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Abstract: This study proposes a novel approach for enhancing the productivity of mining haulage
systems by developing a hybrid model that combines machine learning (ML) and discrete event
simulation (DES) techniques to predict ore production. This study utilized time data collected from
a limestone underground mine using tablet computers and Bluetooth beacons for 15 weeks. The
collected data were used to train an ML model to predict truck cycle time, and the support vector
regression with particle swarm optimization (PSO–SVM) model demonstrated the best performance.
The PSO–SVM model accurately predicted cycle time with a mean absolute error (MAE) of 2.79 min,
mean squared error (MSE) of 14.29 min2, root mean square error (RMSE) of 3.79 min, and coefficient
of determination (R2) of 0.68. The output of the ML model was linked to the DES model to predict
ore production for each truck, section, and time period. Verification of the DES model demonstrated
its ability to accurately simulate the haulage system in the study area by comparing production logs
with the simulation results. This study’s novel approach offers a new method for predicting ore
production and determining the optimal equipment combination for each workplace, thus enhancing
productivity in mining haulage systems.

Keywords: discrete event simulation; machine learning; ore production; hybrid model; underground
mine

1. Introduction

Mining ore from the mine and transporting it to a mineral processing plant consists
of unit tasks including drilling, blasting, loading, and transportation. The profitability
of a mine may depend on the operation of its production process. In particular, as the
haulage costs of ore and waste account for more than half of mine operating costs, it is very
important to operate the mine haulage system efficiently [1–4]. Therefore, it is necessary
to establish an optimal operation and equipment utilization plan that can maximize mine
productivity and minimize operating costs [5–9].

Ore production is the most important performance indicator for mining haulage sys-
tems, and various studies have been conducted to predict production and to optimize
haulage systems. Since Rist [10] first implemented discrete event simulation (DES) in 1961,
studies from the perspective of system science have been actively conducted to predict and
optimize production by developing a simulation model for simulating mining haulage sys-
tems. Many researchers have set up simulation scenarios according to operating conditions,
such as operation time, number of equipment units, equipment dispatch interval, and time
required for unit operation, and then conducted simulations. Thus, indicators related to
the productivity of mine haulage systems have been predicted [5,7,11–24]. Torkamani and
Askari-Nasab [25] developed a simulation model that can analyze a transport system con-
sisting of trucks and shovels in relation to the establishment of short-term mine planning
and presented a methodology to implement it. Salama and Greberg [26] implemented a
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mine haulage system consisting of three load-haul-dump (LHD) machines and three trucks
using SimMine simulation software and evaluated the effect of the increase in the size
and number of equipment units on the production of the mine. Ozdemir and Kumral [27]
used a simulation technique to improve the efficiency of haulage systems by proposing a
real-time truck dispatch method using a mathematical optimization method. Park and Choi
developed GPSS/H-based programs and user-friendly programs to simulate truck-loader
transport systems, taking into account various conditions, such as fixed- and real-time
truck dispatch, crusher capacity, and truck failure [28–33]. The input data of the DES model
include factors for simulation operation, time-related factors, and factors for economic
analysis. In particular, time-related factors include the time required for unit operations
related to truck cycle time theory, equipment failure and repair, and equipment dispatch
intervals. It is a very difficult task to measure or collect the time required for unit operations
over a long period of time at an actual mine site. Therefore, most of the simulation models
that have been developed so far use statistical values of time data collected for a short
period of time as input data. In addition, studies have been conducted to examine methods
and possibilities of predicting productivity indicators in consideration of various cases.

Recently, attempts have been made to solve production prediction problems and to
optimize systems from the perspective of data science using data from mines collected in
real time using smart technology. In particular, large amounts of data have been collected
in real time by applying Internet of Things (IoT) and smart sensor technologies to mines,
and research is actively being conducted on machine learning (ML) models to predict
production and to optimize systems. Soofastaei et al. [34] estimated parameters related
to production (load and truck speed) to reduce fuel consumption in haulage systems
using artificial neural networks (ANNs) and genetic algorithms (GAs). Baek and Choi [35]
suggested a new method for predicting crusher utilization rates and ore production of
underground mine truck haulage systems using a deep neural network (DNN) model
as an ML technology for the development and operation of mineral resources. Baek and
Choi [36] analyzed the operating conditions in an open-pit mine and used a DNN model to
estimate the amount of ore production. Choi et al. [37] developed and evaluated various
ML algorithms for learning data collected using IoT systems to estimate ore production
in an open-pit mine. ML models can be used to predict productivity metrics for mine
haulage systems using data that can be gathered from mine sites. Therefore, assuming that
the operating conditions and methods for the haulage system will not change, the latest
productivity indicators can be predicted by simply inputting additionally collected data
into the developed prediction model. In other words, there is an advantage in that the
developed prediction model can be continuously updated and used throughout the life of
the mine.

As described above, DES and ML techniques are actively used to predict and opti-
mize mine production. However, both of these approaches have clear advantages and
disadvantages. Although a DES model based on the domain knowledge of a mine can
be widely used in consideration of various operating conditions in the field, it is difficult
to sufficiently verify the accuracy of the prediction results. In contrast, the ML model
learns based on actual field data and shows high prediction accuracy, but the prediction
accuracy rapidly decreases when operation methods, such as equipment and haulage
routes in the field, change and/or fall out of the operating range of the data collected in
the past. Therefore, recently, studies have been conducted to establish control strategies
for mining systems using both DES and ML techniques. Peña-Graf et al. [38] proposed a
framework combining DES and ML to integrate decision-making processes considering
geological uncertainty and used it to assess and mitigate potential risks to gold mineral
processing performance. Wilson et al. [39] evaluated a system for geological uncertainty by
integrating DES with data generated by partial least squares (PLS) regression. In addition,
Wilson et al. [40] developed a framework combining ANNs and DES for the regional
coordination of refractory gold ores to be processed in a centralized plant. However, the
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aim of the DES technique in these studies is to simulate ML-enabled control strategies.
There is still a lack of research using DES techniques as part of the control strategy.

This study presents a new model combining the advantages of DES and ML ap-
proaches to predict the production of a mine haulage system and to derive an optimal
operation plan. To this end, a limestone mine located in Korea was chosen as the research
area, and truck operation time data of the underground mine were collected using Blue-
tooth beacons and tablet PCs. An ML model was developed to predict the truck cycle time
based on recorded data. The results from predicting ore production by time period were
calculated and presented by linking the predicted cycle time with the DES model.

2. Research Area and Data Collection
2.1. Research Area

Seongshin Minefield Co. (37◦1712′′ N, 128◦4353′′ E) in South Korea was selected as the
research area, and an ML–DES hybrid model was developed to predict the truck cycle time
and ore production of a mine haulage system using truck operation time data collected
in the research area (Figure 1). The mine produces approximately 4500 metric tons of
limestone per day by applying the room and pillar method. Ore production takes place
8 h a day, excluding lunch breaks (1 h). The mined limestone is loaded into a truck by
a loader and transported to the processing plant after being classified by grade. Table 1
shows the types and number of equipment units used to load and transport ore or waste in
the study area. In the study area, 3 loaders (with bucket sizes of 4.76 to 5.70) and 10 trucks
(with loading capacities of 23 and 37 metric tons) are used to produce the limestone ore.
In addition, the mine operates 8 loading points with different ore grades and 3 dumping
points (crushers). The production manager establishes a daily production plan considering
the daily target of ore production and grade. After establishing the daily production plan,
the manager dispatches loaders and trucks to three loading points. The trucks move to
the loading point, load the ore, and haul it to the processing plant. The trucks that have
dumped the ore move back to the loading point and repeat the ore hauling operation.
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Table 1. Description of datasets for training machine learning model.

Equipment Capacity Amount

Loaders

4.76 m3 1

5.00 m3 1

5.70 m3 1

Trucks
23.0 ton 7

37.5 ton 3

2.2. Data
2.2.1. Method for Data Collection

Bluetooth beacons and tablet PCs (short-range wireless communication devices) were
used to collect log data on the travel time of trucks used in the mine haulage system in
the research area. A Bluetooth beacon periodically transmits user information (ID) as a
Bluetooth signal. When a user with a tablet PC enters the signal reach area, the smartphone
app receives a Bluetooth signal and delivers an ID to a server, which recognizes the
individual and transmits related information to the user’s tablet PC to provide Bluetooth
beacon-based services. In this study, an indoor positioning system among various services
provided by Bluetooth beacons was used to collect log data on the travel times of trucks
used in the mine haulage system. Bluetooth beacons were installed on the main haulage
route where trucks travel in the mine haulage system, and the passing time of a truck was
recorded when a truck with a tablet PC passed through the location in which the Bluetooth
beacon was installed. The Bluetooth beacons were installed at the main locations along the
haulage route (loading point, junction, etc.), at the crusher (dumping point), and on the
loaders (Figure 2). A total of 22 beacons were installed on the haulage route (11 beacons) and
the loading points (8 beacons) and dumping points (3 beacons), and beacons were installed
on 3 loaders used in the mine transport system. The beacons installed on the haulage route
and the crusher were fixed to the wall of the tunnel or structure, and the beacons installed
on the loader were attached to the windshield or room mirror of the truck’s cabin. The
average temperature and precipitation data of the research area used for predicting the
truck cycle time and ore production using the ML model were obtained from data published
on the Open MET Data Portal of the Korea Meteorological Administration (KMA).

In this study, a total of 51,732 log data were collected over a period of 15 weeks to
predict the truck cycle time and ore production of the mine haulage system. Log data
related to truck travel times collected using Bluetooth beacons and tablet PCs were stored
in a comma-separated values (CSV) file format. When the tablet PC received the signal
from the Bluetooth beacon, the ID and information set in the beacon (location division,
location name), the signal reception time (date, time), and the information of the vehicle that
received the signal were recorded. The location division is the information for identifying
the location where the Bluetooth beacon is installed, and it is divided into loading and
dumping point, entrance, haulage route, and loader.

2.2.2. Data Pre-Processing and Validation

As mentioned above, the log data record the time when the truck passes the point
where the Bluetooth beacon is installed. Therefore, data pre-processing is required to
calculate the truck travel time for each section. The truck travel time was calculated using
the truck passage times at two points recorded sequentially, as follows: 1. The log data files
recorded by the truck and the date were collected into a single data file. 2. Through division
based on vehicle ID and date, a route combination (consisting of a beacon ID for the origin
and the destination) was generated according to the order in which the beacon signals were
received. 3. The truck travel time for each route was calculated based on the difference
in the signal reception time between the two points. 4. The statistical value of the truck
operation time was the output for the same route. Items of statistical value included the
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number of data for each route ID, average truck travel time, standard deviation, minimum
and maximum travel time, and percentiles (P10, P25, P75, P90). By pre-processing 51,732 log
data, 42,808 truck travel time data for 444 sections could be collected.
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In this study, a time study using a stopwatch was conducted to verify the collected
truck travel time data, and a production log written by truck drivers for a week was secured.
The time study was performed by directly boarding a truck operating between Crusher
3 (beacon ID: 22) and Area E (beacon ID: 4) and then measuring the truck travel time
with a stopwatch. The vehicle information and driving records, driving status (origin,
departure time, destination, product name, etc.), maintenance details, etc., were recorded
in the production log, and the truck travel time was calculated. In this study, the log data
collected using a Bluetooth beacon were verified by comparing the cycle times for the
section between Crusher 3 and Area E. The truck cycle time collected through the beacons
and the truck cycle time calculated through the time study and production log were found
to be highly similar.

3. Methods

In this study, we developed an ML–DES hybrid model that can predict the ore pro-
duction of a mine haulage system by combining two techniques, machine learning and
discrete event simulation. Figure 3 shows the operating principle for the ML–DES hybrid
model. First, log data for the mine haulage system were collected using Bluetooth beacons
and tablet PCs. The collected log data were uploaded to a cloud server and stored over a
long period of time. The collected log data were pre-processed so that they could be used
as input data for the ML model to predict the truck cycle time. Next, an ML model for
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predicting the truck cycle time was developed, and the truck cycle time was predicted for
each truck and section using the pre-processed data and the data affecting the truck cycle
time. Finally, the predicted truck cycle time was used as the input data for the DES model
to predict ore production, and ore production by truck and loading point was predicted.
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3.1. Development of Machine Learning (ML) Models for Predicting Truck Cycle Times

The ML model development for predicting the truck cycle time of the mine haulage
system proceeded in the order of data collection for learning and verification, data pre-
processing, ML algorithm application, ML model verification, and optimal model selection.

3.1.1. Training Data Production and Pre-Processing

In general, the truck cycle time is affected by the skill of the driver, the slope and
distance of the haulage route, and environmental factors (temperature and precipitation).
The higher the driving proficiency, the gentler the slope of the haulage route, and the
shorter the distance, the less the truck cycle time will be. In addition, the better the road
surface condition of the haulage route, the shorter the cycle time. Because the condition of
the road surface in an underground mine can vary greatly depending on the amount and
level of groundwater, temperature and precipitation data were considered as influencing
factors. The driver’s skill is difficult to quantify. Therefore, the truck ID was used to classify
the driver’s skill according to the driver. The slope and distance of the haulage route were
classified using path ID. Table 2 shows the structure of the training dataset of the ML model
for predicting the truck cycle time, consisting of 4 input variables and 1 label.

Table 2. Description of datasets for training machine learning models.

Dataset Description Data Type

Features

Path ID Character

Truck ID Character

Daily mean temperature Float (◦C)

Precipitation Float (mm/day)

Label Truck cycle time Float (min)

The truck cycle time used as a label here is composed of a series of truck travel
times corresponding to travel time with an empty truck, loading time, travel time with a
loaded truck, and dumping time. Therefore, when the truck cycle time is calculated by
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pre-processing the truck travel time data (42,808) for each section, the amount of data that
can be used for the ML model is 366. Therefore, the dataset for ML model training consisted
of 366 pieces of data. Categorical data included haulage routes and truck types (truck ID).
Continuous data included temperature and precipitation data. The data for training the
ML model consisted of the truck cycle time as collected using Bluetooth beacons, tablet
PCs, and meteorological data from the KMA.

As noted above, the data types of the input variables used for ML model training
consisted of categorical and continuous data. Accordingly, one-hot encoding was performed
to convert categorical data into numeric data. This method prevented the problem of adding
information regarding the size by converting three or more categories to an integer type;
this method also created a way to solve them by creating binary characteristics for each
category. The data were converted using the min–max normalization method, as shown in
Equation (1).

x′ =
xi −min(x)

max(x)−min(x)
(1)

This normalization method can prevent overfitting [41]. In addition, it is possible to
increase the efficiency of ML because the parameter adjustment step and the time required
for model training are reduced. The dataset for ML model training consisted of 366 data
elements. The training and verification datasets were randomly divided in a 75:25 ratio,
respectively, and the learned model was verified.

Before normalizing the training dataset, the statistical values for truck cycle time,
precipitation, and daily mean temperature were calculated; they are presented in Table 3
and Figure 4. The mean truck cycle time (minutes) was 25.98 min, and the standard
deviation was 7.43 min. During the 15 weeks, the mean and standard deviation of the
daily average temperatures were −4.44 ◦C and 5.42 ◦C, respectively. The mean of the daily
precipitation was 0.31 mm, and the standard deviation was 0.84 mm.

Table 3. Characteristics of datasets for training machine learning models.

Statistics Truck Cycle Time
(min)

Daily Mean
Temperature (◦C)

Daily Precipitation
(mm/Day)

Mean 25.98 −4.44 0.31

Standard deviation 7.43 5.42 0.84

Minimum value 14.30 −14.30 0.10

Maximum value 54.50 8.80 6.90
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3.1.2. Application of ML Algorithms

In this study, four ML algorithms were utilized to develop models for predicting the
truck cycle time. The algorithms used were random forest (RF), k-nearest neighbor (kNN),
support vector machine with particle swarm optimization (PSO–SVM), and DNN.

The kNN model is a type of ML model that classifies data based on the assumption
that data with similar characteristics belong to the same category. Therefore, the model
allocates new examples that are not classified into the classes to which the majority of
the k closest neighbors belong. Misclassification of the data can be effectively reduced by
increasing the number of samples in the training dataset. The accuracy of the kNN model
is significantly related to the number of neighbors, k, and the distance for calculating the
closest distance to the value of k [42].

The RF model is an algorithm derived from the decision tree model, which combines
multiple randomly generated decision trees to form a forest-like structure. Tree-based
models are popular supervised learning algorithms due to their simplicity and excellent
performance. RF is an ensemble method that predicts the results by combining multiple
models, and it is assumed that combining multiple models with low accuracy can achieve
better performance than using one model with high accuracy. Thus, RF creates a more
flexible result by summing the vertical boundaries in each tree.

The support vector machine (SVM) was initially introduced by Boser et al. [43], and it
has recently been successfully applied to various problems related to pattern recognition
using bioinformatics and image recognition [44]. In addition, it is a powerful and widely
used algorithm that can be used for both linear and nonlinear regression and classification.
SVM is basically a model that linearly classifies data like linear logistic regression and
classifies data in three stages. Assuming that there are two-dimensional data composed
of two classes, there can be an infinite number of straight lines separating these classes,
but only one straight line can be selected using the condition for selecting the decision
boundary of SVM. The selection condition is to select a hyperplane that maximizes the
distance between the closest data points of each class. The closest points between each class
are selected, and when the distance between margins represented by two parallel straight
lines containing these points is maximized, two straight lines containing these points are
selected. The points used to select the two straight lines are called support vectors, and
when these two straight lines are determined, the central straight line located at the same
distance from the two straight lines becomes the decision boundary [45].

The PSO–SVM model combines particle swarm optimization (PSO) to optimize the
SVM parameters. The PSO is an optimization technique that simulates the diversity of
swarms based on the behavior of particles and social animals, such as flocks of flying
birds. It was developed in 1995 by Kennedy and Eberhart [46]. The PSO is a computational
algorithm inspired by swarm intelligence. Swarm intelligence arises from populations or
homogeneous cooperation in a particle environment and assumes that each particle has
a specific size with an arbitrary starting position. In PSO–SVM, the particles are denoted
as C and γ, and they are the hyperparameters of SVM. Speed (vi) was calculated using
Equation (2), and position (xi) was calculated using the calculated speed (Equation (3)). In
this manner, each particle moves around the area and shares the optimal hyperparameter
position to find a hyperparameter that converges [47]. In Equations (2) and (3), j is the
particle index, i is the iteration, vj is the particle speed, xj is the particle position, Pbest is the
best value of the particle, Gbest is the best iteration value, C1 is the learning rate, and r1 is a
random number.

vj(i + 1) = vj(i) + c1r1
(

Pbest − xj(i)
)
+ c1r1

(
Gbest − xj(i)

)
(2)

xj(i + 1) = xj(i) + vj(i + 1) (3)
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The DNN model is an algorithm based on the use of ANNs to process information in
a form similar to that used in the human brain by receiving a motif from the structure of a
human neural network. Deep learning has the advantage of not having to inform users of
the importance of data attributes. The DNN model has a layered structure consisting of an
input layer, multiple hidden layers, and an output layer. The data are input, and by stacking
neural layers, they undergo several stages of feature extraction to automatically extract
high-level abstract knowledge. Data are transmitted through the repetition of information
transfers and operations between nodes corresponding to human neurons, and through
the transfer of computational results. The prediction accuracy of the DNN-based model is
determined by the number of hidden layers and nodes. Accordingly, the optimal model
must be determined by adjusting this number.

Various parameters exist depending on the ML algorithm, and the performance of the
ML model depends on these parameters. In this study, the kNN, RF, and DNN models had
their parameters optimized using grid search (GS) through 5-fold cross-validation. The
SVM model’s parameters were optimized using PSO. The parameter types and tunings for
each ML model used in this study are listed in Table 4.

Table 4. Values for parameter tuning by grid search.

Model kNN RF PSO–SVR DNN

Parameter n_neighbors

n_estimators
ccp_alpha/

min_impurity_decrease/
min_samples_leaf/
min_samples_split/
min_weight_fraction_leaf

C/γ Hidden layer
node

Min 1 100/0/0/1/1/0.1 10/0.1 2/20

Max 100 100/10/10/10/10/1 100/1 10/100

Step (+) 1 (+) 0/1/1/1/1/0.1 - (+) 1/10

For the kNN model, the accuracy depends on the value of k (n_neighbors), which
represents the number of neighbors considered. The accuracy was predicted by incre-
menting k from 1 to 100. In the case of the RF model, various parameters, such as
n_estimators, ccp_alpha, min_impurity_decrease, min_samples_leaf, min_samples_split,
and min_weight_fraction_leaf, were tuned to maximize accuracy. For each parameter, a
specific range was set, and the accuracy was predicted accordingly. n_estimators is a param-
eter that indicates the number of trees to be created. ccp_alpha is a parameter indicating
the complexity used for least-cost-complexity pruning. min_impurity_decrease indicates
the minimum amount of impurity reduction obtained through division. min_samples_leaf
is the minimum number of sample data points required to become a leaf node, and
min_samples_split is the minimum number of sample data points required to split a
node. min_weight_fraction_leaf is similar to min_samples_leaf, but it is a ratio of the total
number of weighted samples.

The accuracy of the PSO–SVR model depends largely on the parameters C and γ. C
denotes a parameter that specifies the extent to which the SVR model can tolerate an error.
γ determines how flexibly the decision boundary is drawn. Parameters C (10–100) and γ
(0.1–1) were optimized using a particle swarm optimization.

Because the accuracy of the DNN model varies depending on the hidden layer and
the node, the hidden layer was set from 2 to 10 and the node was set from 20 to 100, and
then they were increased by 1 and 10, respectively, to increase the accuracy of the model.
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3.1.3. ML Model Verification and Optimal Model Selection

The performance of the ML model was verified using the mean absolute error (MAE),
mean square error (MSE), root mean square error (RMSE), and coefficient of determination
(R2), which are the performance indicators representing the performance of the regression
model in this study. MAE refers to the value obtained by averaging the absolute value of
the error (the difference between the actual and predicted values, Equation (4)). The MSE
represents the average of the squares of the errors (Equation (5)). RMSE refers to the square
root of the MSE and allows for the examination of the magnitude of the error (Equation (6)).
R2 represents the extent to which the regression equation can explain the original data
(Equation (7)). The equations for each performance indicator are as follows, where h

(
x(i)
)

is the predicted value from the model of the i-th data and yi is the label of the i-th data. The
sum of squares for the residual is the sum of the results obtained by subtracting the average
of the observed values from the estimated value. The total sum of squares indicates the
sum of the results obtained by subtracting the average of the observed values from the
observed value.

MAE(X, h) =
1
n∑n

i=1

∣∣∣h(x(i) − y(i)
∣∣∣ (4)

MSE(X, h) =
1
n∑n

i=1

(
h
(

x(i) − y(i)
) 2

(5)

RMSE(X, h) =

√
1
n∑n

i=1

∣∣h(x(i) − y(i)
)∣∣ (6)

R2 = 1− SSE
SST

(7)

3.2. Development of a Production Prediction ML–Discrete Event Simulation (DES) Model
3.2.1. Design of ML–DES Model

A DES model was designed to predict ore production in the study area by using the
truck cycle time predicted by the ML model as input data. Figure 5 shows a schematic
diagram of the input data used to predict the ore production and output data after simu-
lation using the DES model to simulate the mine haulage system. The input data of the
simulation model were divided into simulation factors related to the operating conditions
and time factors related to the time required for the unit tasks. The simulation parameters
related to the operating conditions included the operating time (simulation time), truck
ID, truck capacity, and loading point, and the time parameters included the travel time,
loading time, and dumping time. The output data of the simulation model included the
total operating time, number of loading and haulage, amount of loaded ore, and time of
haulage for one cycle.
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The simulation parameters can be determined through interviews with the field staff
and an analysis of the vehicle operation log. For the parameters related to time, such as
truck travel time, the cycle time for each truck allocation scenario, as predicted using the
ML model, was used.

3.2.2. Development of Simulation Algorithm

Figure 6 shows the simulation algorithm for the mine haulage system designed accord-
ing to the research area and truck cycle time (TCT) theory. The TCT theory was proposed
by Suboleski [48], and it can be explained using the following equation:

TCT = STL + LT + TL + STD + DT + TE + AD (8)

where TCT means truck cycle time, STL is the spotting time in the loader, LT is the loading
time, TL is the travel time of the loaded truck, STD is the spotting time in the dumping
point, DT is the dumping time, TE is the travel time of the empty truck, and AD denotes
the average delay time. This is the delay time that can be caused by the truck waiting
for work at the loading or dumping point. The truck dispatched into the system was
designed to move to a designated loading point, transport the ores to the crusher, and
continue to perform the operation for a simulation time set in advance by the user. In this
study, a simulation model reflecting the designed simulation algorithm was developed and
implemented using the AnyLogic software, as shown in Figure 7. In addition, the layout of
the simulation model was designed considering loading and dumping points and haulage
routes, as shown in Figure 2. The simulation model in Figure 7 shows the model for one
truck allocated to one specific loading point and can be expanded by considering the types
and numbers of trucks and the number of loading points. Table 5 presents the functions of
each block in the simulation model.
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Table 5. Functions of each block in the discrete event simulation model.

Blocks Function

source Start of the truck haulage system
Creation of ore to be loaded and transported (at the loading point)

sink Termination of truck haulage system
Removal of loaded and transported ore (at the dumping point)

hold Control the start and termination of the simulation

TimeMeasureStart
Measure the time it takes to load and haul ore once

timeMeasureEnd

resourceTaskStart Creation of trucks to carry out the loading and hauling of ore

resourceTaskEnd Removal of trucks to carry out the loading and hauling of ore

moveTo1 Moving to the loading point of the empty truck

moveTo2 Moving to the loading point of the empty truck

moveTo3 Moving to the dumping point of the loaded truck

seize_T Designation of truck to carry out ore loading and
hauling operations

seize_L Designation of loader to perform loading operation

seize_C Designation of crusher to perform dumping operation

release_T Deselection of truck that has completed loading and
hauling operations

release_L Deselection of loader that has completed loading operation

release_C Deselection of crusher that has completed dumping operation

Loading Loading operation

Dumping Dumping operation

queue_C Queues created at dumping points

queue_LP Queues created at loading points

3.2.3. Verification of Simulation Algorithm

The simulation algorithm was verified by comparing the simulation results with data
from the analysis of the vehicle operation log for a week. The simulation was performed
using the TCT predicted by the ML model for the input data. To this end, the section
(crushing field to loading field), time, and production volume were analyzed for each truck
during the corresponding period using the vehicle operation log. Additional verification



Minerals 2023, 13, 830 13 of 24

was performed by comparing the times the ores were loaded and dumped with the time
output from the DES model on the working day when the vehicle operation log was written.

4. Results
4.1. Results of Development of Cycle Time Prediction ML Model
4.1.1. Results of ML Model Training

Four ML models (kNN, RF, PSO–SVM, and DNN) were used to predict the TCT.
For each model, the parameters related to the learning accuracy listed in Table 4 were
optimized, and a predictive model with the best performance was designed. The prediction
accuracy of the kNN model depends on parameter k. Figure 8a shows the accuracy of
the model by increasing k by 1 from 1 to 100. The prediction accuracy of the kNN model
was highest when k = 53. Based on the training dataset, the MAE shows the lowest error
of 3.74 min. The accuracy of the RF model is related to six hyperparameters. Figure 8b
illustrates the learning accuracy of the RF model, which varies owing to changes in the
parameter values. The RF has the lowest error of 3.83 (min) when n_estimators is 100,
ccp_alpha is 2, min_impurity_decrease is 2, min_samples_leaf is 6, min_samples_split is
5, and min_weight_fraction_leaf is 0. The learning accuracy of the PSO–SVM model is
determined by the parameters C and γ, and Figure 8c shows the learning accuracy of the
model according to changes in the parameters C and γ. The PSO–SVM model showed
the best performance with an MAE of 3.45 (min) when C was set to approximately 30.21
and γ to approximately 0.61. The learning accuracy of the DNN model varied according
to the number of hidden layers and nodes. Figure 8d shows the learning accuracy of the
model according to changes in the parameters. The DNN model showed the smallest error
(MAE = 3.97 (min)) when the number of hidden layers was 9 and the number of nodes
was 20.
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4.1.2. Results of Performance Evaluation of Cycle Time Prediction Model

After applying the parameter with the highest learning accuracy to each model, the
performance was evaluated based on verification data (25% of the total data). Figure 9
shows the actual measured TCT and the predicted values from the model. In the graph,
the horizontal axis represents the actual TCT and the vertical axis represents the value
predicted by the ML model. All four models were found to be biased towards the maximum
and minimum values of TCT predictions.
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(a) kNN; (b) RF; (c) PSO–SVR; (d) DNN.

The performance of the ML model was evaluated using MAE, MSE, RMSE, and R2,
which are performance indicators mainly used in regression models. Table 6 shows the
performance index of each model. The performance indicators for the kNN model are
as follows: MAE of 2.89 (min), MSE of 13.65 (min2), RMSE of 3.69 (min), and R2 of 0.69
(Figure 9a). The RF model was confirmed to be biased towards the maximum and minimum
values of the cycle time prediction (Figure 9b). In addition, the values of the performance
indicators were as follows: MAE, 2.88 (min); MSE, 15.40 (min2); RMSE, 3.92 (min); and
R2, 0.65. The results from the PSO–SVR model are shown in Figure 9c. Owing to the
difference between the predicted values and the actual data, the MAE is 2.79 (min), MSE is
14.29 (min2), RMSE is 3.78 (min), and R2 is 0.68. The verification results of the DNN model
are presented in Figure 9d. The MAE is 2.95 (min), MSE is 16.14 (min2), RMSE is 4.02 (min),
and R2 is 0.64.
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Table 6. Indicators for performance assessment of the machine learning models.

Indicator kNN RF PSO–SVR DNN

MAE (min) 2.89 2.88 2.79 2.95

MSE (min2) 13.65 15.40 14.29 16.14

RMSE (min) 3.69 3.92 3.78 4.02

R2 0.69 0.65 0.68 0.64

In this study, the performance ranking of ML models for predicting TCT based on MAE
among four performance indicators was determined. MSE is sensitive to outliers because it
is calculated by squaring the difference between the predicted value and the actual value.
That is, when the error between the predicted value and the actual value is between 0 and
1, the error is reflected in the MSE as smaller than the original error, and when the error
is larger than 1, the error is reflected as larger than the original error. Because RMSE is
calculated by taking the root of MSE, it can compensate for the disadvantages of MSE, but
each error has a different weight. On the other hand, in the case of MAE, compared to MSE
and RMSE, the influence of outliers is relatively small, and equal weights are given to all
errors. Therefore, when the performance of the ML model is determined based on the MAE,
the PSO–SVM model appears to have the best performance. The PSO–SVM model showed
the lowest error with an MAE of 2.79 (min), followed by RF, kNN, and DNN. It should be
noted that the PSO–SVM model shows the best performance as a model for predicting TCT.

4.2. Results of the Production Prediction ML–DES Model
4.2.1. Settings of Simulation Scenario and Parameters

Using AnyLogic software, the ML–DES model was developed to predict ore produc-
tion, and verification was performed to determine whether the mine haulage system in the
research area was properly simulated. The simulation model was verified by comparing
the analysis results from the vehicle operation log, as secured in advance, with the results
from the simulation by applying the operating conditions from the period in which the
log was written. By analyzing the vehicle operation log, it was found that the trucks
used in the haulage system generally perform work for 8 h a day (08:00–17:00), excluding
lunch time (1 h). However, it was found that the haulage route frequently changed be-
cause of daily production plans and unexpected variables potentially occurring at the site
(crusher failure, temporary closure of the mine, etc.). As a result of the vehicle operation
log analysis, ore was produced using four routes, as shown in Table 7, during the period.
Table 8 presents the simulation scenario and input data, as determined through the vehicle
operation log analysis.

Table 7. Routes for ore production derived from analysis of vehicle operation log analysis.

Route ID Loading Point Dumping Point Beacon IDs

A Area A Crusher 3 4↔ 2↔ 1↔ 20

B Area B Crusher 3 9↔ 8↔ 7↔ 6↔ 5↔ 20

C Area C1 Crusher 1 17↔ 16↔ 14↔ 13↔ 12↔ 6↔ 11↔
10↔ 22

D Area C2 Crusher 1 19↔ 18↔ 16↔ 14↔ 13↔ 12↔ 6↔
11↔ 10↔ 22
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Table 8. Simulation scenario and input data determined through vehicle operation log analysis.

Date Truck ID Truck Type
(tons) Route ID Operating Time

(Simulation Time, hh:mm)

23 November 2020

1 37.5 A 08:00~12:00

6 23.0 C 10:00~12:00, 13:00~14:30

4 23.0 C 09:00~12:00, 13:00~14:30

7 23.0 C 10:00~12:00, 13:00~14:30

24 November 2020 3 23.0 B 08:00~12:00, 13:00~17:00

25 November 2020

1 37.5 A 08:00~12:00, 13:00~14:30

2 37.5 A 08:00~12:00, 13:00~14:30

3 23.0 B 08:00~12:00, 13:00~17:00

26 November 2020

1 37.5 A 14:00~16:30

2 37.5 A 14:00~16:00

3 23.0 B 08:00~12:00, 13:00~16:30

6 23.0 D 08:00~12:00, 13:00~16:30

5 23.0 D 08:00~12:00, 13:00~16:30

4 23.0 D 08:00~11:00

7 23.0 D 08:00~10:30

27 November 2020

1 37.5 A 08:00~12:00, 13:00~15:00

2 37.5 A 08:00~12:00, 13:00~15:00

6 23.0 D 13:00~17:00

4 23.0 D 13:00~17:00

7 23.0 D 13:00~17:00

28 November 2020

3 23.0 B 08:00~12:00, 13:00~17:00

5 23.0 C 10:30~12:00, 13:00~15:30

4 23.0 C 10:30~12:00, 13:00~15:30

7 23.0 C 10:30~12:00, 13:00~15:30

6 23.0 D 08:00~10:30

5 23.0 D 08:00~10:30

4 23.0 D 08:00~10:30

7 23.0 D 08:00~10:30

The truck travel time for each section, as input to the DES model, was calculated using
the TCT prediction ML model. The truck travel time input to the simulation model has the
form of mean ± standard deviation. Table 9 summarizes the time data by truck and section.
It is assumed that the loading and dumping times of the ore vary depending on the type of
truck and that they have the same values in all sections.

4.2.2. Results and Verification of Simulations

In this study, the ML–DES model for ore production prediction was verified by com-
paring the production by truck/section, as recorded in the vehicle operation log, with the
ore production calculated through the simulation model. The simulation was performed by
inputting the previously determined simulation scenario, input data, and truck operation
time data. Because the vehicle operation log written in the field is based on the loading
time, the simulation model was also set to count the amount of transportation of the ore
at the time of loading the ore. Table 10 and Figure 10 show the ore production (tons) and
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the number of transports by dividing the vehicle operation log and simulation prediction
results by truck/section. In the case of morning operations, it should be noted that the
simulation model predictions are generally similar to those from the vehicle operation log.
However, in the case of afternoon operations, there is a slight difference in the prediction
results; however, the analysis and prediction results are correlated with each other.

Table 9. Truck travel time by truck/section calculated using the truck cycle time prediction model.

Truck ID Route ID

Travel Time
with Empty

Truck
(Mean ± SD)

Loading Time
(Mean ± SD)

Travel Time
with Loaded

Truck
(Mean ± SD)

Dumping
Time

(Mean ± SD)

1
A 8.83 ± 1.77 3.73 ± 0.75 8.23 ± 1.65 0.62 ± 0.12

C 13.13 ± 2.63 3.73 ± 0.75 12.24 ± 2.45 0.62 ± 0.12

2

A 9.14 ± 1.83 3.73 ± 0.75 8.52 ± 1.7 0.62 ± 0.12

B 12.22 ± 2.44 3.73 ± 0.75 11.39 ± 2.28 0.62 ± 0.12

C 16.36 ± 3.27 3.73 ± 0.75 15.26 ± 3.05 0.62 ± 0.12

3 B 12.38 ± 2.48 4.05 ± 0.81 9.67 ± 1.93 0.88 ± 0.18

4
C 16.57 ± 3.31 4.05 ± 0.81 12.94 ± 2.59 0.88 ± 0.18

D 16.07 ± 3.21 4.05 ± 0.81 12.55 ± 2.51 0.88 ± 0.18

5
C 18.28 ± 3.66 4.05 ± 0.81 14.28 ± 2.86 0.88 ± 0.18

D 13.24 ± 2.65 4.05 ± 0.81 10.34 ± 2.07 0.88 ± 0.18

6
C 16.79 ± 3.36 4.05 ± 0.81 13.12 ± 2.62 0.88 ± 0.18

D 14.47 ± 2.89 4.05 ± 0.81 11.3 ± 2.26 0.88 ± 0.18

7
C 17.04 ± 3.41 4.05 ± 0.81 13.31 ± 2.66 0.88 ± 0.18

D 14.93 ± 2.99 4.05 ± 0.81 11.66 ± 2.33 0.88 ± 0.18
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In this study, additional verification of the DES model was performed by organizing
the loading time of the ore using the vehicle operation log of 26 November 2020 and
comparing it with the loading time simulated in the model. Table 11 shows the loading
times calculated in the vehicle operation log and the simulation model divided by section,
truck, and time zone. As a result, discrepancies occur between the vehicle operation log and
the simulation model for some trucks and sections, but the loading times and transportation
frequency are generally similar. The trucks and sections where the simulation model does
not predict accurately may not have predicted the cycle time with high accuracy owing
to a relative lack of training data in the TCT prediction ML model. In addition, as the
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DES model has a limitation in that it cannot consider variables or situations occurring
abnormally during actual haulage operations, trucks and sections with low prediction
accuracy can occur. Therefore, there should be sufficient data accumulation for training the
ML model to enhance the DES model. Improvement is necessary for the simulation model
to better reflect reality.

Table 10. Comparison of production between vehicle operation log and discrete event simula-
tion model.

Date Truck ID Route ID

Vehicle Operation Log Discrete Event Simulation

Amount of Loaded Ores (tons) Amount of Loaded Ores (tons)

AM
(08:00~12:00)

PM
(13:00~17:00)

AM
(08:00~12:00)

PM
(13:00~17:00)

23 November
2020

1 A 412.5 - 412.5 -

6 C 112.5 112.5 150.0 112.5

4 C 187.5 112.5 187.5 112.5

7 C 112.5 112.5 150.0 75.0

24 November
2020 3 B 300.0 300.0 375.0 375.0

25 November
2020

1 A 337.5 75.0 450.0 150.0

2 A 412.5 37.5 412.5 150.0

3 B 300.0 337.5 337.5 337.5

26 November
2020

1 A - 262.5 - 300.0

2 A - 187.5 - 187.5

3 B 300.0 225.0 412.5 300.0

6 D 262.5 225.0 262.5 262.5

5 D 262.5 187.5 300.0 300.0

4 D 225.0 - 187.5 -

7 D 150.0 - 187.5 -

27 November
2020

1 A 375.0 150.0 412.5 187.5

2 A 375.0 187.5 412.5 187.5

6 D - 337.5 - 262.5

4 D - 337.5 - 262.5

7 D - 337.5 - 300.0

28 November
2020

3 B 300.0 300.0 412.5 337.5

5 C 75.0 187.5 112.5 187.5

4 C 75.0 187.5 112.5 187.5

7 C 75.0 187.5 112.5 150.0

6 D 187.5 - 187.5 -

5 D 187.5 - 187.5 -

4 D 150.0 - 150.0 -

7 D 187.5 - 187.5 -
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Table 11. Comparing the loading time between the vehicle operation log and the predicted result of
the machine learning–discrete event simulation model.

Time

Route A Route B Route D

Truck 1 Truck 2 Truck 3 Truck 4 Truck 5 Truck 6 Truck 7

Actual
Log DES Actual

Log DES Actual
Log DES Actual

Log DES Actual
Log DES Actual

Log DES Actual
Log DES

8:00 08:10
08:40

08:11
08:35
08:58

08:19
08:51 08:27 08:34 08:16

08:21
08:25
08:58

08:19
08:45 08:29 08:24

08:54

9:00 09:10
09:38

09:17
09:41

09:21
09:51

09:05
09:48

09:06
09:36

09:09
09:34

09:27
09:56

09:21
09:54

09:02
09:31

09:25
09:51

10:00 10:06
10:33

10:09
10:33
10;58

10:20
10:48

10:19
10:53

10:05
10:35

10:03
10:31

10:25
10:52 10:27 10:01 10:24

11:00 11:00
11:27

11:22
11:47

11:02
11:35

11:06
11:43 11:26 11:03

11:39

12:00 Lunch time

13:00 13:17
13:43

13:15
13:35 13:23 13:18

13:24
13:13
13:44

13:22
13:29

14:00
14:00
14:25
14:51

14:07
14:27
14:46

14:10
14:37
14:57

14:22
14:41

14:12
14:42

14:00
14:27
14:49

14:05
14:53

14:14
14:37 14:38 14:18

14:45

15:00
15:08
15:28
15:46

15:04
15:26
15:46

15:17
15:38

15:07
15:30
15:52

15:14
15:56

15:15
15:41

15:21
15:50

15:04
15:30
15:55

15:03
15:29

15:19
15:50

16:00 16:05 16:04
16:26 16:15 16:21 16:02 16:23

Number of
haulage 7 8 5 5 14 18 6 5 12 16 13 14 4 5

5. Discussion

The truck cycle time can be predicted using data related to the truck travel time as
recorded using tablet PCs and Bluetooth beacons, and the predicted results can be entered
into the DES model to predict ore production by truck and section and to determine the
optimal number of trucks dispatched to the workplace. Based on the haulage system in the
study area, daily operating conditions were assumed, then the simulation was performed,
and an optimal truck dispatch plan was derived. To this end, the following assumptions
were made: (1) The haulage operation was performed for 8 h (540 min) per day. (2) Six
trucks (two 37.5-ton trucks (truck IDs 1 and 2) and four 23-ton trucks (truck IDs 4–7) were
dispatched to three loading points (loading points A, C, and D). (3) Each loading point
produced limestone of different grades. (4) To achieve the target grade, at least 600, 800,
and 700 metric tons of limestone were produced at each loading point. Based on these four
assumptions, 39 truck–dispatch combinations were determined. The truck travel times
for each truck and section input to the simulation model were calculated using the TCT
prediction ML model and converted to mean ± standard deviation format.

The simulation was conducted by entering the daily operating conditions and truck
travel time data; 13 of the 39 truck dispatch combinations met the minimum production
target for each loading point (Table 12). Loading point A (route A) can achieve its target
ore production with one 37.5-ton truck. Loading point C (route C) can achieve the target
production only when one 37.5-ton truck and one or two 23-ton trucks are dispatched.
Loading point D (route D) should be dispatched with two or three 23-ton trucks. Based on
the total ore production, scenario ID 23 produced the most limestone during the working
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hours per day (2995 metric tons). In addition, even in the case of the time required to
achieve the target production per day, scenario ID 23 required the least time (386 min) to
meet the target production (Table 13). Looking at the ore production by loading point when
the target production was achieved, 675 metric tons of limestone were produced at loading
point A, 801 metric tons at C, and 897 metric tons at D.

Table 12. Combinations of trucks that can meet the daily target production.

Scenario
ID

Truck 1 Truck 2 Truck 4 Truck 5 Truck 6 Truck 7

37.5 tons 37.5 tons 23 tons 23 tons 23 tons 23 tons

19 A C C D D C

20 A C D D C C

23 A C C D D D

24 A C D C D D

25 A C D D C D

26 A C D D D C

31 C A C C D D

32 C A C D D C

33 C A D D C C

36 C A C D D D

37 C A D C D D

38 C A D D C D

39 C A D D D C

Table 13. Simulation results for the truck–dispatch combination for achieving the daily target
production.

Scenario
ID

Ore Production (tons)
Time Required to

Achieve Target
Production (min)

By Truck By Route (Loading Points)
Total

1 2 4 5 6 7 A C D

19 862.5 637.5 345.0 391.0 345.0 299.0 862.5 1281.5 736.0 2880.0 466

20 900.0 600.0 299.0 414.0 368.0 299.0 900.0 1267.0 713.0 2880.0 480

23 862.5 637.5 368.0 414.0 345.0 368.0 862.5 1005.5 1127.0 2995.0 386

24 825.0 637.5 299.0 345.0 345.0 368.0 825.0 982.5 1012.0 2819.5 399

25 862.5 600.0 299.0 414.0 345.0 345.0 862.5 945.0 1058.0 2865.5 411

26 862.5 600.0 299.0 414.0 345.0 299.0 862.5 899.0 1058.0 2819.5 405

31 600.0 825.0 345.0 345.0 368.0 345.0 825.0 1290.0 713.0 2828.0 471

32 600.0 862.5 345.0 391.0 322.0 299.0 862.5 1244.0 713.0 2819.5 464

33 600.0 825.0 299.0 414.0 368.0 299.0 825 1267.0 713.0 2805.0 474

36 637.5 862.5 345.0 414.0 322.0 368.0 862.5 982.5 1104 2949.0 390

37 600.0 825.0 276.0 368.0 345.0 368.0 825.0 968.0 989.0 2782.0 403

38 637.5 825.0 299.0 391.0 368.0 391.0 825.0 1005.5 1081.0 2911.5 393

39 637.5 825.0 299.0 414.0 345.0 299.0 825.0 936.5 1058.0 2819.5 422
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6. Conclusions

In this study, a hybrid model combining ML and DES techniques is proposed to
predict the ore production of a mine haulage system. The hybrid model was designed
to predict ore production by linking the TCT predicted by the ML model with the DES
model. For this purpose, a limestone mine in Korea was selected as the research area,
and truck travel times of the underground mine were recorded for a certain period using
tablet PCs and Bluetooth beacons. Four models of kNN, RF, PSO–SVM, and DNN were
developed for TCT prediction, and performance evaluation of the models was performed.
As a result of evaluating the performance of the ML model using a verification dataset, the
PSO–SVM model showed the best performance. The MAE of PSO–SVM was 2.79 (min),
representing the lowest error among the four models, and the other values were 14.29 (min2)
for the MSE, 3.78 (min) for the RMSE, and 0.68 for R2. The ML–DES model for production
prediction was developed using the AnyLogic software. After predicting the truck cycle
time by truck/section using the PSO–SVM model and inputting it into the simulation
model, verification was performed on whether the simulation model properly simulated
the truck haulage system. The model was verified by comparing the analysis results
from the vehicle operation log with simulation results. In the case of the morning work,
the simulation model predictions were similar to the analysis results from the vehicle
operation log. However, in the case of the afternoon work, there was a slight difference in
the prediction results; nevertheless, the analysis and prediction results were found to be
correlated with each other.

The ML–DES model for production prediction developed in this study could predict
TCTs using the log data of truck operation times. In addition, by entering the predicted
results into the simulation model, it was proven that production by truck and section could
be predicted and that the optimal truck dispatch combination for each loading point could
be determined. The proposed model solved the problems concerning the degradation of
prediction accuracy and verification of the prediction results that may occur in existing
DES and single ML techniques. Accordingly, they can be used at any point during the
development of underground mines. In other words, even if the TCT changes owing to the
continued development and depth of the ore body (e.g., if it deepens) and/or if the haulage
distance from the crusher to the loading point increases, production can be predicted using
the model. In addition, the developed model can be utilized in decision-making processes
related to the establishment of an arrangement plan for existing equipment according to
the daily production plan and the selection and input of new equipment. Furthermore,
the hybrid model combining ML and DES is expected to be fully utilized not only in the
mining field but also in other industries.
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Abbreviation List

Full Name Abbreviation
Artificial neural networks ANNs
Coefficient of determination R2

Comma-separated values CSV
Deep neural network DNN
Discrete event simulation DES
Genetic algorithms Gas
Grid search GS
Internet of Things IoT
k-nearest neighbor kNN
Load-haul-dump LHD
Machine learning ML
Mean absolute error MAE
Mean squared error MSE
Partial least squares PLS
Particle swarm optimization PSO
Random forest RF
Root mean square error RMSE
Support vector machine SVM
Truck cycle time TCT
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