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Abstract. This paper presents an algorithm for optimizing the scheduling of 
trackless equipment in underground mines. With the shortest working interval 
and maximum productivity as goals, a Genetic Algorithm (GA) is used to solve 
the problem, and obtain the optimal working sequence with the most suitable 
equipment configuration possible. The input for the proposed method is the 
number of units and capacity of trackless equipment, the production process, 
ore amount in stopes, and the distance between stopes. The algorithm is verified 
using four setups of 5 stopes with 5 cycles, 5 stopes with 15 cycles, 10 stopes 
with 10 cycles, and 10 stopes with 30 cycles. The solution time of the algorithm 
is no more than 20 minutes, which is acceptable for practical applications. The 
results show that the setup of 10 stopes with 30 cycles is closer to the actual 
production of the mines, and the optimization model can effectively improve 
the operation efficiency. In this scenario, the robustness of the optimization is 
tested by simulating equipment failure events. Under the condition of 8% 
failure rate, the operation time is extended over 3.21% – 14.56% than expected, 
which represents strong robustness. The algorithm can quickly provide a 
feasible and effective solution for the production scheduling decision of 
trackless equipment in underground mines.  

Keywords: Scheduling optimization, Underground mine, Genetic Algorithm 
(GA), Trackless equipment, System simulation, Equipment management 
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1   Introduction 

Mining is the process of extracting ore products from the ground to the surface, 
usually divided into open pit mining and underground mining. The underground mine 
production system is a flexible production system involving several factors, multiple 
levels, and dynamic changes. Mine production can be defined as a system formed by 
its elements which are the operational mining system, the blocks to be mined and the 
utilization of functions seeking to obtain the maximum discounted cash flows of the 
mining operations as a goal. (Aras, Dagdelen, & Johnson, 2019) The coordinated 
operation of the mine production system is essential for strengthening mine 
production capacity and improving mine efficiency. The effective scheduling and 
optimization technology research and application are the basis and key to improving 
the efficiency of the production scheduling system. Large-scale equipment, 
continuous work, automation of operations, rationalization of processes, scientific 
management and optimization of production are the development directions of future 
underground mine projects. 

Scheduling is a decision-making process which deals with the allocation of 
resources to tasks over given time periods (Pinedo, 2012). Mining production is a 
typical discrete and decentralized operation, which has the characteristics of scattered 
work sites, complex processes, and constraints in time and space. All working sites in 
the mine are scattered with different equipment and personnel at the same time. 
Flexible production scheduling ensures the efficient and orderly flow of ore from 
underground to surface. As the largest group of equipment in underground mines, 
trackless equipment is utilized for drilling, charging, loading, scaling, bolting, and 
other activities. These activities are mostly decentralized and dynamic, performed in a 
harsh working environment as underground production is, with outstanding hidden 
safety hazards, whose scheduling performance dramatically affects the overall mine 
production capacity. 

The purpose of scheduling optimization of underground trackless equipment is to 
arrange the limited personnel, equipment, and other resources scientifically and 
reasonably to the appropriate working face so that the alternating operations can 
continue smoothly. Reasonable arrangement of mining sequence and working time 
can not only avoid the conflict and idleness of equipment but also improve the 
equipment utilization. It plays a vital role in achieving accurate equipment scheduling, 
improving overall mine production efficiency, reducing mining costs, while 
maximizing mining safety. Research (Gustafson et al., 2015) has shown that the 
proportion of standby time for Load-Haul-Dump (LHD) in some large underground 
mines is as high as 50% (excluding equipment inspection). Under the existing 
scheduling strategy, even by modifying the LHD control mode (automatic control, 
semi-automatic control), the idle ratio can only be reduced to 34%. 

At present, the scheduling of underground mine equipment is mainly completed by 
manual work, which has limitations in efficiency, accuracy, and rationality. Manual 
scheduling is a lengthy and error-prone work, and its results are heavily dependent on 
the engineer's experience. The introduction of decision support algorithms in 
scheduling can help to achieve more unified results, reduce dependence on artificial 
experience, enhance the predictability of the production process, and improve the 
transparency of the entire mining process. 



2   Literature Review 

In the research of mine equipment scheduling optimization, many scholars have 
studied the open pit mine scheduling, which is intended for truck-shovel scheduling 
and based in the application of heuristic algorithms. Some scholars have discussed the 
relationship between open pit and underground scheduling. Underground scheduling 
is more complicated than open-air scheduling, whose main performances are mining 
process complexity, with the inconveniences of underground communication 
instability, and information opacity. 

Research on the optimization of underground mine scheduling was originated in 
the 1980s. Gershon (1983) discussed and applied the mixed integer programming 
(MIP) model for the underground mine scheduling problem. Vagenas (1991) 
introduced graph theory to study the LHD scheduling problem in underground mines 
and introduced the underground mining layout and scraper scheduling process, which 
is also the pioneer and the foundation of the subsequent LHD scheduling optimization 
problem research. Bernardo & Gillenwater (1991) studied the effects of optimization 
of coal mine sorting rules on mine productivity. Limited by the algorithms and 
solving tools of that time, these algorithms have been difficult to adapt to 
contemporary mining management. However, inspired by these experiences, many 
subsequent studies on underground mine scheduling optimization have been 
produced. 

Nehring & Topal (2007) proposed a MIP-based optimization model for 
underground hard rock mine production scheduling and discussed the feasibility of 
the model in mine application. Nehring, Topal, & Knights (2010) improved and 
optimized this model, and proposed a new dynamic short-term production scheduling 
and machine allocation model based on MIP. The model contains the inherent short-
term scheduling and machine allocation characteristics of many mining methods and 
is especially suitable for sublevel mining operations. The objective is to minimize the 
deviation of target metal production. The dynamic nature of the model not only 
optimizes shift-based scheduling but also allows for rapid device reallocation when 
underground operating conditions change. The model was solved using the CPLEX 
tool and evaluated on a simulated mine. In this paper, the author considers the 
secondary ore movements, making the model closer to the actual production of ore. 
Subsequently, Nehring, Topal, Kizil, & Knights (2012) combined short-term 
scheduling with the medium-term plan to introduce NPV into the MIP model, 
effectively improving the short-term scheduling and reducing the mismatch with the 
medium-term plan. In general, the research of Nehring et al. focuses on the 
transportation scheduling of underground mines. 

Topal  Kuchta, and Newman (2003) discuss the possibility of applying MIP to the 
Kiruna Iron Mine. Newman, Martinez, & Kuchta (2007) discussed how to combine 
long-term planning with short-term scheduling to consider several different levels of 
time granularity in the short and long term, and to provide guidance for improving the 
traceability of models. Taking Kiruna Iron Mine as the research object, this paper 
considers the operation range of electric scraper and the mining sequence of caving 
mining method. However, the models listed have a vast solution space and have 
limitations in solving speed. Martinez & Newman (2011) continues to improve the 
model, introducing heuristic algorithms to increase the speed of the solution, and can 



generate a solution with a deviation of 3% - 6% of the total demand in about 1/3 hour. 
O’Sullivan and Newman (2014) studied the Lishere mine in Ireland and combined the 
filling mining method with the MIP model to construct an optimization model. Then 
O’Sullivan and Newman (2015) detail the heuristic algorithm for this model. The 
research of Newman et al. mainly focuses on the combination of short-term and long-
term plans. 

Smith & Dimitrakopoulos (1999) explored the impact of deposit uncertainty on 
short-term production scheduling in mines. Dimitrakopoulos has conducted extensive 
research on this issue but mainly focused on open pit mines. Carpentier, Gamache, & 
Dimitrakopoulos (2015) proposed a stochastic integer programming (SIP) model that 
considers geological uncertainty to optimize long-term scheduling in underground 
mines. The research of Dimitrakopoulos focuses on the effects of geological 
uncertainty, mainly on open pit mines and mid-term and long-term production 
optimization. 

Song (2015) proposed a decision support method to assist the scheduling of 
trackless mining equipment and explained its input/output and algorithm. The 
algorithm targets the minimum total completion time under given constraints, and the 
algorithm results indicate which equipment should be working at every location. The 
authors used the data from the Kittila mine to test the effectiveness of the algorithm. 
However, the authors recognize that there is significant uncertainty in underground 
mining so the model should be further optimized for mining processes. 

Schulze et al. (2016) studied how to dispatch trackless transportation equipment for 
underground potash mines to minimize completion time. The author models the 
problem as mixed-integer linear programming and uses CPLEX software to solve 
small-scale problems. The author believes that excessively improving equipment 
utilization is counterproductive to scheduling optimization. The model has not yet 
considered other practical situations such as machine failure, random job processing 
time and vehicle positioning. 

Astrand et al. (2018) combined the underground mine production scheduling with 
the flow shop scheduling model to study the optimization method for underground 
mines. The author evaluates the model based on the actual data generated by the 
mine. Results show that the algorithm has a more significant improvement than 
manual scheduling. However, this article does not consider the uncertainty of the 
operation time of each process and does not consider the influence of the movement 
time of each device. 

This paper aims to complement and improve the previous studies to build a 
scheduling model with more production conditions and uncertainty. A scheduling 
model of underground trackless equipment is built by aiming at shortest working 
interval and maximum productivity, considering the constraints between different 
operation procedures, the operation relationship between different working faces, 
performance, quantity, and movement time of each operating equipment. A GA is 
used as the solution tool to get the optimal scheduling scheme of underground 
trackless equipment. The algorithm is verified in four scenarios with stopes ranging 
from 5 to 10, and cycles ranging from 5 to 30. The robustness of the model is 
analyzed by simulating the influence of the equipment on the model solution at a 
specific level of failure rate. 



3   Mine Scheduling Process Description 

The underground mine process includes many discrete or continuous activities related 
to ore excavation and transportation. Underground mining can be divided into coal 
mining, metal mining, and more. Coal mining usually uses the longwall or highwall 
method with plow systems, etc. The ore is crushed by machinery and transported by 
belt, which can be regarded as continuous activities. Metal mining usually uses the 
blasting method. The ore is crushed by blasting and transported by trackless 
equipment, which can be regarded as discrete activities. Generally, the scheduling of 
discrete activities is more complicated than continuous activities, because continuous 
activities only need to allocate equipment to the sites for continuous production, while 
discrete activities require to allocate a variety of different equipment to different sites 
and processes. This research is mainly about underground metal mining. 

Underground metal mining can be divided into stoping method and caving method. 
Caving method controls collapse of the rock mass under the force of gravity, whereas 
stoping excavate a stable opening of small or large dimensions (Darling, 2011). 
Stoping method leave behind an open space called stope, and sometimes artificial 
support is needed. The stoping method process usually includes drilling, charging, 
blasting, ventilation, loading, and support. Caving method uses the progressive 
collapse of ore by weight. For block caving method, an undercut level and extraction 
level is required to be developed. Then, drawbells are created, with two drawpoints at 
the bottom. The drawpoints can be used for production for a long time. So, the most 
important part of its scheduling is the fleet arrangement. For sublevel caving method, 
mining starts at the top of the orebody and develops downwards with the processes of 
drilling, charging, blasting, ventilation, and loading. Ore is mined from sublevels 
spaced at regular intervals throughout the deposit. Mining sequence is strictly 
restricted in sublevel caving method. In summary, the scheduling of the stoping 
mining and the caving mining are completely different. For the scheduling 
optimization of the caving method, Newman, Kuchta, and other researchers have 
done many works. This research takes the underground metal mining with the stoping 
method as the object.  

The stoping method includes room-and-pillar, cut-and-fill, open or sublevel stope, 
and more. Nevertheless, their processes can be roughly summarized into seven steps: 
drilling, charging, blasting, ventilation, loading, and pressure control of stopes. In the 
stoping method, drilling, charging, blasting, ventilation, and loading are required tasks 
so they are absolutely included in the scheduling optimization model. The purpose of 
pressure control is to ensure the stability of the stopes. The most used methods 
include scaling, shotcreting, bolting, frame supporting, mesh supporting, and 
backfilling. Shotcreting, frame supporting, and mesh supporting are common in the 
development of drifts, so they are excluded in this research. Backfilling refers to the 
backfilling pipeline system and is not strongly coupled with other tasks. This research 
regards the backfilling as an irrelevant factor and exclude it from the model. Scaling 
removes the loose rocks on the surface of stopes and bolting inserts robs or chains 
into holes to reinforce the stopes. So, scaling and bolting will be included in this 
research as the pressure control processes. The mining operation process in this 
research is shown in Fig. 1. 
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Fig. 1. The mining operation process in this research.  

Automation is the basis of scheduling optimization because the efficiency of 
automation equipment is predictable. This research assumes that all processes use 
automation trackless equipment. The equipment for drilling operations are the drilling 
rigs, a one or two-boomed trackless equipment. Parameters affecting drilling 
efficiency are the number of single row holes, hole depth, row spacing, and drilling 
speed. The equipment for charging operations are the charging jumbos, and 
parameters affecting charging efficiency are the number of single row holes, hole 
depth, row spacing, and charging speed. The equipment for loading operations are the 
LHDs, and parameters affecting loading efficiency are ore quantity, LHD loading 
speed, and LHD moving speed. The equipment for scaling operations are the scaling 
jumbos, and parameters affecting scaling efficiency are the area of exposed surface 
and the speed of scaling. The equipment for bolting operations are the bolting jumbos, 
and parameters affecting bolting efficiency are the area of exposed surface and the 



speed of bolting. In most cases, one trackless equipment unit can only serve one stope 
at a time. To simplify the model, all the trackless equipment parameters can be 
simplified as the efficiency of ore treatment (tonnage per hour) and speed of 
movement (meters per hour). 

Blasting operations should be performed by qualified personnel and usually carried 
out within a fixed period each day (usually around 1 to 3 times per day), which is 
defined as the blasting time. According to the mine production safety regulations, 
during the blasting time, any unrelated personnel and equipment need to be evacuated 
from the site. So, no other activities can be carried out during this time. Usually, 
multiple stopes can be blasted simultaneously. Ventilation means the isolation of 
stopes for some time to discharge pollutants and meet the standards for personnel 
entry. No personnel and equipment are allowed to enter the stopes during ventilation. 
Unlike blasting, other stopes can operate as usual during ventilation. Blasting and 
ventilation usually do not need trackless equipment, so this research assumes that the 
number of stopes that blasting or ventilation simultaneously is unlimited. 

After the completion of drilling, charging, blasting, ventilation, loading, scaling, 
and bolting in a stope, and the ore is mined, the process can be called a cycle. 
Typically, due to the stope space constraint and the production efficiency, the 
recovery of one stope cannot be completed at one time. Each stope requires multiple 
cycles, and the next cycle can only be performed after the previous cycle is 
completed. The cycles in stopes are shown in Fig. 2. 
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Fig. 2. The cycles in stopes.  

The type and quantity of mining equipment are usually determined during the 
design period. With the progress of mine production, the equipment is gradually 
upgraded in batches, so there is an individual difference in the operating efficiency of 
each trackless equipment. Therefore, for mining scheduling optimization, the capacity 
of each equipment can be considered as known constants. Besides, according to the 



working environment and work characteristics of the underground, the same stope can 
only accommodate a single device for operation. Therefore, the mining scheduling 
optimization can be described as “when, where, what to do, which equipment.” This 
problem can be regarded as a Flow Shop Scheduling Problem (FSP) approximately.  

The FSP can be described as: n workpieces are processed on m machines, and one 
workpiece is processed in k processes, each process can be processed on multiple 
machines. Each machine can only process a specific workpiece at one time, and can 
only start the next process after the previous process is completed. The FSP models 
are mostly used in manufacturing. The concepts in FSP can be applied in an 
underground mine. The mining cycles in underground mine can be described as jobs 
in FSP. The stopes can be described as workpieces. The mining processes can be 
described as manufactory processes. However, the underground mine scheduling is 
more complicated than FSP with some unique features of mining. The mining 
sequence is influenced by geologic characteristics. The equipment units are different 
in functions (different processes), capacities, reliabilities, and speed due to different 
purchase batches. The blasting will lead to pause of other processes. There will be 
time for equipment movement because of distance between stopes. All these features 
should be included in the underground mine scheduling model. 

The scheduling problem for the trackless equipment in the underground is: A series of stopes 
need to be completed by drilling, charging, blasting, ventilation, loading, scaling and bolting, 
and each process has several equipment units. The same equipment can only be used for a 
specific process in a certain stope at one time, and the next process can only be started after the 
previous process is completed. The process is shown in Fig. 3. 
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Fig. 3. Underground trackless equipment scheduling process.  

Shortening the completion time is the most direct way to improve production 
efficiency. The primary objective of mine production scheduling optimization is to 
minimize the total completion time. In addition, in the actual production of 



underground mines affected by rock mechanics, the interval between processes should 
be shortened. For example, after the completion of drilling, if charging is not in time, 
the blasthole will be deformed or even disappeared by the surrounding rock pressure; 
after the completion of charging, if blasting is not in time, the explosive will increase 
the risk of failure. Therefore, this problem can be regarded as a multi-objective 
programming problem with the shortest total operation time and the shortest operation 
interval under various production conditions, as shown in Fig. 4. 
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Fig. 4. Trackless equipment scheduling optimization in underground mines.  

4   Modeling and Solution Methodology 

In order to solve the scheduling optimization of trackless equipment in underground 
mines, all the resources and production constraints need to be described in 
mathematical language as a mathematical programming model. 

The scheduling optimization of trackless equipment in underground is non-linear 
programming (NLP), with the features of complex production process constraints, 
huge variables of stopes and equipment units. This can be regarded as an NP-hard 
problem. The heuristic algorithm can give a feasible solution to the NP-hard problem 
at an acceptable cost (time and computing). Although the deviation from the optimal 
solution cannot generally be predicted, the feasible solution is generally acceptable. 

In this paper, the GA is select as the heuristic algorithm. It is widely used for its 
fine global search capability. It is not easy to fall into a local optimal solution. By 
using its parallelism, distributed computing can be performed to speed up the 
solution. 

4.1   Notations 

The indices and sets of this model are shown in Table 1. 



Table 1.  Indices and sets.  

Name Meaning 
J Set of jobs, J = {J1, J2, …, Jm} 
S Set of stopes, S = {S1, S2, …, Si} 
E Set of equipment units, E = {E1, E2, …, En} 

P 

Set of processes,  
P = {P1, P2, …, Pk},  
P1 = 1 (Drilling),  
P2 = 2 (Charging),  
P3 = 3 (Blasting),  
P4 = 4 (Ventilation),  
P5 = 5 (Loading),  
P6 = 6 (Scaling), 
P7 = 7 (Bolting), 

 
The parameters for the model are shown in Table 2. 

Table 2.  Parameters.  

Name Meaning 
Om Ore volume of Jm, t 
Bltm If bolting is needed at Jm, 0-1 variable (1 = yes, 0 = no) 
Cn Capacity of En, t/h 
Vn Velocity of En, m/h 
SJm Stope that Jm belongs to, SJm ∈ S  
PJm Preordering work of Jm,  PJm ∈ {J, null} 
EPn Equipment process of En, EPn ∈ P  
Dij Distance between Si and Sj, m  
BS Blasting start time, h 
BE Blasting end time, h 
Wa Weight of aim a 

 
The variables for the model are shown in Table 3. 

Table 3.  Variables.  

Name Meaning 
𝑇𝑇𝑇𝑇𝑛𝑛

𝑚𝑚 Time of working for Jm with En, h 
𝑇𝑇𝑇𝑇𝑛𝑛

𝑖𝑖𝑖𝑖  Time of movement between Si and Sj with En, h 
𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 Start time of Pk for Jm, h 
𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚 End time of Pk for Jm, h 
𝐼𝐼𝑇𝑇𝑘𝑘𝑚𝑚 Interval time between end time of Pk and start time of Pk+1 for Jm, k<7, h 
𝑈𝑈𝑘𝑘,𝑛𝑛
𝑚𝑚  If En is in usage at Pk of Jm, 0-1 variable (1 = used, 0 = unused) 



𝑃𝑃𝑃𝑃𝑃𝑃𝑘𝑘,𝑛𝑛
𝑚𝑚  The priority to use En at Pk of Jm, 

𝐵𝐵𝐵𝐵𝐵𝐵𝑘𝑘𝑚𝑚 If blasting at Pk of Jm, 0-1 variable (1 = yes, 0 = no) 
D Duration of the total work 

 
The objective of this model is to minimize the total operating time and interval 

time. The objective decision variables are as follows: 
 
Minimum total operating time 

min𝐷𝐷 (1) 

 
Minimum total interval 

min�(𝑇𝑇𝑘𝑘 × � 𝐼𝐼𝑇𝑇𝑘𝑘𝑚𝑚
max 𝐽𝐽

𝑚𝑚=1

)
6

𝑘𝑘=1

 (2) 

 

4.2   Mathematical Model 

Equivalent Relation 1: the total operating time equals to the last end time minus the 
first start time. 

𝐷𝐷 =  max𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚 − min 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 (3) 

 
Equivalent Relation 2: the equipment operation time can be gotten from the 

amount of ore and the efficiency of the equipment. 

𝑇𝑇𝑇𝑇𝑛𝑛
𝑚𝑚  =  

𝑂𝑂𝑚𝑚
𝐶𝐶𝑛𝑛

 (4) 

 
Equivalent Relation 3: The moving time of equipment can be gotten from the 

distance between stopes and the speed of equipment. 

𝑇𝑇𝑇𝑇𝑛𝑛
𝑖𝑖𝑖𝑖  =  

𝐷𝐷𝑖𝑖𝑖𝑖
𝑉𝑉𝑛𝑛

 (5) 

 
Equivalent Relation 4: the interval is the time distance between the end time of 

process Pk and the next process for job Jm. 

𝐼𝐼𝑇𝑇𝑘𝑘𝑚𝑚  =  𝑆𝑆𝑇𝑇𝑘𝑘+1𝑚𝑚 − 𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚 (6) 

 



Constraint 1: in addition to blasting and ventilation, only one equipment unit is 
required for each process of each job. 

� 𝑈𝑈𝑘𝑘,𝑛𝑛
𝑚𝑚 × (𝑃𝑃𝑖𝑖 𝐸𝐸𝑃𝑃𝑛𝑛 = 𝑘𝑘 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 1 𝑒𝑒𝐵𝐵𝐵𝐵𝑒𝑒 0)

max𝐸𝐸

𝑛𝑛=1

= 1, 

∀ 𝑚𝑚 ∈  𝐽𝐽, ∀𝑘𝑘 ∈  𝑃𝑃 ∧  𝑘𝑘 ∉  {3, 4}  

(7) 

 
Constraint 2: each job should be conducted by following the process sequence. 

𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚 ≤ 𝑆𝑆𝑇𝑇𝑘𝑘+1𝑚𝑚 , ∀ 𝑚𝑚 ∈ 𝐽𝐽, ∀𝑘𝑘 ∈  𝑃𝑃 ∧  𝑘𝑘 ≠ 7 (8) 

Constraint 3: blasting can only be conducted during blasting time. 

𝑆𝑆𝑇𝑇3𝑚𝑚  =  𝐵𝐵𝑆𝑆, ∀ 𝑚𝑚 ∈  𝐽𝐽 
𝐸𝐸𝑇𝑇3𝑚𝑚  =  𝐵𝐵𝐸𝐸, ∀ 𝑚𝑚 ∈  𝐽𝐽 (9) 

 
Constraint 4: in addition to blasting, other processes need to be suspended at the 

beginning of the blasting, and restart after the blasting ends. 

𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚  =  𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚  +  𝑇𝑇𝑇𝑇𝑛𝑛
𝑚𝑚  +  𝐵𝐵𝐵𝐵𝐵𝐵𝑘𝑘𝑚𝑚  ×  (𝐵𝐵𝑆𝑆 −  𝐵𝐵𝐸𝐸) (10) 

 
Constraint 5: in addition to blasting, other processes must be outside the blasting 

time. 

𝐸𝐸 ≤ 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 ≤ 𝐵𝐵𝑆𝑆, ∀ 𝑚𝑚 ∈  𝐽𝐽, ∀𝑘𝑘 ∈  𝑃𝑃 ∧  𝑘𝑘 ≠  3 (11) 

 
Constraint 6: the start time of the next job of the same equipment should be no less 

than the end time of the previous job and the moving time of the two jobs. 

𝑆𝑆𝑇𝑇𝑘𝑘
𝑖𝑖  ≥  𝐸𝐸𝑇𝑇𝑘𝑘𝑖𝑖  +  𝑇𝑇𝑇𝑇𝑛𝑛

𝑖𝑖𝑖𝑖 ,   
𝑈𝑈𝑘𝑘,𝑛𝑛
𝑖𝑖  =  1, 𝑈𝑈𝑘𝑘,𝑛𝑛

𝑖𝑖  =  1, ∀𝑒𝑒 ∈  𝐸𝐸, 𝑘𝑘 ∈  𝑃𝑃 
(12) 

 
Constraint 7: the interval between drilling and charging should be less than 8 hours 

(one shift time); otherwise, the exponent penalty value should be added to the 
objective function. 

𝐼𝐼𝑇𝑇1𝑚𝑚  <  8, ∀ 𝑚𝑚 ∈  𝐽𝐽 (13) 

 
Constraint 8: the interval between charging and blasting should be less than 8 

hours (one shift time); otherwise, the exponent penalty value should be added to the 
objective function. 



𝐼𝐼𝑇𝑇2𝑚𝑚  <  8, ∀ 𝑚𝑚 ∈  𝐽𝐽 (14) 

 
Constraint 9: the interval between ventilation and loading should be less than 8 

hours (one shift time); otherwise, the exponent penalty value should be added to the 
objective function. 

𝐼𝐼𝑇𝑇3𝑚𝑚  <  8, ∀ 𝑚𝑚 ∈  𝐽𝐽 (15) 

 
Constraint 10: the interval between loading and scaling should be less than 8 hours 

(one shift time); otherwise, the exponent penalty value should be added to the 
objective function. 

𝐼𝐼𝑇𝑇4𝑚𝑚  <  8, ∀ 𝑚𝑚 ∈  𝐽𝐽 (16) 

 
Constraint 11: the interval between scaling and bolting should be less than 8 hours 

(one shift time); otherwise, the exponent penalty value should be added to the 
objective function. 

𝐼𝐼𝑇𝑇5𝑚𝑚  <  8, ∀ 𝑚𝑚 ∈  𝐽𝐽 (17) 

 
Constraint 12: if a job does not need bolting, the bolting time of this job is 0. 

𝑇𝑇𝑇𝑇𝑛𝑛
𝑚𝑚  =  0, ∀𝐸𝐸𝑃𝑃𝑛𝑛  =  7 ∧  𝐵𝐵𝐵𝐵𝑡𝑡𝑚𝑚  =  0 (18) 

4.3   System Simulation Algorithm 

According to the established mathematical model, the simulation algorithm of 
trackless equipment dispatching system in underground mines is constructed as 
follows: 

All jobs in the system are executed in turn. When the execution is available, the 
jobs (𝐽𝐽𝑚𝑚), which have no preordering work or preordering work has completed, are 
selected to execute by random. 

When the process is not blasting or ventilation, search equipment 𝐸𝐸𝑛𝑛  for 𝐽𝐽𝑚𝑚 
according to 𝑈𝑈𝑘𝑘,𝑛𝑛

𝑚𝑚  and put it into 𝑇𝑇𝑊𝑊𝑃𝑃𝑡𝑡𝑃𝑃𝑒𝑒𝑔𝑔_𝑝𝑝𝑝𝑝𝑝𝑝𝐵𝐵𝑛𝑛 . When multiple jobs enter a 
specific equipment unit waiting pool at the same time, the priority task is prioritized. 
Sort all jobs in 𝑇𝑇𝑊𝑊𝑃𝑃𝑡𝑡𝑃𝑃𝑒𝑒𝑔𝑔_𝑝𝑝𝑝𝑝𝑝𝑝𝐵𝐵𝑛𝑛 by 𝑃𝑃𝑃𝑃𝑃𝑃𝑘𝑘,𝑛𝑛

𝑚𝑚 . When 𝐽𝐽𝑚𝑚 is not the highest priority job, 
then the highest priority job is executed. When 𝐽𝐽𝑚𝑚 is the highest priority job, then 
𝐸𝐸𝑛𝑛 is needed to check the moving state. After all the conditions are satisfied, 𝐽𝐽𝑚𝑚 is 
executed by 𝐸𝐸𝑛𝑛. If the current time is within the blasting period, the job start time 
𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 is the blasting end time, otherwise 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 is the current system time. Calculate 



the quantity of blasting period a from 𝐽𝐽𝑚𝑚 executed by 𝐸𝐸𝑛𝑛 with the execution time 
𝑇𝑇𝑇𝑇𝑛𝑛

𝑚𝑚. When a = 0 then the job end time 𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚  =  𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚  +  𝑇𝑇𝑇𝑇𝑛𝑛
𝑚𝑚 , otherwise 𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚  =

 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚  +  𝑇𝑇𝑇𝑇𝑛𝑛
𝑚𝑚  +  𝑊𝑊 ×  (𝐵𝐵𝐸𝐸 −  𝐵𝐵𝑆𝑆). 

When the process is blasting, the job start time 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 is blasting start time, and job 
end time 𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚 is blasting end time. 

When the process is ventilation, job start time 𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚 is the current system time, and 
job end time 𝐸𝐸𝑇𝑇𝑘𝑘𝑚𝑚  =  𝑆𝑆𝑇𝑇𝑘𝑘𝑚𝑚  +  𝑇𝑇𝑇𝑇𝑛𝑛

𝑚𝑚. 
All the jobs in the set J are looped to be executed until the end, and the time node 

and parameter values of the job set J, the device set E, and the process set P are 
recorded. 

4.4   GA Solution Method 

The GA needs to construct the coding rule. The feasible solution in this model has 
two parts of parameters. The first parameter is equipment 𝐸𝐸𝑛𝑛 that 𝐽𝐽𝑚𝑚 selected, and 
the second parameter is the priority of 𝐽𝐽𝑚𝑚 to enter equipment 𝐸𝐸𝑛𝑛. 

The first parameter is a typical GA selection. Equipment selection is required for 
𝐽𝐽𝑚𝑚 ∈ 𝐽𝐽 with the process of drilling, charging, loading, scaling, and bolting. The 
amount of GA selection codes is max 𝐽𝐽  ×  5, whose range is 𝐸𝐸𝑛𝑛  ∈  𝐸𝐸 ∧  𝐸𝐸𝑃𝑃𝑛𝑛  =  𝑃𝑃𝑘𝑘. 

The first parameter is a typical GA sequence. The priority of 𝐽𝐽𝑚𝑚  ∈  𝐽𝐽 is required 
with the process of drilling, charging, loading, scaling, and bolting. Each code 
contains max 𝐽𝐽 values, which are non-repetitive values from 1 to max 𝐽𝐽. 

The steps of GA are as follows: 
Step 1: Initialize the parameters and define the basic parameters of each stope, 

cycle, process, and equipment. 
Step 2: Initialize the population. GA selection chooses values from the range of 

values randomly, and the GA sequence generates a priority sequence randomly. 
Step 3: Calculate the fitness of the population, that is, the values of objective 1 and 

objective 2. The most adaptive initial population is retained proportionally. 
Step 4: Population Crossover. The codes are crossed horizontally and vertically 

with a certain probability. 
Step 5: Perform a mutation operation to mutate the code with a certain probability. 
Step 6: Calculate the fitness of the offspring population and determine whether the 

termination condition is reached, that is, the number of cycles reaches the maximum, 
or the fitness meets the requirements. If yes, go to step 7; otherwise, merge the 
offspring population with the parent population and jump to step 3. 

Step 7: Select the individual with the least fitness, execute the system simulation 
algorithm, and generate a Gantt chart and analyze the data. 



5   Case Study 

5.1   Jobs Information 

The main factors affecting the mathematical model are the quantity and performance 
of the equipment, the quantity and distance of the stopes, the number of jobs, and the 
amount of ore. 

The equipment in this case study includes four jumbos, three chargers, five LHDs, 
three scaling rigs, and two bolting rigs.  

The equipment in this case study includes four jumbos, three chargers, five LHDs, 
three scaling rigs, and two bolting rigs. In order to simplify calculations, the 
operational efficiency of all equipment is converted to the tonnage of ore processed 
per hour. The operating parameters of equipment are shown in Table 4. 

Table 4.  Parameters of equipment in the case study.  

Name Efficiency Speed 
Jumbo 1 60 t/h 2,000m/h 
Jumbo 2 60 t/h 2,000m/h 
Jumbo 3 70 t/h 2,000m/h 
Jumbo 4 70 t/h 2,000m/h 

Charger 1 150 t/h 2,000m/h 
Charger 2 150 t/h 2,000m/h 
Charger 3 150 t/h 2,000m/h 

LHD 1 30 t/h 7,000m/h 
LHD 2 30 t/h 7,000m/h 
LHD 3 40 t/h 7,000m/h 
LHD 4 40 t/h 7,000m/h 
LHD 5 40 t/h 7,000m/h 

Scaling rig 1 100 t/h 5,000m/h 
Scaling rig 2 100 t/h 5,000m/h 
Scaling rig 3 120 t/h 5,000m/h 
Bolting rig 1 60 t/h 2,000m/h 
Bolting rig 2 60 t/h 2,000m/h 

 
There are ten stopes, and each stope is divided into three cycles. The pre-order 

work of Cycle 1 is empty, the pre-order work of Cycle 2 is Cycle 1, and the pre-order 
work of Cycle 3 is Cycle 2. Stope 3 and Stope 9 have excellent stability and do not 
need to be supported. The rest of the stope needs to be supported. The ore amount is 
shown in Table 5. 

Table 5.  Ore amount in the case study.  

Stope Name Cycle 1 Cycle 2 Cycle 3 



Stope 1 Job 1-1: 328t Job 1-2: 598t Job 1-3: 477t 
Stope 2 Job 2-1: 273t Job 2-2: 946t Job 2-3: 366t 
Stope 3 Job 3-1: 440t Job 3-2: 458t Job 3-3: 597t 
Stope 4 Job 4-1: 360t Job 4-2: 368t Job 4-3: 687t 
Stope 5 Job 5-1: 520t Job 5-2: 754t Job 5-3: 648t 
Stope 6 Job 6-1: 290t Job 6-2: 630t Job 6-3: 684t 
Stope 7 Job 7-1: 630t Job 7-2: 539t Job 7-3: 598t 
Stope 8 Job 8-1: 480t Job 8-2: 486t Job 8-3: 357t 
Stope 9 Job 9-1: 360t Job 9-2: 652t Job 9-3: 354t 

Stope 10 Job 10-1: 470t Job 10-2: 691t Job 10-3: 741t 
 
The distance between stopes is shown in Table 6. 

Table 6.  Distance (meters) between stopes in the case study.  

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 
S1 — 334 582 802 947 836 995 1054 1386 1505 
S2   — 632 852 997 886 1045 1104 1436 1555 
S3     — 220 705 594 753 812 1144 1263 
S4       — 925 814 973 1032 1364 1483 
S5         — 419 578 637 969 1088 
S6           — 467 526 858 977 
S7             — 145 477 596 
S8               — 332 655 
S9                 — 987 
S10                   — 

 

5.2   Optimization Results 

This case study selects 5 stopes with 5 cycles (5 stopes with 5 jobs, 5S5J), 5 stopes 
with 15 cycles (5 stopes with 15 jobs, 5S15J), 10 stopes with 10 cycles (10 stopes 
with 10 jobs, 10S10J), and 10 stopes with 30 cycles (10 stopes with 10 jobs, 10S10J) 
as the optimization scenarios. The jobs in each scenario are shown in Table 7. 

Table 7.  The jobs in each scenario.  

Scenario Jobs 
5S5J Job 1-1; 2-1; 3-1; 4-1; 5-1 

5S15J Job 1-1; 1-2; 1-3; 2-1; 2-2; 2-3; 3-1; 3-2; 3-3 4-1; 4-2; 4-3; 5-1; 5-2; 5-3 
10S10J Job 1-1; 2-1; 3-1; 4-1; 5-1; 6-1; 7-1; 8-1; 9-1; 10-1 

10S30J Job 1-1; 1-2; 1-3; 2-1; 2-2; 2-3; 3-1; 3-2; 3-3 4-1; 4-2; 4-3; 5-1; 5-2; 5-3 
6-1; 6-2; 6-3; 7-1; 7-2; 7-3; 8-1; 8-2; 8-3; 9-1; 9-2; 9-3; 10-1; 10-2; 10-3 

 



This case study has been run on a computer with an Intel Core I7-8550U 4GHz 
processor and 16GB RAM. All scenarios have been solved with MATLAB R2019b. 
The population of the GA is 100, the maximum evolutionary algebra is 100, the 
crossover probability is 50%, and the mutation probability is 10%. The evolution of 
the GA in each scenario is shown in Fig. 5. 

 

 

Fig. 5. The evolution of the GA in each scenario.  

Gantt charts for optimizing results are shown in Fig. 6 - Fig. 13. 

 



Fig. 6. Job–Time Gantt chart for 5S5J optimizing result.  

 
Fig. 7. Machine–time Gantt chart for 5S5J optimizing result.  

 
Fig. 8. Job–time Gantt chart for 5S15J optimizing result.  

 



Fig. 9. Machine–time Gantt chart for 5S15J optimizing result.  

 
Fig. 10. Job–time Gantt chart for 10S10J optimizing result.  

 
Fig. 11. Machine–time Gantt chart for 10S10J optimizing result.  

 



Fig. 12. Job–time Gantt chart for 10S30J optimizing result.  

 
Fig. 13. Machine–time Gantt chart for 10S30J optimizing result.  

5.3   Discussion 

The production efficiency in each scenario is shown in Table 8. 

Table 8.  Production efficiency in the case study.  

Scenario Ore amount (t) Working time (h) Efficiency (t/h) 
5S5J 1,921 59.36 32.36 

5S15J 7,820 203.21 38.48 
10S10J 4,151 81.89 50.69 
10S30J 15,782 263.12 59.98 

 
The equipment utilization rate in each scenario is shown in Table 9. 

Table 9.  Equipment utilization rate.  

Scenario 5S5J 5S15J 10S10J 10S30J 
Jumbo 35.35% 22.05% 43.57% 34.63% 

Charger 48.17% 28.39% 54.81% 45.21% 
LHD 40.24% 30.53% 52.67% 44.96% 

Scaling rig 43.04% 28.08% 52.71% 42.27% 
Bolting rig 51.67% 32.32% 60.18% 49.99% 

Average 42.35% 28.03% 52.01% 42.87% 
 
Under the condition of constant equipment, compared with 5 stopes, 10 stopes is 

increased by 50% - 60% in operation rate, 20% - 50% in equipment utilization rate, 
and only 30% - 35% in operation time. 

Therefore, increasing the number of stopes operating at the same time can 
effectively increase the number of mine production. However, when we try to 
optimize 15 stopes and 20 stopes, the results cannot meet the requirements of working 



interval constraints. It can be concluded that under the current equipment 
configuration, the simultaneous operation of 10 stopes can meet the requirements of 
mine production constraints while maintaining high production efficiency. 

Compared with the single operation cycle, multi-operation cycles have a specific 
improvement in operation efficiency but a decrease in equipment utilization. The 
increase in operation rate is mainly affected by process constraints, and there will be a 
certain period of overlap between the two cycles. The main reason for the decrease in 
equipment utilization is that there will be a certain gap period between two cycles. 

5.4   Equipment Uncertainty Analysis 

Most mining production has multiple stopes with multiple cycles, so the 10 stopes 
with 30 cycles scenario is taken to analyze the uncertainty of equipment. There is 
uncertainty with mining equipment and has a probability of failure. Each type of 
equipment usually has a backup unit. According to the current situation of equipment 
management in a Chinese gold mine, the average failure probability of each 
equipment is about 8%, and the average replacement time of the failed equipment is 1 
hour. 20,000 simulation experiments were carried out, and the results are shown in 
Fig. 14. 

 
Fig. 14. Statistical chart of 20,000 simulation results.  

According to the histogram, the results basically assumed the normal distribution, 
with a μ of 286.50 and a σ of 7.50. According to the three-sigma rule, under the 
failure rate of 8%, 95.4% of the results are in the range of 271.56 – 301.44, which is 
3.21% – 14.56% beyond the scheduled time. The uncertainty of this result is 
acceptable for most mines in China, and for the 4.6% unacceptable result, a new 
scheduling optimization can be taken to overwrite the current result. 

In order to test the influence of failure rate, a series of experiences was taken, with 
the failure rate between 8.0% - 0.5% and a span of 0.5%. The box-plot of results is 
shown in Fig. 15. 



 
Fig. 15. Box-plot of multi failure rate experiment.  

It can be shown from the results that both range and mean can be decreased with 
the decrease in failure rate. The total time and the mean failure rate are presented as 
linear correlation, with a 1.12% total time decrease per failure rate decrease. 
However, the cost of reducing the failure rate is approximately an exponential 
increase. It is wise to balance the failure rate and cost. 

6   Conclusion 

This paper presents a new trackless equipment scheduling method in underground 
mines using GA. The method includes the mathematical model of underground 
mining production constraints, simulation process, and a GA solution method. The 
shortest working time and the shortest working interval were selected as the 
optimization objective. Underground mine conditions were constrained to the model, 
which includes the production process, blasting influence, rock mechanics influence, 
equipment capacity, and equipment movement. A simulation logic was established to 
calculate the fitness of results, and a GA was selected to solve the model. 

The new model was implemented in four scenarios as case studies. Results show 
that the model can improve the efficiency and utilization of equipment for 
underground mines. With the 8% failure rate of the equipment, the total time will 
expend no more than 14.56% under the 95.4% confidence value, which indicated the 
model could adapt to the uncertainty of equipment effectively. The failure rate 
decrease can affect the total equipment time at a relatively low rate. So cost is the 
most important feature to reduce the failure rate. 

Future work will be concentrated on the establishment of dynamic stopes with 
dynamic equipment to be more adaptable to actual situations. 
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