there is a change in the input parameters, 

(e.g., closed road) and it is not updated in the system, the calculation will consider that 

such parameter remains the same and the decision will be taken under that assumption, 

resulting in suboptimal allocations, delayed deliveries and/or rerouting of trucks. Each 

time this condition occurs, an undesired deviation is created, with the possibility to 

cumulate error after consecutive decisions, as explained next. 

- The FMS can produce cumulative variations over time. The lack of accuracy in the 

correctness of the input parameters may result in decisions with an added factor of error 

that, if cumulated enough over time and, if ignored by the dispatch operator, could result 

in major suboptimal decisions that will negatively affect the target completion. More 

important, it turns even more difficult to identify the root cause if such results are 

produced by the system itself. For this reason, most mines with an installed FMS have a 

dedicated crew to update the system and the operational parameters (e.g., network of 

available roads, broken links, operational restrictions, open destinations, stockpile current 

capacity) to, although not possible to eliminate, at least minimize the factor of error in the 

decision-making process. 

- The FMS keeps the system working, with no guarantee that the results are optimal. The 

dispatch systems are designed to have a complete control of the truck allocation decisions 
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for long periods of time, subject to all the conditions and limitations previously 

discussed. Unless an external agent (dispatcher) modifies the conditions, the system is 

cyclical and fixed. In systems with minimal intervention of a dispatcher, the trucks will 

be allocated wherever they are required in order to optimize the desired results, executing 

the primary directives of best truck destination for the given state of the truck (empty or 

full). This is the main reason why a human dispatcher is required to control the system, 

update the input parameters, approve the exceptions, deliver the orders then the 

communication system is down, and in general prevent the FMS to compute unrealistic, 

suboptimal, or unfeasible solutions. 

- The FMS is, in most cases, a black box for the mine operator. The current complexities of 

the dispatch systems are the result of the integration of multiple optimization algorithms, 

support systems, associated hardware, and data-transfer platforms to guarantee the 

flowchart of information to make a decision. On the other hand, the dispatchers are 

workers with expected extensive experience in fleet management, equipment operation 

and performance, mining operations and short-term planning, so that they have all the 

background preparation to have a proper understanding of the dispatch system, resulting 

in a selection pool of new dispatchers from the truck operations and/or shovel operators. 

With the empirical knowledge and personal social and communication skills of each 

person, the new dispatcher receives additional training in the FMS so they know how to 

control the software to a desired performance. However, some key components such as 

the optimization algorithms are kept confidential by the software developers and certain 

logics remain obscurer to the dispatcher, plus their lack of expertise in operations 

research or any other method used to design the software routines. Because of this, the 

dispatcher is in a user position, able to execute the tasks required by his role but 

incapable to replicate, without the use of the software, the steps to compute a solution for 

a given problem. This lack of understanding of what is happening in the background is 

one of the many reasons why it is so difficult for a dispatcher to identify if a decision 

made by the system is the best possible outcome or just a feasible suboptimal decision. 

This set of shortcomings are not unique to specific commercial dispatch systems and not 

necessarily the only one, but they are present and observable at different levels in any mining site 

with an installed FMS. Software developers are constantly integrating new technologies to 
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diminish the negative impact of the uncertain nature of the mining operations, but there is still a 

long run of analysis and implementation to reach the desired objective of a fully autonomous 

dispatch system. Although operations researchôs methods were fundamental to set up the 

foundations of the FMS, the most recent approaches are directed to the use of machine learning 

techniques and heuristic solutions to fill the gaps in the software capabilities. 

3.2. Proposed Adaptative AI Methodology 

The proposed methodology consists in a multi-option strategic analysis of discrete events 

happening during a dispatching operation, in which multiple possible solution schemes could 

have been selected for the same purpose (variations in the formulation) so that a global optimum 

solution can be found. Although there is virtually infinite number of potential combinatory 

solutions set by small variations in the constraints and objective function coefficients, only few 

scenarios can be realistically implemented and fit in the execution time window, also mentioned 

by Bastos et al. (2013) [15] in a stochastic evaluation of shift change and path selection.  

These (non-exclusive) options evaluate three of the most important complexities in any 

FMS: (1) The uncertain and variable nature of the operational parameters in a mining operation, 

(2) the probabilistic behavior of the occurrence of discrete events, and (3) the implications of 

past decisions in the performance of the dispatch system in future periods. Each of these 

complexities is addressed by a novel approach so that not just a solution to the problem is 

provided but an explanation of how to understand them is also discussed. 

3.2.1. Goal Weight/Priority Rearrangement 

Based on the goal programming approach for multi-objective models, the evaluation of 

the optimization of multiple targets at the same time (non-preemptive approach) evaluates the 

weight or coefficient of importance of each target depending on the overall optimization. These 

weights are usually not disclosed by the authors who study these models, but in a dispatch-

related implementation the model presented by Mohtasham (2021) [37], the author considers an 

equal weight for all optimization targets (25% or 0.25 for a 4-goals optimization) so that there is 

no target with greater importance over the others, but most important is that these weights are 

decided by the author based on own or external assumptions without further explanations or 
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mathematical support, setting them as fixed coefficients in the implementation of the 

corresponding model.  

This first level of analysis evaluates the variable weight of each goal in response to the 

uncertain conditions of the mine, directly modifying the way the objective function is designed 

in the implemented truck-shovel allocation algorithm. This is the most detailed level of 

interpretation of how each potential event, or the occurrence of multiple of them at the same 

time, will impact the completion of the real-time targets and whether a specific objective should 

be prioritized or preferred over the others while considering all possible tradeoffs. Although the 

variability of the operational parameters follows a stochastic modelling, the evaluation of the 

goal weight rearrangement is exclusively deterministic, and reactive to the parameters observed 

at a given moment at the mine when the truck allocation task is requested.  

The proper implementation of this approach can only be performed in optimization 

models with two or more goals, increasing the level of complexity and computational resources 

required to compute the solution as the number of goals rises. Another restriction to the correct 

application is the optimization sequencing, where the solution to the optimization of two or more 

goals must be computed simultaneously in any optimization stage (some models define priority-

based goals where a solution of a previous step becomes a constraint for the optimization of the 

next one). A primary condition in this approach is that the sum of the weights of all goals must be 

equal to 100% (percent basis) or 1.0 (fraction basis) as shown in Equation (3.1). Although the 

balancing of the weights is a core constraint in any multi-goal formulation, this requirement turns 

even more important during the implementation of the machine learning regression models in the 

accurate prediction of the independent weights. 

‫ ρȢπ (3.1) 

Where (represents the weight of each goal, and (ὲ) is the number of goals considered (‫ 

in the multi-objective optimization function. One final consideration to this approach is the 

dimension and scale of the goals, as multi-objective models consider the optimization of target 

that are not necessarily under the same magnitudes. If such condition is present, the targets must 

be normalized before applying the weight-rearrangement approach, by any of the methods 
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discussed in the literature review or others available (e.g., Utopia and Nadir points normalization 

discussed by Grodzevich and Romanko (2006) [25] or any other distance-based normalization 

process). 

Regarding the implementation of the machine learning prediction models in the goal-

weight approach, the flowchart of information and execution framework is described in Figure 

3.1. The starting point is to identify the scenario to solve based on the occurrence of the possible 

discrete events (the procedure to transform the event occurrence into a binary array will be 

explained later in the chapter). The first prediction algorithm, fitted to the list of possible events, 

will perform a search function rather than a prediction process, with the objective to find the 

current scenario to evaluate and the associated configuration.  

Once the case scenario is identified, the objective function of the optimization model is 

adjusted to a set of different goal weight arrangements under the combinatorial condition given 

in Equation (3.1). Each reformulated model is then solved to compute a solution for the objective 

function, later to be used as training parameter to guide a second prediction algorithm to identify 

the goal weight arrangement(s) with the most optimal value (global optimal). Through a guided 

regression process using multiple machine learning regression algorithms this second prediction 

is conducted so that the optimum arrangement of goal weights is found. The regression models 

selected for this purpose must be able to comply with the condition given in Equation (3.1) under 

a single-input multi-output logic. The combinatorial arrangement shown in Figure 3.1 considers 

only three weights as part of the analysis, but the approach allows a multidimensional analysis 

for any multi-goal optimization with at least two goals, and the weights will be treated as 

coordinates to find the best possible solution. The detailed flowcharts of the optimization 

algorithm with the additional considerations for each approach of the proposed methodology are 

available in Appendix A. 
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Figure 3.1. Information flowchart for the Goal Weight/Priority Rearrangement approach. 

 Another consideration evaluated in the analysis of each case scenario is the accuracy of 

the weights to train the second prediction algorithm. In Figure 3.1 the arrangement uses a 10% 

accuracy (or 0.1 in fractional values) for a 0 to 100% possible values for each weight, but this 

accuracy value is not absolute and can be modified. This initial decision to set an accuracy level 

of 10% for the goal weightsô arrangement is to generate reasonable boundaries for the solution 

without increasing artificially the size of the problem. In the case of 1% or 0.1% precision levels, 

the results are not significantly different, but the number of the intermediate logs (solutions) can 

multiply to unsolvable sizes without much improvement in the training of the prediction model. 

Nonetheless, the more complex the problem becomes (more events happening at the same time, 

more operational parameters, and multiple predictive model strategies executed in parallel), the 

more recommended to have controllable accuracy levels. It is also convenient to remember that 

the tighter the precision level is, the more iterations will be required to obtain the solutions for 

each scenario. 

In Equation (3.2) the gaussian formula for the sum of series is presented, to estimate the 

size of the case scenario depending on the precision level of the weights: 

Ὓ
ὲὲ ρ

ς
 

(3.2) 
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Where (Ὓ) is the number of possible combinations, evaluated as solution logs for the 

implementation, and (ὲ) corresponds to the number of possible values that can be assigned to ‫ 

(any goal weight), therefore for an arrangement of three goal weights: 

 If accuracy level is 10% ὲ ρρ  Ὓ φφ ὰέὫί 

 If accuracy level is 1% ὲ ρπρ  Ὓ υȟρυρ ὰέὫί 

 If accuracy level is 0.1% ὲ ρȟππρ  Ὓ υπρȟυπρ ὰέὫί 

Depending on the size of the problem and the number of goals evaluated, the 

computational complexity using a Big O notation can grow from the presented example with an 

approximate ὕὲȾς to a theoretical ὕὲȦ, turning the problem impossible to solve within a 

reasonable computational time. This analysis must be verified with more extensive data, but the 

predictive model is expected to be unsolvable in a reasonable time with precision levels higher 

than 1%. The implementation of the methodology evaluated a general accuracy of 10% in 

response to the expected size of the problem and the little variation in the limits of the feasibility 

regions with respect to a 1% accuracy implementation. 

3.2.2. Event-based Probabilistic Assessment 

Analogous to the probabilistic tree analysis, the occurrence of discrete events can be 

modelled as probabilistic scenarios where probability values are estimated from historical 

records arranged in distribution plots based on the frequency of occurrences. When these events 

occur, the operational parameters are modified at different levels, from an increase/decrease in 

the numerical value to the deletion of entire coefficients, making the understanding on the 

implications of the probabilistic nature of some events even more important in the decision 

making than it was previously considered. If the event follows a stochastic distribution 

occurrence that affects continuous operational parameters (e.g., fuel consumption [22]), a 

probabilistic model will evaluate the impact of the event to (or not to) happen during a specific 

time window. This scenario can be observed when a shovel operation is interrupted due to an oil 

spill: should the assigned trucks keep waiting in the queue until the shovel is back online? Or 

should they be redirected to a different shovel? What if there is a considerable probability that 

shovel will be back online after 30 minutes? What if that delay is 2 hours? What should we do 

with the trucks if the shovel is not expected to be available for the rest of the shift? The 



  

53 

 

independent probabilistic scenarios are analyzed under the assumption that they will occur, and a 

solution must be computed in accordance so that a pool of solutions for the objective function is 

created, and each value weighted to the independent probabilities. This way, the probability of 

occurrence can be measured and any action to take decided upon the combined weighted value 

of the possible outcome and the probability of the event to occur. 

A primary consideration for this analysis is the complexity of the decision trees that can 

be created, were each branch will represent a different probability under a precedent scenario, 

and the number of branches to analyze can become too many to the extent of making the 

problem impossible to solve. Because of this reason, the approach will only take one scenario at 

a time (one probabilistic branch) to consider all possible probabilistic discrete outcomes, 

reducing the size of the problem to make it solvable within a reasonable time window. The 

solution is once again heavily influenced by the goal programming approach, but integrating the 

stochastic characteristic of the problem from a different angle. A primary condition in this 

approach is that the sum of the probabilities of all possible discrete outcomes must be equal to 

100% (percent basis) or 1.0 (fraction basis) as shown in Equation (3.3). 

ὖὶὄὃ ρȢπ (3.3) 

Where (ὖὶ"!) corresponds to the independent probability of outcome (") to occur if 

initial (ὃ) condition is present, and (ά) is the total number of discretized events considered in the 

analysis. From the previous example, (ὃ) can be the initial condition where a shovel is reported 

offline, and (") the scenario where the shovel is back online after 2 hours, 4 hours, 6 hours, or 

not being available for the rest of the shift. The similarities to the Bayesô theorem are quite 

notorious, but for this implementation there will be no crossed probabilities as part of the 

analysis, simplifying the problem to a single probability branch. However, the approach can in 

fact support combined probability scenarios, but it would also increase the complexity of the 

model and the computational resources required to find a solution for the problem. 

3.2.3. Time Horizon Analysis 

One on the major issues in the existing FMS is the disconnection between the short- and 

the mid-term planning, either in response to the information flowchart at the mining site 
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(operations and mine planning often works as independent departments), or the lack of 

knowledge of the dispatch operators regarding the mid-term plans (dispatchers do not usually 

participate in the mid-term planning meetings). Because of this, the logic behind the dispatcherôs 

decision is to provide a solution for a current problem or an order for a given request, without 

paying much attention to the implications of that decision in the near future. 

However, there is an interdependence relation between shifts or days in terms of 

cumulative results, this is, what happens in a previous period may have an impact on a future 

period if some conditions are met. For example, if in 3 consecutive periods a set of discrete 

events are negatively affecting the ore production (e.g., lack of trucks or shovels offline in ore 

benches) and a shortfall of material is cumulated, in the following period the ore production 

target will have an inherited additional weight, adjusting the system to minimize the losses from 

the previous periods without affecting considerably the production targets for the current period 

(could also result in additional production if there are trucks available).  

As the short-term plans in the mining sites are usually defined by weeks, the daily targets 

are scheduled so that weekly targets can be accomplished by the end of the week, and any 

deviation in the target completion on a daily basis is attempted to be solved in the following 

days. This type of analysis masks the issues related to micromanagement and suboptimal 

operational decisions, including sometimes dispatch directives. This approach aims to provide a 

solution for those issues related to the dispatch activity, and ways to implement integrative 

methods and techniques to evaluate solutions from inside the optimization algorithms as 

preventive response to uncertain events in a near future. 

The implementation is based on the expected moment in time the change in the 

operational parameters takes place (discrete event occurrence), and what can be done to diminish 

the negative impact of such condition either before or after the occurrence. As the evaluation of 

the dispatching decisions is now from the big picture of the operation, the current completion of 

the mid-term production plan, the present/future fleet resources, precedence restrictions between 

benches, among other mid-term related conditions can be integrated to the real-time dispatching 

decisions, making a proactive response rather than the traditional reactive analysis. 

Although the periods of analysis are now evaluated together, the solution for each period 

is still computed independently based on the conditions estimated for that specific period. In this 
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approach, the initial step is the stochastic simulation of the occurrence of common discrete 

events over a time horizon based on a probabilistic scheme, accepting the occurrence of each 

event only when the probability is over a given threshold (highly probable to occur), and then 

solving the optimization model with the modifications in the operational parameters associated 

with the specific discrete events in each period. The integration parameter between periods will 

be the completion of a major optimization target of the time horizon, and/or the sum of all 

independent objective functions of each period (cumulative optimization). 

3.3. Data processing 

The above-mentioned approaches can be evaluated alone or combined (in parallel) 

depending on the desired level of analysis and the complexity of the selected discrete events. The 

flowchart of information in this proposed methodology is illustrated in Figure 3.2, defining 

specific steps for its implementation and execution. As the new system works outside the 

installed FMS by using the results from the dispatch decisions as input training data, it is 

generalist in nature and highly adaptative to any possible scenario and implementation (can be 

adapted to any existing commercial software as long as the base conditions of non-preemptive 

multi goal optimization are met). Since it acts as a parallel system to the installed truck allocation 

algorithm, its main function is to perform a search process in a multi-scenario lower stage 

solution, capable to sort precomputed predictive models or modified formulations to the 

optimization model depending on the conditions and the size of the available data. 

 

Figure 3.2. Information flowchart of the Adaptative AI Methodology 
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The description of the data preparation, information transfer, algorithms execution, 

results sorting and delivering, and outcome storing is detailed in the following implementation 

steps: 

a. FMS data is collected and organized to identify operational parameters, decision 

variables, objective function arrangements, and list of constraints. The objective is to 

create a baseline of the implemented system for any variation of the model. 

b. For each scenario (arrangement of parameters used by the dispatch algorithm to compute 

a solution), a multi set of small variations are considered similar to a parametric analysis, 

adjusting the input coefficients to each solution methodology, and solved using the same 

dispatch algorithm as from the installed FMS, similar to the approach taken by Tan et al. 

(2012) [58] for a GPS truck tracking analysis (i.e., for goal weight/priority 

rearrangement, a variance in the order of priority of goals, or different arrangement of the 

weights of each goal; for event-based probabilistic assessment, outcomes weighted to 

independent probabilities; and for time horizon analysis, degrees of excess or deficit in 

the cumulated production target). 

c. The solutions for each set (outcome of the objective function) are organized as discrete 

models for later use as training datasets. The more logs (variations) in each model, the 

better the accuracy of the predictive model (smother ranges for selection). The size 

restrictions discussed in Equation (3.2) should be evaluated when the precision level is 

selected. 

d. A single file that lists all the models by-case or by event-type is created as the training 

dataset for the first machine learning predictive algorithm. This list can be configured in 

any possible format (in this implementation is evaluated as a sequence of binary-type 

values for log identification), as long as the regression algorithm is able to search and 

find the correct event-based model from the list. 

e. The flow of information in the predictive model can be configured according to 2 

approaches: (1) by training a single dummy predictive model for each scenario dataset 

after the scenario has been properly identified by the sorting algorithm (this means each 

time the predictive model is compiled, all previous information is overwritten), suggested 

for low complex case studies with limited number of discrete events; and (2) by training a 

predictive model for each scenario beforehand, and use the sorting routine to search for a 
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predictive model rather than a training dataset, recommended when there is a large 

amount of data generated by complex conditions. 

f. The second machine learning predictive algorithm requires two values as input 

information in the framework: (1) the scenario identification, to find the correct dataset or 

predictive model, and (2) the desired result (or deviation) from the predicted model, zero 

value if the model expects a minimization-type optimization, or highest variation (as 

percent or as an absolute value) if the optimization routine is expected to compute a 

maximization process. 

g. The output of the framework depends on the initial strategy: for goal weight/priority 

rearrangement, the solution will return best sequencing of priorities or best arrangement 

of weights for the goals to be recalculated using the existing dispatch algorithm; for 

event-based probabilistic assessment, output will suggest best possible course of action 

for most probable scenario; and for time horizon analysis, the result is the optimal 

rearrangement of production capacities and/or fleet distribution. 

h. In all cases, the solution is not directly implemented in the FMS; instead, it is presented 

to the dispatcher as a potential set of adjustments to introduce in the real-time dispatch 

system (suggestion of best actions to take). Since all the information is obtained from the 

dispatch system in real-time (including the input values described in step (f), the 

predictive model does not require additional maneuvering and can execute in the 

background, self-updating the training datasets after each decision is made, almost 

behaving like a reinforced learning process (the more scenarios are evaluated, the more 

precise the predictions are), but keeping the supervised learning approach as any new 

scenario encountered must be evaluated and a solution guided before implemented. 

The details of each of the two predictive algorithms applied in the methodology are 

discussed next, describing the reasoning taken for the implementation in each case, and 

providing a pseudocode to explain the data processing. Further explanation on the customization 

of each regression model will be discussed in Chapter 4 for the base model evaluation. 

3.3.1. Case Scenario Binary Configuration 

First machine learning predictive model in the proposed methodology. Following the data 

flowchart, the step (d) mentioned above defines the need of a list of possible case scenarios to 
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evaluate, so they can be used as index for the reconfigured formulations or predictive models. 

From an operational perspective, it is difficult to manage a list of observable conditions that 

happen at the mining site; therefore, a binary/Boolean configuration is proposed for the 

occurrence of identified discrete events. This is, to represent the occurrence of a set of events 

happening, the information provided to the predictive algorithm is given as a 1-row array of (1) 

binary values as  0s and 1s (0 for non-occurrence, 1 for occurrence), or (2) in Boolean terms as 

FALSE or TRUE, where the input process can be handled as a simple checkbox form, as shown 

in Figure 3.3. 

 

Figure 3.3. Binary/Boolean configuration of event occurrence. 

The following pseudocode is delivered for the scenario where the 1-row array of events 

occurrence is provided in a binary format. The array of values is extracted as a string and then 

converted into an ordinal format (ordinal scale) so that the sequence of binary values can be used 

to predict the corresponding index by using logistic regression. 

Index selection predictive algorithm  

 

Data:   List of events in binary configuration as a *.csv file  

Result:  Predictive model returns index value  

Read - > Binary values as string for predictor ;  

  Index value as string for regressand ;  

Transform - > Predictor  data using ordinal encoder;  

Fit - > Model to encoded list using logistic regression;  

Predict - > From 1 - row array of binary values, return  index;  

The implementation of the pseudocode will depend on the format of the input data and 

the configuration of the logistic regression parameters (hyperparameter tunning). The need for 

the implementation of a regression model rather than a classic heuristic search algorithm to 

obtain the index of a given arrangement of events is the variability of the input parameters and 
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the complexities added by increasing one or more events to the configuration. The predictive 

model is basically an all-scenarios solution for this initial step. 

3.3.2. Multi-scenario Formulation and Solving Process 

Another major component of this proposed methodology is the process of update the 

formulation of the installed dispatch system whenever there is a change in the operational 

parameters as a result of the occurrence of discrete events. Considering that one of the most 

important shortfalls of current FMS is the continuity of a fixed optimization formulation 

(objective function) and a certain degree of adjusting in the constraints (done by dispatchers or 

dispatch analysts as part of the system update process or optimization targeting), the definition of 

a base model is fundamental to apply the desired small variations to characterize how the model 

will respond to the occurrence of the discrete events. 

This base scenario formulation is the connection between the installed FMS and the 

proposed methodology, as it replicates the results computed by the commercial software. If the 

FMS allows a full integration of the model, the full optimization formulation used by the FMS is 

required to be shared with the external system (proposed methodology) to compute consistent 

results, otherwise in case the FMS does not desire to share this information (commonly 

considered as confidential), the modifications will be made externally to be computed in a 

simulated scenario inside the installed FMS. 

The multi-scenario formulation and solving process is described by the following steps: 

a) The initial formulation is prepared based on the assumption that all the operational 

parameters in the mine are at optimum performance (i.e., whole fleet is available, all 

roads are open, all sources and destinations are considered, and maximum capacities 

are evaluated). 

b) The identification, analysis, evaluation of occurrence and assessment of negative 

impacts of all possible discrete events that could occur at the mine is performed. 

From this list, only the events with reasonable frequency or occurrence, or 

considerable impact in the mining operation are selected for further analysis. For this 

purpose, distribution-based approaches such as Pareto principle (e.g., 80% of the 

operational disruptions are produced by 20% of possible events) can be applied to 
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filter the most impactful discrete events. Continuous events that would have partial 

disruption of the operations over a fraction of the working shift will be evaluated 

aside for the Event-Based Probabilistic approach. 

c) A set of modified formulations are computed to account the changes in the 

operational parameters based on the occurrence of the discrete events (e.g., if the 

event involves the unavailability of a given truck, that truck must be discarded from 

the list of selectable trucks for truck allocation). To prevent unnecessary 

modifications in sections other than the parameter section, all the changes will be 

applied to the parameters using big ִי and small ᴢ notations to represent too big or 

too small values respectively, to force the system to ignore and discard them from the 

solution as unfeasible options to analyze. However, it may result in more calculations 

and increased computing time. Each modified formulation defines a case scenario. 

d) For each of the modified formulations (including the base model), a combinatorial 

arrangement to the weight of each goal is applied based on Equation (3.1) (sum of all 

weights is 100% or 1.0) for a selected precision level (e.g., 10%, 1%, 0.1%). Each 

modified objective function is considered as a log, and a case scenario will be 

composed by all the logs created inside. 

e) All the new reformulated models (number of case scenarios times number of logs) 

will be solved in the same solver software used by the installed FMS (e.g., CPLEX by 

IBM, Gurobi by Gurobi Optimization), either inside the installed FMS in a simulation 

environment, or externally in a local computer. The solution for each formulation is 

associated with the corresponding log (arrangement of goal weights) and the case 

scenario as future input parameters for the regression models. 

f) For Mixed-Integer Linear or Non-Linear Programming optimization models, it is not 

uncommon to find that the same solution can be found with different parameter 

arrangements, an important characteristic to consider for the regression models 

implementation. As each case scenario now contains the solution for each log, all the 

logs can be plotted using the weights of the goals as coordinates in a cartesian system. 

The regions defined by the common values for different arrangement of coordinates 

will create contour lines to limit the possible combinations to reach the same solution. 

From the list of all possible solutions, the chosen basepoint will be the value that 
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optimizes the objective function the most (minimization or maximization), and the 

contour lines will separate the regions of deviation with respect to this ñglobal 

optimal solutionò. 

g) All the solution logs for each case scenario will be stored in a separate file to be used 

as training data for a single prediction model (each prediction model is associated 

with a single case scenario). 

Although the previous steps are described as a manual activity to customize the objective 

function of each case scenario to the desired variations, this process can be automated through a 

simple iterative process described in the following pseudocode: 

Multi - scenario formulation automation process  

 

Data:  Baseline formulation ( Sets, Parameters, Decision 

Variables, Objective Function, Constraints)  

Result:  Set of reformulated models  

 

Procedure  COMBINATORIAL((‫ ;  

  ‫ȟ‫ȟ‫ȟȣȟ‫ ȟ;0 = ‫ 

  Vector  = [];  

  for :do 100 => ‫ 

    for :do 100 => ‫ 

      for :do 100 => ‫ 

        é 

          for ‫  <= 100 do: 

            for :do 100 => ‫ 

              if ‫ ‫ ‫ Ễ ‫ :then 100 = ‫ 

                Vector += vector[‫ȟ‫ȟ‫ȟȣȟ‫ ȟ;[‫ 

              end if 

              ;precision - ‫ Ŷ ‫ 

            end for 

            ‫  Ŷ ‫  + precision; 

          end for 

        é       

        ;precision + ‫ Ŷ ‫ 

      end for 

      ;precision + ‫ Ŷ ‫ 

    end for 

    ;precision + ‫ Ŷ ‫ 

  end for 

  return Vector; 

end Procedure 
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Procedure  REFORMULATION(ModFile .txt , Vector, Sets, Parameters, 

Decision Variables, Objective Function, Constraints) ;  

  j  = 0; 

  k = 0; 

  while  j  < size of Vector do :  

    while  k < size of Vector[j] do :  

      in  ModFile .txt  write Sets ;  

      in  ModFile .txt  write  Parameters;  

      in  ModFile .txt  write  Decision Variables;  

      Objective Function Ŷ Vector[j][1]+òTarget 1ò + 

     Vector[j][2]+òTarget 2ò + 

     Vector[j][3]+òTarget 3ò + 

     é 

     Vector[j][k-1]+òTarget k-1ò + 

     Vector[j][k]+òTarget kò; 

      in  ModFile .txt  write  Objective Function;  

      in  ModFile .txt  write  Constraints;  

      k Ŷ k + 1; 

    end while 

    j Ŷ j + 1; 

  end while 

  return ModFile.txt; 

end Procedure 

The previously described pseudocode is implemented for this methodology using C++14 

build, but it can be adapted to any recent version of C++ without major modifications. The Mod 

file (formulation) is integrated to the Dat file (parameters) and the Run file (execution 

commands) for the solver software to compute the solution. If the selected solver is installed in 

the same computer that reformulates the model, it can also add an iterative section inside the 

C++ code to integrate the solver process. For this purpose, some limitations must be considered 

such as Allowable Gap% and Maximum Execution Time to limit the calculation in case the 

convexity of the solution is not reached within a reasonable time window. The configuration of 

these two parameters will be explained in detail in Chapter 4 for the base model implementation. 

3.3.3. Regression Models Evaluation and Hyperparameters Tunning 

The first predictive model presented for the indexing of the occurrence of the discrete 

events followed a classic machine learning implementation, explained by a training process 

based on multiple inputs to evaluate a single output value. On the other hand, the second 
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machine learning algorithm to implement is designed not just to predict multiple outputs, but 

also adding the complexity of using one single input value for such analysis. 

Although the machine learning algorithms in general are designed to perform a classic 

prediction approach, there are some algorithms that support the multi-output regression natively, 

and also few cases of prediction models that may support this implementation by special 

workarounds and hyperparameter tunning. However, not all of these special cases are able to fit 

the condition given in Equation (3.1) to balance the weights of the goal, now considered as 

coordinates. Explained next is a list of the selected regression models for the implementation, a 

simple description of what they will do for this proposed methodology, and the expected 

associated hyperparameters for the tunning process. In Chapter 4 there will be an extensive 

explanation of the accuracy of each regression algorithm and the variations in the tunning 

process in response to the case scenarios evaluated. 

The final implementation for the integrated model does not necessarily just consider the 

selection of a single regression model to perform all predictions, but evaluates which algorithm 

performs the best in each case, to create a pool of possible models to choose from. However, if 

there is one algorithm that is demonstrated as best-fit regression for all cases, a post explanation 

of this scenario will be discussed after the implementation of the base model in Chapter 4. 

- Linear-based regression models. Includes Linear, Ridge and Lasso regression algorithms. 

These models are expected to have a good performance for convex-shape regions of 

feasibility around the center of the multidimensional space, but a poor performance for 

non-convex regions for complex scenarios as one single input will be provided for 

training. Although the linear-type regression models are inherently able to handle multi-

output regressions, the lack of further information will diminish all the advantages 

associated with these algorithms and push them towards the prediction somewhere close 

to the center of the multidimensional space. A similar if not equal value for all linear-type 

models is expected. The hyperparameter selection for Ridge and Lasso approaches is 

expected to be (ʇ) value for L1 and L2 regularizations, but since one single input value is 

provided, a tunning process will mean little to no difference in the prediction result. 

- K-Nearest Neighbors regression model. Non-linear algorithm that will be extremely 

sensitive to the shape and size of the regions of feasibility. Although it presents more 
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advantages than the linear-type algorithms, the non-convex shapes and biased locations 

of the optimal contours towards one target will have a negative impact in the accuracy of 

the predictions. The kNN algorithm is also another model that is inherently able to handle 

multi-output regressions. Regarding the tunning process, two possible options can be 

considered in the analysis, starting with the distance function that may have a different 

performance depending on the number of dimensions to consider. Minkowski distance 

function would be the obvious choice with the (ὴ) distance of order as possible 

hyperparameter (See Equation (2.5), while the Manhattan function should not be 

discarded as it can still be applicable depending on the complexity of the model. The 

second option to analyze is the Ὧ-value, a more preferred and prevalent hyperparameter 

to evaluate given how sensitive the implementation is to the surrounding values and the 

importance of one specific goal over the others. 

- Tree-based regression algorithms. Includes classic Decision Tree and Random Forest 

regression algorithms. Another example of the native multi-output regressors, the tree-

based algorithms are able to subdivide datasets by common features or characteristics. In 

the case of the decision tree, it is known for having an overfitting trait compared to the 

random forest approach that generalizes the model. Contrary to the logical thinking, the 

proposed methodology performs better in overfitting models rather than generalist ones 

as the contour limits are known and well defined, looking for a point contained within 

rather than an attempt to predict another point along the contour. For this reason, the 

decision tree regressor is expected to have a notable performance compared to the 

random forest approach. With respect to the tunning process, the split rules and number 

of categories will be the selected hyperparameters to adjust the predictive model to 

maximize the overfitting. 

- Gaussian regression model. Non-linear algorithm capable to perform strong predictions 

where the fitting process is conducted through a pairwise learning, creating relationships 

between two data points and adjusting several non-linear functions to find ranges of 

possible predictions. Theoretically, the gaussian process regression GPR should be able to 

perform the best fit for the purpose of this methodology, but since the contours that can 

be created are not mapping strong boundaries but instead ranges of possible bounds, it 

would be expected that the predicted arrangement of goal weights will not comply with 
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the Equation (3.1) for the weight balancing, generating values with a certain degree of 

deviation. To have consistent results with this regression algorithm, the tunning process is 

conducted on the kernel function, prioritizing the hyperparameter selection on parameter 

(ὰ) that controls the distance between points (small values preferred for overfitting) over 

(ʎ) related with the vertical span of the function (sample variance). 

- Polynomial regression model. A special type of regression algorithm to evaluate the 

relationship between multiple predictors using a ὲ  degree polynomial function. Similar 

to the gaussian model, the polynomial function creates a range of possible outcomes 

along a fitted function to the known points, but with wider bounds and less opportunity to 

tune the parameters. However, since only one input parameter is provided for a multi-

output regression process, the algorithm will be a polynomial of degree 1, performing an 

almost linear regression process. Since the implementation of the polynomial model 

requires the polynomial transformation of the fitted input data, the predicted coordinates 

will be different than the classic linear regression, targeting the center point of the 

multidimensional space (equal weights between all goals). There are no parameters to 

modify for the tunning process, making this approach the weakest among all feasible 

regression models. 

Other regression models such as Neural Networks, Support Vector Machine (SVR) and 

Logistic are discarded from the analysis given their limitations to perform the single-input multi-

output regression process. Even with extensive tunning, they cannot reach goal weight balancing. 
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CHAPTER 4.  

BASE MODEL EVALUATION 

 

This chapter will discuss the theoretical implementation of the proposed methodology on 

a controlled environment described as a synthetic dataset of an open pit mine. This base model is 

configured to represent a classic mining operation with an installed fleet management system to 

manage the fleet resources. The operational parameters are evaluated to replicate average 

conditions such as pit configuration, road profile, operating costs, fleet performance, and any 

other condition required for the calculations. The three approaches discussed in Chapter 3 will be 

applied to this base model to evaluate the preliminary results and adjust the logics in accordance. 

4.1. Base Model Description 

A sample open pit mine is designed to test the proposed methodology for the independent 

optimization sections. The parameters, configuration, size, and scope of this base model is meant 

to represent a regular mine site where the transportation tasks are performed by a fleet of shovels 

and trucks. In this controlled scenario, the working area is represented by a set of ore benches 

(production) and waste benches (stripping), and two destinations to handle the material. From 

each bench, there are two roads to allow the trucks to transit from the sources to the assigned 

destinations. The diagram of this synthetic mine is shown in Figure 4.1. 

 

Figure 4.1. Sample diagram of the base model, reference picture not related to any real mine. 
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The parameters of this mine are simplified to ease the calculations, reducing the size of 

the problem for the sake of the computational time. Details such as site elevation, rolling 

resistance in the roads, equipment availabilities, truck speed per segment, acceleration and 

deacceleration factors, dumping and spotting times, among others, are already computed and 

included in the operational coefficients to solve the model. The visualization of the road network 

between the sources (shovels) and the destinations is transformed into the schematic map shown 

in Figure 4.2, where the road notation will be used as indexes to identify the material flow rates 

and truck allocations. 

 

Figure 4.2. Schematic diagram of the base case model, labels in accordance with proposed 

formulation. 

The system composed by four shovels (two in ore benches and two in waste benches), 

two destinations (processing mill and waste dump), a fleet of 16 trucks composed by 7 100-ton 

trucks and 9 150-ton trucks. The model is expected to be slightly over-trucked, any restriction on 

the fleet resources will result in an under-trucked system, unable to meet the production targets 

as they are planned. All four shovels are equal in model and production capacity: 1,400 tons/hr, 

for a 10-hr shift period of analysis. As mentioned before, each shovel has two different roads to 

the corresponding destination, one road with better rates than the other (closer distance, better 

road profile). The trucks are allowed to choose any road for hauling or returning. To reduce the 

complexity of the model, each truck will match with one shovel only in one road only for the 

whole period, but the number of cycles may vary depending on production target. Processing 

mill requirement per period is 20,000 tons of ore, while expected waste stripping is 25,000 tons. 
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Deviations from the production targets will be managed by monetary penalties, assigning 12 

$/ton for ore negative deviation, and 10 $/ton for waste negative deviation. 

The operational parameters for each truck are described in Table 4.1, incorporating all the 

modifying factors to reduce the number of calculations in the formulation. The transportation 

cost evaluates an average of 1.30 $/ton for 100-ton trucks and 1.10 $/ton for 150-ton trucks. The 

cycle times are differentiated by type of truck and by road, displayed in minutes in the table but 

required to be transformed to hours/cycle for the optimization formulation. One important 

condition is to provide more convenient parameters for one of the roads of each source, so they 

are selected as the primary option for allocation when optimization occurs; in case an event 

forces the system to exclude that one road from the optimization, the changes in the truck 

allocation will be more noticeable. 

Table 4.1. Truck operational parameters per truck ID. 

 

4.2. Base Model Formulation 

A master formulation is developed to account for an all-cases scenario, where all fleet 

resources and geometric configurations are included in the analysis. This formulation will be 

modified for each optimization approach under each evaluation case replacing the parameters 

affected by the discrete event occurrence with a by-default value equal to ִי (big enough value) 

or ᴢ (small enough value) to discard their selection during the analysis without deleting them in 

the formulation. 

Road 1 Road 2 Road 1 Road 2 Road 1 Road 2 Road 1 Road 2

1 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

2 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

3 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

4 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

5 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

6 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

7 100 25.0 35.0 32.5 20.0 26.0 34.0 24.0 32.0 1.30

8 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

9 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

10 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

11 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

12 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

13 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

14 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

15 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

16 150 30.0 40.0 22.5 37.5 28.0 38.0 42.0 36.0 1.10

Truck ID
Truck Capacity 

(ton)

Transportation 

Cost ($/ton)

Cycle Time (minutes)

Ore Shovel 1 Ore Shovel 2 Waste Shovel 1 Waste Shovel 2
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Although the master formulation is common for all cases evaluated in this base model, 

one parameter that will have constant variations is the goal weight, adjusted to the purpose of 

each optimization approach. This formulation model represents the optimization formulation of 

the installed commercial FMS at the mine, and any variation corresponds to modifications 

conducted externally as the proposed methodology runs outside the FMS (in parallel). 

Sets and Indexes: 

ὴɴ ὖȡ ίὩὸ έὪ ὸὭάὩ ὴὩὶὭέὨί 

ὸɴ Ὕȡ ίὩὸ έὪ ὸὶόὧὯί 

έίɴὕὛȡ ίὩὸ έὪ έὶὩ ίὬέὺὩὰί 

ύίɴ ὡὛȡ ίὩὸ έὪ ύὥίὸὩ ίὬέὺὩὰί 

ὶɴ Ὑȡ ίὩὸ έὪ ίὩὰὩὧὸὥὦὰὩ ὶέὥὨί ὦὩὸύὩὩὲ ίέόὶὧὩί ὥὲὨ ὨὩίὸὭὲὥὸὭέὲί 

Ὥɴ Ὅȡ ὭὲὨὩὼ Ὢέὶ Ὣέὥὰ ύὩὭὫὬὸ ὦὥίὩὨ έὲ ὲόάὦὩὶ έὪ έὴὸὭάὭᾀὥὸὭέὲ Ὣέὥὰί 

Parameters: 

ὊὖὝὕȡ έὶὩ ὴὶέὨόὧὸὭέὲ ὸὥὶὫὩὸ ὥὸ ὸὬὩ ὩὲὨ έὪ ὸὬὩ ὸὭάὩ ὬέὶὭᾀέὲ ὸέὲί 

ὊὖὝὡȡ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὸὥὶὫὩὸ ὥὸ ὸὬὩ ὩὲὨ έὪ ὸὬὩ ὸὭάὩ ὬέὶὭᾀέὲ ὸέὲί 

ὖὝὕȡ έὶὩ ὴὶέὨόὧὸὭέὲ ὸὥὶὫὩὸ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὖὝὡȡ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὸὥὶὫὩὸ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὅὕȟȟȡ ὧώὧὰὩ ὸὭάὩ έὪ ὸὶόὧὯ ὸ Ὢὶέά έὶὩ ίὬέὺὩὰ έί Ὢέὶ ὶέὥὨ ὶ Ὤέόὶί 

ὅὡȟ ȟȡ ὧώὧὰὩ ὸὭάὩ έὪ ὸὶόὧὯ ὸ Ὢὶέά έὶὩ ίὬέὺὩὰ ύί Ὢέὶ ὶέὥὨ ὶ Ὤέόὶί 

Ὁȡ ὩὪὪὩὧὸὭὺὩ ύέὶὯὭὲὫ ὸὭάὩ ὥὸ ὴὩὶὭέὨ ὴ Ὤέόὶί 

ὔὝȡ ὲόάὦὩὶ έὪ ὥὧὸὭὺὩ ὸὶόὧὯί ὥὸ ὴὩὶὭέὨ ὴ όὲὭὸί 

Ὁὅȡ ὩὪὪὩὧὸὭὺὩ ὧὥὴὥὧὭὸώ έὪ ὸὶόὧὯ ὸ ὸέὲί 

ὕὛὅȡὬέόὶὰώ ὩὪὪὩὧὸὭὺὩ ὧὥὴὥὧὭὸώ έὪ έὶὩ ίὬέὺὩὰ έί ὸέὲίȾὬὶ 
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ὡὛὅȡὬέόὶὰώ ὩὪὪὩὧὸὭὺὩ ὧὥὴὥὧὭὸώ έὪ ύὥίὸὩ ίὬέὺὩὰ ύί ὸέὲίȾὬὶ 

ὖὕȡ ὴὩὲὥὰὸώ Ὢέὶ ὲὩὫὥὸὭὺὩ έὶὩ ὴὶέὨόὧὸὭέὲ ὨὩὺὭὥὸὭέὲ Ὢὶέά ὸὥὶὫὩὸ ΑȾὸέὲ 

ὖὡȡ ὴὩὲὥὰὸώ Ὢέὶ ὲὩὫὥὸὭὺὩ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὨὩὺὭὥὸὭέὲ Ὢὶέά ὸὥὶὫὩὸ ΑȾὸέὲ 

Ὕὅȡ ὸὶὥὲίὴέὶὸὥὸὭέὲ ὧέίὸ έὪ ὸὶόὧὯ ὸ ΑȾὸέὲ 

‫ȡ ὥίίέὧὭὥὸὩὨ ύὩὭὫὬὸ ὸέ Ὣέὥὰ Ὥ ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

Decision Variables: 

ὢȟȟȡ ρ ὭὪ ὸὶόὧὯ ὸ Ὥί ὥίίὭὫὲὩὨ ὸέ έὶὩ ίὬέὺὩὰ έί Ὢέὶ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὣȟ ȟȡ ρ ὭὪ ὸὶόὧὯ ὸ Ὥί ὥίίὭὫὲὩὨ ὸέ ύὥίὸὩ ίὬέὺὩὰ ύί Ὢέὶ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὖὈὕȡ ίόὶὴὰόί Ὥὲ έὶὩ ὴὶέὨόὧὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὔὈὕȡ ίὰὥὧὯ Ὥὲ έὶὩ ὴὶέὨόὧὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὖὈὡȡ ίόὶὴὰόί Ὥὲ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὔὈὡȡ ίὰὥὧὯ Ὥὲ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

Ὂὕȟȡ έὶὩ Ὢὰέύ ὶὥὸὩ Ὢὶέά έὶὩ ίὬέὺὩὰ έί ὸὬὶέόὫὬ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲίȾὬέόὶ 

Ὂὡ ȟȡ ύὥίὸὩ Ὢὰέύ ὶὥὸὩ Ὢὶέά ύὥίὸὩ ίὬέὺὩὰ ύί ὸὬὶέόὫὬ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲίȾὬέόὶ 

ὅὙὕȟȟȡ ὧώὧὰὩί έὪ ὸὶόὧὯ ὸ ὥίίὭὫὲὩὨ ὸέ έὶὩ ίὬέὺὩὰ έί ὸὬὶέόὫὬ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴ όὲὭὸί 

ὅὙὡȟ ȟȡ ὧώὧὰὩί έὪ ὸὶόὧὯ ὸ ὥίίὭὫὲὩὨ ὸέ ύὥίὸὩ ίὬέὺὩὰ ύί ὸὬὶέόὫὬ ὶέὥὨ ὶ ὥὸ ὴὩὶὭέὨ ὴ όὲὭὸί 

ὅὝὕȡ ὧόάόὰὥὸὩὨ έὶὩ ὥὸ ὸὬὩ ὦὩὫὭὲὲὭὲὫ έὪ ὴὩὶὭέὨ ὴ ὸέὲί 

ὅὝὡȡ ὧόάόὰὥὸὩὨ ύὥίὸὩ ὥὸ ὸὬὩ ὦὩὫὭὲὲὭὲὫ έὪ ὴὩὶὭέὨ ὴ ὸέὲί 

Ὀὕȡ ρ ὭὪ ὧόάόὰὥὸὩὨ έὶὩ Ὥί ὰὩίί ὸὬὥὲ ὲὩὫὥὸὭὺὩ ὨὩὺὭὥὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

Ὀὡȡ ρ ὭὪ ὧόάόὰὥὸὩὨ ύὥίὸὩ Ὥί ὰὩίί ὸὬὥὲ ὲὩὫὥὸὭὺὩ ὨὩὺὭὥὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὕὶὩὖὩὲὥὰὸώȡὥὲὧὭὰὰὥὶώ ὺὥὶὭὥὦὰὩȟέὺὩὶὥὰὰ έὶὩ ὴὩὲὥὰὸώ ὥὸ ὴὩὶὭέὨ ὴ Α 

ὡὥίὸὩὖὩὲὥὰὸώȡὥὲὧὭὰὰὥὶώ ὺὥὶὭὥὦὰὩȟέὺὩὶὥὰὰ ύὥίὸὩ ὴὩὲὥὰὸώ ὥὸ ὴὩὶὭέὨ ὴ Α 
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ὝὶὥὲίὴὅέίὸȡὥὲὧὭὰὰὥὶώ ὺὥὶὭὥὦὰὩȟέὺὩὶὥὰὰ ὸὶὥὲίὴέὶὸὥὸὭέὲ ὧέίὸ ὥὸ ὴὩὶὭέὨ ὴ Α 

ὝέὸὥὰὅέίὸȡὥὲὧὭὰὰὥὶώ ὺὥὶὭὥὦὰὩȟέὺὩὶὥὰὰ όὲύὩὭὫὬὸὩὨ ὸέὸὥὰ ὧέίὸ ὥὸ ὴὩὶὭέὨ ὴ Α 

ὝέὸὥὰὅώὧὰὩίȡὥὲὧὭὰὰὥὶώ ὺὥὶὭὥὦὰὩȟὧόάόὰὥὸὩὨ ὲόάὦὩὶ έὪ ὧώὧὰὩί έὪ ὸὶόὧὯ ὸ ὥὸ ὴὩὶὭέὨ ὴ Α 

Objective Function: 

ὓὭὲ ὤ ‫ ὕzὶὩὖὩὲὥὰὸώ‫ ὡzὥίὸὩὖὩὲὥὰὸώ‫ Ὕzὶὥὲίὴὅέίὸ (4.1) 

Subject to: 

Overall ore production balance: 

ὅὝὕ Ὁ Ὂὕȟ ὖὈὕ ὔὈὕ ὊὖὝὕ (4.2) 

Overall waste stripping balance: 

ὅὝὡ Ὁ Ὂὡ ȟ ὖὈὡ ὔὈὡ ὊὖὝὡ (4.3) 

Ore production balance per period: 

ὅὝὕ Ὁ Ὂὕȟ ὖὈὕ ὔὈὕ ὖὝὕ                                     ᶅ ὴɴ ὖ (4.4) 

Waste stripping balance per period: 

ὅὝὡ Ὁ Ὂὡ ȟ ὖὈὡ ὔὈὡ ὖὝὡ                             ᶅ ὴᶰὖ (4.5) 

Balance of cumulated completion of ore production: 

ὈὕᶻὅὝὕ ὔὈὕ π                                                                                         ᶅ ὴɴ ὖ (4.6) 

ὅὝὕ ὖὈὕ ὔὈὕ Ὀὕ ᶻὅὝὕ ὔὈὕ ὅὝὕ (4.7) 
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 ᶅὴɴ ςȢȢὖ 

Balance of cumulated completion of waste stripping: 

Ὀὡ ᶻὅὝὡ ὔὈὡ π                                                                                     ᶅ ὴᶰὖ (4.8) 

ὅὝὡ ὖὈὡ ὔὈὡ Ὀὡ ᶻὅὝὡ ὔὈὡ ὅὝὡ 

 ᶅὴɴ ςȢȢὖ 

(4.9) 

Ore flow calculation in each road: 

Ὁὅ

Ὁ
ὢzȟȟ ὅzὙὕȟȟ Ὂὕȟ                                         ᶅ ὴᶰὖȟέίɴὕὛȟὶɴ Ὑ (4.10) 

Waste flow calculation in each road: 

Ὁὅ

Ὁ
ὣzȟ ȟ ὅzὙὡȟ ȟ Ὂὡ ȟ                                    ᶅ ὴᶰὖȟύίɴ ὡὛȟὶɴ Ὑ (4.11) 

Truck allocation: 

ὢȟȟ ὣȟ ȟ ρ                                                               ᶅ ὴᶰὖȟὸɴ Ὕ (4.12) 

Total number of trucks in use: 

ὢȟȟ ὣȟ ȟ ὔὝ                                                         ᶅ ὴɴ ὖ (4.13) 

Hauling cycles: 

π ὅὙὕȟȟ
Ὁ

ὅὕȟȟ
                                                       ᶅ ὴᶰὖȟὸɴ ὝȟέίɴὕὛȟὶɴ Ὑ (4.14) 

π ὅὙὡȟ ȟ

Ὁ

ὅὡȟ ȟ
                                                  ᶅ ὴɴ ὖȟὸɴ Ὕȟύίɴ ὡὛȟὶɴ Ὑ (4.15) 
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ὝέὸὥὰὅώὧὰὩίὅὙὕȟȟ ὢzȟȟ ὅὙὡȟ ȟ ὣzȟ ȟ  

 ᶅὴᶰὖȟÔɴ 4 

(4.16) 

Shovel capacities: 

Ὂὕȟ ὕὛὅ                                                                                         ᶅ ὴɴ ὖȟέίɴὕὛ (4.17) 

Ὂὡ ȟ ὡὛὅ                                                                                    ᶅ ὴɴ ὖȟύίɴ ὡὛ (4.18) 

Cost Components  per period: 

ὕὶὩὖὩὲὥὰὸώὖὕzὔὈὕ                                                                                        ᶅ ὴɴ ὖ (4.19) 

ὡὥίὸὩὖὩὲὥὰὸώὖὡz ὔὈὡ                                                                                ᶅ ὴɴ ὖ (4.20) 

Ὕὶὥὲίὴὅέίὸ 

Ὁὅz Ὕὅz ὅὙὕȟȟ ὢzȟȟ ὅὙὡȟ ȟ ὣzȟ ȟ  

 ᶅὴᶰὖ 

(4.21) 

ὝέὸὥὰὅέίὸὕὶὩὖὩὲὥὰὸώὡὥίὸὩὖὩὲὥὰὸώὝὶὥὲίὴὅέίὸ                    ᶅ ὴᶰὖ (4.22) 

Variables type and non-negativities: 

ὢȟȟȟὣȟ ȟȟὈὕȟὈὡ        ὦὭὲὥὶώ              ᶅ ὴɴ ὖȟὸɴ ὝȟέίɴὕὛȟύίɴ ὡὛȟὶɴ Ὑ (4.23) 

ὖὈὕȟὔὈὕȟὖὈὡȟὔὈὡ π                                                                               ᶅ ὴɴ ὖ (4.24) 

ὊὕȟȟὊὡ ȟȟὅὙὕȟȟȟὅὙὡȟ ȟ π         ᶅ ὴᶰὖȟὸɴ ὝȟέίɴὕὛȟύίɴ ὡὛȟὶɴ Ὑ (4.25) 

ὅὝὕȟὅὝὡȟὝέὸὥὰὅώὧὰὩίπ                                                                                 ᶅ ὴɴ ὖ (4.26) 
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ὕὶὩὖὩὲὥὰὸώȟὡὥίὸὩὖὩὲὥὰὸώȟὝὶὥὲίὴὅέίὸȟὝέὸὥὰὅέίὸπ                       ᶅ ὴᶰὖ (4.27) 

The formula described in Equation (4.1) defines the objective function to optimize, based 

on three economic components. Each target is associated with a goal weight to use as weighting 

factor in the multi-objective optimization. The parameters and coefficients were evaluated to 

avoid the need of a scaling method or normalization procedure; therefore, no scaling process is 

conducted. 

The balance of the forecast production for the time horizon are described in Equations 

(4.2) and (4.3), while the balance of the production schedule per period are in Equations (4.4) 

and (4.5). The constraints to keep track on the completion of cumulative targets for ore and waste 

are in Equations (4.7) and (4.9), while the evaluation of the binary conditionals in case the 

surplus of material from a previous period is not enough to cover a negative deviation in a 

following period is presented in Equations (4.6) and (4.8) for ore and waste respectively. 

The material flow to be assigned to each available road is given by Equation (4.10) for 

ore, and Equation (4.11) for waste. Constraints related to fleet operativity are also evaluated for 

both trucks and shovels. For the assumption that each truck can only be matched with one shovel 

(whether ore or waste) in a given road, the truck allocation constraint is given in Equation (4.12); 

while the number of trucks that are in use at each period based on the total number of trucks 

available is evaluated by Equation (4.13). The rules for hauling cycles and total number of trips 

that each truck will perform at each period are given in Equations (4.14), (4.15) and (4.16) 

respectively. The flow rate of material that can be assigned to all roads coming from any shovel 

is limited by the shovel effective capacity, this constraint is evaluated in Equation (4.17) for ore 

shovels, and in Equation (4.18) for waste shovels. 

The cost components considered for the model optimization in the objective function are 

evaluated as ancillary variables. The monetary costs related to the penalties from slack in ore 

production is described in Equation (4.19); while the monetary costs related to the penalties from 

slack in waste stripping is described in Equation (4.20). These two initial components are meant 

to be decision factors depending on possible undesired events that could affect either the ore 

production or the waste stripping, whereas the third component described in Equation (4.21) 

corresponds to the transportation cost, that will act as a baseline optimization target that 
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regardless of the conditions of the mine will always drive a certain portion of the optimization 

unless a full shut down of the operation is required and no fleet resource is in use. Lastly, the 

unweighted transportation cost is another ancillary variable implemented to keep track on the 

total costs before the target weighting process, given in Equation (4.22). This value is important 

from a big picture perspective as it helps with the number scaling and normalization process, so 

no component overwhelms the others based on specific scenarios. All these economic 

components are evaluated per period, in response to the possible events that may occur in each 

period. The approach to evaluate whole time horizon in a single optimization model will be 

evaluated later. 

4.3. Discrete Events 

To evaluate the response of the proposed methodology, a set of discrete events of 

evaluated under the assumption that such events will have a negative impact on the operational 

parameters of the optimization process at different levels, from those you will have little impact 

on the truck allocation arrangement to the ones that will have a considerable disruption level of 

the operations. These events are selected based on the observable most common occurrences in 

any open pit, such as unavailable trucks, disrupted shovels, or blocked roads in the mine. The 

selected six (6) events are described as follows: 

- 2 100-ton trucks not available 

- 1 150-ton truck not available 

- Ore shovel 2 not available 

- Ore shovel 1 road 1 blocked 

- Waste shovel 2 not available 

- Waste shovel 1 road 1 blocked 

These events are considered under a discrete occurrence, triggered by a single condition 

happening and which consequences are the event itself. For example, planned maintenance for 

certain trucks will have them excluded from the list of operating trucks, or a mechanical failure 

in the shovels will result in broken down condition, or a slope failure blocking a road that will 

require full shift to be cleared out. Continuous conditions (e.g., weather) that tend to last for few 

hours and change multiple times over the shift are discarded from the base model evaluation 

given the complexities associated, but an analogous condition is to be evaluated for the 
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probabilistic occurrence approach when an event is subject to occur for a certain amount of time, 

partially affecting certain operational parameters. 

The frequency of the occurrence of each event is waived in this initial implementation for 

all cases, but to be considered for the second (probabilistic occurrence approach) and third (time 

horizon analysis) level of implementation. The graphical representation of these events for the 

base case scenario is shown in Figure 4.3, where the warning sign represents the source affected 

by the discrete event. It is important to mention how critical certain events are compared to the 

others: while blocked roads only affect the associated shovel, having the shovel itself not 

available will deactivate any road connected to it, further affecting the material flow required in 

that section of the network. On the other hand, the event of unavailable trucks has a broader 

range of workarounds, not restricting the shovels or roads but constraining the material flow 

required at the moment, even accepting the replacement of the assigned material flow with 

another truck if the case configuration allows such action. 

 

Figure 4.3. Distribution of occurrences of the evaluated discrete events. 

One final consideration of the list of discrete events is the assumption that their 

occurrence will last for as much as needed, or in other words fitted to the desired approach. This 

is, for the implementation of the prediction model based on goal weigh rearrangement and time 

horizon analysis, the events will start at the beginning of the shift and finish at the end of the 

shift, having a complete disruption of the operation for the whole shift; while for the prediction 
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model based on probabilistic occurrence, the events will last a fraction of the shift under different 

probabilistic distribution, affecting only the parameters for a certain amount of time. 

4.3.1. Combinatorial Analysis 

The selected discrete events will modify the optimization formulation based on the 

replacement of the affected parameters by a new value that will make them unattractive for 

selection rather than deleting them. The new replacing value can be too big or too small 

depending on the objectives of the optimization, and will be based on the big ִי and small ᴢ 

notation respectively (e.g., if a shovel is down, rather than deleting all the associated parameters 

and constraints to the broken-down shovel, the formulation will turn the operating cost of the 

shovel to an ñinfiniteò value, or big ִי, restricting its use without major modifications in the 

optimization formulation). This combinatorial framework although feasible, may result in 

excessive computational time. In each case, the discrete event is independent to the others and 

will modify exclusive parameters (i.e., two discrete events cannot affect the same parameter), so 

that the impact of the occurrence of each parameter can be evaluated independently. 

Considering that over a single working shift the occurrence of one discrete event only is 

unrealistic, the possibility of occurrence of two or more events is evaluated under a combinatory 

analysis with no repetitions. For a set of six (6) possible discrete events, seven possible scenarios 

can be evaluated, starting with no-event occurrence base case to all-events combination. The 

calculation of the possible combinatory arrangements is done by using Equation (4.28), that 

describes the possible combinations that can be created for each scenario. 

ὅ
ὲ
Ὧ

ὲȦ

ὯȦz ὲ ὯȦ
 (4.28) 

Where (ὲ) corresponds to the number of total elements in the set (discrete events) and (Ὧ) 

represents the number of elements in the subset (simultaneous discrete events occurring). The 

equation will be repeated for each combinatorial arrangement (e.g., for 1 event occurring, for 2 

events occurring, for 3 events occurring). The explicit event occurrence is shown in Table 4.2, 

Table 4.3, Table 4.4, Table 4.5, Table 4.6, Table 4.7 and Table 4.8, where the occurrence of the 

event is shown as (έ), and the lack of the occurrence as (ὼ). A total of 64 different combinations 

without repetitions were computed for the six (6) discrete events, generating 64 cases to evaluate 
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for the 66 logs in each under a 10% accuracy discussed in Section 3.2.1., creating a total of 4,224 

optimization formulations to solve. 

Table 4.2. Combinatorial scenario for no event occurrence. 

 

Table 4.3. Combinatorial scenario for occurrence of 1 event at a time. 

 

Table 4.4. Combinatorial scenario for occurrence of 2 events at a time. 

 

Table 4.5. Combinatorial scenario for occurrence of 3 events at a time. 

 

C

1

1) 2 100-ton trucks not available x

2) 1 150-ton trucks not available x

3) Ore Shovel 2 not available x

4) Ore Shovel 1 Road 1 blocked x

5) Waste Shovel 2 not available x

6) Waste Shovel 1 Road 1 blockedx

Scenario 1 - No events

2 3 4 5 6 7

1) 2 100-ton trucks not available o x x x x x

2) 1 150-ton trucks not available x o x x x x

3) Ore Shovel 2 not available x x o x x x

4) Ore Shovel 1 Road 1 blocked x x x o x x

5) Waste Shovel 2 not available x x x x o x

6) Waste Shovel 1 Road 1 blockedx x x x x o

Combination
Scenario 2 - 1 event at a time

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

1) 2 100-ton trucks not available o o o o o x x x x x x x x x x

2) 1 150-ton trucks not available o x x x x o o o o x x x x x x

3) Ore Shovel 2 not available x o x x x o x x x o o o x x x

4) Ore Shovel 1 Road 1 blocked x x o x x x o x x o x x o o x

5) Waste Shovel 2 not available x x x o x x x o x x o x o x o

6) Waste Shovel 1 Road 1 blockedx x x x o x x x o x x o x o o

Scenario 3 - 2 events at a time
Combination

23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42

1) 2 100-ton trucks not available o o o o o o o o o o x x x x x x x x x x

2) 1 150-ton trucks not available o x x x x x x o o o o o o o o o x x x x

3) Ore Shovel 2 not available o o x x o o x x x x o o o x x x o o o x

4) Ore Shovel 1 Road 1 blocked x o o x x x o o x x o x x o o x o o x o

5) Waste Shovel 2 not available x x o o o x x x o x x o x o x o o x o o

6) Waste Shovel 1 Road 1 blockedx x x o x o o x x o x x o x o o x o o o

Scenario 4 - 3 events at a time
Combination
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Table 4.6. Combinatorial scenario for occurrence of 4 events at a time. 

 

Table 4.7. Combinatorial scenario for occurrence of 5 events at a time. 

 

Table 4.8. Combinatorial scenario for occurrence of all 6 events at the same time. 

 

Based on the scenarios described above, the optimum solution for each formulation will 

be in the range of good conditions (no events happening, system slightly over-trucked) to 

challenging conditions where multiple resources are restricted, reducing the pool of optimum 

solutions to few possible options. The analysis of the set of global optimum solutions, and how 

the best possible outcome is interpreted will be later explained in the goal weight rearrangement 

approach application for the base model. 

4.4. Implementation of Search Algorithm 

From the description made in Section 3.3.1. related to the case scenario binary 

configuration, the identification of the specific combination of discrete events will be performed 

using a prediction algorithm to recognize the pattern of binary values that match the identity 

43 44 45 46 47 48 49 50 51 52 53 54 55 56 57

1) 2 100-ton trucks not available o o o o o o o o o o x x x x x

2) 1 150-ton trucks not available o o o o o o x x x x o o o o x

3) Ore Shovel 2 not available o o o x x x o o o x o o o x o

4) Ore Shovel 1 Road 1 blocked o x x o o x o o x o o o x o o

5) Waste Shovel 2 not available x o x o x o o x o o o x o o o

6) Waste Shovel 1 Road 1 blockedx x o x o o x o o o x o o o o

Scenario 5 - 4 events at a time
Combination

58 59 60 61 62 63

1) 2 100-ton trucks not available o o o o o x

2) 1 150-ton trucks not available o o o o x o

3) Ore Shovel 2 not available o o o x o o

4) Ore Shovel 1 Road 1 blocked o o x o o o

5) Waste Shovel 2 not available o x o o o o

6) Waste Shovel 1 Road 1 blockedx o o o o o

Scenario 6 - 5 events at a time
Combination

C

64

1) 2 100-ton trucks not available o

2) 1 150-ton trucks not available o

3) Ore Shovel 2 not available o

4) Ore Shovel 1 Road 1 blocked o

5) Waste Shovel 2 not available o

6) Waste Shovel 1 Road 1 blockedo

Scenario 7 - All events
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code of the case scenario. Although there are multiple open-source search algorithms that may be 

used, the decision to implement a machine learning regression algorithm is in response to the 

complexity of the index list depending on the number of combinations that can be created, and 

the output represented by a library of multiple different files. Another reason to work with a 

regression model is the possibility to modify the configuration of the input values without major 

changes in the coding of the predictive model, and with the format of the output values. 

 The first step is to replace the checkers with 0s (if blank) and 1s (if checked), allowing 

the system to have a numerical configuration of the input parameters, as shown in Table 4.9. 

Table 4.9. Combinatorial scenario for 3 discrete events, transformed to binary values. 

 

Once all combinations are described as specific sequences of binary values, a matrix of 

matrices is then created to store this information. The matrix of each combination can be kept as 

an array of numbers, or transformed to a single string; either way, the format will be important in 

deciding which type of encoder to use for the prediction algorithm. Table 4.10 represents the 

final array form of the binary configuration of each combinatorial case. 

23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42

1) 2 100-ton trucks not available 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0

2) 1 150-ton trucks not available 1 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 0 0 0 0

3) Ore Shovel 2 not available 1 1 0 0 1 1 0 0 0 0 1 1 1 0 0 0 1 1 1 0

4) Ore Shovel 1 Road 1 blocked 0 1 1 0 0 0 1 1 0 0 1 0 0 1 1 0 1 1 0 1

5) Waste Shovel 2 not available 0 0 1 1 1 0 0 0 1 0 0 1 0 1 0 1 1 0 1 1

6) Waste Shovel 1 Road 1 blocked0 0 0 1 0 1 1 0 0 1 0 0 1 0 1 1 0 1 1 1

Scenario 4 - 3 events at a time
Combination
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Table 4.10. Array form of binary configuration of each combinatorial scenario. 

       

The implementation of the search algorithm is described in the pseudocode for a logistic 

regression application located in Section 3.3.1., where the input parameter a comma separated 

values (*.csv) file containing the binary sequence of each combination (predictor), and the index 

of the corresponding combination (regressand). Being able to predict the index of the specific 

case is of utmost importance, since it will also be used as index character to find the correct 

training datasets for the second stage of the predictive model. 

The logistic regression implementation is tuned for the solver to use as hyperparameter, 

selecting the ñlbfgsò solver (based on the Broyden-Fletcher-Goldfarb-Shanno algorithm) for a 

maximum number of iterations of 10,000 to ensure enough room for the regression process to 

converge. The penalty term applied was the L2 regularization (by default), and no further testing 

with other penalty-related terms were performed as the results were already accurate to the 

purpose of the implementation. One final clarification for the implementation was the need to fit 

the model with string-converted predictors and regressand prior to the ordinal encoding of the 

predictors, but reformatting the predictors back to integers before the use of the prediction 

command. 

4.5. Implementation of Prediction Model Based on Goal Weight Rearrangement 

Once the combinatorial scenario is identified and the index value concatenated to the file 

IDs, the next step is the selection of a supervised learning regression algorithm capable to find 

the best possible arrangement of goal weights (for the optimization, considering for all cases (‫ 

[ 0 0 0 0 0 0 ] 1

[ 1 0 0 0 0 0 ] 2

[ 0 1 0 0 0 0 ] 3

[ 0 0 1 0 0 0 ] 4

[ 0 0 0 1 0 0 ] 5

[ 0 0 0 0 1 0 ] 6

[ 0 0 0 0 0 1 ] 7

[ 1 1 0 0 0 0 ] 8

[ 1 0 1 0 0 0 ] 9

[ 1 0 0 1 0 0 ] 10

[ 1 0 0 0 1 0 ] 11

[ 1 0 0 0 0 1 ] 12

[ 0 1 1 0 0 0 ] 13

[ 0 1 0 1 0 0 ] 14

[ 0 1 0 0 1 0 ] 15

[ 0 1 0 0 0 1 ] 16

CombinationInput sequence

[ 0 0 1 1 0 0 ] 17

[ 0 0 1 0 1 0 ] 18

[ 0 0 1 0 0 1 ] 19

[ 0 0 0 1 1 0 ] 20

[ 0 0 0 1 0 1 ] 21

[ 0 0 0 0 1 1 ] 22

[ 1 1 1 0 0 0 ] 23

[ 1 0 1 1 0 0 ] 24

[ 1 0 0 1 1 0 ] 25

[ 1 0 0 0 1 1 ] 26

[ 1 0 1 0 1 0 ] 27

[ 1 0 1 0 0 1 ] 28

[ 1 0 0 1 0 1 ] 29

[ 1 1 0 1 0 0 ] 30

[ 1 1 0 0 1 0 ] 31

[ 1 1 0 0 0 1 ] 32

CombinationInput sequence

[ 0 1 1 1 0 0 ] 33

[ 0 1 1 0 1 0 ] 34

[ 0 1 1 0 0 1 ] 35

[ 0 1 0 1 1 0 ] 36

[ 0 1 0 1 0 1 ] 37

[ 0 1 0 0 1 1 ] 38

[ 0 0 1 1 1 0 ] 39

[ 0 0 1 1 0 1 ] 40

[ 0 0 1 0 1 1 ] 41

[ 0 0 0 1 1 1 ] 42

[ 1 1 1 1 0 0 ] 43

[ 1 1 1 0 1 0 ] 44

[ 1 1 1 0 0 1 ] 45

[ 1 1 0 1 1 0 ] 46

[ 1 1 0 1 0 1 ] 47

[ 1 1 0 0 1 1 ] 48

CombinationInput sequence

[ 1 0 1 1 1 0 ] 49

[ 1 0 1 1 0 1 ] 50

[ 1 0 1 0 1 1 ] 51

[ 1 0 0 1 1 1 ] 52

[ 0 1 1 1 1 0 ] 53

[ 0 1 1 1 0 1 ] 54

[ 0 1 1 0 1 1 ] 55

[ 0 1 0 1 1 1 ] 56

[ 0 0 1 1 1 1 ] 57

[ 1 1 1 1 1 0 ] 58

[ 1 1 1 1 0 1 ] 59

[ 1 1 1 0 1 1 ] 60

[ 1 1 0 1 1 1 ] 61

[ 1 0 1 1 1 1 ] 62

[ 0 1 1 1 1 1 ] 63

[ 1 1 1 1 1 1 ] 64

CombinationInput sequence
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that the sum of all the weights must be equal to 100% or 1.0, as described in Equation (3.1). As 

mentioned in Section 3.3.3., eight (8) regression algorithms were selected for the implementation 

of the prediction procedure in the base model, using the known information from solved logs to 

stablish the limits (e.g., contours) of the region of feasibility, and identify de centroid of this 

region so that the solution must always be the arrangement of weights the farthest away from the 

limits of the optimum feasibility. The pseudocode of the implementation of each regression 

algorithm is described, applying for all cases the open-source version of the algorithm from the 

scikit-learn libraries [46]. The regressand values (output) for six (6) sample combinations are 

reported in each case, selected based on the representativity and complexity of the region of 

global optimal solution. The solution for all combinatorial scenarios can be reviewed in 

Appendix B. 

The Linear regression implementation did not require further tunning or adjusting, given 

the nature of the input and output data, no data transformation was required. Values were left as 

by default as they impact little to none to the prediction output. 

Linear Regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply  - >  Linear regression to model ;  

Tune - > Default parameters;  

Fit - > Model to predictors and regressands ;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ;  

  Table 4.11. Predicted values of .based on Linear regression for 6 combinatorial scenarios ‫ 

 

˖м ˖н ˖о ң

1 37.23 37.45 25.32 100.00

10 37.30 37.80 24.90 100.00

18 38.16 35.89 25.95 100.00

40 35.38 40.12 24.50 100.00

60 38.40 36.21 25.40 100.00

63 38.62 36.21 25.17 100.00

Combination
Linear
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The k-Nearest Neighbor regression implementation was tested under variable conditions 

given the sensitivity of the algorithm to the tunning parameters, evaluating biased solutions when 

very few or many neighbors were selected, overfitting the solution to the known points, or 

underfitting towards the center of the model. For a total number of 66 logs as input data, the 

selected number of neighbors was five (5) for all cases (average value that performed reasonably 

well for all scenarios). Uniform weights were selected as weighted values would be 

counterproductive when the optimum region is non-convex or towards one specific optimization 

goal. Given the tridimensional nature of the base case model, the Euclidean distance was selected 

in the format of Minkowski distance for a p value of 2. Other values were left as by default as 

they impact little to none to the prediction output. 

k- Nearest Neighbor  regression  implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  k- Nearest Neighbor regression to model;  

Tune - > 5 neighbors, uniform weights, Euclidean distance;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.12. Predicted values of .based on kNN regression for 6 combinatorial scenarios ‫ 

 

The Decision Tree regression implementation evaluated a traditional implementation 

given the limited amount of data and the desire to keep the prediction within the known values 

considered as hard bounds. The overfitting nature of this predictive model is expected to be 

highly beneficial for the proposed methodology. To minimize the L2 loss, the mean squared error 

was selected for quality criteria. Best split node instead of random given some unexpected results 

˖м ˖н ˖о ң

1 56.00 26.00 18.00 100.00

10 38.00 36.00 26.00 100.00

18 20.00 28.00 52.00 100.00

40 50.00 40.00 10.00 100.00

60 44.00 18.00 38.00 100.00

63 48.00 12.00 40.00 100.00

Combination
k-Nearest Neighbor
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if random. All nodes were evaluated, so no maximum depth was selected. The final tunning 

parameter is the minimum number of samples to split a node, decided to be two (2) for the 

limited amount of input data. Other values were left as by default as they impact little to none to 

the prediction output. 

Decision Tree  regression  implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  Decision Tree  regression to model;  

Tune - > Squared error, best split, max depth, min 2 to split ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.13. Predicted values of .based on Decision Tree regression for 6 combinatorial scenarios ‫ 

 

The Ridge regression implementation evaluate the loss function based on the L2-norm 

using a ʇ value of ρπ (in the implementation by scikit-learn library, this value is defined as alpha 

parameter) in response to the limited coefficient range to evaluate, the format of the predictors 

and the linear nature of the regression; other values for ʇ were evaluated, but the output ranged 

between the center of the model and the result for ʇ ρπ. The configuration of the model is 

strongly linear and is expected to be similar, if not equal, to a traditional linear regression output. 

Other values were left as by default as they impact little to none to the prediction output. 

Ridge regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

˖м ˖н ˖о ң

1 34.00 34.00 32.00 100.00

10 35.00 32.50 32.50 100.00

18 20.00 10.00 70.00 100.00

40 41.11 33.33 25.56 100.00

60 36.67 13.33 50.00 100.00

63 15.00 15.00 70.00 100.00

Combination
Decision Tree
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Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  Ridge  regression to model;  

Tune - > Alpha = 10 ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.14. Predicted values of .based on Ridge regression for 6 combinatorial scenarios ‫ 

 

The Lasso regression implementation evaluate the loss function based on the L1-norm 

using a ʇ value of πȢρ (in the implementation by scikit-learn library, this value is defined as alpha 

parameter) to ensure the overfitting of the model. Similar to the Ridge regression 

implementation, the configuration of the model is strongly linear and is expected to be similar, if 

not equal, to a traditional linear regression output. Other values were left as by default as they 

impact little to none to the prediction output. 

Lasso regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  Lasso  regression to model;  

Tune - > Alpha = 0.1 ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

˖м ˖н ˖о ң

1 37.23 37.45 25.32 100.00

10 37.30 37.80 24.90 100.00

18 38.16 35.89 25.95 100.00

40 35.38 40.12 24.50 100.00

60 38.40 36.21 25.40 100.00

63 38.62 36.21 25.17 100.00

Combination
Ridge
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Table 4.15. Predicted values of .based on Lasso regression for 6 combinatorial scenarios ‫ 

 

The Random Forest regression implementation evaluated a similar approach as the 

Decision Tree algorithm, using mean squared error for quality criteria and no depth limitation to 

expand the trees. However, the generalist nature of the algorithm impedes the overfitting to the 

hard boundaries defined by the input data, expecting a regressand much weaker than the 

Decision Tree approach for the purpose of the implementation. A total of 100 individual trees 

(estimators) were evaluated for the model, with a minimum number of 2 samples to split a node. 

Other values were left as by default as they impact little to none to the prediction output. 

Random Forest regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  Random Forest  regression to model;  

Tune - > Squared error, 100 estimators, max depth, min 2 to 

split ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.16. Predicted values of based on Random Forest regression for 6 combinatorial ‫ 
scenarios. 

 

˖м ˖н ˖о ң

1 37.23 37.45 25.32 100.00

10 37.30 37.80 24.90 100.00

18 38.16 35.89 25.95 100.00

40 35.38 40.12 24.50 100.00

60 38.40 36.21 25.40 100.00

63 38.62 36.21 25.17 100.00

Combination
Lasso

˖м ˖н ˖о ң

1 34.57 33.73 31.70 100.00

10 34.23 32.09 33.67 100.00

18 17.08 17.68 65.23 100.00

40 41.26 33.09 25.64 100.00

60 39.61 14.28 46.11 100.00

63 25.55 14.54 59.91 100.00

Combination
Random Forest
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The Gaussian regression followed quite a different strategy for the implementation given 

the inapplicability of the direct algorithm for the format of the predictors and the regressands. 

The most evident hyperparameter to evaluate is in fact the kernel value, considered for this 

implementation as the result of the sum of the inhomogeneous Dot-Product kernel (DotProduct 

kernel implementation by scikit-learn library [46]) and the White kernel (noise level of 1) as 

noise of the signal. Although the Gaussian regression algorithm is capable to perform multi-

output regression processes, the algorithm is expected to produce an output that will not comply 

with Equation (3.1), generating values of (incapable to produce an exact coordinate. Other (‫ 

values were left as by default as they impact little to none to the prediction output. 

Gaussian  regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Apply - >  Gaussian  regression to model;  

Tune - > kernel = inhomogeneous Dot - Product + White kernel ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.17. Predicted values of .based on Gaussian regression for 6 combinatorial scenarios ‫ 
The predicted values are in fact not able to generate an exact 3-D coordinate. 

 

The Polynomial regression implementation is quite a unique case more similar to the 

Linear regression implementation than to the other regression algorithms. From the input data, 

the predictor is a unique value that can be evaluated as a single monomial, or at the best a 

binomial if an error coefficient is included, while the regressand is the arrangement of (as a (‫ 

trinomial or also as three separate monomials. Given that the polynomial regression is a linear 

model, the regression algorithm to apply is the Linear regression, but evaluating the polynomial 

˖м ˖н ˖о ң

1 36.74 36.96 24.99 98.69

10 36.80 37.29 24.57 98.66

18 37.66 35.42 25.61 98.68

40 34.92 39.59 24.18 98.69

60 37.89 35.73 25.06 98.69

63 38.12 35.73 24.84 98.69

Combination
Gaussian
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transformation to the predictors for a zero polynomial (degree of 0) to adjust to the nature of the 

input data. This Polynomial regression implementation is basically a pure linear regression of 

constant values, expecting a prediction where all weights are equal but able to comply with 

Equation (3.1). Other values were left as by default as they impact little to none to the prediction 

output. 

Polynomial regression implementation  

 

Data:  Combinatorial values of ɤ and deviation with respect 

to global optimal solution as a *.csv file  

Result:  Arrangement of values of ɤ for the target deviation 

Read - > Deviation float values for predictor;  

  Arrangement of values of ɤ for regressand; 

Transform - > Predictor data using polynomial features ;  

Apply - >  Linear  regression to model;  

Tune - > Default parameters ;  

Fit - > Model to predictors and regressands;  

Predict - > Values of ɤ for deviation of 0, return  values of ɤ; 

Table 4.18. Predicted values of .based on Polynomial regression for 6 combinatorial scenarios ‫ 

 

The previously discussed implementation of each regression model is tested under 

different tunning values and hyperparameter selection, as minimum changes can be critical in the 

prediction process given the type of the data to evaluate. The hyperparameter and tunning 

parameters of each and all the evaluated regression algorithms are described in Table 4.19, 

providing the average values or attributes tested as best fit for the regression models 

independently. Due to the nature of the problem, an overfitting response was desired rather than 

a traditional generalist performance, as the thresholds for possible solutions are clearly delimited. 

 

˖м ˖н ˖о ң

1 33.33 33.33 33.33 100.00

10 33.33 33.33 33.33 100.00

18 33.33 33.33 33.33 100.00

40 33.33 33.33 33.33 100.00

60 33.33 33.33 33.33 100.00

63 33.33 33.33 33.33 100.00

Combination
Polynomial
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Table 4.19. Tunning parameters of regression models evaluated. 

Regression 

Algorithm 

Hyperparameter Other Tunning Parameters 

Parameter Value Parameter Value Parameter Value 

Linear - - - - - - 

k-Nearest 

Neighbor 
Neighbors 5 Weight Uniform Distance Euclidean 

Decision Tree Criterion MSE Splitter Best Depth Max 

Ridge ɚ (L2-norm) 10 - - - - 

Lasso ɚ (L1-norm) 0.1 - - - - 

Random Forest Estimators 100 Criterion MSE Depth Max 

Gaussian Kernel 
DotP + 

WKernel 

Kernel 

Noise 
1 - - 

Polynomial Pol Degree 0 - - - - 

The base model is designed to exemplify the implementation of the proposed 

methodology under a controlled environment of three (3) optimization targets, which weights can 

be evaluated as coordinates of a tri-dimensional region in accordance with Equation (3.1). An 

example of the visualization of this condition is shown in Figure 4.4, where the results for the 

no-events baseline scenario (combination 1) are plotted in a 3-D grid, using each axis to 

represent the value of each goal weight (The plot was generated in Plotly Chart Studio .(‫ 

(online tool). X axis represents the penalty on ore deviation goal weight (Y axis the penalty ,(‫ 

on waste deviation goal weight (.(‫) and Z axis the total transportation cost goal weight (‫ 

 

Figure 4.4. 3-D representation of possible arrangement of weights for each goal. 

Although the plot represents the location of each point as 3-D coordinates colored based 

on a value range, the results can also be transformed to a cartesian system and adjusted to a 2-D 

environment to ease the interpretation of the data from a human perspective. Further analysis is 
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evaluated to allow the generation of contour lines based on the discrete coordinates, displaying 

the results as a heat map with clearly defined limits. For this, the selected diagram is the ternary 

plot, a barycentric graph on three variables which sum to a constant (commonly used to represent 

components for rock chemical contents analysis in geology). 

To generate the corresponding ternary plot for each combination, the following 

pseudocode is applied for a Phyton code implementation. Although the pseudocode is equal for 

all scenarios, the customization of the contour line ranges, and the labelling is unique in each 

case. Some combinatorial scenarios have wider variations between suboptimal solutions, while 

others are differentiated by minimum percentages of the overall costs, so each ternary plot must 

be configured to generate a heat map as representative as possible to the complexity of the 

evaluated scenario. 

Ternary plot implementation  

 

Data:  Independent values of ɤ for barycentric coordinates 

and absolute deviation of each solution with respect 

to global optimal solution as a *.csv file  

Result:  Ternary plot  

Read - > Values of ɤ and deviation as numerical input;  

Transform  - > Values of ɤ to ternary scale;  

  Values of deviation under cartesian interpolation;  

Tune - > Jet color, variable number of contours, adjusted 

scale ;  

Return  - >  Ternary plot as a *.png file ;  

The ternary plots shown in Figure 4.5 (same sample combinations whose solutions were 

displayed for the implementation of each regression algorithm) adjust the range of values from 0 

to an arbitrary maximum value (not possible to use the real max value given the differences in 

scale). The bluish zone represents the pool of best possible solutions as it is generated from the 

arrangements with a zero (0 value) deviation with respect to the global optimal solution (any 

point within this region can be selected as best possible solution), while the reddish areas 

represent worst possible arrangements with high deviations (same results, but for a higher cost). 

One important consideration to make is that every point within the ternary plot represents a 

feasible solution, where the optimization constraints are met, and a solution is provided for the 

minimization of the overall costs. The ternary plots for all case scenarios are in Appendix C. 
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Figure 4.5. Ternary plots for 6 combinatorial scenarios. Heatmap represents deviation values. 
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 The ternary plots are just the graphical representation for interpretation purposes, of the 

potential optimization outcome in response to a given arrangement of goal weights, generating 

interpolation contours where the unknown values are estimated based on the known data in the 

proximity. These plots are not meant to be used or reviewed by the mine operator. For the sake of 

a standardized solution, the ternary plots presented in Figure 4.5 evaluate contours created based 

on 10% accuracy goal weights, that will be later adjusted if a predicted solution is to be found in 

an apparently suboptimal region but the solver solution returns a global optimal outcome. 

Given the mixed-integer nature of the optimization algorithm, the accuracy of the shape 

of each contour (10% or 1%) can be less or more important as small variations in the input 

parameters are either unlikely to make major changes, or likely to be quite sensitive to the 

accuracy in the truck allocation. However, small variations in the execution of the solution may 

indeed modify the shape of the feasibility regions (blurred limits). In response to this condition, 

the regression model to implement must be based on the algorithm capable not to just find a 

coordinate within the region of global optimal solution, but also a point as far away as possible 

from the limits of such region regardless of its shape (convex or non-convex). In essence, the 

algorithm to implement for the final predictive model must be able to find the centroid of the 

least constrained region of global optimal solution. 

4.5.1. Analysis of Results on Goal Weight Rearrangement 

The evaluation of the accuracy of each regression model is then plotted on the ternary 

plots to evaluate the graphical location of each prediction within the optimization contours. 

Although the regressed predictions are based on the 10%-accuracy training models, it is not 

guaranteed that the predicted arrangement of goal weights once returned to the optimization 

modelôs objective function will return a suboptimal decision if they are apparently within a 

suboptimal region of feasibility, as the contour lines are more sensitive to the training data for 

certain combinatorial scenarios compared to the less complex conditions. 

Another condition to account for is the expected outcome of the regression model. As 

mentioned in Section 3.3.3., the regression algorithms are grouped depending on the type of 

regression performed, where the linear-based models are expected to return similar if not the 

same answer around the center of the plot, while others such as k-Nearest Neighbors will be 
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highly sensitive to the optimality deviation of the surrounding samples, or the forest-based 

models more fitted to the purpose of the implementation but still prone to suboptimal decision if 

the parameters are tunned towards a more generalist regression. 

The first plot to evaluate corresponds to combinatorial scenario #1 for the baseline 

conditions with no event occurrence, displayed in Figure 4.6. The range of global optimal 

solution is wide and almost convex, representing quite a simple task for any regression model to 

find a desired solution. The linear-based models (Linear, Ridge and Lasso) are practically at the 

same location (minimum differences after the 6th decimal position), adding the Gaussian result 

around the same location (in case of Gaussian the prediction does not add up to 1.0, so a small 

region of possible options is generated around), while the tree-based models regressed a location 

around the equilibrium of the three goals (more or less the centroid of the optimal region). In 

case of Polynomial regression, it will always return the perfect equilibrium of the three goals 

regardless of the training data, so there is no point in further analysis for any combinatorial 

scenario. On the other hand, the k-Nearest Neighbors algorithm returned a vague solution 

towards the first goal (minimize penalties due to negative ore deviation), so there is an 

observable bias that could lead to suboptimal regressions for other models. 

 

Figure 4.6. Ternary plot of combinatorial scenario #1. Predicted points on display. 
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The next plot to evaluate corresponds to combinatorial scenario #10, displayed in Figure 

4.7. Although the original shape produced three (3) clearly defined isolated regions of global 

optimal solution, the predicted coordinates landed in apparently suboptimal areas for al 

regression algorithms. This condition required an additional step that is the return of the solution 

from each predicted arrangement of goal weights back to the optimization solver to generate new 

training data for the ternary plot, as it seems like a 10% accuracy level may not be accurate 

enough for this case scenario to display real thresholds of optimality. 

 

Figure 4.7. Ternary plot of combinatorial scenario #10. Predicted points on display. 

The new training data is then reprocessed, and the modified ternary plot is generated as 

shown in Figure 4.8. The solutions for the regression algorithms are clearly modifying the shape 

of the initial region of optimal solution, confirming that some scenarios require further level of 

accuracy in the training data, or to evaluate a possible iteration-based implementation to confirm 

a predictive process closer to an approximation method as each new iteration will close the gap 

to the true global optimal solution (undesired scenario, as it would increase the complexity of the 

analysis, so a tradeoff between implementing an iteration-based process and increase the level of 

accuracy in the training data must be assessed). With respect to the solution produced, the linear-
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based models, kNN and Gaussian regressed a location in the between of two regions of 

feasibility within a suboptimal region, while the tree-based models successfully generated a 

solution with zero deviation to the best possible outcome. 

 

Figure 4.8. Initial ternary plot (left) and after regressed solutions are applied (right) ï case #10. 

The Figure 4.9 displays the results for combinatorial scenario #18, showing a less 

complex arrangement of regions of optimal feasibility. In this scenario there are apparently two 

global optimal regions; however, the ñblueò region closer to the center of the lower side 

(generated by coordinates [0.1, 0.4, 0.5]) is actually suboptimal with a small deviation of +0.03% 

with respect to the global optimal overall cost computed, therefore it is expected that some 

regression models will be influenced by the information from this suboptimal region and attempt 

to generate a prediction in the between of the ñblueò regions, while the more overfitting models 

will return a regressand around, if not at the exact location of, the only known global optimal 

solution coordinate [0.2 0.1, 0.7]. 

As expected, the linear-based and Gaussian regression algorithms were incapable to 

follow the location of the desired solution, returning a coordinate around the center of the plot in 

a region with an approximate deviation of +0.22%. Conversely, the kNN model was actually 

influenced by the training data and generated a point in the surroundings of the target zone, yet 

away from any desired result. The peculiar solution corresponds to the tree-based models, where 

the Random Forest algorithm attempted a weighted approximation between the ñblueò regions, 

closer to the global optimal solution but still within the contours of an ñunsafeò area; while the 
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Decision Tree algorithm forced by an overfitting logic based on only one possible solution, 

returned the unique global optimal coordinate in the case scenario. A more precise regression can 

be generated if the training data uses a more accurate input information (1% or more). 

 

Figure 4.9. Ternary plot of combinatorial scenario #18. Predicted points on display. 

The fourth plot to analyze, displayed in Figure 4.10, corresponds to combinatorial 

scenario #40 where ore shovel #2 is down and two roads are blocked. The global optimal region 

is less restrictive in shape and size, and a clear trend can be observed where the weight of the 

negative waste deviation target is consistent around 0.2 and 0.4 (or 20% - 40%), resulting in a ‫ 

tradeoff between to generate global optimal solutions. Because this blueish region is ‫ and ‫ 

around the center of the plot, the linear-based and Gaussian models are actually able to generate 

acceptable solutions yet too close to the bounds of the optimal region, same as the Polynomial 

regression algorithm. The kNN model, on the other side, gives more importance to the first target 

in the list (,and generates a solution biased towards the negative ore deviation target side [0.5 (‫ 

0.4, 0.1], still returning a global optimal solution. Lastly, both tree-based regression models 

computed solutions at almost the same location around the centroid of the non-convex zone and 

as far away as possible to the contours. The uniqueness of this case scenario is given by the 
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consistency of the importance of one of the targets in response to the discrete events triggered, 

where the waste stripping activity is highly affected in contrast to the other two targets. 

 

Figure 4.10. Ternary plot of combinatorial scenario #40. Predicted points on display. 

Another plot that configures a special case to evaluate is combinatorial scenario #60, as 

displayed in Figure 4.11. Same as case scenario #10, no regression algorithm is apparently able 

to generate a global optimal feasible solution based on the heat map. However, if such predicted 

coordinates are returned back to the optimization model and the problem resolved in the selected 

folder, a new set of solutions are added to the ternary plot training files (in addition to the 66 logs 

under a 10% accuracy precision). The new training file is then adjusted, the regression models 

retrained, and the new ternary plot generated, modifying the plot as shown in Figure 4.12. 

Contrary to combinatorial scenario #10, the modification is not substantial, and another 

complexity is added, as the regions of global optimal solution are close to the reddish areas (least 

favorable combinations), so the coordinate to select is extremely sensitive to a tight bound. 

 The regressed solutions do not change after the update, locating the linear-based and 

Gaussian models near the center of the plot within suboptimal areas, while the kNN regressed 

solution attempted a midpoint between the three (3) global optimal regions. The case of the 
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forest-based models is more complicate to analyze, as the Decision Tree algorithm predicts a 

global optimal solution while expanding the center global optimal region, whereas the Random 

Forest model was not just incapable to find the desired coordinate, but landed too close to a 

critical suboptimal region, making it a good example of the shortcoming of this generalist model. 

 

Figure 4.11. Ternary plot of combinatorial scenario #60. Predicted points on display. 

 

Figure 4.12. Initial ternary plot (left) and after regressed solutions are applied (right) ï case #60. 
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The last plot to evaluate correspond to the combinatorial scenario #63, displayed in 

Figure 4.13. This is another scenario where there are apparently two global optimal regions, 

while in reality the larger one closer to the vertex and generated by four (4) known points has ‫ 

a small deviation, and only the small region closer to the vertex generated by two (2) known ‫ 

points is the real global optimal region. The regressed solutions seem to be directly influenced by 

this particular arrangement of optimality contours. Same as in the previous scenarios, the linear-

based and Gaussian models were not able to handle regions of feasibility located in the corner of 

the plot (it can be concluded that these algorithms are weak local optimal regressors), returning 

coordinates within the suboptimal contours. The kNN and the Random Forest regressors are also 

not capable of finding the desired region, having a biased behavior towards specific parameters, 

such as to the number of available known points (kNN) or the proximity to the zero-deviation 

area (Random Forest). Nonetheless, both algorithms are weighting both blueish areas and 

therefore generating an incorrect prediction (strong local optimal regressors). Finally, the 

Decision Tree predicted a point in the middle of the target zone (between the two known points), 

confirming the effectiveness of this regression model in finding best possible coordinate (global 

optimal regressor). 

 

Figure 4.13. Ternary plot of combinatorial scenario #63. Predicted points on display. 
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Having discussed the initial results for the prediction accuracy of six (6) combinatorial 

scenarios, the next step is to evaluate and identify the overall accuracy of each of the eight (8) 

regression algorithms for the whole dataset, considering that the prediction output generated is 

resolved in the optimization solver, and then compared against the initial global optimal solution 

of the case under analysis, to evaluate the deviation in percentage and in absolute unites, and 

format in accordance the color scale displayed in the ternary plots (if one single approximation is 

insufficient, the configuration follow a circular analysis with few iterations until there are no 

more significant modifications to the contours). 

The regressand output and corresponding optimization solution for each combinatorial 

scenario and each regression algorithm, can be found in Appendix D. These tables also contain 

the count of how many times each individual regression model produced an accurate or 

inaccurate result, whose summary of results is displayed in Table 4.20. 

Table 4.20. Summary of prediction accuracy results for all regression algorithms. 

Regression 

Algorithm 

Accurate 

Predictions 

Inaccurate 

Predictions 

Overall 

Accuracy 

Overall 

Inaccuracy 

Linear 41 23 64.06% 35.94% 

k-Nearest Neighbor 46 18 71.88% 28.13% 

Decision Tree 64 0 100.00% 0.00% 

Ridge 41 23 64.06% 35.94% 

Lasso 41 23 64.06% 35.94% 

Random Forest 49 15 76.56% 23.44% 

Gaussian 40 24 62.50% 37.50% 

Polynomial 44 20 68.75% 31.25% 

The accuracy results are quite conclusive, and in accordance with the observations 

previously made in the graphical analysis. The linear-based algorithms along with the Gaussian 

model are the weakest of the selection, given that they are not influenced by the bias of the 

location or shape of the region of optimal feasibility, having an overall accuracy below 65%. The 

polynomial approach is coincidentally little more accuracy, but this is solely because the 

optimization process is directed towards the balance of the targets and in most combinatorial 

scenarios the global optimal region incorporates the center of the model. On the other hand, kNN 

algorithm is more accurate (~72%) and the regression process follows a weighted logic, yet still 
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insufficient for the purpose of the implementation. As expected, the Random Forest algorithm is 

able to follow the shape of the contour lines in each scenario, yet its generalist nature sets the 

regressed coordinates in a risky area of optimization, usually retuning a suboptimal solution; 

nonetheless, it is the second most accurate algorithm. Lastly, the Decision Tree is proved to be 

the most accurate and fitting model for this implementation, with zero inaccurate predictions and 

also able to find the centroid (most safe zone) of the region of global optimality for all 

combinatorial scenarios. The graphical representation of this accuracy analysis is also displayed 

in Figure 4.14, where the effectiveness of the Decision Tree model is clearly observable. 

 

Figure 4.14. Summary of occurrence of inaccurate predictions for all regression models. 

Having confirmed that the Decision Tree regression algorithm is the most fitting model, 

the goal weight/priority rearrangement approach is now integrated to the proposed methodology 

and all the predicted goal weights are resolved in the optimization solver. This additional step is 

critical in the implementation logic as it is required to prove that the new goal weights are indeed 

returning the global optimal solution for all cases. In Table 4.21, the results for some sample 

combinations are displayed, confirming the mathematical correctness of the combined predictive 

model in the proposed methodology. 
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Table 4.21. Comparison table of the overall costs between tested versus predicted weights. 

Input 
Predicted 

Combination 

Predicted Values Global Optimum Total Cost ($) 
Accuracy 

ɤ1 ɤ2 ɤ3 Calculated Predicted 

[ 0 0 0 0 0 0 ] 1 34.00 34.00 32.00 52,440.00 52,440.00 100.00% 

[ 1 0 0 1 0 0 ] 10 35.00 32.50 32.50 89,670.00 89,670.00 100.00% 

[ 0 0 1 0 1 0 ] 18 20.00 10.00 70.00 213,180.00 213,180.00 100.00% 

[ 0 0 1 1 0 1 ] 40 41.11 33.33 25.56 144,445.00 144,445.00 100.00% 

[ 1 1 1 0 1 1 ] 60 36.67 13.33 50.00 214,200.00 214,200.00 100.00% 

[ 0 1 1 1 1 1 ] 63 15.00 15.00 70.00 214,800.00 214,800.00 100.00% 

Up to this point corresponds to the initial implementation of the proposed methodology 

for a single period optimization, where the regression models are meant to find the best possible 

rearrangement of goals weights. The next step is to analyze the scenario where there is a 

stochastic (probability) factor in the occurrence or end of a discrete event, followed by the full 

implementation of all the previous approaches in a multi-period analysis. 

4.6. Implementation of Prediction Model Based on Probabilistic Occurrence 

The second level of analysis corresponds to the implications of introducing concepts of 

probability or stochastic modelling into the dispatch decisions. It is quite common to observe 

continuity of the operational parameters for long periods of time (from work shifts to weeks), 

with certain occurrences that are not substantially affecting the normal dispatching activity 

(contrary to the first approach of the methodology where the initial assumption is the continuous 

disruption over at least a whole shift), but instead just implying a loss of a fraction of the total 

operational time (effective time). Starting from the same benchmark as the initial approach, it 

would be presumed that the goal weight optimum arrangement will vary depending on what is, 

and what should be expected, from the potential occurrence or the stop of the occurrence of 

certain discrete events (common to the mine site). Based on this, the second level of 

implementation evaluates the deviation of the goal weights depending on expected remaining 

time in the work shift in case the event is solved based on a probabilistic model obtained from 

historical data. 

To complete the idea of probability applied to this approach, it will serve as weighting 

parameter to evaluate the scenario that returns the best possible course of action. If the model is 

focused on the minimization of the overall costs, then the desired target will be the lowest 
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possible overall cost among all costs for all fractional scenarios where the product of the 

optimization target and the probability of occurrence is the lowest, and the contrary if the 

objective is the maximization of the target value. An example of this analysis can be observed in 

Figure 4.15, where the occurrence of the unavailability of a shovel happens at the second hour of 

a 10-hours shift, configuring a probabilistic model based on the historical data from the 

maintenance services, and projecting remaining time if the event is solved in each case, resulting 

in a higher or lower return of a given target (productivity or costs). To avoid combined 

probabilities or falling into a decision tree analysis (unnecessary complex models), the 

implementation will be restricted to same combinatorial scenarios of discrete events as in first 

approach and binning the fractional time every 20% of the total work shift effective time.  

 

Figure 4.15. Example of probabilistic approach implementation for an unavailable shovel. 

One important consideration regarding the probabilistic model is the remaining 

probability once the probability of a certain scenario no longer applies to the remaining time of 

the work shift, as a condition of solving the shovel unavailability after 6 hours would no longer 

apply if the remaining time of the work shift is less than 4 hours, and any other similar scenario. 

To account this additional complexity, the evaluated probabilistic model will adjust the available 

scenarios as the work shift time progresses, discarding those that cannot longer apply and 
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recalculating the probability of the remaining scenarios (e.g., if the remaining time is 2 hours, the 

probability of not solving the problem until the end of the work shift will be 100%). 

Given the previously mentioned additional complexities for this approach from an 

optimization standpoint (fractional time affecting only specific resources), the first step is to 

evaluate the reformulation of the base model in certain parameters and constraints to account for 

this new level of detail. The modified parameters and constraints will be based on the six (6) 

discrete events evaluated in the first approach of the methodology, so that any modification is 

only affecting one of them without interfering with the others. The new set of parameters is as 

follows: 

New and Modified Parameters: 

Ὁὖȡ ὩὪὪὩὧὸὭὺὩ ύέὶὯὭὲὫ ὸὭάὩ ὥὸ ὴὩὶὭέὨ ὴ Ὤέόὶί 

ὉὝȡϷ έὪ ύέὶὯὭὲὫ ὸὭάὩ έὪ ὸὶόὧὯ ὸ ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

ὉὕὛȡϷ έὪ ύέὶὯὭὲὫ ὸὭάὩ έὪ έὶὩ ίὬέὺὩὰ έί ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

ὉὡὛȡϷ έὪ ύέὶὯὭὲὫ ὸὭάὩ έὪ ύὥίὸὩ ίὬέὺὩὰ ύί ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

ὉὕὛὙȟȡϷ έὪ ύέὶὯὭὲὫ ὸὭάὩ έὪ ὶέὥὨ ὶ Ὢὶέά έὶὩ ίὬέὺὩὰ έί ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

ὉὡὛὙȟȡϷ έὪ ύέὶὯὭὲὫ ὸὭάὩ έὪ ὶέὥὨ ὶ Ὢὶέά ύὥίὸὩ ίὬέὺὩὰ ύί ὥὸ ὴὩὶὭέὨ ὴ ὪὶὥὧὸὭέὲ 

The previous Ὁ to represent the effective working time at any period is replaced by Ὁὖ 

to keep the consistency with the rest of the fractional parameters. The functionality of this 

parameter is essentially the same as in the base model, but adding an adjusting factor represented 

by the other new parameters. ὉὝ will be used to adjust Ὁὖ absolute value to represent a 

fraction or percentage of the total effective time of any truck at any period. In a similar way, 

ὉὕὛ, ὉὡὛ, ὉὕὛὙȟ and ὉὡὛὙȟ are the fractional factors to adjust the remaining 

working time of ore shovels, waste shovels, accessibility to the roads for ore shovels, and 

accessibility to roads for waste shovels respectively. 

As any constraint in the base model where the previous Ὁ parameter is used is now 

affected by the fractional factors, each of those constraints must be replaced to equivalent 

versions while adding the possibility of restricting the available time by parameter. The first 
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constraints to fix correspond productivity balance, replacing Equation (4.2) with Equation (4.29) 

for overall ore production balance and Equation (4.4) with Equation (4.30) for ore balance per 

period, and Equation (4.3) with Equation (4.31) for overall waste stripping balance and Equation 

(4.5) with Equation (4.32) for waste balance per period. These changes allow the fractional use 

of the roads in case one is blocked for a certain number of hours. 

ὅὝὕ Ὁὖ ὉὕὛὙȟ Ὂzὕȟ ὖὈὕ ὔὈὕ ὊὖὝὕ (4.29) 

ὅὝὕ Ὁ ὉὕὛὙȟ Ὂzὕȟ ὖὈὕ ὔὈὕ ὖὝὕ               ᶅ ὴɴ ὖ (4.30) 

ὅὝὡ Ὁὖ ὉὡὛὙȟ Ὂzὡ ȟ ὖὈὡ ὔὈὡ ὊὖὝὡ (4.31) 

ὅὝὡ Ὁ ὉὡὛὙȟ Ὂzὡ ȟ ὖὈὡ ὔὈὡ ὖὝὡ     ᶅ ὴɴ ὖ (4.32) 

The next set of constraints to fix are merely a typo correction as the functionality 

essentially remains the same, just replacing the previous parameter Ὁ with Ὁὖ. It may look 

irrelevant, but to keep the consistency of the other modifications this fix is recommended. 

Equation (4.33) is replacing Equation (4.10) for the ore flow calculation in each road, while 

Equation (4.34) replaces Equation (4.11) for waste flow calculation. 

Ὁὅ

Ὁὖ
ὢzȟȟ ὅzὙὕȟȟ Ὂὕȟ                                        ᶅ ὴᶰὖȟέίɴὕὛȟὶɴ Ὑ (4.33) 

Ὁὅ

Ὁὖ
ὣzȟ ȟ ὅzὙὡȟ ȟ Ὂὡ ȟ                                   ᶅ ὴɴ ὖȟύίɴ ὡὛȟὶɴ Ὑ (4.34) 

The third set of constraints to modify is the one referred to the hauling cycles. The new 

parameter ὉὝ will represent a percentage of the total work shift time that a given truck will be 

active, or available for being assigned a task (regardless of the source or destination). Equation 
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(4.35) replaces constraint given by Equation (4.14) for the trucks assigned to ore shovels, while 

Equation (4.36) replaces Equation (4.15) for the trucks assigned to waste stripping tasks. After 

this correction, if a truck is down at any moment within a work shift, it can be evaluated if the 

truck will return at certain point of the remaining time, or if the failure will last until the end of 

the shift. 

π ὅὙὕȟȟ
Ὁ ὉzὝ ὉzὕὛ

ὅὕȟȟ
                                    ᶅ ὴᶰὖȟὸɴ ὝȟέίɴὕὛȟὶɴ Ὑ (4.35) 

π ὅὙὡȟ ȟ

Ὁ ὉzὝ ὉzὡὛ

ὅὡȟ ȟ
                              ᶅ ὴᶰὖȟὸɴ Ὕȟύίɴ ὡὛȟὶɴ Ὑ (4.36) 

Last constraints to modify refer to the shovel capacities. In this particular case, the 

fractional adjustments ὉὕὛ and ὉὡὛ are not on the work shift time in hours, but instead on 

the production rates in tons/hr. To ensure the fractional parameter properly represent the 

restriction in the use of the shovel, it is multiplied by the total work shift time in the other 

constraints (workaround towards the same end). The ore shovel capacity is given by the 

replacement of Equation (4.17) with Equation (4.37), while the waste shovel production rates are 

corrected with Equation (4.38), replacing Equation (4.18) from the base model. 

Ὂὕȟ ὕὛὅz ὉὕὛ                                                                         ᶅ ὴɴ ὖȟέίɴὕὛ (4.37) 

Ὂὡ ȟ ὡὛὅ ὉzὡὛ                                                                  ᶅ ὴᶰὖȟύίɴ ὡὛ (4.38) 

The next step of this implementation is the adjusting of the parameters to incorporate the 

eight (8) scenarios under analysis. The selection of just eight (8) cases compared to the sixty-four 

(64) combinatorial scenarios from the first approach is due to the internal complexities in each, 

as additional five (5) sub models are generated to account the fractional considerations, making a 

total of 40 cases to solve and test for the initial proof of concept. The first six (6 cases) are the 

same as in the goal weight arrangement approach, with only one discrete event occurring at a 

time, while the other two (2) are multi-event cases selected based on complexity and sensitivity 

to subdivision of the effective working time. The detail of the arrangement of discrete events for 
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the different combinatorial scenarios are described in Table 4.22, where the (x) and (o) will be 

replaced by 0s and 1s for the search & sort prediction model during the coding process. 

Table 4.22. Combinatorial scenarios for testing of probabilistic occurrence approach. 

 

Each combinatorial scenario contains a subset of formulation to account for each 

fractional case. As mentioned before, the work shift is subdivided (binned) into lapses every 2 

hours, as a continuous-time assessment would increase the size of the problem to the point of 

making it impossible to solve. Additionally, some of the less complex scenarios are not expected 

to have substantial differences between fractional scenarios, so there is no real point in increasing 

the accuracy more than every hour or even 0.5 hours. The detail of each fractional time is 

presented in Table 4.23, where each model is to be solved and then the optimized solution used 

as training data for the regression model. Although the *.mod files remain the same for all 

scenarios, the *.dat files contain the variations required to represent the fractioned work shift 

time. 

1 2 3 4 5 6 7 8

1) 2 100-ton trucks not available o x x x x x x x

2) 1 150-ton trucks not available x o x x x x x o

3) Ore Shovel 2 not available x x o x x x o o

4) Ore Shovel 1 Road 1 blocked x x x o x x x o

5) Waste Shovel 2 not available x x x x o x o o

6) Waste Shovel 1 Road 1 blockedx x x x x o x o

Discrete Events
Combination



  

108 

 

Table 4.23. Fractional scenarios for each case combination for the probabilistic approach. 

     

The previously mentioned probability assessment is carried out under the method of 

remaining proportions, where the probabilities introduced directly from the probabilistic model 

must be recalculated for each of the fractional scenarios presented in Table 4.23, and the new 

adjusted values must still sum up to 100% or 1.0, ensuring no biased analysis even if two 

fractional scenarios contain the same optimization value. This readjustment of the probabilities is 

performed using Equation (4.39). 

ὖ
ὖ

В ὖ
 (4.39) 

Where ὖ is the adjusted value of ὖ, which represents the original probability of a certain 

scenario, and the denominator represents the pool of remaining probabilities when ὲ is the 

number of remaining applicable scenarios. This way, the weighting factor will always increase 

along with the selected probability of the most likely case. However, the weighting strategy on 

the optimization value will depend on the target of the optimization, using the complement of the 

adjusted probability in case of minimization (as shown in Equation (4.40), or the unchanged 

adjusted probability in case of maximization. 

1 0 hours left

1 2 hours left

1 4 hours left

1 6 hours left

1 8 hours left

2 0 hours left

2 2 hours left

2 4 hours left

2 6 hours left

2 8 hours left

3 0 hours left

3 2 hours left

3 4 hours left

3 6 hours left

3 8 hours left

Combination
Fractional 

Scenarios

4 0 hours left

4 2 hours left

4 4 hours left

4 6 hours left

4 8 hours left

5 0 hours left

5 2 hours left

5 4 hours left

5 6 hours left

5 8 hours left

6 0 hours left

6 2 hours left

6 4 hours left

6 6 hours left

6 8 hours left

Combination
Fractional 

Scenarios

7 0 hours left

7 2 hours left

7 4 hours left

7 6 hours left

7 8 hours left

8 0 hours left

8 2 hours left

8 4 hours left

8 6 hours left

8 8 hours left

Combination
Fractional 

Scenarios
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ὡ ρ ὖ ὤz (4.40) 

Where ὡ stands for the weighted optimized solution for fractional case Ὥ, obtained by 

the product of the adjusted probability ὖ and the original optimized solution ὤ computed in the 

optimization solver from the fractional scenarios. Then, there will be a pool of values of ὡ, 

discarding those unapplicable for each remaining case scenarios, or keeping otherwise as a list 

for the training process of the prediction model. One final consideration is the possibility of 

having more than one element as lowest weighted optimized solution, where the index to select 

will correspond to the case of the highest remaining hours, as it represents the best possible 

scenario. 

The regression models to implement are the same as in the goal weighting arrangement 

approach, with minimal customization to accept scenarios where the file name are no longer 

given by plain numbers, but a combination of the combinatorial scenario index and the 

corresponding fractional case (still using logistic regression), and the goal weight prediction 

process will use exclusively Decision Tree regression algorithm as its effectiveness has been 

proven appropriate for this task in Section 4.5.1., adding as well some customization for the 

plotting step. 

4.6.1. Analysis of Results on Probabilistic Occurrence 

While in Sections 4.5. and 4.5.1. the process of sorting and searching was conducted 

using a logistic regression model to predict a single index log from a set of unique cases, the 

procedure of recalling the correct dataset for the probabilistic occurrence approach will consider 

an additional step to discretize the binned shift time subdivisions, performing a double index-

search. The exact steps for implementation of this fractional-time index based on Equation 

(4.39), and recalculation of remaining probabilities based on Equation (4.40) are described as 

follows: 

Procedure  

ADJUSTED_PROBABILITIES_&_FRACTIONAL_TIME_INDEX( Remaining_Time 

input Discretized_ Time array, Probability  array , Solutions 

array );  

  m = 0; 

  n = 0; 

  p = size of Probability  -  1; 



  

110 

 

  while  m < size of Discretized_ Time  do :  

    if  Remaining_Time  <= Discretized_Time[m] do:  

      while  n < size of Probability  do :  

        total_probability = 0;  

        while  p ï n > = 0 do:  

          total_probability Ŷ total_probability + Probability[p];  

          p Ŷ p ï 1; 

        end while  

        P_adj  = (Probability [n]  / total_probability ) ;  

        P.append(1 ï P_adj)  

        n Ŷ n + 1; 

      end while 

      Weighted_Solutions = Solutions * P 

    end if 

    m Ŷ m + 1; 

  end while 

  Solution_Index = index(min(Weighted_Solutions)); 

  return Solution_Index; 

end Procedure 

As shown in the procedure above, the pool of probabilities is constantly reduced 

depending on the value of the remaining time (input) and the binned values for the discretized 

time still applicable. Once the probabilities are adjusted to the remaining values, each element in 

the matrix of optimized solutions is multiplied by the corresponding probability, and only the 

minimum value (first by index in case of multiple minimums) is selected as input information to 

concatenate for the regression process datafile name. To confirm the accuracy of the proposed 

procedure, the eight (8) combinatorial scenarios selected are tested for each implementation step. 

Based on Table 4.23, the optimized solution for each case scenario is computed and the number 

of optimal scenarios extracted from the individual 66 logs generated.  

The key value of this step is to extract the optimum cost for each fractional scenario in 

each combination, that will be the value to weight with the probability model. Additionally. The 

solution for each case is displayed in Table 4.24, where an additional column is incorporated to 

report the minimum and maximum solving time extracted from the solver. It is important to note 

that in the implementation goal weight rearrangement approach, the solving time was in the 

range of 0.01 to 0.1 seconds given the solving parameters of the *.run file (minimum gap <= 

0.1%), while for the probabilistic approach implementation the minimum gap continue is 

removed and all solutions must reach convergence to ensure an optimized solution (the solving 
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time limit is still 600 seconds for more complex implementations). The maximum solving time 

is, in some cases, considerably higher according to the solver report (some peaks up to 41 

seconds), so it would be convenient to evaluate for more complex scenarios the possibility of a 

minimum gap condition to decrease the processing time while the pool of global optimum 

solutions is not substantially affected. 

Table 4.24. Optimized solutions for each fractional scenario for probabilistic approach. 

 

 

 

min max

1 0 hours left 23 73,320.00 0.039363 2.963450

1 2 hours left 18 64,210.00 0.060343 4.013050

1 4 hours left 38 52,440.00 0.056937 2.635050

1 6 hours left 35 52,440.00 0.050647 2.654030

1 8 hours left 35 52,440.00 0.048028 2.417660

Number of global 

optimal solutions

Solving time (seconds)
Combination

Fractional 

Scenarios

Optimum 

Cost

2 0 hours left 29 55,360.00 0.046839 4.131610

2 2 hours left 34 52,920.00 0.049800 40.602500

2 4 hours left 35 52,740.00 0.057789 0.803862

2 6 hours left 34 52,620.00 0.051065 6.351150

2 8 hours left 35 52,560.00 0.048641 4.898370

3 0 hours left 35 117,300.00 0.050807 4.291580

3 2 hours left 35 87,280.00 0.048599 2.919580

3 4 hours left 35 57,080.00 0.048261 2.868040

3 6 hours left 35 52,620.00 0.051073 3.015380

3 8 hours left 35 52,560.00 0.056839 2.953250

4 0 hours left 35 52,740.00 0.057784 3.067550

4 2 hours left 35 52,740.00 0.051360 2.912200

4 4 hours left 35 52,740.00 0.051294 3.064250

4 6 hours left 35 52,740.00 0.048197 3.098630

4 8 hours left 35 52,740.00 0.048305 2.912150

5 0 hours left 35 148,140.00 0.060632 0.996552

5 2 hours left 35 123,780.00 0.057894 2.342780

5 4 hours left 35 99,420.00 0.060018 2.248560

5 6 hours left 35 75,060.00 0.043750 1.819700

5 8 hours left 35 52,440.00 0.056542 2.914270

6 0 hours left 15 66,505.00 0.046640 5.916070

6 2 hours left 15 66,505.00 0.049756 7.655180

6 4 hours left 15 66,505.00 0.058681 10.897700

6 6 hours left 15 66,505.00 0.048546 6.375640

6 8 hours left 19 61,375.00 0.047765 26.208300
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Table 4.24. Continued 

 

Out of the eight (8) cases described, there are two (2) representative scenarios where the 

global optimum cost and the corresponding ternary plot are following a particular behavior: 

scenario #4 (road #1 from shovel #1 blocked) with a flat optimum cost and number of global 

optimal solution regardless of the fractional time associated, and scenario #8 (All events 

occurring except the 2 100-ton trucks not available) with a decreasing of the optimum cost as the 

remaining shift time increases (sensitive to any extra hour of operation) and a mutating ternary 

plot with a reduced number of global optimal possible goal weight arrangements. The results to 

evaluate in detail will correspond to combinatorial scenario #8, while the results for the other 

cases will be included as part of Appendix E for ternary plots, and Appendix F for predicted goal 

weights. 

To have a better perspective of the recalculated probabilities and the variations depending 

on the remaining shift time, a set of proposed probabilities for each fractional scenario in a 

declining trend is presented in Table 4.25 for the implementation. 

Table 4.25. Probabilistic model for each fractional scenario for combination #8. 

 

Once all input data is ready, the next step is the individual generation of ternary plots for 

each fractional scenario of the selected combination. Figure 4.16 displays the ternary plots 

7 0 hours left 34 213,120.00 0.051147 2.773480

7 2 hours left 35 158,620.00 0.050788 1.454350

7 4 hours left 35 104,060.00 0.049955 2.141550

7 6 hours left 35 75,240.00 0.048457 2.135790

7 8 hours left 32 52,750.00 0.042202 35.840100

8 0 hours left 27 214,800.00 0.046756 0.203718

8 2 hours left 24 172,135.00 0.048581 1.447000

8 4 hours left 3 146,300.00 0.049320 3.368850

8 6 hours left 9 122,110.00 0.049122 6.218800

8 8 hours left 6 91,870.00 0.047970 19.715200

8 0 hours left not solved 5%

8 2 hours left 8 hours 10%

8 4 hours left 6 hours 20%

8 6 hours left 4 hours 25%

8 8 hours left 2 hours 40%

Combination
Fractional 

Scenarios

Time until 

event is solved

Associated 

probability
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generated from the 66 logs represented by the possible goal weight arrangements at 10% 

accuracy level. From these plots, the predicted coordinate will be computed after the weighted 

optimum solution has been generated (most likely outcome) and the minimum possible is 

identified (global optimum). One important note on this step is the understanding of the global 

optimal coordinate depending on the fractional scenario evaluated; while in some less complex 

cases (like combinatorial scenario #4 where all fractional scenarios return the same ternary plot) 

the predicted coordinates will likely be equal regardless of the remaining time, in some others 

this coordinate (balance of target weights) will move and self-adjust to the available training 

data. 

  

   

Figure 4.16. Ternary plots for each fractional scenario available for combination #8. 
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Figure 4.16. Continued 

 

The analysis of results is then performed on a sequence basis, from maximum possible 

remaining time (event occurring at the start of the work shift) to least significant remaining time 

(2 hours or less before the shift ends). The detail for each fractional scenario in each remaining 

time condition is displayed in Table 4.26, where each remaining time case contains a set of 

different fractional scenarios applicable to the hours left in the shift, and each associated 

probability is first adjusted to an effective probability using Equation (4.39), and then corrected 

to the remaining probability using first factor of Equation (4.40) prior to estimate the weighted 

cost. Although the index of the combinatorial scenario is predicted with a logistic regressor, the 

selection of the fractional scenario follows a more heuristic process as there is no real need to 

perform a double prediction process when the training data would be highly biased to an index 

for a small set of possible selections. 

Table 4.26. Adjusted probabilities and weighted cost analysis for each fractional scenario. 

  

0 hours left not solved 5% 5% 95% 214,800.00 204,060.00

2 hours left 8 hours 10% 10% 90% 172,135.00 154,921.50

4 hours left 6 hours 20% 20% 80% 146,300.00 117,040.00

6 hours left 4 hours 25% 25% 75% 122,110.00 91,582.50

8 hours left 2 hours 40% 40% 60% 91,870.00 55,122.00

0 hours left not solved 5% 8% 92% 214,800.00 196,900.00

2 hours left 8 hours 10% 17% 83% 172,135.00 143,445.83

4 hours left 6 hours 20% 33% 67% 146,300.00 97,533.33

6 hours left 4 hours 25% 42% 58% 122,110.00 71,230.83

Optimum 

Cost

Weighted 

Cost

10

8

Time until 

event is solved

Associated 

probability

Effective 

probability

Remaining 

probability

Remaining 

Time (hrs)

Fractional 

Scenarios
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Table 4.26. Continued 

 

Before starting the implementation of the fractional scenarios analysis, a benchmark is 

required to understand the truck distribution before and after each of the reductions in the 

remaining time of the work shift. As shown in Figure 4.17, the trucks are distributed so that the 

ore production and waste stripping capacities are maximized. Trucks from 1 to 7 are represented 

by blue circles (100-ton trucks) while 8 to 16 are given by red circles (150-ton trucks). As no 

events are constraining the operation, the system is over-trucked, and no penalty is applied. 

 

Figure 4.17. Truck distribution diagram for a no-events scenario with 10 hours remaining time. 

The first scenario to evaluate is at the beginning of the work shift, when the remaining 

time is 10 hours, and all possible fractional scenarios are applicable. In this case, all the events 

occur right at the start of the shift and the course of action to assess is how to modify the priority 

of each target in order to minimize the losses. Given that there is a considerable chance (40%) of 

having all discrete events solved within the next two hours, the prediction model suggests using 

the 8-hours-left fractional scenario as benchmark to evaluate the goal weight reconfiguration. 

The case is selected as it returns the lowest possible weighted cost based on the remaining 

probability (60%). Figure 4.18 displays the location of the predicted coordinate, given by a 

0 hours left not solved 5% 14% 86% 214,800.00 184,114.29

2 hours left 8 hours 10% 29% 71% 172,135.00 122,953.57

4 hours left 6 hours 20% 57% 43% 146,300.00 62,700.00

0 hours left not solved 5% 33% 67% 214,800.00 143,200.00

2 hours left 8 hours 10% 67% 33% 172,135.00 57,378.33

2 0 hours left not solved 5% 100% 0% 214,800.00 0.00

6

4
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43.33% of importance (highest priority) on the minimization of the slack of ore production 

(minimize penalties on negative ore deviation), followed by 36.67% on the slack of waste 

stripping (lower importance), and closing with a 20% of importance on the transportation cost. 

The interpretation of these results is straight forward prioritization of material production over 

the minimization of the fleet cost. It is important to note that the predicted coordinate is localized 

in the centroid of the nonconvex area generated for a zero-deviation region of global optimality. 

 

Figure 4.18. Ternary plot of 8-hours-left fractional scenario with associated probability. 

This first line of occurrence already considers at least the first two (2) hours of the shift 

already lost for ore shovel #2, waste shovel #2 and truck #8 (not available), and road # 1 of both 

ore shovel #1 and waste shovel #1 blocked for at least two 2 hours. The response to this 

fractional scenario is the reduction of the material flow for the constrained shovels, and the 

maximization of the use of the roads with limited accessibility (this is due to a shorter cycle time 

for such roads in both shovels). Since all trucks for any capacity have the same characteristics, 

no major interpretation can be made with respect to the truck ID redistribution. Contrary to the 

truck arrangement when no event occurs (shown in Figure 4.17), the new distribution displayed 

in Figure 4.19 reduces the use of the constrained shovels (as sources) while keeping the roads 
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active. As the system is already constrained and under-trucked, the optimization model is 

redirecting the high-capacity trucks (less cycles) to ore shovels while keeping a consistent waste 

stripping. 

 

Figure 4.19. Truck distribution diagram for fractional scenario with 8 working hours left. 

The second scenario decreases the number of available hours to 8, excluding the 

probability of solving the issue after two (2) hours and requiring the recalculation of the 

probability of occurrence of each fractional scenario. For this case, the selected fractional 

scenario is the one corresponding to 6 hours left, with an associated 41.7% probability of 

occurrence and the lowest weighted cost. One aspect to mention that will apply for all following 

scenarios is that as the remaining time is reduced, the probabilities are higher in response to 

lower number of possible outcomes, and they will keep increasing until there is only one possible 

option left with 100% probability. Figure 4.20 shows the distribution of two (2) regions of global 

optimality, and location of the predicted coordinate within the most predominant blueish region 

(less risky), considering a 44.44% of importance on .‫ and 21.11% on ,‫ on 34.44% ,‫ 

Similar to the previous scenario, the model still maintains the highest priority on the 

minimization of penalties associated with ore production; however, the reasoning behind it is not 

the same as when the events occurred at the beginning of the shift, and it is observable by the 

difference in the ternary plots between both scenarios, where [0.2, 0.2, 0.6] solution is global 

optimal for this second case, but it is not when the events occur at the beginning of the shift. 
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Figure 4.20. Ternary plot of 6-hours-left fractional scenario with associated probability. 

This scenario represents a particular break point of analysis as there is a recognizable 

trend of truck distribution in response to the remaining time in the shift. When 4 hours are 

already taken away from the constrained resources (2 hours passed, and at least 2 hours before 

solving the issue), the system already minimizes or plainly discards their use. The diagram 

observable in Figure 4.21 already shows no truck allocation in the constraints roads for ore 

shovel #1 and waste shovel #1, but still used the next-to-be-constrained ore shovel #2 and waste 

shovel #2 as otherwise it would be impossible to meet the production target, or at least to 

minimize the penalties for each missing ton of ore delivered and waste stripped. Following from 

previous scenario displayed in Figure 4.19, the 150-ton trucks are prioritized to ore shovel #1 as 

it is more reliable in terms of flow rate, even if the road accessibility is already compromised. On 

the other hand, the waste stripping does the same shovel Interaction but with the 100-ton trucks 

(given the penalties associated). Once again, the truck ID is not ‫ has higher priority over ‫ 

important for any truck regardless of the capacity except for truck #8, as it is the only truck 

affected by a discrete event. 
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Figure 4.21. Truck distribution diagram for fractional scenario with 6 working hours left. 

The third scenario corresponds to a remaining time of 6 hours (events occurred at hour 4 

of a 10-hours shift). The remaining probabilities are once again recalculated and the preferred 

fractional scenario is as if there are 4 hours left in the shift, with a chance of 57.1% of being true. 

Compared to the ternary plot presented in Figure 4.16, the results in Figure 4.22 are different for 

the shape of the global optimal region closer to axis. This is a second-level correction added ‫ 

after running the original training dataset, where the predicted coordinate landed in an apparent 

suboptimal region but with a total cost equal to the global optimal solution, so this new log was 

included in the 10%-accuracy ternary plot input data (continuous feedback). This time the 

blueish regions are smaller are more dispersed, suggesting a more constrained pool of possible 

solutions. This time the regressed coordinate evaluates a more balance weight between ‫ 

(46.67%) and This new scenario evaluates .‫ leaving only 10% importance on ,(43.33%) ‫ 

the prioritization of both production targets over the fleet cost. One key aspect to note from the 

ternary plot is the existence of two smaller blueish regions when weight on the fleet cost is 

higher; although these regions seem to be optimal, there is an associated deviation compared to 

the selected region. 
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Figure 4.22. Ternary plot of 4-hours-left fractional scenario with associated probability. 

With a more constrained system of 4 hours passed from the start of the shift, plus 2 hours 

lost for all affected resources, the optimization will tighten the already proposed solution of 

discarding or minimizing any unfavorable distribution. Once again there is no more material 

flow in the constrained roads (shovel #1 for both material types), and the use of the accessible 

roads is maximized for the high-capacity trucks whereas the 100-ton trucks are used by the over-

constrained shovels (less reliable at this point) to collaborate with some material flow. Even 

when truck #8 is constrained by the discrete event, the system evaluates maximize its use as 

otherwise the penalties would be higher (make use of it before it breaks down, or right after it is 

back online and before the shift ends). One final comment to make for this fractional scenario is 

the logical response of the optimization formulation for the predicted goal weights rearrangement 

regarding the material flow of the constrained shovels. For the operational parameters provided 

in Table 4.1, the distribution of the 4 100-ton trucks (2 in ore and 2 in waste for shovels #2), the 

selection between the roads is basically a trade-off analysis between cycle time, maximum 

possible flow rate, and associated cost, concluding in the observable distribution. 
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Figure 4.23. Truck distribution diagram for fractional scenario with 4 working hours left. 

When only 4 hours are left in the work shift and the events occur, two possible scenarios 

can apply: the problem is solved either in two (2) hours, or they are not solved for the rest of the 

shift, reducing the pool of possible outcomes, and increasing in response the associated 

probabilities. This time the algorithm returns the 2-hours-left scenario as the most likely to occur 

with a 66.7% probability, configuring a much wider range of possible goal weight arrangements 

(less constrained) as shown in Figure 4.24. In this particular case, the approach to take for 

interpretation is focusing on the reddish areas (less desired suboptimal solutions), clearly 

identifying a trend where any solution that considers the weight on the ore deviation below 20% 

will be more costly and sensitive, compared to the other two targets. The predicted coordinate 

[51.67, 22.50, 25.83] lands on the centroid of the almost-convex global optimal region, 

confirming the initial assumption of a highly sensitive response on any change of .priority ‫ 



  

122 

 

 

Figure 4.24. Ternary plot of 2-hours-left fractional scenario with associated probability. 

There is not much to discuss for the distribution of trucks once only 2 hours are probably 

left on the constrained resources. Figure 4.25 confirms the maximization of the use of the 

available road for the unconstrained shovels. The minimum use of the shovels #2 for both types 

of material is just to add any extra material flow for an already under-trucked and over-penalized 

system. 

 

Figure 4.25. Truck distribution diagram for fractional scenario with 2 working hours left. 
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The last scenario to discuss corresponds to the near-end case, there the events occurred at 

hour eight (8) of the shift, leaving only one possible outcome: not returning back to normal for 

the rest of the shift (100% probability of occurrence). There is not much to analyze as no choices 

are provided, observable in the wide region of global optimality displayed in Figure 4.26, where 

regardless of the arrangement of goal weights, the overall costs will not change (any solution 

where any target has a priority greater than 20% is an optimal solution). Nonetheless, the 

prediction model returns the centroid [30.74, 30.74, 38.52] of the blueish area just to secure the 

less-risky arrangement of goal weights. If something can be inferred from this final scenario, is 

that the priority of minimizing the transport cost is higher than the ones associated with monetary 

penalties, which implies a suggested reduction of the active fleet for what is left in the work 

shift, as no matter what target is assigned the highest priority, it would be more convenient to 

prepare the trucks for the following shift (redirect them to maintenance tasks or refueling). 

 

Figure 4.26. Ternary plot of 0-hours-left fractional scenario with associated probability. 

Lastly, once 8 hours have passed of the work shift and the only available outcome for the 

constrained resources it not being available for the remaining two (2) hours, the only possible 

truck distribution is the complete dismissal of the roads blocked for shovels #1 use, the 
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discarding of shovels #2 entirely (even if the roads are open, the shovels are down and no 

material flow can exist), and truck #8 is not available for any task, as shown in Figure 4.27. 

Given the equal weight for both material-related targets, it is logical that the material flows from 

both shovels are numerically equal, only differentiating the number of cycles of each truck, as 

shown in Table 4.27, where a less number of trucks in waste shovel #1 are working at maximum 

cycle times, while for ore shovel #1 the truck #5 is basically on stand-by, having the shovel 

already over-trucked for the installed capacity, but not requiring it unless one or more of the 

other trucks report any failure.  

Table 4.27. Cycles times for each truck for fractional scenario with 0 working hours left. 

 

 This overly constrained scenario is much simpler than it may look like, as there are no 

fractional possibilities any longer but instead completely discarded options. This last case is 

essentially the same as combinatorial case #63 from the goal weight rearrangement approach, as 

the combination of discrete events are affecting the system for whatever is left of the shift. 

 

Figure 4.27. Truck distribution diagram for fractional scenario with 0 working hours left. 

The summary of final results displayed in Table 4.28 are consistent with the expected 

behavior of the proposed approach, where the probability of occurrence of each fractional 

scenario is weighted to the optimized solution and the predicted coordinates evaluate the zero 

deviation to the lowest possible outcome. 

Truck ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Number of cycles 17 16 17 17 0 16 17 0 15 15 15 15 15 15 15 15
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Table 4.28. Summary table of the overall costs for all fractional scenarios by remaining time. 

 

This section explained the step by step of the second implementation of the proposed 

methodology for a single period optimization, where the regression models are meant to evaluate 

the implications of associating probabilistic models in the selection of the most favorable course 

of action before predicting the best possible rearrangement of goals weights at certain moment of 

the work shift. The next section will evaluate the combination of the previous two approaches 

when the optimization occurs for multiple time periods simultaneously. 

4.7. Implementation of Prediction Model Based on Time Horizon Analysis 

Having discussed the procedure to perform a single-period analysis in Section 4.5. and 

Section 4.6., the next step is the implementation of the methodology in a multi-period scenario, 

where over a time horizon of multiple periods, an optimization model is evaluated for all periods 

simultaneously, generating a truck dispatch plan where the results from different periods are 

correlated to each other, and the impact of certain actions in initial periods will be in response to 

potential occurrence of some conditions in periods later. 

Although the probabilistic occurrence approach evaluates the chance of certain events to 

occur within fractional times over the shift duration, it would substantially increase the 

complexity of the problem if extended for multiple periods; therefore, only the scenario where 

discrete events are impacting the period whole will be considered. 

To be consistent with the previous approaches, the same discrete events evaluated will 

also be applied in this multi-period analysis, and the occurrence of such events is randomized 

over a time horizon of 30 periods. The detail of the list of occurrences is described in Table 4.29 

and Table 4.30 under a binary configuration, where 1 stands for the occurrence of such event, 

and 0 otherwise. 

˖м ˖н ˖о Calculated Predicted

[ 0 1 1 1 1 1 ] 8 10 8 hours left 43.33 36.67 20.00 214,800.00 214,800.00 100.00%

[ 0 1 1 1 1 1 ] 8 8 6 hours left 44.44 34.44 21.11 172,135.00 172,135.00 100.00%

[ 0 1 1 1 1 1 ] 8 6 4 hours left 46.67 43.33 10.00 146,300.00 146,300.00 100.00%

[ 0 1 1 1 1 1 ] 8 4 2 hours left 51.67 22.50 25.83 122,110.00 122,110.00 100.00%

[ 0 1 1 1 1 1 ] 8 2 0 hours left 30.74 30.74 38.52 91,870.00 91,870.00 100.00%

Predicted Values Global Optimum Total Cost ($)
Accuracy

Predicted 

Combination

Predicted 

Scenario

Remaining 

Time Input

Discrete Events 

Input
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Table 4.29. Occurrence of discrete events for periods 1 to 15, binary configuration. 

 

Table 4.30. Occurrence of discrete events for periods 16 to 30, binary configuration. 

 

 Since all possible combinations of these known discrete events were already summarized 

in Table 4.10 for the array form, the next step is to identify the index of each combinatorial 

scenario to extract the exact parameter configuration for the data file. This information is 

primarily useful to have a starting point of what results to expect in terms of optimal goal weight 

arrangement, yet it does not necessarily mean the arrangement will be the same as a cumulative 

production factor is included, modifying one critical parameter in the optimization. The 

identified combinatorial scenarios for all periods are listed in Table 4.31 and Table 4.32, which 

can also be obtained by applying the logistic regression procedure described in Section 3.3.1. on 

the array form in binary configuration of each combinatorial scenario. 

Table 4.31. Identified combinatorial scenarios for periods 1 to 15. 

 

Table 4.32. Identified combinatorial scenarios for periods 16 to 30. 

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1) 2 100-ton trucks not available 0 0 0 0 1 1 1 0 0 0 0 1 0 0 0

2) 1 150-ton trucks not available 0 0 1 1 0 1 0 0 1 0 0 1 0 0 0

3) Ore Shovel 2 not available 1 0 1 0 1 1 0 0 1 1 1 0 0 1 0

4) Ore Shovel 1 Road 1 blocked 0 0 0 1 0 0 0 1 1 0 0 1 0 1 0

5) Waste Shovel 2 not available 1 0 0 0 0 1 0 0 1 0 0 0 0 0 0

6) Waste Shovel 1 Road 1 blocked0 1 1 0 0 1 0 0 1 0 1 0 0 1 0

PERIODS
Event List

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

1) 2 100-ton trucks not available 0 0 1 0 0 1 1 0 0 0 0 0 1 0 0

2) 1 150-ton trucks not available 1 1 0 0 1 1 0 0 0 1 0 1 0 0 1

3) Ore Shovel 2 not available 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0

4) Ore Shovel 1 Road 1 blocked 0 1 0 0 0 1 0 0 0 1 0 0 1 0 0

5) Waste Shovel 2 not available 0 0 1 0 0 1 0 1 0 1 0 1 0 0 0

6) Waste Shovel 1 Road 1 blocked1 1 1 0 0 1 0 1 0 0 0 1 1 0 0

PERIODS
Event List

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Identified Combination 18 7 35 14 9 60 2 5 63 4 19 30 1 40 1

PERIODS

16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Identified Combination 16 54 26 1 3 64 2 22 1 36 1 38 29 1 3

PERIODS
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In regard to the formulation, the benchmark is the base model plus the modifications 

included in Section 4.6. to account the fractional availability of the resources, but also 

incorporating additional decision variables and constraints to allow multi-period evaluation, 

mostly to guarantee a correct production balance between periods. The new set of decision 

variables to include in the existing formulation is as follows: 

New Decision Variables 

ὕὈὕȡ έὺὩὶὥὰὰ ὨὩὺὭὥὸὭέὲ έὪ έὶὩ ὴὶέὨόὧὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὕὈὡȡ έὺὩὶὥὰὰ ὨὩὺὭὥὸὭέὲ έὪ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὥὸ ὴὩὶὭέὨ ὴ ὸέὲί 

ὖὈὕὍȡ ρ ὭὪ ὸὬὩὶὩ Ὥί ὥ ὴέίὭὸὭὺὩ ὨὩὺὭὥὸὭέὲ Ὥὲ έὶὩ ὴὶέὨόὧὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὔὈὕὍȡ ρ ὭὪ ὸὬὩὶὩ Ὥί ὥ ὲὩὫὥὸὭὺὩ ὨὩὺὭὥὸὭέὲ Ὥὲ έὶὩ ὴὶέὨόὧὸὭέὲ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὖὈὡὍȡ ρ ὭὪ ὸὬὩὶὩ Ὥί ὥ ὴέίὭὸὭὺὩ ὨὩὺὭὥὸὭέὲ Ὥὲ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

ὔὈὡὍȡ ρ ὭὪ ὸὬὩὶὩ Ὥί ὥ ὲὩὫὥὸὭὺὩ ὨὩὺὭὥὸὭέὲ Ὥὲ ύὥίὸὩ ίὸὶὭὴὴὭὲὫ ὥὸ ὴὩὶὭέὨ ὴȟπ έὸὬὩὶύὭίὩ 

The previously listed new parameters are introduced into the formulation to be combined 

with original decision variables Ὀὕ and Ὀὡ, allowing the configuration of a cumulative or 

stockpiling production condition. This new set of constraints are basically giving the model new 

production balance rules when the positive deviation (surplus) of either ore or waste in a given 

period can be used as cumulative production in a following period in case the existing discrete 

events will create an instance of negative deviation (slack of material), setting up a cushion 

system between periods. This new set of constraints will also prevent the system from making 

use of material that does not exist (if negative deviation, there is no surplus of material), and 

consume up to what exist in the cumulated amount. In essence, a stockpiling system without the 

rehandling constraints that is based on proactive production rather than stockpiling requirements 

(new material can only be added in the current period if there is a surplus of material). 

The first set of constraints to evaluate corresponds to the ore production balance, 

modifying existing constraints to incorporate the new decision variables, but also adding new 

constraints necessary to perform a proper analysis when more than one period is under 

evaluation (some constraints require at least two or more periods to be implemented correctly). 

The modified and new constraints for ore production balance are as follows: 
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ὅὝὕ π (4.41) 

ὈὕᶻὅὝὕ ὔὈὕὍzὔὈὕ π                                                                       ᶅ ὴɴ ὖ (4.42) 

ὅὝὕ ὖὈὕὍ ὖzὈὕ ὔὈὕὍ ὔzὈὕ  

ρ Ὀὕ ᶻὅὝὕ ὔὈὕὍ ὔzὈὕ ὅὝὕ                 ᶅ ςȟȣȟὖ ᶰὖ 
(4.43) 

ὅὝὕ ὖὈὕὍzὖὈὕ ὔὈὕὍzὔὈὕ π                                                  ᶅ ὖ ᶰὖ (4.44) 

ὖὈὕὍὔὈὕὍ ρ                                                                                                      ᶅ ὴᶰὖ (4.45) 

ὕὈὕ ὖὝὕ Ὁ ὉὕὛὙȟ Ὂzὕȟ ὕὈὕ                            ᶅ ὴɴ ὖ (4.46) 

Equation (4.41) is an extension of the original formulation where ὅὝὕ was by default 

equal to zero as there was no cumulated ore production from a previous period in the first period, 

but since there are multiple periods to evaluate this time, it is convenient to include this 

limitation for period 1 only. Equation (4.42) is a modified version of Equation (4.6) to include 

the binary decision variable to keep track on when there is negative deviation in the ore 

production, replacing the original version of the equation. In a similar way, Equation (4.43) 

replaces Equation (4.7) for the ore production balance between periods, while adding the 

tracking ancillary variable. On the other hand, Equation (4.44) is a more specific constraint to 

ensure a full depletion of the cumulated material at the last period (no ore production surplus, 

and no cumulated material left). Equation (4.45) ensures only one type of deviation at any 

period, either positive or negative, not possible to have both deviations at the same time 

(illogical). Lastly, Equation (4.46) define the rules to extract the absolute ore production 

deviation between periods, an ancillary variable useful during the post optimization analysis.  

The second set of constraints to discuss corresponds to the waste stripping balance, 

modifying existing and adding new constraint in a similar manner as for ore production. These 

new rules are as follows: 

ὅὝὡ π (4.47) 

Ὀὡ ᶻὅὝὡ ὔὈὡὍzὔὈὡ π                                                                  ᶅ ὴᶰὖ (4.48) 
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ὅὝὡ ὖὈὡὍ ὖzὈὡ ὔὈὡὍ ὔzὈὡ  

ρ Ὀὡ ᶻὅὝὡ ὔὈὡὍ ὔzὈὡ ὅὝὡ          ᶅ ςȟȣȟὖ ᶰὖ 
(4.49) 

ὅὝὡ ὖὈὡὍzὖὈὡ ὔὈὡὍzὔὈὡ π                                           ᶅ ὖ ᶰὖ (4.50) 

ὖὈὡὍ ὔὈὡὍ ρ                                                                                                   ᶅ ὴᶰὖ (4.51) 

ὕὈὡ ὖὝὡ Ὁ ὉὡὛὙȟ Ὂzὡ ȟ ὕὈὡ                   ᶅ ὴɴ ὖ (4.52) 

Equal to the ore production case, Equation (4.47) ensures no cumulative waste stripping 

previous to period 1, while Equation (4.48) replaces original Equation (4.8) to introduce the 

ὔὈὡὍ binary variable. Equation (4.49) replaces Equation (4.9) to update the waste stripping 

balance conditions between periods, whereas Equation (4.50) guarantees no cumulative waste 

past the last period (if any cumulative waste stripping left by the last period, it must be fully 

consumed). Equation (4.51) ensures a unique type of deviation, and Equation (4.52) defines the 

absolute waste stripping deviation value between periods (once again, as an ancillary variable for 

post optimization calculations). 

Having the model and data files ready for implementation, the next question to answer is 

what goal weights should be used to find the best possible solution for all periods. The most 

logical next step would be to evaluate all possible combinatorial scenarios mimicking what was 

done in the previous two approaches of this methodology. However, such strategy is not an 

applicable option since the size of the problem increases exponentially by each added period in 

the time horizon. Based on the gaussian formula for the sum of series discussed previously in 

Equation (3.2), the number of possible multi-period scenarios to formulate and solve can be 

calculated using Equation (4.53) as follows: 

ὔὅὛὛ (4.53) 

Where (ὔὅὛ) stands for the number of combinatorial scenarios of a multi-period 

optimization, (Ὓ) is the number of possible combinations based on the desired accuracy level 

(e.g., 66 logs for 10% accuracy, 5,151 logs for 1%, 501,501 logs for 0.1%), and (ὴ) corresponds 

to the number of periods evaluated. As observed, the problem size increases to a point that is no 
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longer possible to solve within an acceptable time window under available technology, even for 

short scenarios (~5 periods) although it represents the most correct way to solve the problem as 

all possible scenarios are evaluated and a global optimal solution can be found. 

A more acceptable strategy is then proposed, where the multi-period optimization is 

reconfigured as an iterative process, composed by sequential single- and multi-period 

optimizations, offering a more reliable course of action to evaluate the best goal weight 

arrangement for each period. The sequenced steps for this alternative methodology are described 

in the following pseudocode: 

Procedure  ITERATIVE OPTIMIZATION(Single - Period ModFile.txt, 

DatFile.txt, RunFile.txt, Multi - Period ModFile.txt, DatFile.txt, 

RunFile.txt, Predictive Model);  

  ‫  = 0.34;  

  ‫  = 0.34;  

  ‫  = 0.32;  

  Benchmark Solution  Ŷ Multi-Period Model(‫ , ‫ , ‫  all periods ); 

  p = 1; 

  PDO, PDW Ŷ Benchmark Solution; 

  while  p <= number of periods do :     

    Single - Period Solution Ŷ Single-Period Model(PDO, PDW); 

    (‫ , ‫ , ;Ŷ Single-Period Solution (‫  

    New Single - Period Solution Ŷ Predictive Model(‫ , ‫ , ;(‫  

    PDO, PDW Ŷ New Single-Period Solution; 

    ;‫ Ŷ ‫ 

    ;‫ Ŷ ‫ 

    ;‫ Ŷ ‫ 

    (‫ , ‫ , ) Ŷ (‫‫ , ‫ , for period p (‫ 

    New Multi - Period Solution Ŷ Multi-Period Model(‫ , ‫ , ;(‫  

    if New Multi - Period Solution > Benchmark Solution  then: 

      ;Ŷ 0.34 ‫ 

      ;Ŷ 0.34 ‫ 

      ;Ŷ 0.32 ‫ 

    end if       

    p Ŷ p + 1; 

  end while 

  return New Multi-Period Solution.txt; 

end Procedure 

This pseudo code does not just propose a starting point for the multi-period optimization 

by fixing a balanced goal weight arrangement for all periods, but also updates it for every 
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consecutive period evaluated. It is important to mention that the decision to start with a balanced 

scenario is in response to the way the optimization targets are balanced to avoid scaling and 

normalization, but if the formulation of the implemented dispatch system does consider certain 

type of unbalanced non-preemptive optimization, it would be convenient to use such imbalance 

arrangement as benchmark for the goal weights. For each period, the input data is solved 

individually by adjusting the ὖὈὕ and ὖὈὡ decision variables as fixed conditions since they 

represent the cumulative additional production at the end of the period, but also the initial 

cumulated production for the following period. 

Having this new input configuration, the goal weight optimization process described in 

Section 4.5 is executed so that an optimum goal weight arrangement for that period is returned 

and tested in the multi-period analysis (replacing the original arrangement of that period), and 

the new solution is compared with the benchmark solution. If the new solution (total cost) is 

equal or lower than the benchmark output (minimization), the new goal weight arrangement for 

that period is kept and the following period is analyzed, otherwise the original balanced 

arrangement is maintained before moving to the next period. This conditional statement exist 

since the periods are no longer isolated but dependent to each other, so the big picture must 

always be the driver of the iterative process. The loop repeats until all periods are evaluated, and 

the goal weight arrangement for all periods are updated. Depending on the solutions computed 

under the desired accuracy (10%, 1%, 0.1%), the input information for the predictive model may 

not be as accurate as expected for large and complex problems (Case Studies), so it is critical for 

the sequential optimization to evaluate a variable accuracy if required between periods. 

4.7.1. Analysis of Results on Time Horizon Analysis 

From the input information presented in Table 4.29, Table 4.30, Table 4.31 and Table 4.32 

defining the distribution of discrete events occurrence over the time horizon, and the 

corresponding identification of possible scenarios. The implementation of the multi-period 

optimization strategy can be evaluated for a set of different cases frequent in any open pit mine. 

These cases represent the traditional way to visualize the goal priority plan depending on the 

operational bottlenecks or primary directives at the mine (ore production, NPV, target grades). 
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In Chapters 1 and 2, the literature review discussed how the lack of understanding of the 

variable nature of the goal weights is one of the root causes of the many shortcomings of the 

current dispatch systems, highlighting the insufficient analysis by the academia in this aspect of 

the truck-shovel allocation problem, even avoiding the disclosure of such data in the many 

publications. For this implementation, seven (7) different directives are evaluated and compared 

against each other to offer a proof of concept of how the correct analysis of the goal weights can 

optimize the dispatch tasks in favor of the economics and productivity of the mine. 

As most of the data processing steps (combinatorial formulation, solving procedures and 

ternary plots analysis) were already discussed in depth in Sections 4.5 and 4.6, the evaluation 

will be directed towards the final results and the considerations associated to provide the desired 

validity to the proposed strategy. The cases to evaluate are given as follows: 

- 70% Ore Production Penalty, 20% Waste Stripping Penalty, 10% Transportation Costs 

- 20% Ore Production Penalty, 70% Waste Stripping Penalty, 10% Transportation Costs. 

- 20% Ore Production Penalty, 10% Waste Stripping Penalty, 70% Transportation Costs. 

- Adaptive weights without conditional correction for multi-period optimization. 

- Balanced weights (34-34-32) for multi-period optimization. 

- Balanced weights (40-30-30) for single-period optimization. 

- Optimized weights for multi-period optimization. 

Given that each case to evaluate is composed of multiple individual files for each period 

evaluated independently, one last comment to make before discussing the results is the size of the 

problem for implementation purposes. With respect to the fixed goal weights cases, only the logs 

associated with the multi-objective optimization model are required, but for the adaptive and 

optimized weights strategies, it is important to mention that each period contain 66 unique 

records to generate a prediction on the goal weights, repeating the process for 30 periods, 

including an extra iteration between periods for the multi-period optimization solution to update 

the desired cumulative production, having some instances in which such tonnages changed if the 

goal weight arrangement from the benchmark data file was replaced by the regressed optimum 

goal weights while keeping the lowest possible total cost. 

The first set of solutions is summarized in Table 4.33, including the solutions computed 

for each case under evaluation. The highlighted periods (yellow background) correspond to the 
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instances in which the optimized total cost was greater than the benchmark solution, so the goal 

weights to apply were the same as the benchmark model. 

Table 4.33. Total Cost summary report for all optimization scenarios evaluated. 

 

One noticeable aspect of the results above is the coincidental results between the 

optimized model and the benchmark case (34-34-32), in contrast to the other cases where the 

total cost for all periods is in constant increment. A detailed evaluation of the individual results, 

ternary plots and combined solutions in the optimized model suggests a logical solution around 

the balance of the three goal weights for the occurrence plan of discrete events. However, a 

balanced fixed solution is, for some periods, close to the edge of the global optimal region, 

offering a risky solution in contrast to the regressed option that ensures the selection of the 

centroid of the best possible solution contour, decreasing the risk of goal weight selection. Some 

of these instances can be observes in Figure 4.28 for six (6) sample periods. The ternary plots for 

all periods can be found in Appendix G. 

˖м ˖н ˖о

1 18 34.71 34.41 30.88 213,120 213,120 213,120 213,120 213,120 213,120 213,645

2 7 48.00 21.00 31.00 132,860 132,860 132,860 132,860 132,860 119,840 66,505

3 35 39.33 37.33 23.33 57,265 57,265 57,265 62,160 62,160 181,970 131,665

4 14 23.64 54.09 22.27 51,440 51,440 51,440 188,975 199,055 121,260 74,400

5 9 25.77 51.15 23.08 116,855 116,855 116,855 45,300 45,300 174,820 117,300

6 60 34.00 34.00 32.00 212,200 212,200 212,200 166,200 166,200 104,200 214,500

7 2 53.04 23.04 23.91 148,630 148,630 148,630 160,340 160,340 145,390 73,320

8 5 23.64 54.09 22.27 53,915 53,915 53,915 160,940 171,020 96,735 52,740

9 63 30.74 30.74 38.52 141,800 141,800 141,800 142,800 142,800 154,800 215,365

10 4 34.00 34.00 32.00 95,400 95,400 95,400 49,200 49,200 121,200 117,420

11 19 39.33 37.33 23.33 121,640 121,640 121,640 70,635 70,635 149,270 117,540

12 30 34.00 34.00 32.00 90,195 90,195 74,340 83,400 106,575 187,900 117,900

13 1 34.00 34.00 32.00 89,130 89,130 105,130 105,130 104,170 80,950 52,440

14 40 41.11 33.33 25.56 66,445 60,945 66,445 66,445 60,945 181,285 144,445

15 1 26.15 51.15 22.69 56,390 56,390 56,390 56,390 55,820 80,950 52,440

16 16 50.48 20.00 29.52 151,885 151,885 151,885 151,850 151,885 155,930 86,530

17 54 34.00 34.00 32.00 40,470 41,470 42,870 40,470 41,470 205,810 164,470

18 26 35.56 40.00 24.44 177,715 182,215 148,890 177,715 179,850 42,680 149,395

19 1 34.00 34.00 32.00 56,390 56,390 56,390 56,390 55,820 53,350 52,440

20 3 34.00 34.00 32.00 53,090 53,090 53,090 53,090 52,520 107,650 55,360

21 64 34.00 34.00 32.00 138,720 138,720 149,350 138,720 148,850 121,920 228,720

22 2 34.00 34.00 32.00 49,580 49,580 73,450 49,580 49,580 145,390 73,320

23 22 34.00 34.00 32.00 154,970 154,060 156,360 155,325 155,730 66,360 149,395

24 1 34.00 34.00 32.00 53,350 53,350 53,350 53,350 53,350 53,350 52,440

25 36 50.00 28.75 21.25 125,065 124,285 125,065 124,155 123,115 123,375 148,920

26 1 33.33 41.11 25.56 53,350 53,350 53,350 53,350 53,350 53,350 52,440

27 38 34.00 34.00 32.00 123,850 123,850 123,850 123,850 124,255 123,850 149,410

28 29 34.00 34.00 32.00 42,670 42,800 43,970 42,930 43,095 43,970 123,310

29 1 34.00 34.00 32.00 50,880 52,440 48,930 51,270 52,440 50,975 52,440

30 3 34.00 34.00 32.00 54,160 54,160 54,160 54,160 56,095 54,160 55,360

ң ¢h¢![2,973,430 2,973,430 2,982,390 3,030,100 3,081,605 3,515,810 3,355,575

Total Cost

Optimized

Total Cost

70-20-10
Period

Identified 

Combination

Applied weights Total Cost

Adaptive

Total Cost

20-10-70

Total Cost

20-70-10

Total Cost

34-34-32

Total Cost

40-30-30



  

134 

 

   

   

   

Figure 4.28. Sample ternary plots for multi-period analysis where balanced weights are near 

suboptimal location. 
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Back to the results from Table 4.33, the highest cost corresponds to the basic 

implementation of a dispatch system, where fixed balanced goal weights are considered for 

single period optimization; there is neither a cumulative production balance between periods nor 

a response to the occurrence of discrete events, just a flat automatic optimization, resulting as 

expected in the least favorable scenario. On the other hand, the three (3) highest total cost cases 

are usually the most common ones observed at any mining operation, where a single target drives 

the optimization model, resulting in the least favorable case when the waste stripping goal is the 

one with highest priority, and the most promising among the three when the highest weight is on 

the ore production (or the minimization of the penalties associated). These results are logical 

when we consider the penalties associated to each target and the observed trends from the 

combinatorial scenarios evaluated in Section 4.5 for the goal weight arrangement approach, 

where the majority of scenarios were more favorable towards the ore production target. 

The adaptive weights case is a more interesting case to evaluate, as the decision to ignore 

the balanced goal weight correction does not return a substantial deviation with respect to the 

best possible scenarios, yet it exists and serves as proof that if a higher accuracy is not desired, 

the use of the conditional correction is a must. This particular outcome will be further analyzed 

in Case Study A, where the complexities of the input data and the tight bounds of the global 

optimal solution proofs that the conditional correction is not necessarily the best possible course 

of action in terms of numerical outcome, although it saves a considerable amount of processing 

time all things considered. 

Moving forward, the evaluation of the summary results is another important aspect of the 

time horizon analysis approach, as it allows not just the comparison of output values, but also 

gives the big picture of what seems to be the current behavior of implemented low-complex 

dispatch systems versus the proposed methodology. The correct interpretation of the results will 

provide enough information to understand why certain decisions are made during specific 

periods, and how the correct truck allocation can result in substantial savings by the end of the 

time horizon. 

Figure 4.29 represents the minimum possible cost for a balanced scenario (labeled as 

traditional approach) when no discrete events occur at the mine, and the system is over-trucked 
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for the whole period (best possible scenario). This baseline cost is handy to illustrate how much 

additional cost the operation incurs in response to uncertain scenarios. 

 

Figure 4.29. Summary results for the base case scenario with no event occurrence. 

The implementation of the 40-30-30 traditional model will have a weak reaction to the 

occurrence of the undesired discrete events, returning either equal or higher costs than the 

baseline values, as no multi-period analysis is evaluated. The results can be observed in Figure 

4.30, where the yellow bars represent the additional cost generated by the event. 

 

Figure 4.30. Summary results for the traditional approach case added up to base case scenario. 

Whereas the traditional approach case is not capable of responding to the uncertain 

conditions, the sequenced optimized model does not just offer a fully integrated strategy for all 

periods, but also weights the advantages and disadvantages of a cumulative production system. 

With the baseline cost as starting point, Figure 4.31 displays the comparative cost fluctuation 

results between both models. Something that not be ignored is the fact that for some periods the 

traditional approach returns a lower total cost than the sequential optimization (periods 2, 7, 11, 
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13, 15 and 16), but this is because of the additional transportation costs incurred by the 

sequential optimization to produce the additional tons (ore and waste) to cover the slack of 

material periods after, weighting the costs over all periods. 

 

Figure 4.31. Summary results for comparison between single and sequential optimization cases. 

Following the discussion of the total cost deviations, the values of these fluctuations are 

directly correlated to the events present at the different periods, expecting higher deviations for 

complex combinatorial scenarios, and lower fluctuations when the possible solutions are less 

restrictive. Figure 4.32 displays the absolute value of this cost fluctuations for each period. 

 

Figure 4.32. Summary results for cost deviations between single and sequential optimization. 

Although the fluctuations can be positive or negative depending on the point of reference, 

if all fluctuations are added up in a cumulative plot, the advantages of the sequential optimization 

are more noticeable, resulting in a superior performance with respect to the traditional approach, 

as shown in Figure 4.33, where the overall trend of the cost savings is positive and shows how 

the sequential optimization is able to generate a better solution than the traditional approach. 
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Figure 4.33. Summary results for cumulative cost savings by sequential optimization. 

Lastly, the behavior of the tonnage deviations should not be ignored as they drive the cost 

penalties for both material types. From Figure 4.34 we can observe a clear preference towards 

the cumulated ore production PDO (positive tonnage deviation) compared to the cumulated 

waste stripping PDW. The immediate guess would be related to the penalties per ton in each 

case, but if the event distribution is overlayed on these results, it would be clearer that for most 

of the periods with substantial slack of waste stripping NDW (negative tonnage deviation) there 

is also a correlation to the type of event occurring (waste shovel #2 not available mostly). 

 

Figure 4.34. Summary results for tonnage deviations of sequential optimization model. 

Up to this point corresponds to the third and final approach of the proposed methodology 

for an adaptative dispatch system using machine learning techniques to evaluate the implications 

of uncertain events occurrence, and to offer more accurate solutions under an all-scenarios 

analysis. The implementation of the optimization strategies previously discussed is described in 

Chapter 5 for real datasets obtained from operating open-pit mines. The methodology is adjusted 

to the individual complexities, and the results computed in accordance. 
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4.8. Results Discussion 

The three (3) approaches discussed in the previous sections are in essence components of 

the same optimization methodology, discussing individually certain aspects of the problem but if 

integrated all together represent a multi-period probabilistic optimization model able to sequence 

the analysis and return a logical solution under the time constraint restrictions of a dispatch 

operation. 

The decision to make use of machine learning techniques for a fast and intelligent 

selection of the best possible goal weight arrangement is not just a risk management action, but 

also proposes a hierarchical distribution of global optimal solutions based on the optimization 

drivers, a characteristic never discussed before for this type of problems. In a similar way, the 

use of ternary plots is convenient for human interpretation of the solution regions although the 

regression models use a different training dataset to compute the best goal weight arrangements. 

Although the base case example is configured as an oversimplified truck-shovel allocation 

problem, it has enough complexity for the proposed methodology to test its capabilities and tune 

some parameters before testing against real data. Additionally, the decision of having only three 

(3) non-preemptive optimization targets is in response to the graphical limitations when 

compared to multi-dimensional scenarios, difficult to represent for human analysis yet the system 

is configured to allow such complexities and only limited by the hardware capabilities. 

The results from the three (3) optimization approaches are sufficient to demonstrate the 

advantages of having an adaptative system for an uncertain testing model, as long as the training 

data can be arranged and solved in advance to have access to a set of all-scenarios pre-solved 

models. The solution time for each combinatorial scenario and each optimization approach is 

within the acceptable ranges, and the Gap% parameter can be adjusted depending on the 

expected complexities of the dataset to evaluate. 

Finally, the apparent advantages of the proposed methodology over the traditional 

approach represent an opportunity to make a change in the way the dispatch systems are 

conceptualized, integrating new ways to perform data analysis and introducing selective 

optimization, combining Operations Research algorithms and machine learning techniques 

towards a more efficient and reliable use of the fleet resources at the mine.  
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CHAPTER 5.  

DATA TESTING AND CASE STUDIES IMPLEMENTATION 

 

This chapter evaluates the implementation of the proposed methodology described in 

Chapter 4 to real dispatch data provided by two open-pit mining operations. In honor to the 

disclosure conditions agreed with both mines, no names, references, or data that could be 

associated with any of the mines will be presented. The location labels, equipment ID, maps, and 

any operational parameter used in the analysis has been modified to simplify the analysis and 

prevent any connection with the original source. 

5.1. Case Study 1: MINE A 

Mine A is a large open-pit gold mine located within the United States of America. The 

geographic characteristics of the mine are not significant to the objectives of the analysis, but it 

must be mentioned that it is located within a mining complex with multiple other adjacent mines 

with similar features. The location of the mine also exposes it to extreme weather conditions, a 

parameter that will be later evaluated. 

The mine is divided in two areas (North Pit and South Pit) with the corresponding 

processing facilities. Each area has a dedicated fleet of trucks and shovels, auxiliary equipment, 

operators and engineers, with little interaction between each other. The working system is 

divided in two shift of 12 hours each, being the shift change at 7am and 7pm every day. Blasting 

activities are not every shift but according to a production plan. The North Pit has an 

approximate production by shift of 85,000 tonnes, while the South Pit delivers around 110,000 

tonnes per shift to the different destinations in the proximity. There are additional rehandling 

operations between the processing facilities and the many stockpiles in the surroundings, with 

dedicated loaders and trucks, usually not mixed with the production fleet. Based on the available 

information extracted from the dispatch system, representativity of the data, and complexity 

associated, the implementation of the adaptive methodology will be on the South Pit. 

With respect to the installed dispatch system at the mine, the operator selected HxGN 

MineOperate OP Pro LPÊ (HEXAGON) for both pits (each pit has a dedicated dispatch 

operator). The system is controlled by one operator per shift for each area of the mine, having 
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direct communication with the operators, and assisted by a support team to update the input data 

required by the dispatch system (road network, sensor controllers, communications, etc.). 

5.1.1. Mine Configuration and Operational Parameters 

As mentioned before, the mine is divided between the northern and southern facilities, 

each self-sufficient in terms of resources, and acting as independent systems. No topographic 

map will be disclosed for confidentiality considerations, but the network of roads can be 

transformed into a dispatch map (simplified schematic). Figure 5.1 represents the distribution of 

sources and destinations of the southern area of the mine (selected dataset for analysis), where 

the green dots represent loading points (muckpiles or stockpiles) and the yellow dots are the 

destinations (waste dumps, in-pit waste dumps, crusher feeder, and mill feeders). Although some 

roads are physically the same, for interpretation purposes the southern area is subdivided into 

two sections: an upper section represented by the rehandling operations (stockpiles Ÿ 

crusher/mill feeders), and a lower section contained within the active pit operation (working 

benches Ÿ waste dumps). Although there is a fleet of 72 trucks assigned to this area of the mine 

(different capacities), not all trucks are active, and some of them are captive for specific tasks. 

 

Figure 5.1. Dispatch map of the southern area of Mine A. 














































































































































































































































