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Mining is one of the most important sectors in most countries. It produces raw material for
other sectors such as industry, agriculture, etc. Therefore, governments always seek the
solutions to prevent or at least reduce the risk of mining industry to minimize the waste of time
and resource. One of the most popular risk in mining industry that should be clearly assessed
is supply chain. There is a variety of methods to evaluate and classify risks. Fuzzy set is one
of the most appropriate methods to categorize and evaluate risks, because this method is able
to take into account the uncertainty involved in the process of risk assessment. In this article,
fuzzy inference system is applied to evaluate and assess the supply chain risk of the Iranian
mining industry. This research shows that the proposed model had a high accuracy and
efficiency for assessing the risk of mining industry.

© 2015 Growing Science Ltd. All rights reserved.

1. Introduction

Emerging economies around the world are continuing to industrialize and grow, rapidly (Akabzaa,
2000). In turn this growth is driving unprecedented demand for mining commaodities along with rising
commodity prices (Filer, 1998). With the current global boom in mining commaodities, mining firms
are under pressure to meet production targets and deliver new capital projects on-schedule. Capital
project investment for the world’s top 40 mining companies doubled between 2010 and 2011, which
has led to increased competition for scarce personnel, equipment, and materials (Halalat & Bolourchi,

1994; Kitula, 2006).

In today’s turbulent business climate, ever increasing supply risks threaten the ability of mining
corporations to meet market expectations, consistently. Given rising commodity prices, the opportunity
cost of lost production caused by supply issues is substantial. Failure to meet production and capital
project targets can substantially influence on shareholder value, and can cause companies to lose the
confidence of key partners, suppliers, and other critical stakeholders in the short term. In the long term,
failure to meet production and capital targets can threaten the viability of a mining company.
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Supply risk is also on the rise, driven by geopolitical and economic uncertainty, the increasingly
globalized nature of supply chains, and imbalances between supply and demand. There are a number
of supply risks that threaten a mining company’s ability to obtain reliable and secure supplies of
personnel, equipment, and materials. The nature of these risks can be classified into: financial,
regulatory; operational; and geopolitical. Mining companies who fail to address these risks effectively
face greater risk exposure and are more likely to be impacted by supply disruptions.

Mining corporations today face challenges on several fronts when it comes to addressing supply risk
effectively. There are people challenges, which include high turnover rates, a limited supply of skilled
labor and service providers, and the logistics around getting personnel to mining sites in remote
locations. There are process challenges throughout the mining supply chain that include: limited
negotiating power in sourcing and procurement; coordination of complex global distribution networks
across multiple regions and modes; a lack of upstream information necessary to perform adequate
planning and forecasting; and ineffective processes to assess and quantify the magnitude of various risk
types. Finally, there are technology challenges related to poor quality of data and a lack of effective
analytical tools to support the modelling and evaluation of risk (Makweba & Ndonde, 1996).

Leading practices in supply risk management address risk quantitatively and strategically, and take an
integrated view of risk across the value chain and the enterprise. Strategic risks need to be segmented
and separated from financial and operational risks in the current environment. ldentifying the key
drivers of change can help organizations prepare for changes across various time durations. Core supply
chain and supply management capabilities must include an organization, with the appropriate skills and
abilities, charged with managing and reducing overall supply risk. In addition, core supply chain
processes in the areas of forecasting and planning, inventory management, strategic sourcing, contract
management, and supplier relationship management are a basic first line of defense to combat supply
risk. Those organizations who are more advanced in addressing supply risk deploy specialized risk
management capabilities to address the more complex threats posed by regulatory and geopolitical
shifts. These advanced capabilities include: concentrating on market intelligence by partnering with
strategic suppliers to share and evaluate data on market and economic conditions; enhancing internal
systems to capture data that supports dynamic decision making; and intelligent risk modelling tools to
conduct scenario analysis and optimize supply decisions (Moody & Panos, 1997).

Overall, mining companies today are faced with pressure to meet rising demand for mining
commodities in a climate where the cost of supply disruptions is greater than ever. Mining companies
that effectively develop the capability to manage supply risk will be better positioned to meet market
demand and exceed stakeholder expectations amid volatility and uncertainty.

Mining plays a key role in the economy of Iran. The country is one of the most important mineral
producers in the world, ranked among 15 major mineral-rich countries, holding some 68 types of
minerals, 37 billion tons of proven reserves and more than 57 billion tons of potential reserves worth
$770 billion in 2014. Mineral production contributes only 0.6 per cent to the country’s GDP. Add other
mining-related industries and this figure increases to just four per cent (2005). Many factors have
contributed to this, namely lack of suitable infrastructure, legal barriers, exploration difficulties, and
government control over all resources (Noronha, 2001).

The most important mines in Iran include coal, metallic minerals, sand and gravel, chemical minerals
and salt. Khorasan has the most operating mines in Iran. Other large deposits which mostly remain
underdeveloped are zinc (world's largest), copper (world's ninth largest reserves in 2011, according to
the managing director of National Iranian Copper Industries Company), iron (world's 12th largest in
2013 according to the US Geological Survey), uranium (world's tenth largest) and lead (world's
eleventh largest). Iran with roughly 1% of the world's population holds more than 7% of the world's
total mineral reserves.
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Researchers have proposed several qualitative and quantitative techniques for analyzing risks such as
Leontief-based models (Haimes & Jiang, 2001), Markov chains (Asavathiratham et al., 2001)
hierarchical holographic modeling (HHM) (Ezell et al., 2000; Haimes, 2004), preliminary hazard
analysis (PHA) (Fullwood & Hall, 1988), hazard and operability study (HAZOP) (Sutton, 1992), and
failure mode and effects analysis (FMEA) (Yuan, 1985; Pinna et al., 2008). These methods are often
used to understand what would happen based on the likelihood and consequences of a mistake.

In order to evaluate the risk of mining industry, it is necessary to accurately model and quantify the
problem under consideration. On the other hand, with regard to high efficiency of fuzzy set on modeling
uncertainty, we employed fuzzy set in order to model the risk of mining industry in Iran.

The main purpose of this paper is to present a new methodology based on the supply risk assessment
and fuzzy inference system to provide a structured framework to build a safer and resilient projects in
order to manage the unwanted events.

2. Fuzzy risk

Fuzzy set theory provides a simple way to reason with vague, ambiguous, and imprecise input or
knowledge (Kahraman, 2008). Unlike crisp (or ordinary) sets, fuzzy sets have no sharp or precise
boundaries (Aydin, 2004, Lashgari et al., 2011; Alidoosti et al., 2012; Yazdani-Chamzini &Yakhchali,
2012; Lashgari et al., 2012; Fouladgar et al., 2012a,b,c). In crisp logic, every statement is true or false;
i.e., it has a truth value 1 or 0. In contrast, fuzzy sets have more flexible membership requirements that
allow for partial membership in a set. Everything is a matter of degree, and exact reasoning is viewed
as a limiting case of approximate reasoning (Kahraman, 2008). The ability of fuzzy set theory to deal
effectively with the uncertainties encompassing vagueness and fuzziness, and variables that are defined
linguistically or qualitatively (Fleming et al., 2007) caused this method by different researchers be used.
Markowski and Mannan (2009) used Fuzzy logic for piping risk assessment and explored the
application of the fuzzy logic for risk assessment of major hazards connected with transportation of
flammable substances in long pipelines. As a basis for risk assessment, the framework of the fuzzy
Layer of Protection Analysis (fLOPA) was used. fLOPA presents a new approach to risk assessment
based on two assumptions: (1) different effects of the layer of protection functions on particular
elements of the risks (frequency and severity of consequence), and (2) the application of fuzzy logic
system (FLS) composed of three elements: fuzzification, inference process and defuzzification.

Elsayed (2009) developed Fuzzy inference system for the risk assessment of liquefied natural gas
carriers during loading/offloading at terminals. Zhao et al. (2006) used fuzzy for risk assessment of the
network security. Their applied method combined AHP method and fuzzy logical method. Davidson et
al. (2006) proposed fuzzy risk assessment tool for microbial hazards in food systems. Chen (2001)
presented a new algorithm to evaluate the rate of aggregative risk in software development using fuzzy
set theory under the fuzzy group decision making environment. Zeng et al. (2007) developed an
application of a fuzzy based decision making methodology to construction project risk assessment.
They stated the application of fuzzy reasoning techniques provides an effective tool to handle the
uncertainties and subjectivities arising in the construction process.

3. Fuzzy inference system

Fuzzy inference is the process of formulating the mapping from a given input to an output using fuzzy
logic (see Fig. 1). There are various types of inference system. Mamdani-type inference and Sugeno-
type systems have most application. Mamdani-type inference expects the output membership functions
to be fuzzy sets. After the aggregation process, there is a fuzzy set for each output variable that needs
defuzzification. In general, Sugeno-type systems can be used to model any inference system in which
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the output membership functions are either linear or constant (www.mathworks.com). The following
steps are necessary for successful application of modeling through a general fuzzy system:

knowledge base
data base rule base
Input i v h 4 Output
fuzzifier defuzzifier
( fuzzy’ inference unit (fuzzy)

Fig. 1. Structure of fuzzy system
3.1. Fuzzify inputs

The first step is to take the inputs and determine the degree to which they belong to each of the
appropriate fuzzy sets via membership functions. The inputs are always a crisp numerical value limited
to the universe of discourse of the input variable. Fuzzification of the input and output variables carry
out by considering appropriate linguistic subsets such as high, medium, low, heavy, light, hot, warm,
big, small.

3.2. Construction of rules base

Construction of rules based on expert knowledge and/or the basis of available literature. The rules relate
the combined linguistic subsets of input variables to the convenient linguistic output subset (Ross,
1995). Any fuzzy rule includes statements of “‘IF . . . THEN. . .” with two parts. The first part that
starts with IF and ends before the THEN is referred to as the predicate (premise, antecedent) which
combines in a harmonious manner the subsets of input variables. Consequent part comes after ““THEN”
which includes the convenient fuzzy subset of the output based on the premise part. This implies that
there is a set of rules which is valid for a specific portion of the inputs variation domain. The input
subsets within the premise part are combined most often with the logical ‘“and” conjunction whereas
the rules are combined with logical “‘or”.

3.3. Apply Implication Method

The implication part of a fuzzy system is defined as the shaping of the consequent part based on the
premise (antecedent) part and the inputs are fuzzy subsets.

3.4. Aggregate All Outputs

Because decisions are based on the testing of all of the rules in a FIS, the rules must be combined in
some manner in order to make a decision. Aggregation is the process by which the fuzzy sets that
represent the outputs of each rule are combined into a single fuzzy set. Aggregation only occurs once
for each output variable, just prior to the fifth and final step, defuzzification (www.mathworks.com).
The input of the aggregation process is the list of truncated output functions returned by the implication
process for each rule. The output of the aggregation process is one fuzzy set for each output variable.

3.5. Defuzzify

Defuzzification is one of the most important subjects in fuzzy math. The result appears as a fuzzy
subset and therefore, it is necessary to defuzzify the output for obtaining a crisp value that would be
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required by the administrators or engineers. Perhaps the most popular defuzzification method is the
centroid calculation, which returns the center of area under the curve. There are five built-in methods
supported (www.mathworks.com): centroid, bisector, middle of maximum (the average of the
maximum value of the output set), largest of maximum, and smallest of maximum.

4. Fuzzy inference system design

In here, by experts’ opinion, structure of fuzzy inference system is established. Expert judgments are
normally the primary sources of information in typical engineering risk analysis methods, and can be
collected through more or less formalized methods (interviews, surveys, workshops etc.) (Holmgren,
2007). Based on experts’ opinion, four risky agents based on supply chain framework are selected as
affective factors. In the following part, these factors are illustrated.

4.1. Financial risk

The uncertainty and volatility surrounding the current global economic environment has not made life
any easier when it comes to managing financial risk in the supply chain. The financial risks relevant to
supply in mining can be viewed as three components:

Supplier financial risk, Input price volatility risk, and Exchange rate and supply scarcity risk.
4.2. Regulatory risk

The mining industry is highly regulated and mines are increasingly operating in locations where local
regulations and laws are continuously evolving (e.g. India, Mongolia, and Australia). The geographic
placement of operating sites means they can be governed by a range of regulations related to the
environment, health, and safety, all of which can impact supply decisions. In turn, these decisions can
restrict and constrain the supply of goods and services to mining sites.

4.3. Operational risk

Obtaining secure and reliable sources of supply for a mining site is fraught with operational challenges
throughout the supply chain. The most critical parts need to be on hand at all times as the opportunity
cost of any downtime is high. In many cases, mines have limited supply choices for critical or
proprietary parts. Among suppliers where there are wider alternatives, mines are increasingly forced to
look at second or third choice vendors because their preferred supplier cannot meet current demand.
Such sourcing decisions are accompanied by greater supply risk as these suppliers may be less viable,
less reliable, and could potentially be lower performers. The ability to understand and evaluate a
supplier’s ability to meet customer needs across a range of dimensions (e.g. capacity, quality, safety,
efficiency) is vital to detecting and mitigating supply risks before there is an actual impact. In the
context of global demand, a strategic view is needed to balance the discussion of second and third
supplier choices. Transportation across the mining supply chain can also be complex and contain risk.
Transporting the supply of both products and labor to a mining site often involves several modes with
many handoffs.

4.4. Geopolitical risk

Supply lines can often extend across a number of sovereign lines. As a result, actually getting supplies
from the source to the mining site can require a journey that crosses multiple jurisdictions each with
different regulations and approaches to doing business. These various political environments can in
turn drive changes in regulatory conditions, potentially altering the level of supply risk to mine.
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The inputs and output are divided into five different fuzzy linguistic sets as very Low (VL), Low (L),
Medium (M), High (H), and Very High (VH). Membership function of the environmental risk is shown
as a sample in Fig. 2. With regard to Fig. 2, fuzzy numbers, in this paper, are Gaussian fuzzy number.
Itis chosen because the Gaussian kernel function exhibits properties that are mathematically
and computationally tractable (Masters, 1993, 1995). The Gaussian kernel function is also a
continuously differentiable function, and has the advantage of being smooth and nonzero at all points
(Xie, 2003). Because of its smoothness and concise notation, the Gaussian membership function is a
popular method for specifying fuzzy sets (Jang, 2005). Besides, past experiences have indicated that it
is a suitable choice in many applications, and has been a reliable performer (Masters, 1993, 1995). The
Gaussian membership function can be represented by (see Fig. 3):

X-C)z (l)
(g

1
Gaussion(x;c,c) =€ 2

where ¢ and ¢ are center and width of the membership function, respectively. For each input, c is fixed
to “1” for the first linguistic term; “10” for the last linguistic term and for others the center of each term.
Parameter ¢ is tuned so that every membership function has approximately 50 percent overlapping
(orthogonal condition) (Jang et al., 1997; Lin & Lee, 1995).This will eliminate the risk of introducing
a “hole” in the input domain (Jang et al., 1997). The inputs of environmental, ecological, and
socioeconomic risks are the interval between 1 and 5.

Degree of membership

Financial risk
Fig. 2. Membership function of financial risk

This example is built on 625 rules, and each of the rules depends on resolving the inputs into a number
of different fuzzy linguistic sets. Before the rules can be evaluated, the inputs must be fuzzified
according to each of these linguistic sets. After the inputs are fuzzified, the degree to which each part
of the antecedent is satisfied for each rule. If the antecedent of a given rule has more than one part, the
fuzzy operator is applied to obtain one number that represents the result of the antecedent for that rule.
This number is then applied to the output function. The input to the fuzzy operator is two or more
membership values from fuzzified input variables. The output is a single truth value.

Before applying the implication method, we must determine the rule's weight. Every rule has a weight
(a number between 0 and 1), which is applied to the number given by the antecedent. Generally, this
weight is 1 (as it is for this example) and thus has no effect at all on the implication process. After
proper weighting has been assigned to each rule, the implication method is implemented. The
consequent is reshaped using a function associated with the antecedent (a single number). The input
for the implication process is a single number given by the antecedent, and the output is a fuzzy set.
Implication is implemented for each rule. Two built-in methods are supported, and they are the same
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functions that are used by the AND method: min (minimum), which truncates the output fuzzy set, and
prod (product), which scales the output fuzzy set.

As long as the aggregation method is commutative (which it always should be), then the order in which
the rules are executed is unimportant.

The input for the defuzzification process is a fuzzy set (the aggregate output fuzzy set) and the output
is a single number. As much as fuzziness helps the rule evaluation during the intermediate steps, the
final desired output for each variable is generally a single number. Defuzzification procedure is
frequently achieved through centroid method as applied in this paper.
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Fig. 3. Gaussian membership function

Sensitive analysis related to risk with regard to alterations of financial and operational factors is shown
in Fig. 4. As in Fig. 4 indicates when financial and operational risks ascend; as a result, risk increases.
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Fig. 4. The Effects of financial and Operational parameters on risk
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5. Case study

In this section, we provide an example to demonstrate the potential applications of the proposed model.
Mining industry plays a significant role in Iran’s economy; so that, this industry includes five percent
in the country’s GDP. The country is known as one of the most important mineral producers in the
world, ranked among 15 major mineral rich countries. This industry comprises more than 7% of the
world’s total mineral reserves. The country holds some 68 types of minerals, 37 billion tons of proven
reserves and more than 57 billion tons of potential reserves (Fouladgar et al., 2011).

In this paper, the riskiest parameters involved in the process of supply chain management, including
Financial (F), Regulatory (R), Operational (O), and Geopolitical (G) are evaluated to be ranked in a
descending order. To doing so, an assessor team consisting of six experts with high degree of
knowledge in the field of risk analysis prioritizes risks in terms of the three parameters, so that; high
risk factor can be connected with top priorities. Due to the difficulty in precisely assessing the risk
factors and their relative importance weights, team members agree to evaluate risks by linguistic terms
and then outputs are compared with traditional outputs. A comparison of the results using the proposed
model with the conventional one is presented in Table 1. A disadvantage of the traditional method is
that different sets of Financial (F), Regulatory (R), Operational (O), and Geopolitical (G) parameters
may generate an identical value of risk; however, the risk implication may not necessarily be the same.
For example, two cases Al and A8 have valuesof 3,1,5,1and 1, 3,5, 1 for F, R, O, and G, respectively.
Both these assets will have a risk value of 10; however, the risk implications of these two cases may be
completely various. This could impose a waste of resources and time. The other disadvantage of the
traditional risk ranking method is that it does not take into account the relative importance among
parameters. This may not be accurate in real world problems. Therefore, the outputs of fuzzy model
are more adapted with real word problems. This may result in a more precise, accurate and sure risk
analysis for protection.

Table 1
The comparison of supply chain risk assessment results
Mining Input Output
cases
Crisp Fuzzy Traditional Fuzzy
F R O G F R o) G model Rank model Rank
Al 3 1 5 1 318 1.23 1.07 11 10 2 3.14 7
A2 2 2 4 1 202 243 192 112 9 3 2.93 5
A3 4 3 1 2 377 314 116 1.87 10 2 331 10
Ad 1 2 5 2 124 221 467 1.76 9 3 2.78 3
A5 3 2 4 3 275 213 379 2.89 12 1 3.04 6
A6 3 2 2 3 269 214 221 3.04 10 2 2.34 1
A7 2 2 4 2 1.97 209 388 211 10 2 3.25 8
A8 1 3 5 1 295 284 407 121 10 2 3.27 9
A9 2 2 4 2 213 206 392 177 10 2 2.84 4
A10 2 3 2 1 1.78 312 1.93 1.08 8 4 2.67 2

6. Conclusion

Mining projects play strategic role of a dynamic economy in each country; so that, governments always
search solutions for reducing or preventing risks related to supply chain management. There are a
variety of methods for evaluating risk. Fuzzy set is one of the most popular methods in this field because
this method take into account uncertainty in the process of modeling. In this paper, fuzzy set has been
employed in order to evaluate and classify the supply chain risk of mining cases. The results of this
research demonstrate the proposed fuzzy model has high potential for formulating the supply chain
risks involved in the mining cases.
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