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This article presents a model of performance analysis for a truck fleet system in an open-
pit mine, considering special characteristics of haul fleets. In these systems, the expected 
availability of each piece of equipment and its operating capacity are the fundamental vari-
ables to construct a global fleet performance function. Our analytical algorithm considers 
heterogeneous fleets with known individual characteristics of transport capacity and failure 
and repair behavior. The results converge to a new indicator denominated “Equivalent Avail-
ability” (EA), which arises from the need to evaluate the capacity of the truck fleet to operate 
at a lower payload than required using different combinations of equipment to achieve an 
availability goal. EA is a key indicator to determine the productive capacity of a process, 
and for selecting equipment and their combinations to achieve production objectives. To 
exemplify the potentialities of the EA, a case study is implemented in a Chilean copper truck 
fleet mining process.
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1. Introduction
In industrial processes, greater flexibility means better productivity, 

efficiency, and general results [12]. In this context, modelling systems 
in dynamic conditions have great importance in productive processes 

modelling, especially in those with multi-products, multi-configura-
tions, and fleets [11, 24, 30] A system is considered dynamic when its 
characteristics and logical or capacity configuration change over time 
[9]. An emblematic case of these systems are fleets, in which several 
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configurations may satisfy the same production goal; thus, the reli-
ability calculation for these fleets is different than the calculation for a 
conventional system [27]. Specifically, for mining projects, transpor-
tation processes represent between 50% and 60% of operational costs 
[2, 5, 32]. A small improvement in transportation costs or efficiency 
percentage can produce meaningful savings. The latter motivates the 
development of analytical proposals that are capable of defining and 
quantifying the performance of a fleet, without losing sight of its com-
plex characteristics.  

Regarding reliability, current modelling methods include the Reli-
ability Block Diagram (RBD) or Failure Tree (FT) [18]. However, Bi-
rolini [3] possesses limitations in representing dynamic systems. On 
one side, RBD presents several restrictions regarding dependencies in 
large complex systems [28, 31]. There are some proposals for a spe-
cial analysis for an RBD, which gives the chance to adjust the analysis 
dynamic structure [19].  The new RBD version, which is referred to as 
the Dynamic Block Diagram (DRBD), was re-introduced by Xu et al. 
[31] in a more developed version that highlights the simplicity of its 
implementation. Distefano and Puliafito [8] contribute to the progress 
and application of the DRBD by constructing 3 case studies using 
the Open-SESAME software to validate the results. Nevertheless, it 
was not possible to introduce several characteristics from the model 
to the software, which causes a pending challenge for the software’s 
development. On the other hand, He et al. [13] develops a model with 
a reliability analysis method for a multi-state system based on a trian-
gular fuzzy method for Bayesian networks.

Furthermore, several methods have been developed to represent 
complex systems. One of the first approaches was the proposal of 
Akhtar [1], which makes an interesting contribution by considering 
the analysis of identical equipment. The author suggests that some 
failures cannot be repaired perfectly (imperfect repairing), which can 
be resolved by using Markov models. Shengdao and Fengquan [25] 
use a Markov chain to resolve availability problems regarding shared 
load systems. Particularly, the authors calculate the availability of 
shared load systems with variable failure rates over time by solving 
differential equations that require a large number of algebraic opera-
tions that are unmanageable for large systems. Jenab and Dhillon [14] 
employ a Markov chain to analyse the availability and reliability for K 
of n reversible multi-state systems for identical and independent com-
ponent conditions. Che et al. [6] develops a comprehensive analysis 
of degradation rates due to component failures and surviving com-
ponents for increasing workloads; the analysis considers load shar-
ing characteristics [6]. Misra [21] proposes a solution to reliability 
analysis using Markov chains with the condition that the maximum 
number of components of a system must be sixteen due to its time 
resolution scaling.

Alternatives for solving the problem of dynamic systems reliability 
calculation [26] and their respective restrictions are described as fol-
lows:

Markov chains: Common with a maximum number of ana-1.	
lysed equipment as a restriction.
Petri nets: Frequently employed to model redundancy and 2.	
shared load [29] but have ineffective development for many 
elements. 
DRBD: Considering the previously mentioned characteristics, 3.	
this method does not have the ability to solve problems for 
shared load systems with dynamic conditions.
Simulations: Where any kind of distribution can be modelled, 4.	
the Monte Carlo technique is one of the most explored tech-
niques in diverse fields [15, 23]. However, depending on the 
accuracy of the modelling, obtained results may vary with 
respect to reality, which is a real challenge for complex sys-
tems.

As the discussed alternatives are not capable of solving complex 
dynamic systems (or fleets) with a shared load, we present a propos-
al to calculate the reliability of systems with characteristics using a 

novel analytical model. This calculation is performed by a numeric 
approach that analyses the system that is based on the equipment that 
composes it, analysing the possible configurations and estimating the 
system availability index [10]. The determination of the mentioned 
scenarios depends to a large extent on the context of the system, as 
a set of variables to complete the decision-making process. The ana-
lytical algorithm considers heterogeneous fleets [4] with previously 
known individual characteristics of transport capacity and failure and 
repair behaviours.

Given these antecedents, this paper’s contribution is to show a new 
methodology for measuring the performance of a fleet of equipment 
by the calculation of the equivalent availability (EA) index, which 
dynamically includes the effect of redundancy and system require-
ments by the individual calculation of the elements that comprise the 
system. This methodology consists of a matrix evaluation of the state 
that each item may have by combining the state of all the elements of 
the system. The limitations of the existing techniques are overcome 
by the proposed methodology since it can be applied to different con-
figuration settings that do not have a unique way of fulfilling a sys-
temic EA.

This paper is presented as follows: First, the introduction and back-
ground describe the problem and contextualise the state of the art. The 
system description establishes the context of the proposal; the model-
ling and key performance design presents the model and its character-
istics, scope, and assumptions. The proposed methodology defines the 
activities necessary for the application and evaluation of the model. A 
case study is introduced to present the characteristics and variables to 
be implemented with a sensitivity analysis, and the global conclusions 
of the model and the case study are also presented.

2. System description
Generally, transportation systems are characterised by their flex-

ibility, large amount of equipment, and dynamism, which gives them 
a condition of overcapacity that is rarely the bottleneck of a process 
[17]. In addition, the particularity of sharing the load allows the calcu-
lation of a required capacity based on the sum of available equipment, 
which can even operate at a lower load than required. The condition of 
overcapacity is characterised by showing an installed capacity larger 
than required; hence, there are a series of combinations of equipment 
in use, which will be able to satisfy the same requirement. It is neces-
sary that the equipment operates at different load levels. Consequently, 
the impact of equipment is variable and depends on the required load, 
its reliability and maintainability, as well as the characteristics of each 
equipment and subsystems that comprise the system, which surpasses 
the serial and redundancy logics considered in the RBD.

With this information, it can be observed that the EA is a com-
plex process to perform [20]. Due to this complexity, we propose a 
methodology to generate an indicator for the availability and level of 
production for this type of system. The proposed methodology is then 
validated by its subsequent application in a case study, where the EA 
and the optimal fleet size is determined.

To contextualise the analysis of the availability in fleets, Figure 
1 (from left to right) shows how the capacity of a system changes 
over time. The maximum capacity (C MAX), which corresponds to the 
availability of the entire fleet of equipment or vehicles, is altered by 
the occurrence of failures. During failure, the available capacity (C A) 
suffers a reduction until the moment of the repair, when the available 
and maximum capacity are equivalent (C MAX = C A). For the specific 
case of vehicle fleets, the required capacity ( R

SC ) is generally below 
the available capacity (C A). This finding means that the system is gen-
erally overcapacity, even in times of increased demand. In this way, 
the required capacity can be fulfilled using different and equivalent 
configurations of equipment. A graphic representation of the capacity 
of the entire fleet is shown on the right part of Figure 1. The graphic 
shows the sum of the capacity of all the vehicles (C MAX), where each 
box and its size represent the specific capacity of a vehicle. There is 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 22, No. 4, 2020 585

the representation of two possible scenarios (A and B) that exemplify 
two different ways of achieving the required capacity, using different 
combinations of vehicles according to the availability or other cir-
cumstances. From these conditions arises the transcendence of calcu-
lating the EA Index.

3.	 Modelling and key performance design

The modelling of the equipment fleet for the load-sharing configu-
ration is a complex task given the size of the analysis that can be 
achieved when considering many pieces of equipment. The design of 
the EA indicator for the system or fleet is generated from the need to 
evaluate the results obtained by different configurations/assignments 
of equipment related to the productive capacity of the process. This 
evaluation is performed with the foundation that consists of the avail-
ability of the elements that comprise the fleet and the capacity it has 
to respond to the failure of one or more elements.

The model is based on three fundamental principles, which are ex-
pressed via assumptions. These assumptions are indispensable for de-
fining the scope and achievement of the desired results. For this case, 
the first assumption defines the two possible states of an element, that 
is, whether it is available or unavailable. The second assumption de-
fines the maximum capacity for each scenario and safeguards the pos-
sible states of each element and the capacity required by the system. 
This assumption is utilised to evaluate if it can be satisfied, or alter-
natively, be operated at a lower capacity considering the unfulfilled 
load, as a partial availability of the system. In this way, the impact of 
each element is calculated depending on its state. The last assumption 
relates the calculation of the probability based on the availability of 
each state to the weighted impact for each piece of equipment, and the 
availability of the system and its production level (PL) are determined 
[16].

Assumption 1:
All equipment in the systems have two possible operating statuses: 

(1) available and (0) not available. With this assumption, the first step 
is to obtain all the possible combinations of operating states, given the 
total amount of equipment in the system. Since the operating states 
are binary, the total amount of operating states of the system is 2nE.

Considering the set of nE number of equipment that compose the 
fleet and a combination of the operative states ∈ {1, ..., 2nE} of the 
system, the correspondent binary variables used to visualise the op-
erative status of each equipment item are defined as follows: 

	 δij =
1
0

If equipment i is in operative status
If equipment i is inoperattive





∀ ∈{ }j nE1 2,...,   (1)

The available capacity for each combination of operative states can 
be obtained from matrix δ. This analysis is extensive for the equip-
ment nE, so it is necessary to apply the additive function from 1 to 
nE:

	 C C jj
A

ij
max n

i
n i EE= × ∀ ∈{ }=

∑∑ δ 1 21 ,..., 	 (2)

The implementation of this assumption presents a great challenge 
due to the size of the generated matrix. Therefore, it is necessary in 
each implementation to analyse and pre-process the input data to 
group the elements, considering the reliability behaviour, size, and/
or model. This approach avoids the redundant calculation of repeated 
states with a different order but equal impact.

Assumption 2:
In terms of modelling, in an expected scenario, given the operative 

state j of the system, it is assumed that the proportion between the 
operation capacity of the correspondent equipment Cij

O  and its maxi-
mum capacity Ci

max  are equivalent for all equipment. Note that the 
operation capacity R

SC  refers to the real capacity that is applied, which 
can even be a fraction of the nominal capacity of the equipment. To 
determine the final impact of each piece of equipment, it is necessary 
to identify the operative states j from the systems, so the available ca-
pacity of the equipment is lower or equivalent to the required system 
capacity. Otherwise, the impact will be defined as 0, as the system can 
satisfy the capacity requirements. The ωj binary variable is defined 
as follows:

	 ω j

A
j

R
S nC C

any other
j E=

≥




∀ ∈{ }1

0
1 2,..., 	 (3)

The operative capacity COij of the equipment, therefore, will be:

C
C C C

C C
ij
O j S

R
j j

A
ij i

max

i
max

k k i
n

kj k
maE

=
× + −( )×( )× ×

+ ×= ≠∑

ω ω δ

δ

1

1^
xx E

ni n j E∀ ∈ …{ } ∈ …{ }1 1 2, , , , ,  (4)

When calculating the impacts is applicable (   R a
S jC C> ), the opera-

tion state of the system (j = 1) is considered as the state of reference 
for all the equipment. In this state, the available capacity is lower 
than the required capacity, and there is a  loss of capacity. Conversely, 
when the available capacity is higher than the required capacity, the 
system can operate without capacity, and the impact is zero for each 
element of the system. The aim is to determine the loss of capacity 

Fig. 1. Context of operation of a fleet regarding its capacity
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that the unavailable equipment exerts on the system, depending on 
the operational capacity that the system would have if this equipment 
were operating. Therefore, the formulation of the impact will be:

I

C C C

C C
C C

C

ij

R
S

A
j ij

O
i

R
S k

n
kj

O
i

R
S

A
j
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−( )× −( )×
× −( )×
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=∑

1
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δ

δ
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A

j

E
n

C

i n j E

≤











∀ ∈ …{ } ∈{ }2 2 2, , , ,...,

(5)

Formula 5 is a key step of the methodology. This expression deter-
mines the specific impact of a failure of each element over the system. 
This objective is necessary to develop an assessment of each scenario, 
since there are scenarios without impact (overcapacity allows us to 
obtain the required capacity) and other scenarios where the failure im-
pacts of the system capacity produce a loss (group of elements fail).

Assumption 3:
Considering the operating state of the system (j=1), the required 

capacity will always be satisfied. As a result, the probability based on 
the availability of each operating state of the system will be defined 
as follows:

	
P A A jj

A

i

n

i j
nE

ij ij E= × −( ) ∀ ∈{ }
=

−( )∏
1

1
1 1 2δ δ

,...,
	 (6)

The weighted impact of the equipment, considering all the possible 
combinations for the operating state of the system, is:

	 I P I i ni
W

j
j
A

ij E

nE

= × ∀ ∈{ }
=
∑

1

2
1,..., 	 (7)

The availability of load-sharing systems and overcapacity are cal-
culated as follows:

	 A A I i nsyst
i

n

i i
WE

= × ∀ ∈{ }
=
∑

1
1,..., 	 (8)

The PL is determined with the following equation:

	 O
syst syst yearPL A xC x H= 	 (9)

Before presenting the methodology diagram, it is relevant to ana-
lyse the effect of determining the weighted impact introduced in 
Equation 7 as an equivalent indicator. Considering the formulation 
of problems for a load-sharing configuration, it is easy to consider 

the case of a transport fleet. A key request from the operations man-
ager is, for example, to define the capacity of the fleet, which refers 
to the number of units or volume transported along a certain period. 
The equivalence is based on the availability and level of production. 
For example, regarding the number of units transported in a period, it 
could be equivalent to 60% availability and 100% PL or 80% avail-
ability and PL 75% for one month. Figure 2 shows the equivalent 
impact effect. This analysis only considers the effect of corrective 
maintenance detentions, given that considering the idle capacity of the 
fleet, it is possible to minimise the effect of preventive maintenance 
and operational stops.

4. Proposed methodology
With the previous assumptions under consideration, the steps to 

follow in the proposed methodology are shown in Figure 3, where 

these stages or steps are explained and justified for the evaluation of 
the Equivalent Availability in complex load-sharing systems:

Step 1: System characterisation is required in terms of the required 
and installed capacity, as well as its specifications. It is fundamental 
that the process can operate at a lower load than required, considering 
the corresponding loss. There are processes in which the operation 
must be stopped in case the required capacity level is not accom-
plished, i.e., food plants. Certainly, this model is not applied to them. 
Conversely, there are transportation systems in which, although there 
is a required capacity, due to failure to comply, it is convenient to op-
erate at a lower load rather than take a full stop on the operation. 

Step 2: Each element (equipment) must be evaluated independently 
and according to the characteristics of the process. The fundamental 
aspects to consider are reliability, maintainability, and capacity.

Step 3: After Step 2, the expected physical availability of each ele-
ment is calculated. This step allows the modelling of states for the ele-
ment and renders the combination between capacity and availability 
possible.

Step 4: Once the elements have been characterised, all the possible 
scenarios must be evaluated. For this task, equations 1, 2, and 3 must 
be applied. The difficulty that characterises this step is that the total 
number of scenarios has an exponential relationship with the number 
of elements, which is why a total of 2nE scenarios are obtained for the 
evaluation.

Step 5: The calculation of impacts for each element is the charac-
teristic and differentiating factor of this methodology. For this step, 
the application of equations 4, 5, 6, and 7 is needed. This calcula-
tion is performed in the evaluation of the scenarios by analysing the 
system’s available capacity in each case and assigning the potential 
losses (failure to satisfy the required capacity) to items that were not 
available in the scenario study. As previously discussed, the impact of 
the equipment is dynamic since it depends on their rates and the rates 
of each of the other elements. In scenarios of overcapacity, the impact 
of equipment is not the ratio between its capacity and the required 
capacity, as commonly evaluated.Fig. 2. Equivalent Impact Effect

Fig. 3. Proposed methodology
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Step 6: After completing these steps, the equivalent system avail-
ability can be calculated by assessing the availability and weighted 
impact of each of the elements (equation 8). This availability estab-
lishes the level of productive capacity of the system, corrected by the 
probability of meeting with itself. The concept of equivalence is the 
result of the evaluation of scenarios, in which it operates at a lower 
required load, which could be treated as “partial availability”.

Step 7: Since the EA is determined, the PL is evaluated based on an 
adjusted capacity analysis (equation 9). Note that each of the previ-
ously described steps is essential for the application of the methodolo-
gy, which should be applied rigorously. In the next section, we outline 
the application of the various stages of our proposed methodology.

5. Case study
The case study is based on the analysis of a truck fleet in a copper 

mining process. The fleet includes 170 trucks that are classified in 
six classes, including the manufacturer, the model, and age of each 
element. The overall performance of the fleet is evaluated based on 
the availability and capacity of each element. The analysis focuses on 
the evaluation of each element’s impact on the process. In addition, 
different scenarios of equipment use are evaluated to assess the im-
pacts and results caused by changes in the allocation of the trucks for 
specific activities and differentiate the characteristics of capacity and 
availability. The specific aspects related to the routing and scheduling 
of the vehicles and their performances [22] are estimated within an 
expected capacity per truck.

The first section of the case study describes the context and study 
scenario (steps 1 and 2). The second section outlines the availability 
calculations per item (step 3). The third section carries out the system 
modelling, where the EA and PL of the fleet are calculated (steps 4, 
5, 6, and 7). The fourth section corresponds to a sensitivity analysis 
where, once the model is implemented, it is possible to evaluate the 
impact of including more equipment, which complies with higher pro-
duction targets.

5.1.	 Description of the production process and data collec-
tion

Step 1:
The mine is located in northern Chile and has an annual production 

of approximately 1,200,000 metric tons of copper. The applied case 
study is developed on the transport system of material from the mine 
to the concentrator plant. This material has a bill that exceeds 1.25% 
copper, and more than one million metric tons of material composed 
of mineral and ballast in a ratio of 3:1 is transported daily. The last 
aspect is relevant for understanding the importance of examining the 
system of trucks that perform this work. The site is located at an alti-
tude that exceeds 3,000 meters above sea level. Once the material is 
extracted, it is loaded onto the trucks by blades with a capacity of 40 
tons. The process has a capacity time greater than 42,000 tons, which 
are transported by trucks to a hopper for distribution in the milling 
process. The truck subsystem consists of 170 trucks of six different 
types, whose capacity ranges from 240 to 360 tons.

Step 2:
In this case, we analyse the behaviours of each of the 170  trucks 

in the mining facility. In the first instance, it is possible to group the 
trucks into six classes according to their age, model, manufacturer, 
and capacity (Table 1). This task has a very positive result for As-
sumption 1, considering the fleet size and total scenarios generated by 
the 170 trucks: reduction in processing time by pre-processing the raw 
data to avoid redundant equipment state configurations.

Table 1. Truck classification

Class Quantity Payload (ton)

A 20 240

B 80 360

C 10 320

D 25 240

E 15 360

F 20 240

5.2.	 Calculating and obtaining indicators

Step 3:
A particular analysis was performed for each truck i, via its reliabil-

ity indicator (Mean Time To Failures (MTTF)) and maintainability 
(Mean Time To Repair (MTTR)) to calculate its physical availability 
indicator (Ai) [7] as follows:

	  i
i

i i

MTTFA
MTTF MTTR

=
+

	 (10)

The result of this equation (and other equations) may vary over 
time. Nevertheless, their use has been simplified in the presented case 
to avoid additional complexities. To illustrate this point, an extract 
of the obtained information for trucks is shown (Table 2). This table 
considers only trucks from class A (same model and date of fabrica-
tion but different operational age).

Table 2. Truck indicator extract

Truck MTTF
(hours)

MTTR
(hours) A

A1 55.34 12.87 81.13%

A2 55.54 9.74 85.08%

A3 48.66 9.36 83.86%

A4 49.11 16.27 75.11%

A5 50.74 13.29 79.24%

A6 49.45 7.24 87.23%

A7 53.58 6.86 88.65%

A8 51.20 9.15 84.84%

A9 54.16 15.26 78.01%

A10 56.21 9.53 85.50%

…….

An interesting analysis can be obtained when analysing the differ-
ent rates of reliability, maintainability and availability for each truck, 
since it is possible to establish different patterns of variability and 
trends between different classes due to equipment age (Figure 4).

The graph in Figure 4 clearly shows that the trucks in classes A 
and B have a higher MTTF and MTTR with lower variability, which 
is explained by the lower accumulated operating time, since they cor-
respond to the newest fleets. This analysis highlights the low vari-
ability of the index for the trucks from class B (highest number). This 
finding is justified due to the high volume of total procedures per-
formed, which allows a better understanding of the equipment, and 
thus, standardisation of maintenance processes. Table 3 shows a sum-
mary of the characterisation of the equipment for each class obtained 
from the original data.
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Table 3.	 MTTF and MTTR indicator for each truck classification

Class 
 Average 

MTTF
(hours)

Variance 
MTTF

Average 
MTTR

(hours)

Variance 
MTTR

A 52.55 8.97 9.90 15.46

B 46.88 8.20 11.32 9.46

C 44.23 17.12 11.87 13.84

D 43.40 27.79 13.15 29.51

E 40.08 36.45 15.43 28.45

F 40.74 40.98 16.04 28.98

In step 3, consolidated results on availability Ai for each truck are 
presented (Figure 5). As expected, the trucks from classes A and B 
present the highest rates. Class A trucks, which are smaller, more reli-
able and more maintainable trucks, stand out. Similar to the previ-
ous indicators in terms of average and variability, Table 4 shows the 
results.

Fig. 5. Availability (Ai) indicator by class

Table 4.	 Availability (Ai) indicator for each truck classification

Class Average Ai Variance Ai

A 84.4% 0.31%

B 80.7% 0.20%

C 79.1% 0.26%

D 77.0% 0.76%

E 72.5% 0.65%

F 72.0% 0.58%

5.3	 System modelling and obtaining EA

Step 4:
As mentioned in Section 3.1, transport of ( R

SC ) 
42,000 tons/h on average throughput is needed. Considering the ca-
pability of the total truck fleet, on average, 135 available trucks are 
needed for the activity at 100% capacity. Obviously, this number is 
dynamic and varies according to the specific capacities of the trucks, 
which are considered as well as the distances of each transfer. First, 
it is established that the required capacity R

SC is 42,000 tons and the 
maximum capacity (installed capacity) imaxC  of the 170 trucks fleet 
is 53,000 tons.

Step 5:
Regarding the methodology, Step 5 allows us to calculate the im-

pact of each of the equipment on the process. Ii is calculated with 
equation (5), which graphically shows the impacts Ii obtained for 
each truck in Figure 6. This impact Ii arises from the result of the 
existing effect between R

SC  and C MAX , which implies the existence 
of overcapacity; therefore, the effect of the unavailability of a truck 
will be less than the ratio of their ability and capacity required , since 
it is corrected by the overcapacity factor. By analysing the informa-
tion in the chart in Figure 7, it can be seen that the trucks of Classes 
A, D and F have the same impact; the same occurs with the trucks 
of class B and E. Since this impact is based on the capacities of the 
trucks, which are identical in these cases, this circumstance has the 
same result as Ii. 

The weighted impact for each truck Ii
W is calculated, according 

to the equation (7). Note that unlike Ii, every Ii
W depends on the re-

liability, maintainability, and therefore, the capacity of each truck. 
This weighted impact is separately calculated from the analysis of 
each of the scenarios associated with each truck. This calculation is 
performed by evaluating the likelihood of each scenario and estimat-
ing the effect of the unavailability of a truck on the system, which 
is associated with the state of the other trucks. The impacts for each 
truck are shown in Figure 6 as a family of trucks for each class. For 
example, if truck A1 is unavailable and all other trucks are avail-
able, the impact of truck A1 is 0% since the capacity required R

SC  
is achieved. This scenario has the probability calculated with equa-
tion (6) of 2.62 * 10-19. In this way, the same situation occurs with 
any combination in which the sum of the available trucks is equal 
to or exceeds the required capacity. The opposite is true when the 
same truck A1 is not available and all the other trucks from classes 
A and B are unavailable. In this case, the available fleet capacity will 
be 19,400 tons, which indicates a loss of production of 22,600 tons. 
Consequently, the impact of truck A1 will be 0.38%. This scenario 
has a probability of 2.90 * 10-84.

As shown in Figure 6, class A trucks are the trucks with the lowest 
impact since they have a high availability and their capacity is the 
lowest. Conversely, class E trucks are the trucks with the highest im-

Fig. 4. Trucks MTTF and MTTR distribution graph by class

Fig. 6. Truck Ii
w impact graph by class
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developed in ceteris paribus conditions for the original fleet. As it can 
be seen in the graph in Figure 8, in terms of availability, the result of 
incorporating trucks (represented by the X-axis) from class A, is high-
er than the result obtained for trucks from other classes. For example, 
the second highest result was obtained by adding class B trucks. The 
base case considers the original 170 trucks, and in the testing cases, 
the numbers 5, 10, 15, 20, 25, and 30 represent the additional trucks. 
This result has a higher impact on class A, which is explained mainly 
by the high individual availability of type A vehicles versus type B ve-
hicles, and even more than the proper capacity (tons) of each vehicle. 
The low capacity of class A trucks compared to class B trucks, for ex-
ample, is overcompensated by their high individual availability. Every 
step of the simulation involves an increase of 1,200 tons for classes A, 
D, and F, an increase of 1,800 tons for class B and E, and an increase 
of 1,600 tons for class C related to the index C MAX .

Fig. 8.	 Impact on the total availability of including more equipment to the 
fleet

Additionally, Figure 9 shows a direct contrast between the avail-
ability calculated via the traditional method, K-out-of-n and our pro-
posed methodology. This finding clearly presents how the proposed 

pact since their availability is low (class F trucks have the lowest 
availability) and their capacity is the highest. Specifically, the 
lowest impact is observed in truck A18 (truck 18), which has 
an expected availability of 92.89% and a capacity of 240 tons, 
which leads to an impact of 0.1527%. On the other hand, the 
highest impact is observed in truck E12 (truck 147), which has 
an availability of 59.32%, a capacity of 360 tons, and an impact 
of 1.3097%.

Table 5.	 Average Class Ii Impact

Class Average Ii

A 0.34%

B 0.62%

C 0.60%

D 0.49%

E 0.88%

F 0.60%

According to Table 5, it is expected that the lowest Ii average is 
from class A, since its Ai is the highest and its capacity is the lowest. 
The effect of Ai can be verified by comparing its Ii with classes D 
and F, which have the same capacity; however, given their age, their 
availability is lower. The same result can be obtained by comparing 
the rates of class B versus those of class E.

Step 6:
In these conditions, the analysis can be concluded by calculat-

ing the expected EA from the truck fleet, which reaches a value of 
88.49%. This calculation corresponds to the evaluation performed 
on each truck and its Ii, a procedure that follows Equation (8). As 
observed, this value is higher than the average availability of trucks 
that, in a weighted value by their capacity, would be 78.90%. This re-
sult is due to the overcapacity of the fleet (53,000 tons versus 42,000 
required), which is one of the strengths of our model. In the case of 
including new equipment, independent of their Ai, the availability of 
the fleet will always increase. A sensitivity analysis is performed to 
evaluate various scenarios, such as the capacity increases versus in-
creased availability. 

Step 7:
Using the PL formula expressed as Equation 9, it is possible to 

determine that the PL, with an adjusted capacity based on EA, will 
reach 325 million of tons in one year, considering a continuous proc-
ess. This estimation is based on the expected EA (88.49%), required 
capacity (42,000 tons per hour) and planned operational time for the 
year (8,760 hours). As detailed in equation 9, the multiplication of 
these three factors determines the annual production level forecast. 

5.4.	 Sensitivity analysis

Once the model is implemented, a sensitivity analysis can be per-
formed in two ways. The first way (Figure 7) shows the impact on the 
total availability (Y axis) of increasing 1, 2, 3, and 4 to 5% availability 
for a certain class of vehicle (in X axis). This analysis is developed in 
ceteris paribus conditions for the original fleet. The increased availa-
bility must be generated by an improvement in reliability and/or main-
tainability. As shown in Figure 7, it is clear that a marginal increase in 
the availability of class B vehicles is highly relevant for increasing the 
availability of the fleet. This effect is mainly given by the capacity of 
the vehicles in class B (in tons). For the remaining classes, there are 
no relevant differences.

A second sensitivity analysis (Figure 8) evaluates the impact of in-
cluding more equipment to satisfy higher production targets by an in-
crease in the expected availability of the transport system. Trucks are 
added from the different classes to the original fleet. This analysis is 

Fig. 7. Impact on the total availability of increasing availability of each class

Fig. 9. Availability calculation comparison for class A equipment



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 22, No. 4, 2020590

methodology, compared with the other methods, gives higher avail-
ability values for any of the fleet configurations. The average method 
rises slowly due to the fact that Class A equipment are more avail-
able, but the overcapacity effect is not considered in its calculation 
conception. On the other hand, K-out-of-n obtains a higher estimation 
than the average method, but it is still less than our proposal in terms 
of fleet availability, as scenarios where the required capacity is not 
reached were not considered. The difference in the gap between K-
out-of-n and the proposal methodology are reduced as more trucks 
are incorporated due to the redundancy degree of the fleet, and thus, 
its ability and probability to achieve the performance goal. Thus, it 
is easy to appreciate the notion that our proposal has the ability to 
resolve the problem of underestimating the fleet availability, which is 
a useful input to be employed for fleet design and control.

6. Conclusions
We present a new methodology for evaluating the availability and 

production level of complex systems, which represents load-sharing 
configurations with overcapacity and flexible work levels. We de-
velop this methodology for systems that operate at less loads than 
required, which has not been previously addressed. We applied this 
methodology to a case study that makes understanding and applica-
tion easier and presents significance, since it allows systems dimen-
sioning, including the EA Index as a key variable. This innovation 
consists of expressing an EA and its production level related to their 
capacity to adequately represent the load sharing modelling, measur-
ing the contribution of each element to the system’s production level 
capacity. The employment of the EA Index prevents the exhaustive 
use of the Event Space Method, using for example the Binomial Dis-
tribution, to list all possible combinations of states of trucks that lead 
to success (reach the required capacity), and then calculating their 

probability of occurrence. Our proposed procedure can be applied to 
different industrial contexts, especially transport activities that work 
with equipment fleets, and eventually in modelling tasks for project 
design and dimensioning fleet size. The methodology is direct and 
transparent; however, its usage with systems consisting of many ele-
ments requires the support from specialised tools. Additionally, the 
methodology strengths are based on the capacity to define dynamic 
indicators for its application to determine the real work capacity for 
a period (day, way, month) adjusting the value by reliability, main-
tainability, and availability, measuring the effect of detention and idle 
time. In this case, the use of remote-control systems will have a great 
contribution. It is essential to compare our results with the application 
of the methodology in relation to current practice, based on indicators 
without a systemic vision, which prevents the optimisation of proc-
esses and which are based mainly on average and unadjusted indica-
tors. For this, it is necessary to remark the calculation of the weighted 
impacts of each element, which consider their evaluation in every one 
of the scenarios, according to their probabilities. It is important to 
highlight that the methodology is applied in haul trucks fleet, but is 
possible to extend this application in many industrial sectors as supply 
chain, transportation, and public transport. As a matter of fact, in the 
processes where a fleet is developed and implemented, the EA index 
could be modelled and studied to analyse the performance indicators. 
Finally, the compliance of the objectives in this investigation is ex-
pressed, stressing the importance of its application in a case study, 
and its results.

Acknowledgement
The research work financed by Universidad Técnica Federico Santa 

María PI_LIR_2020_5 project funds.

References
1.  Akthar S, Reliability of k-out-of-n: G Systems with imperfect Fault-Coverage. IEEE Transactions on Reliability 1994; 43 (1): 101-106, 

https://doi.org/10.1109/24.285121.
2.  Alarie S, Gamache M. Overview of solution strategies used in truck dispatching systems for open pit mines. International Journal of Surface 

Mining 2010; 16: 59-76, https://doi.org/10.1076/ijsm.16.1.59.3408.
3.  Birolini A. Reliability Engineering: Theory and Practice, 4th ed. Berlin: Springer-Verlag, 2017, https://doi.org/10.1007/978-3-662-

54209-5.
4.  Burt C, Caccetta L. Equipment selection for surface mining: a review. Interfaces 2013; 44 (2): 143-162, https://doi.org/10.1287/

inte.2013.0732.
5.  Chaowasakoo P, Seppälä H, Koivo H, Zhou Q. Improving fleet management in mines: The benefit of heterogeneous match factor. European 

Journal of Operational Research 2017; 261: 1052-1065, https://doi.org/10.1016/j.ejor.2017.02.039.
6.  Che H, Zeng S, Guo J. A reliability model for load-sharing k-out-of-n systems subject to soft and hard failures with dependent workload and 

shock effects. Eksploatacja i Niezawodnosc - Maintenance and Reliability 2020; 22 (2): 253-264, https://doi.org/10.17531/ein.2020.2.8.
7.  Dhillon B. S. Maintainability, Maintenance, and Reliability for Engineers. Boca Raton: Taylor & Francis Group, LLC, 2000.
8.  Distefano S, Puliafito A. Reliability and availability analysis of dependent-dynamic systems with DRBDs. Reliability Engineering & System 

Safety 2009; 94: 1381-1393, https://doi.org/10.1016/j.ress.2009.02.004.
9.  Duran O, Rojas S, Duran P. Measuring the Impact of Maintenance Postponement on Overall Performance in a Chilean Crushing Plant. IEEE 

Latin America Transactions 2018; 16 (7): 1951-1958, https://doi.org/10.1109/TLA.2018.8447362.
10.  Fornasiero R, Zangiacomi A, Sorlini M. A cost evaluation approach for trucks maintenance planning. Production Planning & Control 2012; 

23 (2-3): 171-182, https://doi.org/10.1080/09537287.2011.591641.
11.  Fernández Pérez M, Oliveira F, Hamacher S. Optimizing workover rig fleet sizing and scheduling using deterministic and stochastic 

programming models. Industrial and Engineering Chemistry Research 2018; 57 (22): 7544-7554, https://doi.org/10.1021/acs.iecr.7b04500.
12.  Garetti M, Taisch M. Sustainable manufacturing: trends and research challenges. Production Planning & Control 2012; 23 (2-3): 83-104, 

https://doi.org/10.1080/09537287.2011.591619.
13.  He Q, Zha YB, Zhang RJ, Liu TY, Sun Q. Reliability analysis for multi-state system based on triangular fuzzy variety subset bayesian 

networks. Eksploatacja i Niezawodnosc - Maintenance and Reliability 2017; 19 (2): 158-165, https://doi.org/10.17531/ein.2017.2.2.
14.  Jenab K, B. Dhillon B. Assessment of reversible multi-state k-out-of-n:G/F/Load-Sharing systems with flow-graph models. Reliability 

Engineering & System Safety 2006; 91: 765-771, https://doi.org/10.1016/j.ress.2005.07.003.
15.  Jensen H, Jerez D. A stochastic framework for reliability and sensitivity analysis of large scale water distribution networks. Reliability 

Engineering & System Safety 2018; 176: 80-92, https://doi.org/10.1016/j.ress.2018.04.001.
16.  Kristjanpoller F, Crespo A, Viveros P, Mena R, Stegmaier R. A novel methodology for availability assessment of complex load sharing 

systems. European Safety and Reliability Conference (ESREL), Wroclaw, Poland, 2014, https://doi.org/10.1201/b17399-295.



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 22, No. 4, 2020 591

17.  Kristjanpoller F, Crespo A, Viveros P, Barberá L. Expected Impact Quantification based Reliability Assessment Methodology for Chilean 
Copper Smelting Process - A Case Study. Advances in Mechanical Engineering 2016; 8: 1-13, https://doi.org/10.1177/1687814016674845.

18.  Li J, Wang Z, Ren Y, Yang D, Lv X. A novel reliability estimation method of multi-state system based on structure learning algorithm. 
Eksploatacja i Niezawodnosc - Maintenance and Reliability 2020; 22 (1): 170-178, https://doi.org/10.17531/ein.2020.1.20.

19.  Macchi M, Kristjanpoller F, Garetti M, Arata A, Fumagalli L. Introducing buffer inventories in the RBD analysis of production systems. 
Reliability Engineering & System Safety 2012; 104: 84-95, https://doi.org/10.1016/j.ress.2012.03.015.

20.  Mazurkiewicz D. Computer-aided maintenance and reliability management systems for conveyor belts. Eksploatacja i Niezawodnosc - 
Maintenance and Reliability 2014; 16 (3): 377-382.

21.  Misra K. Handbook of Performability Engineering. London: Springer, 2008, https://doi.org/10.1007/978-1-84800-131-2
22.  Nakousi C, Pascual R, Anani A, Kristjanpoller F, Lillo P. An asset-management oriented methodology for mine haul-fleet usage scheduling. 

Reliability Engineering & System Safety 2018; 180: 336-344, https://doi.org/10.1016/j.ress.2018.07.034.
23.  Sadoughi M, Li M, Hu C. Multivariate system reliability analysis considering highly nonlinear and dependent safety events. Reliability 

Engineering & System Safety 2018; 180: 189-200, https://doi.org/10.1016/j.ress.2018.07.015.
24.  Santelices G, Pascual R, Lüer-Villagra A, Mac Cawley A, Galar D. Integrating mining loading and hauling equipment selection and 

replacement decisions using stochastic linear programming. International Journal of Mining, Reclamation and Environment 2017; 31: 52-
65, https://doi.org/10.1080/17480930.2015.1115589.

25.  Shengdao T, Fengquan W. Reliability analysis for a repairable parallel system with time-varying failure rates. Appl. Math 2005; 20(1): 85-90.
https://doi.org/10.1007/s11766-005-0040-6

26.  Trivedi K, Malhotra M. Reliability and Performability Techniques and Tools: A Survey. Messung, Modellierung und Bewertung von Rechen- 
und Kommunikationssystemen. Berlin: Springer, 1993, https://doi.org/10.1007/978-3-642-78495-8_3.

27.  Tsutsui M, Takata S. Life cycle maintenance planning method in consideration of operation and maintenance integration. Production Planning 
& Control 2012; 23 (2-3): 183-193, https://doi.org/10.1080/09537287.2011.591649.

28.  Viveros P, Zio E, Arata A, Kristjanpoller F. Integrated system reliability and productive capacity analysis of a production line. A Case Study 
for a Chilean Mining Process. Proceedings of the Institution of Mechanical Engineers, Part O: Journal of Risk and Reliability 2012; 226: 
305-317, https://doi.org/10.1177/1748006X11408675.

29.  Volovoi V. Modeling of system reliability petri nets with aging tokens. Reliability Engineering & System Safety 2004; 84 (2): 149-161, 
https://doi.org/10.1016/j.ress.2003.10.013.

30.  Wijk O, Andersson P, Block J, Righard T. Phase-out maintenance optimization for an aircraft fleet. International Journal of Production 
Economics 2017; 188:105-115, https://doi.org/10.1016/j.ijpe.2017.01.002.

31.  Xu H, Xing L, Robidoux R. DRBD: Dynamic reliability block diagrams for system reliability modelling. International journal of computers 
and applications 2009; 202 (2): 2552-2561, https://doi.org/10.2316/Journal.202.2009.2.202-2552.

32.  Zhang L, Xia X. An Integer Programming Approach for Truck-Shovel Dispatching Problem in Open-Pit Mines. In Energy Procedia 2015; 
75: 1779-1784, https://doi.org/10.1016/j.egypro.2015.07.469.


