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Abstract. Dragline’s availability plays a major role in sustaining economic 
feasibility and operation of opencast coal mine. Thus, its reliability is essential 
for the production availability of mine. The dragline’s reliability and maintenance 
optimization are key issues, which should seriously be considered. Draglines’ 
unexpected failures and consequently unavailability result in delayed productions 
and increased maintenance and operating costs. The applications of 
methodologies which can predict the failure mode of dragline based on the 
historical dataset of failure are not only useful to reduce the maintenance and 
operating costs but also increase the availability and the production rate of mining 
machineries. In this research a historical failure dataset of a dragline has been 
utilized in order to analyze and conduct predictive maintenance. Authors have 
already utilized the K-Nearest Neighbors (KNN) algorithm in order to predict the 
failure mode; however, there was a chance of getting into local optimum by 
utilization of the mentioned methodology. In this case, combination of Genetic 
Algorithm and K-Nearest Neighbor algorithm (i.e. called enhanced K-Nearest 
Neighbors) was applied for the failure dataset, so the probability of local 
optimum has been decreased by application of Genetic Algorithm. In previous 
studies, the Artificial Neural Network methods and conventional method of K-
Nearest Neighbor has been applied to the same dataset, yet the result from 
enhanced K-Nearest Neighbor reveals better regression analysis.  
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1   Introduction 

Draglines are major production equipment in surface strip mining operation. High 
productivity with minimum operating cost are the major goals with a reliable dragline. 
Thanks to new technologies and innovations, new mining machineries are more reliable 
than the previous one; however, the harsh mining environment do not allow the mining 
machineries to be as available as it is expected. Lack of proper services, maintenance 
and investigation may increase the rate of failures and unavailability [1]. In this 
condition, the harsh environment causes to unexpected breakdowns for a dragline and 
failure of its components as well. A failure takes a place in a subsystem of a dragline 



stops the whole machine operation. Therefore, prediction of failure time and failure 
mode in advance based on the historical data of machine assists the maintenance crews 
and managers to carry out the proactive actions, which eventually enhance the 
reliability and increase the availability of the machine.  

Reliability of mining machineries have to be seriously considered, so mines can have 
predictive/preventive maintenance plans which carry out the maintenance program on 
time, which assure the availability of machineries. In order to conduct the preventive 
maintenance, it is vital to make an appropriate maintenance plan. In this case, predictive 
maintenance reveals its functionality. In the predictive maintenance, there is need to get 
more information and knowledge from historical data, which represents the previous 
status of machine such as: i) Time to Failure (TTF), ii) Time Between Failures (TBF), 
iii) Time to Repair (TTR), iv) Time Between Repairs (TBF), and v) maintenance 
actions. Considering the historical data, it is possible to extract a pattern(s), which is 
called Data Mining procedure. Thus, extracted pattern that includes more information 
and knowledge will be utilized to better proactive maintenance. In conventional 
method, mines conduct periodic maintenance that is based on a specific period of time 
or amount of machine use [2, 3]. In the mentioned method, regular inspection, repair, 
and replacement of parts is done in specific time which is defined by the manufacturer. 
Therefore, the benefit of preventive maintenance is the reduced probability of 
equipment breakdowns and extension of equipment life [4]. On the other hand, the 
disadvantage of preventive maintenance is the need to interrupt production at scheduled 
intervals to perform the maintenance action [4]. Therefore, based on the machine 
condition monitoring data and its historical data, there is possibility to plan appropriate 
proactive maintenance. In order to make a better plan for maintenance, different types 
of methodologies have been utilized such as i) Failure Mode, Effect and Criticality 
Analysis (FMECA), Fault Tree Analysis (FTA), Markovian Analysis (MA), Reliability 
Block Diagram (RBD). Since all the named methodologies are based on the 
conventional linear algebra and statistical algorithms, the application of them in a 
domain with high volume and variety of data is impractical [5]. However, to the best of 
the authors’ knowledge, machine learning methodologies can be applied in the 
historical dataset of the dragline in order to make a predictive maintenance model. The 
machine learning techniques are widely used in order to not only figure out the 
pattern(s) but also develop a predictive model. Machine learning algorithms can be 
utilized for fault diagnostics, fault prediction, and prognostics actions. Machine 
learning gives an extra hand to System Health Monitoring which contains (i) a set of 
activities preformed on a system to maintain it in operable condition, (ii) maintenance 
data management systems, and (iii) online reliability estimation by components’ 
degradation signal processing [6]. Therefore, machine learning methodologies can be 
applied in the mining industry in order to enhance the proactive maintenance. The best 
practice in the mining industry is based on the application of classical methodologies 
of reliability analysis, which measure the Key Performance Indicators [7-12]. In the 
previous studies, TBF and TBR have been applied; however, more data give more 
chance for making better predictive model and represents more information about status 
of a machine.  

In this study, the machine learning methodology, which is K-Nearest Neighbor 
(KNN) in order to make a predictor model (i.e., called predictor) for failure type 
prediction is used. However, based on our previous studies [13-14], it has been 



recognized that the machine learning methodologies require some more practice in 
order to make an appropriate predictor in the case of tuned parameters and hyper-
parameters as well. Therefore, for enhancing the previous predictor, which was created 
by KNN, Genetic Algorithms (GAs) was combined with and better result was obtained. 
KNN prone to fall in the local minimum which decrease the predictor’s efficiency; 
therefore, GAs algorithm handles the mentioned issue, and direct the parameter tuning 
in the way which is close to global minimum. The remaining part of this paper is divided 
as follow: Section II represents the background information of machine learning and 
the utilized methodologies; Section III includes general information about the dragline 
and how Enhanced-KK was implemented; and finally, in section IV, conclusion and 
some comments are represented.  

2   Methods 

In this paper, Machine learning techniques and algorithms have been applied regards 
to make a predictor/classifier. A classifier assists to make a prediction for an unlabeled 
vector of input. Indeed, in the topic of machine learning, there are two major subjects 
which are widely used: i) supervised learning, and ii) unsupervised learning. In fact, 
supervised learning is called classification or regression, but unsupervised learning is 
called clustering. In unsupervised learning, the predictive model is going to make an 
algorithm based on a dataset, which does not have any label in its output data. On the 
other hand, supervised learning methodology uses the datasets which output data has 
label. Clustering and classification are also called un-labelled and labelled respectively. 
The modeling procedure starts by dividing a dataset into two groups: training dataset 
and testing dataset. In this study, based on the best of the authors’ knowledge, 70 
percent of the dataset is used for training and remaining for testing one.  

In this study, due to labeled output a supervised learning methodology is used. KNN 
was utilized that is known as supervised learning when data analyzer is faced with 
labeled output data (the historical dataset of the dragline has labeled output, which is 
classifying problem).  

2.1   Supervised Learning Methodology: KNN 

The used methodology in this study, KNN, gets a set of n data point in d-dimensional 
space Rd and an integer k, and the problem is to determine a set of k points in Rd, called 
centers, so as to minimize the squared distance from each data point to its nearest center 
[15]. K-Nearest Neighbors algorithm finds a partition such that squared error between 
the empirical mean of a cluster and the points in the cluster is minimized. If μx be the 
mean of the cluster ck, then the squared error between μk and the points n cluster ck is 
defined as: 

 

𝐽 𝑐  ∑ ‖𝑥 𝜇 ‖  . (1) 

 



The main goal of KNN is to minimize the sum of the squared error over all k cluster, 
which is defined in this study. One way to overcome the local minima is to run the 
KNN algorithm, for a given K, with multiple different initial partitions and choose the 
partition with the smallest squared error.  

KNN is one of the most popular algorithms for pattern recognition. However, KNN 
has some limitations such as i) computationally expensive due to utilizing all the 
training instants for classification, ii) KNN’s performance is dependent to the training 
dataset, and iii) the data in any training data set does not have any difference with each 
other. In this case, for handling the limitation of KNN and improve it, Genetic 
Algorithms (GAs) can be used.  

2.2   Genetic Algorithms 

Evolutionary computing started by adapting ideas from biological theory into 
computer science. Genetic algorithms are most popular technique in evolutionary 
computing system. Evolutionary algorithms are used in the problems for optimization 
such as i) machine intelligence, ii) traveling sales person problem, iii) expert system, 
iv) medicine, v) engineering application, and vi) wired and wireless communication 
systems. Genetic Algorithms are implemented for searching in complex, large and 
multidimensional landscapes, which represents near-optimal solutions for objective or 
fitness function for the optimization issues.  

GA is encoded the parameters in the search space to form a strings (i.e., called 
chromosomes). As a sequence, the collection of chromosomes creates population. 
Firstly, a random population is created, which represents different points in the search 
space. An objective and fitness function is associated with each string that shows the 
degree of goodness of string. Regarding to the survival of the fittest, a few of the strings 
are selected and each is assigned a number of copies that go into the mating pool. Some 
operation take places on the population, for instance, cross-over and mutation, which 
yields new generation of strings. Selection process based on cross-over or mutation are 
continued until the termination threshold is satisfied.  

Based on applied genetic operators, the local maximum fitness value is calculated 
and is compared with the global maximum. In this stage, if the local maximum is bigger 
than global one, then the global maximum is replaced with the local maximum, and the 
next iteration takes a place. Algorithm is shown as follow: 

 
1. Number of samples are selected which the training set is going to generate an 

initial population. 
2. Distance between training instance in each chromosome and testing instance are 

evaluated. 
3. Highest fitness value is selected and assigned as global maximum. 

a. For i = 1 to L 
i. Reproduction 

ii. Cross-over operator 
iii. Mutation and new population 
iv. Calculate the local Maximum 
v. If local maximum > global maximum 



1. Global maximum = local maximum 
b. Repeat 

4. Final result: the chromosome which contains global maximum has the optimum 
KNN, and it is labeled as classification result. 

 
The mentioned methodology was utilized in this study. 

3   Case study 

In this study, enhanced KNN implemented on a dataset, which was formed based on 
captured data from a dragline that currently is operating in a coal mine. The utilized 
methods that are categorized as the classification algorithms have 1 feature and 1303 
observations. Six different failure types were identified in the dataset. Table 1 presents 
the causes of dragline failures and failure numbers associated with each type. The input 
data are Time to Failure (TTF) and the output data are called types of failures. Table 2 
shows the sample datasets used as input for the algorithm. 

 

Table 1.  Causes and number of dragline failures.  

ID of Failure Type Failure Type Failure Number 
1 Mechanical Failure 945 
2 Electrical Failure 276 
3 Energy related Failure 53 
4 Major Revision 5 
5 Maintenance 14 
6 Power Cut 7 

 

Table 2.  Sample dataset.  

Mean Time to Failure (h) ID of Failure Type 
1.6597 1 
3.5625 1 
14.4167 2 
5.5625 6 
0.5938 1 

 
Overburden stripping task are carried out by the draglines which are widely used in 

opencast coal mine. In this case, not only reliability but also availability of draglines 
have great effect on overall production rate of the mine. In order to increase the 
availability of the dragline, it is vital to focus on its major sub-system such as i) hoisting, 
ii) walking, and iii) swing. A draglines sub-system failure causes production losses 
which is around one million dollar per day [16]. In order to increase the availability of 
a dragline, predictive maintenance can be very suitable and beneficial. Therefore, based 
on the historical data of the dragline’s failures, a predictive maintenance model has 



been developed. As mentioned before, first the dataset is divided into three parts: 
training dataset, validation dataset, and testing dataset, and then the enhanced KNN is 
fed by training data. Due to labeled output in the training dataset, the enhanced KNN 
in this study is used as classifier. In order to evaluate the accuracy of the developed 
model, the testing dataset was fed to it, so the accuracy of 82 percent has been reached 
(Fig 1). The accuracy for the classifying the failure type in previous studies [13, 14] 
was at most 72 percent which had been reached by the conventional method of KNN.  
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Fig. 1. Flowchart of all the steps. 

4   Conclusions 

Draglines play major role in the opencast mines particularly in the coal mines. In this 
case, availability and reliability of dragline is a vital issue that should be considered. 
Draglines’ breakdowns lead to high operation cost (i.e. direct and indirect costs). In 
order to increase the dragline reliability and its availability as well, predictive 
maintenance strategies have to be taken into account. In this study, predictive 
maintenance strategy has been applied, which was tried to predict accurate failure mode 
in order to carry out preventive maintenance actions. Historical failure data of the 



dragline which is currently working in a coal mine was obtained and used for making 
a classifier function (i.e., the mentioned classifier can be applied for unlabeled input 
which predict the failure mode). Some preprocessing tasks was carried out on the 
dataset, and the dataset was divided into two parts: training dataset and testing dataset. 
Finally, hybridized KNN (i.e. KNN has been combined with GAs) applied on the 
dragline’s dataset, which has represented higher accuracy in contrast to other 
methodologies used by the author on the same dataset. Accuracy of the enhanced KNN 
model is 82 percent, which is 10 percent more than conventional model of KNN (i.e. 
the accuracy of the conventional KNN was 72 percent), Table 3. As a result, a better 
predictor leads to regulation of better proactive maintenance strategy, so planning and 
scheduling of the preventive maintenance will shaped in an appropriate manner. 

Table 3.  Applied machine learning methodologies and their accuracies. 

Methodology Regression Analysis (%) 

KNN) 72 
Enhanced KNN 82 
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