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Abstract - Faced with intense global competition and to enhance the expected targets of production and 

productivity, every industry is constantly looking to maintain the equipment in an efficient and effective 

manner. Hence, it is more essential to predict the performance of the equipment. By keeping this in view, the 

present research work deals with an artificial neural network (ANN) modeling of the underground mining 

equipment such as load haul dumper (LHD) to predict the percentage of reliability, availability and preventive 

maintenance time schedules. The input data for network training was collected from the field visit. The 

prediction model was developed based on feed-forward-back-propagation Levenberg-Marquardt training 

algorithm. The performance of the equipment was validated by comparing computed data sets with predicted 

data. The predicted outcomes demonstrate that the ANN model provided good agreement with the computed 

data with high accuracy.  
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I. INTRODUCTION 

 

In the present competitive business environment, all 
the industries have made the survival fight extremely 

tough due to serious competition among them. The 

increase in productivity aims at efficient and effective 

utilization of resources. As the production time has 

cost implications, many of the producers are 

motivated towards an additional reduction of time 

loss of production. [1]. In the meantime, as 

consumers are more worry about the safety and 

reliability of the systems the workers also desire a 

safe and sound work atmosphere [2]. In the time past, 

testing and investigation used to be strategies to 
measure reliability, this is no longer obtainable. The 

emphasis is on predicting the components that lead to 

breakdown and make sure that such factors are kept 

from occurring frequently using a robust design [3]. 

This can be accomplished by estimating the overall 

system performance of the equipment [4]. The 

investigation of execution attributes of any equipment 

in the industry plays a vital job in ensuring the 

smooth running of the production procedure since it 

ensures production continuity as well as product 

quality [5].  

 
The performance analysis of Load-Haul-Dump 

(LHD) machines using analytic and statistic 

approaches will be taking more time to solve a 

complex problem as compared with software basis 

approach. Nowadays, soft computing techniques 

catch the attention of researchers for resolving a 

variety of non-linear problematical issues. In general, 

for such analysis, most of the conventional 

approaches cannot be resolved without the utilization 

of equations of fundaments, traditional correlations, 
or developing distinctive intends from investigational 

records through trial and error [6]. To maintain a 

strategic distance from these issues, the artificial 

neural network (ANN) technique has been executed 

in different sorts of confounding issues which are not 

comprehended by regular strategy and in different 

fields. This method processes information with not so 

much time but rather more precisely anticipated [7]. 

ANN has the capability to model both the linear and 

non-linear frameworks without the need to make 

suspicions as are understood in most customary 
measurable methodologies [8]. Hence, this tool has 

been becoming increasingly popular in various 

Engineering fields.  

 

II. CASE STUDY 

 

The field investigation was carried out in one of the 

underground metal mines of the southern part of 

India. known as M/s The Hutti Gold Mines Company 

Limited and located in Raichur, Karnataka state, 

India. Drilling and blasting operations used to extract 

the ore, and for ore handling and transportation, 
LHDs are utilized as the major workhorse. LHDs are 

used to scoop the extracted ore, with a bucket, load it 

into the bucket, and dump it in the bottom of the mine 

to undergo a primary crushing operation before being 

hoisted to the surface out of the mine. Currently, the 

mine is operating with 7 numbers of LHDs with a 

capacity of each is about 3 Cu.M made by M/s Emico 

mailto:jakkulabalraj@gmail.com
mailto:mandelaraj88@gmail.com
mailto:chsn58@gmail.com


International Journal of Mechanical and Production Engineering, ISSN(p): 2320-2092, ISSN(e): 2321-2071 

Volume- 8, Issue-3, Mar.-2020, http://iraj.in 

Prediction of Load-Haul-Dumper (LHD)Machine Performance Characteristics Using Feed-Forward-Back-Propagation Ann Model 

 
59 

Elicon and Sandvick. A typical LHD machine at the operating environment is shown in Fig 1. 

 

 
Fig 1. A typical LHD machine at the operating environment 

 

III. DATA COLLECTION AND 

CLASSIFICATION 

 

Before performing the analysis of a complex 

repairable system, it has to be categorized into a 

number of sub-assemblies in order to classify the 
breakdown modes. In the this investigation, each 

LHD was treated as an independent system and are 

named as LHD1, LHD2, LHD3, LHD4, LHD5, 

LHD6, and LHD7, and each LHD-system has been 

classified into eight numbers of sub-systems such as 

Sub-System of Engine (SSE), Sub-System of Braking 

(SSBr), Sub-System of Tyre (SSTy), Sub-System of 

Hydraulics (SSH), Sub-System of Electrical (SSEl), 

Sub-system of Transmission (SSTr) and Sub-System 

of Mechanical (SSM). Three major steps are known 

as the collection of required data, classification after 
collection and manipulation if necessary needs to be 

considered before performing the analysis. The 

collected data of Time Between Failures (TBF), Time 

To Repair (TTR) and Failure Frequency (FF) for each 

sub-system of the LHDs are given in Table I.  

 

Machine  Parameter SSE SSBr SSBo SSTy SSH SSEl SSTr SSM 

LHD1 FF (No/.) 5 4 4 9 5 7 2 8 

TBF (Hrs) 1615 2021 2019 897 1614 1153 4046 1008 

TTR (Hrs) 153 190 192 87 155 111 376 98 

LHD2 FF (No/.) 6 3 3 6 3 8 2 6 

TBF (Hrs) 1340 2683 2681 1338 2684 1003 4026 1340 

TTR (Hrs) 127 250 252 129 250 97 375 127 

LHD3 FF (No/.) 3 4 3 7 3 11 4 7 

TBF (Hrs) 2691 2017 2690 1150 2690 731 2018 1151 

TTR (Hrs) 250 189 251 111 251 71 187 110 

LHD4 FF (No/.) 7 4 6 5 6 12 4 10 

TBF (Hrs) 1150 2012 1340 1602 1342 665 2014 800 

TTR (Hrs) 111 194 131 163 129 70 192 82 

LHD5 FF (No/.) 5 4 5 8 5 9 6 7 

TBF (Hrs) 1627 2035 1627 1027 1628 902 1356 1162 

TTR (Hrs) 132 164 132 87 131 75 110 94 

LHD6 FF (No/.) 5 5 3 8 3 10 3 11 

TBF (Hrs) 1618 1617 2699 1008 2698 806 2698 730 

TTR (Hrs) 144 145 237 93 238 75 237 70 

LHD7 FF (No/.) 5 4 5 10 6 9 5 9 

TBF (Hrs) 1615 2021 1617 804 1345 894 1616 895 

TTR (Hrs) 146 181 145 76 122 85 146 84 
Table I. Failure and repair data of LHDs from field investigation 



International Journal of Mechanical and Production Engineering, ISSN(p): 2320-2092, ISSN(e): 2321-2071 

Volume- 8, Issue-3, Mar.-2020, http://iraj.in 

Prediction of Load-Haul-Dumper (LHD)Machine Performance Characteristics Using Feed-Forward-Back-Propagation Ann Model 

 
60 

 

IV. COMPUTING AND PREDICTION OF 

PERFORMANCE CHARACTERISTICS 

 

A. Kolmogorov-Smirnov (K-S) Test 

The next step in this study is to analyze the goodness-

of-fit (best-fit) approximation for TBF datasets. The 
best fit analysis was accomplished by utilizing the 

Kolmogorov-Smirnov (K-S) approach. The principle 

behind this is to see, how far the selected distribution 

is from the actual dataset, or in other words how well 

the selected distribution signifies the observed 

distribution. Four statistical probability distribution 

functions (Exponential, Weibull 1-Parameter, 

Weibull 2-Parameter, and Weibull 3-Parameter 

functions) were examined for the best-fit 

approximation.  

 

The parameters for the appropriations were evaluated 
utilizing the Maximum Likelihood Estimate (MLE) 

strategy. These two tests were conducted by utilizing 

'Isograph Reliability Workbench 13.0' software. The 

goodness of fit (best fit) approximations of the K-S 

test in accordance with TBF data and estimated 

factors of MLE are given in Table II. 

 

Machine K-S Statistics Dmax  ML Estimates of the Best Fit 

Parameters (ɳ=Scale/life, 

β=Shape, γ=Location 

Best Fit 

Model 

Exponential Weibull 

1P 

Weibull 

2P 

Weibull 

3P 

ɳ Β γ 

LHD1 0.0610 0.0525 0.0468 0.0549 170.3 1 0 Weibull 

2P 

LHD2 0.1051 0.0640 0.0525 0.0864 200.9 1 0 Weibull 
2P 

LHD3 0.0799 0.0799 0.0799 0.0786 252.1 2.926 -45.44 Weibull 

3P 

LHD4 0.1901 0.17 0.0454 0.0467 151.2 2.874 0 Weibull 

2P 

LHD5 0.2236 0.2015 0.0634 0.0611 67.94 1.816 57 Weibull 

3P 

LHD6 0.1527 0.1361 0.0791 0.0745 124.8 1.201 47.11 Weibull 

3P 

LHD7 0.2075 0.1866 0.0789 0.0873 138.4 3.188 0 Weibull 

2P 
Table II. Kolmogorov-Smirnov (K-S) Test Results of LHDs 

 

B. Estimation of Availability 

Availability is one of the important measures in 

performance analysis. It can be measured by 

downtime losses, which includes any events that stop 

planned production for an appreciable length of time 

known as “breakdown time” and “idle time” such as 

machine failures, spare part shortages, and change 

over time.  

 

Change over time may not be possible to eliminate 

but in most cases, it can be reduced. The remaining 

available time is called operating or working time [9]. 

On the basis of collected data, these were computed 

(Table III) as from (1) [10]. Due to maintenance and 

operational issues, the percentage of availability was 

reduced and observed as 70.00% (approximately). 

 

Availability =
MTBF

MTBF +MTTR
           (1) 

 

Sl. No Machine  MTBF(Hrs) MTTR (Hrs) Availability (%) 

1 LHD1 326.6 30.95 71.34 

2 LHD2 462.0 43.43 71.40 

3 LHD3 360.4 33.80 71.42 

4 LHD4 202.3 19.85 71.06 

5 LHD5 231.9 18.87 72.47 

6 LHD6 289.0 25.81 71.80 

7 LHD7 203.9 18.58 71.64 
Table III. Computed Results of Availability 

 

C. Estimation of Reliability 

Dependability is characterized as the likelihood of a 

machine or its parts can play out its pondered activity 

over a period of time in recognized conditions [11]. 

These were determined in Accordance with the best-

fit approximation for particular an MTBF value. 
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From the computed results (Table IV) it was noticed 

that the highest reliability was observed as 78.28% 
(LHD3) and least level as 60.14% (LHD2) compared 

with others. Frequently occurring failures with fewer 

TBFs are the reasons for the drastic reduction of 
reliability percentage. 

 

Sl. No Machine  MTBF (Hrs) η β γ Reliability (%) 

1 LHD1 326.6 170.3 1 0 64.78 

2 LHD2 462.0 200.9 1 0 60.14 

3 LHD3 360.4 252.1 2.926 -45.44 78.28 

4 LHD4 202.3 151.2 2.874 0 58.18 

5 LHD5 231.9 67.94 1.816 57 69.98 

6 LHD6 289.0 124.8 1.201 47.11 65.44 

7 LHD7 203.9 138.4 3.188 0 64.00 
Table IV. Computed Results of Reliability 

 

D. Estimation of Preventive Maintenance (PM) 

Schedules 
Preventive maintenance can be characterized as the 

activities performed in an endeavor to hold the 

components in an indicated condition by giving an 

efficient assessment, identification furthermore 

avoidance from claiming early failure [12]. 

Forecasting of PM intervals is essential in order to 

improve the reliability. These were computed with 

respect to the expected reliability (Table V). From the 
results, it was understood that if the requirement of 

reliability as 90% for LHD1, then PM should be 

performed for every 18 hours. Similarly for LHD2 to 

LHD7 are 21, 71, 69, 77, 66 and 68 hours 

respectively. 

 

Sl. No Machine  Reliability 

(%) 

η β γ PM (Hrs) 

1 LHD1 90.00 170.3 1 0 18 

2 LHD2 90.00 200.9 1 0 21 

3 LHD3 90.00 252.1 2.926 -45.44 71 

4 LHD4 90.00 151.2 2.874 0 69 

5 LHD5 90.00 67.94 1.816 57 77 

6 LHD6 90.00 124.8 1.201 47.11 66 

7 LHD7 90.00 138.4 3.188 0 68 
Table V. Computed Results of PM Time Intervals 

 

E. Neural Network Modelling 

Artificial intelligence (AI) tools find vast applications 

in different forms for the mining industry. Especially, 

knowledge and expert-based systems are the most 

popular AI tools, that have a number of computer-

based applications in day to day mining operations 
[13]. Nowadays, these techniques are utilized for the 

selection of machinery, optimization of operating 

procedures, decision making in a critical problem, 

etc. These AI frameworks together with a regularly 

expanding number of complex reason constructed PC 

programming bundles have made an entirely good 

condition for the presentation of one more dominant 

AI techniques, the Artificial Neural Network (ANN). 

 

ANN is one of the simulation tools in MATLAB, 

intended to work with qualified functions as that of 

the working of brains in human beings [13]. The 
modeling and, the preparation of the system model 

was done utilizing the Neural Network Toolbox of 

MATLAB programming. The ANN displaying 

contains two stages: the primary stage is to prepare 

the system model, while the second stage is to 

approve the system model with new information 

which was not utilized for preparing. The ANN 

technique contains three numbers of layers: such as 

information layer for input, shrouded layer for mixing 

and yield layer for output. An example of a feed-

forward ANN system is given in Fig 2 and 

demonstrated that each result of entering components 

(ai) and weights (wij) are feed to adding intersections 
and is added with bias (bj) of neurons. 

 
Fig 2. The basic structure of the ANN model (Source: [10])   

   

ANN can also be defined as a complex information 

processing system, which is organized from 
interconnected segmental handling components, 

called neurons. These neurons discover the 
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information data from different sources and perform 

commonly a non-linear operation on the outcome and 
after that give last outcomes as yield. A MATLAB 

based simulation tool can be utilized to estimate the 

responses from the modeled and trained input data. 

Infeed forward back propagation ANN model each 

component input data along with weights are fed to 

summing junction and summed with neurons of bias 

until it reaches to the threshold value given to (2) as 

follows [12]-[13]: 

 

X = ( Wij ai) + bjn
i=1            (2) 

 

Where,  

 

The total number input data are denoted as n, Wij be 

the interconnecting weights of input data (ai) and the 

bias for the neurons was denoted as bj. The value of 

X then passes through transfer function (F) of the 
model, referred to as in (3). 

 

F X = ui = ( Wij ai) + bjn
i=1              (3) 

 
TANSIG and LOGSIG functions are the commonly 

used transfer functions for hidden layers. When the 

output response lies in between 0 to 1 SIGMOD non-

linear activation function (4) has been used. 

 

F X =
1

1 + e−x
                         (4) 

 

The TANSIG transfer function has been utilized 

when there is an existence of any negative values in 

output response and is referred to as in (5): 
 

F X =
1−e−2x

1+e2x                                   (5) 

 

The representation of the performance index for 

various training algorithms was made based on the 

mean square error (MSE) and is represented as in (6): 

 

MSE =
1

n
 (Xai − Xbi)2            (6)

n

i=1

 

 

In this research work, availability, reliability and PM 

parameters of 10 numbers of LHDs were predicted 

from ANN tool (Fig 3 to 5). In order to assess the 

availability of the system, two numbers of parameters 

such as MTBF and MTTR were given as input. 

Whereas in the case of prediction of reliability, four 
numbers of parameters like MTBF, scale parameter 

(η), shape parameter (β) and location parameter (γ) 

were given as input. Similarly, for prediction of PM, 

percentage of reliability (R), scale parameter (η), 

shape parameter (β) and location parameter (γ) were 

given as input.   

 

Hence these three predicted values from the output 

layer of MATLAB based ANN model were recorded 
for the discussion.  

 
Fig 3. ANN model for availability 

 

 
 

Fig 4. ANN model for reliability 

 

 
Fig 5. ANN model for PM 

 

F. Development of ANN Simulation Model for 

Reliability 

ANN model of reliability was developed by the 

utilization of MTBF and MTTR metrics.  The 

learning function called as TRAINLM has been 

utilized for training procedure. Once the selection of 

training function was completed, the learning 

function known as Gradient Descent with momentum 

weight and bias learning function (LEARNGDM) has 

also been selected in this process. For hidden layer 

TANSIG transfer function and for output function 
linear function (PURELIN) was chosen. The model 

was tested by selecting the number of neurons as 

from 4 to 12 and trained up to 1000 iterations for 

obtaining the best optimum results. The selection of 

optimum value R2 was done based on the Root Mean 

Square Error (RMSE) (Eq.7) value. The developed 
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network model for reliability is shown in Fig 6. From 

the results (Table VI) it was noticed that R2 (0.992) 

(Fig 7) was optimum at 0.1655 (RMSE) for LM-10. 

 
Fig 6. Developed an Optimum Network Model for Reliability 

 

Sl.No Number of Neurons R2 RMSE 

1 4 0.9849 0.2267 

2 5 0.8219 0.3780 

3 6 0.8116 0.8957 

4 7 0.8796 0.5242 

5 8 0.5441 0.6833 

6 9 0.9329 0.3094 

7 10 0.9927 0.1655 

8 11 0.7690 0.5462 

9 12 0.8997 0.8876 
Table VI. Trainined results of the reliability of various neurons 

 
Fig 7. Regression plot of LM-10 

 

G. Development of ANN Simulation Model for 

Availability 

ANN model of availability was developed by the 

utilization of MTBF and MTTR metrics.  The utilized 

functions for learning, training, testing, transfer, and 

output in this model are the same as that of the 

developed reliability model. The developed 

availability model was tested by selecting the neuron 

number from 2 to 9 and trained up to 1000 iterations 

to obtain the best optimum results. The selection of 

optimum R2 value was done based on the Root Mean 

Square Error (RMSE) value. The developed network 

model for reliability is shown in Fig 8. From the 

obtained results it was noticed that R2 (0.9988) (Fig 

9) was optimum at 0.0226 (RMSE) for LM-3. The 

predicted values related to the optimum R2 are then 

recorded (Table VII) for the further validation 

process.  
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Fig 8. Developed an Optimum Network Model for Availability 

 

Sl.No Number of Neurons R2 RMSE 

1 2 0.9139 0.3779 

2 3 0.9988 0.0226 

3 4 0.9642 0.1972 

4 5 0.8436 0.5868 

5 6 0.9980 0.0287 

6 7 0.9039 0.3561 

7 8 0.8914 0.3896 

8 9 0.9183 0.3761 
Table VII: Trained results of the availability of various neurons 

 

 
Fig 9. Regression plot of LM-3 

 

H. Development of ANN Simulation Model for 

Preventive Maintenance (PM) 

ANN model of PM was developed by the utilization 

of MTBF and MTTR metrics. The utilized functions 

for learning, training, testing, transfer, and output in 

this model are the same as that of developed 

reliability and availability model. The developed PM 

model was tested by selecting the number of neurons 
as from 4 to 11 and trained up to 1000 iterations for 

obtaining the best optimum results. The selection of 

optimum R2 value was done based on the Root Mean 

Square Error (RMSE) value. The developed network 

model for reliability is shown in Fig 10. From the 

obtained results it was noticed that R2 (0.9993) (Fig 

11) was optimum at 0.1311 (RMSE) for LM-9. The 

predicted values related to optimum R2 are then 

recorded (Table VIII) for the further validation 
process.  
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Fig 10. Developed an Optimum Network Model for PM 

 

Sl.No Number of Neurons R2 RMSE 

1 4 0.9467 0.3216 

2 5 0.9508 0.3401 

3 6 0.8168 0.9966 

4 7 0.9961 0.2507 

5 8 0.9856 0.2090 

6 9 0.9993 0.1311 

7 10 0.8406 0.9877 

8 11 0.9695 0.3211 
Table VIII. Trained results of the PM for various neurons 

 
Fig 8. Regression Plot of LM-8 

 

I. Validation of Computed Results with Predicted 

Results 
After successful completion of development and 

simulation of performance characteristics (reliability, 

availability, and PM), the validation of computed 

results was made on the basis of MATLAB based 

ANN predicted values (Table IX).  From the 

comparison, it was noticed that the computed and 
predicted values of performance characteristics were 

in satisfactory with the highest R2 value. 
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IV. CONCLUSIONS 

 
Enhancement of continuous operation of equipment 

can be achieved by the plan and organization suitable 

managerial practices. The following conclusions were 

made based on the analysis: 

i. Availability is one of the Key Performance 

Indicators (KPI) of the machine. LHD5 (72.47%) has 

the highest availability percentage as compared with 

other systems. Unavailability and unproductive 

utilization lead to reduces production rates. This will 

be improved by strict adherence of PM schedules, 

effective management of equipment and crew, skilled 

operating team and effective and efficient 
management of machinery. This can be possible to 

increase at 25-30% by shift overlapping. 

 

ii. Reliability estimation plays a vital role in 

performance evaluation. the highest reliability has 

observed as 78.28% (LHD3) and least level as 

60.04% (LHD2). Frequently occurring failures with 

fewer TBFs are the reasons for the drastic reduction 

of reliability. Hence, it is recommended that poor 

efficiency equipment should be maintained at an 

adequate level by designing the optimal maintenance 
practices.  

 

iii. Reliability-based PM time intervals were 

estimated to forecast the early failure of the system. If 

the reliability requirement is  90% for LH21, then PM 

should be performed for every 18 hours. Timely 

conduct of PM enables to achieve the projected life.  

 

iv. For ANN reliability model R2 (0.9927) was 

optimum at 0.8655 (RMSE) for LM-10. For ANN 

availability model R2 (0.9988) was optimum at 

0.0226 (RMSE) for LM-3. Similarly for ANN PM 
model R2 (0.999) was optimum at 0.1311 (RMSE) for 

LM-15. The predicted performance characteristics ( 

availability, reliability, and PM) with the highest R2 

value gives satisfactory results compared with 

computed results. It was concluded that ANN is an 

appropriate technique for the developed network 

models. 
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