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Abstract

Petroleum exploration and production business thrives with in-depth knowledge and understanding of the subsurface. Tech-
nological advancement has helped in furnishing the industry with much information about the petroleum reservoir; how-
ever, a lot of uncertainties still exist due to the nature of the subsurface. The industry has strived to address this problem in
diverse ways; regrettably, the classical methods relied upon have failed to provide a proper guide to management decision
in exploiting these reservoirs. In recent times, artificial intelligence techniques, particularly Fuzzy Logic (FL), have been
identified as a potential tool to deal with the uncertainties encountered in most exploration and production (E&P) operations.
This research provides a review of FL applications in E&P operations under non-deterministic input parameters, possible
challenges and solution procedures using FL sensitivity analysis and rule viewers. The focus is on reservoir characterization
for reservoir evaluation, drilling/completion operations and stimulation treatment. The study also examines the extent FL
could be applied to extract useful information from the large volume of historical oil and gas data already on the shelf and
the future gaps to fill. A case study was presented which considered cost optimization in Liquefied Petroleum Gas (LPG)
distribution operations using fuzzy logic.

Keywords Fuzzy logic - Reservoir - Cost optimization - LPG

Introduction

The concept of FL was introduced to model uncertainties
(Zadeh 1965, 1996, 1997). Most uncertainties associated
with complex systems such as petroleum systems are as a
result of imprecision, the failure to carry out the requisite
measurements, lack of awareness or fuzziness (Mohaghegh
2000). Human way of reasoning is not crisp. Humans see
multitude of possibilities beyond black or white, true or
false, ones or zeros computer way of reasoning. Conse-
quently, there is lack of exact correlation between the fuzzy
process/vagueness of such human reasoning and the charac-
teristic scientific method of assigning a value of zeros and
ones computer approach (Mohaghegh 2000). Fuzzy logic is
very distinct in the sense that problems arising from values,
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ideas, beliefs, judgement, indecision, doubt, uncertainty and
probabilities can be effectively solved using fuzzy infer-
ence system unlike any other model (Kosko 1993). Some
authors are of the opinion that probability is an integral part
of fuzzy logic and could serve as a replacement for fuzzy
logic (Kosko 1993). There is a clear distinction between
fuzzy logic problem and probability problems (Zadeh 2002).
The mathematics of fuzzy cannot be described in terms of
probability distributions (Klir and Yuan 1995). Studies have
shown that the classical probability theory that is based
mainly on the concept of randomness is different from fuzzy
concept of uncertainty (Chen et al. 1995). Modeling with
the application of fuzzy logic is much better and superior to
probability modeling because probability modelling is appli-
cable to stochastic-related problems (Kosko 1993). Accord-
ing to Ross (1995), the technique of fuzzy theory is a perfect
means of addressing uncertainty associated with information
deficit, complexity, inaccuracy of data sets of most problems
encountered in the industries. Proper formulation of fuzzy
logic rules with the right input variables and rule viewer has
eliminated the rigor and hassle of developing mathematical
models for solving problems. The conventional rule-based
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systems have not been able to integrate the human reasoning
and computer reasoning in such a manner that computers
could assist humans in decision-making when confronted
with an infinite number of possibilities. Fuzzy logic has suc-
cessfully filled this gap. To model uncertainty, fuzzy logic
makes use of fuzzy sets. Elements of sets with degrees of
membership functions are generally known as fuzzy sets.
A membership function allows for the fuzzification of both
input and output variables (Popa 2013). With fuzzy rules
generated and alpha-cuts taken from membership function,
sensitivity analysis of input values is carried out to generate
a robust output response.

Merit and demerit of fuzzy logic

Fuzzy logic is more like everyday experience as related to
human decision-making. The fuzzy inference system (FIS)
logic is very helpful in regulating and managing incomplete
information (Bello et al. 2016). Hamdi-Cherif (2010) cited
by Zoveidavianpoor et al. (2012) listed merits and demer-
its of Fuzzy Logic to include the following: (a) Merits: FL
mathematical models are veritable means for transforming
human reasoning into useful set of rules that could easily be
implemented using computer; fuzzy logic models are capa-
ble of handling any non-linear problems; FL. models are vital
techniques in addressing complex stochastic problems that
cannot be solved by ordinary mathematical models; fuzzy
logic models are robust and find application under informa-
tion deficit scenarios; fuzzy models are adjudged as appro-
priate tools in generic decision-making.

(b) Demerits: some of the disadvantages include the fact
that experts involved in problem-solving usually have chal-
lenges in organizing their thoughts; there may be bias and
inconsistencies; another problem with fuzzy logic is the
fact that increase in the number of fuzzy subsets per input
variable causes exceptionally high increase in the number
of rules. This could result in constraint buildup. These dis-
advantages notwithstanding, fuzzy logic systems have been
applied successfully in different areas of research such as
manufacturing companies, oil exploration and production
operations, transportation problems, chemical industries and
so many other areas of human endeavours (Park et al. 2010).

Common applications of fuzzy logic models
Hybrid systems

The limitations of fuzzy logic and other Al techniques led
to further research endeavours on how to reduce the impact
of these limitations. One major breakthrough was the intro-
duction of hybridization. Hybridization is the concept of
combining two or more artificial intelligence techniques.
The rationale behind hybridization is to complement the

Pielase clla)l auan .
KACST 3.015lq rogle Ll @ Springer

weakness of one technique with the strength of another. In
recent times, the popularity of hybrids has increased and
has been attributed to extensive success in many real-world
complex problems (Giovanni and Vincenzo 2005). Fuzzy
logic has been widely applied in hybrid systems. Hybrid
systems combining fuzzy logic with other Al techniques
such as neural networks, genetic algorithms and support
vector machines have been applied in E&P operations. Com-
mon examples include neuro-fuzzy systems, support vector
machine—fuzzy system, and genetic algorithm—fuzzy logic
hybrid.

The neuro-fuzzy system The combination of fuzzy logic
and neural networks is called neuro-fuzzy and combines
the advantages of the two (Von Altrock 1995). Neuro-fuzzy
system is a hybrid system that combines the self-training
abilities of ANN and the unique knowledge representation
and inference capabilities of fuzzy logic. The use of neuro-
fuzzy hybrid system provides an alternative for pattern
recognition, clustering, statistical and mathematical mod-
eling (Jang 1991&1992). It has been applied in different
oil and gas operations. For example, Alimonti and Falcone
(2004) applied artificial neural networks and fuzzy logic to
multiphase-flow metering to provide a real-time monitor-
ing of produced flow rates and stream composition. Okwu
and Olufemi (2017) conducted a study by optimizing the
cost of distribution of multiple products to multiple destina-
tions using adaptive neuro-fuzzy inference system (ANFIS).
Zarei et al. (2008) applied a neuro-fuzzy approach in well-
placement optimization. The study showed that the appli-
cation of neuro-fuzzy technique resulted in time saving in
the analysis which was necessary for the success of opti-
mization algorithm. Nikravesh and Aminzadeh (2001) used
neuro-fuzzy technique to develop an optimum set of rules
for nonlinear mapping between porosity, grain size, clay
content, P-wave velocity, P-wave attenuation and perme-
ability. The rules developed from a training set were used
to predict permeability in another data set. The prediction
performance was very good. The study also showed that the
integrated technique discovered clear relationships between
P-wave velocity and porosity, and P-wave attenuation and
clay content, which were useful to geophysicists. The quest
for higher performance accuracy in the prediction of target
properties is the main driver for hybrid systems. However, it
is important to ensure that the combination is not just for the
sake of itself but rather to benefit from the strength offered
by the combined technologies and that each hybrid compo-
nent has a contribution in the solution to the target problem.

Fuzzy c-means Fuzzy c-means (FCM) is a data cluster-
ing technique wherein each data point belongs to a cluster
to some degree that is specified by a membership grade.
Bezdek (1981) originally introduced the technique as an
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improvement on earlier clustering methods. The method
shows how to group data points that populate some multidi-
mensional space into a specific number of different clusters.
Fuzzy c-means is a well-known fuzzy clustering technique
that generalizes the classical c-means algorithm and can be
used where it is unclear how many clusters there should be
for a given set of data (Chiu 1994). Fang and Chen (1997)
applied fuzzy rules to predict porosity and permeability
from five compositional and textural characteristics of sand-
stone in the Yacheng Field (South China Sea). The five input
attributes were the relative amounts of rigid grains, ductile
grains and detrital matrix, grain size and the Trask sorting
coefficient. All the porosity and permeability data were first
divided into a certain number of clusters by fuzzy c-means.
The corresponding sandstone characteristics for each cluster
were used to general the fuzzy linguistic rules. Each fuzzy
cluster produced one fuzzy if-then rule with five input
statements. The formulated rules were then used to make
linguistic prediction by combining individual conclusion
from each rule. Nikravesh et al. (2000) applied k-clustering,
neural networks and fuzzy c-means techniques to character-
ize a field that produces from Ellenburger Dolomite. They
used the techniques to perform clustering of 3D seismic
attributes and to establish relationships between the clusters
and the production log. The production log was established
away from the wellbore. They were able to identify the opti-
mum locations for new wells based on the connectivity, size
and shape of the clusters related to the pay zone. Ilkachi
et al. (2006) used data from three wells of an offshore gas
field in Iran to construct fuzzy logic models of the reservoir.
They applied fuzzy c-means clustering technique for rock
type classification using porosity and permeability data.
Permeability was modeled and predicted using Takagi—Sug-
eno fuzzy inference system. Their results showed that fuzzy
logic approach was successful in predicting permeability of
rocks in the gas reservoir. Fuzzy c-means is thus a vital tech-
nique with the capability of identifying structures in data
from the large volume of historical oil and gas data currently
residing in E&P companies’ data bases. Pattern recognition
and classification will help to achieve a concise representa-
tion of a petroleum reservoir’s behaviour which will lead to
efficient and cost-effective hydrocarbon recovery.

Application of fuzzy logic in E&P

The application of fuzzy logic cuts across different areas
of engineering. Decision-makers solve problems on a daily
basis using essentially quantitative information obtained.
Solving real-life and industrial problems, therefore, require
quantitative information (Tianhua et al. 2012). Fuzzy
logic helps to guarantee precision and quality and to avoid
inconsistency and uncertainty (Bilgen, 2010). Fuzzy logic

applications in E&P operations have been reported in differ-
ent areas such as engineering design and control (Nikravesh
et al. 1997; Sengul and Bekkousha 2002; Mohaghegh et al.
2005; Widarsono et al. 2005; Cao et al. 2006; Taheri 2008;
Weiss et al. 2001; Zarei et.al. 2008; Murillo et al. 2009)
and also in operations of production facilities, systems and
optimal well operations (Rivera and Farabee 1994; Dumans
1995; Xiong et al. 2001; Alimonti and Falcone 2004; Gar-
rouch and Lababidi 2005) and in economic analysis (Zolo-
tukhin 2000; De Salvo; Castro and Fereira Filho 2010;
Agbon and Araque 2003; Chang et al. 2006), in scheduling
(Seyed 2015) and other engineering fields (Amit and Zhil-
ing 2012; Balendra et al. 2013; Tu-chungchu and Rangnath-
varma (2012); Binay 2013; Mohammed and Salman 2014,
Vladyslav et al. 2015; Nwoha et al. 2016). Additional areas
where fuzzy logic has been used extensively in the literature
are reservoir characterization, drilling and completion, and
simulation treatment. Fuzzy logic application in distribution
operations, which is the major focus of this research, has
not been given adequate attention as there exists diminutive
information in the open literature.

Application of fuzzy logic in reservoir
characterization

Reservoir characterization is a process for quantitatively
assigning petroleum reservoir properties such as poros-
ity, permeability, fluid contacts and many other properties
needed to understand hydrocarbon reservoirs (Mohaghegh
et al. 1996). It also involves recognizing geologic informa-
tion uncertainties and spatial variability. Good reservoir
characterization is vital to hydrocarbon production optimi-
zation. The industry has various means of evaluating a given
reservoir, but taking a core sample from a formation is one
of the best options and always recommended. The infor-
mation gathered from core analysis include porosity, fluid
content and saturation, permeability, relative permeability,
mineral composition, particle size distribution and rock
strength. While many of these properties aid in evaluating
the ability of the reservoir to store and produce hydrocar-
bons, others such as mineral composition and rock strength
help to achieve successful drilling and production opera-
tions. Hu et al. (2017) classified minerals in petroleum res-
ervoirs as water-sensitive minerals, salinity-sensitive miner-
als, acid-sensitive minerals, alkaline-sensitive minerals and
minerals sensitive to flow velocity. For instance, knowledge
of mineral composition, particularly clay type and distribu-
tion of the formation of interest will aid in the design of
non-damaging drilling fluids and also help to plan a suc-
cessful treatment for either acidizing or hydraulic fracturing
jobs. Also information about the rock strength will assist in
planning the correct drilling fluid density, wellbore stability
issues and sand control techniques. Thus information from
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core analysis will not only evaluate a given reservoir but will
also help to optimize well operations. Till date, it is impos-
sible to core every well because coring is time consuming
and expensive. This presents a problem when an accurate
3D static model of a field is required because the availabil-
ity of cores is limited compared to the number of wells in
the field. Reservoir characterization is oftentimes challeng-
ing and complicated due to the nonlinear and heterogene-
ous physical properties of the petroleum reservoir rock.
These issues can easily be addressed accurately and effi-
ciently by the use of computer-based artificial intelligence
methods such as neural networks, fuzzy logic and genetic
algorithm. Artificial neural network or genetic algorithm,
however, cannot effectively handle uncertainties that exist
whenever there is insufficient information, inability to per-
form adequate measurements or imprecision (Moghghegh
2000). In recent times, however, fuzzy logic has presented
the industry with a new interpretation technique that fully
accounts for uncertainty to predict reservoir parameters such
as permeability and lithofacies in uncored but logged wells
(Cuddy 2000; Hambalek and Gonzalez 2003; Taghavi 2005;
Shokir 2006; Abudulraheem et al. 2007). Saggaf and Nebrija
(2003) listed the advantages of fuzzy logic in categorizing
rock types from wireline logs. Their study showed that fuzzy
logic can predict rock types from wells that do not have
any core samples with acceptable accuracy compared to the
conventional statistical methods. This is a cost-saving tech-
nique for the industry and should act as a catalyst for future
research in the area of FL applications in E&P companies.
Cuddy (2000) reported a study where fuzzy logic technique
was successfully used to derive information about lithofacies
and permeabilities in 30 uncored wells by applying knowl-
edge gained from only 10 cored wells. When compared
with neural network models, fuzzy logic gave much better
predictions. The FL-predicted model yielded robust results.
The applications of fuzzy logic could be extended to core
refinement interpretations where the subjective nature of the
measurement gives rooms for errors (Cuddy 2000). Fuzzy
logic technique has also been useful in describing different
rock types (Hamidi et al. 2010). They stated that the existing
methods of classifying rocks were based on sharp transitions
which may not exist in all cases. In contrast, fuzzy logic
does not require any such simplifying conditions and has
proved to be a better option in differentiating between rock
types. Fuzzy logic regression approach has been found to
be superior to conventional regression analysis especially
where there is uncertainty in the available data (Chen et al.
1995). They applied a fuzzy regression approach to deter-
mine the parameters of an Archie equation when the dif-
ferences between the observed and simulated values were
traceable to many causes such as measurement errors and
vagueness of variables in the model. Another area where
fuzzy logic has been applied in reservoir characterization is
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to classify reservoir properties with directional dependency
or anisotropic in nature. Zhangguli et al. (1998) combined
fuzzy logic and geo-statistics to characterize the anisotropy
and quantify the spatial correlations that exist among the
reservoir properties. The result was then used to predict the
permeability distribution in a reservoir. The advantage of
fuzzy logic over other techniques in reservoir characteriza-
tion is the fact that it is not affected by data deficit which is
a serious challenge at the early stages of reservoir exploi-
tation. Fuzzy logic does not require any prior assumption
about physical or experimental considerations of reservoir
complexities to build a true model from a set measured data
(Shokir 2006). As far as reservoir characterization is con-
cerned, fuzzy logic is a vital tool that has the capacity to
integrate a large number of input logs and could be applied
in fields containing hundreds of wells in a very short time
with minimal user intervention because the need for making
cross-plots has been eliminated (Cuddy 2000). Reservoir
characterization is a good means of understanding our petro-
leum reservoir so as to be better positioned to get maximum
benefit during its productive life. Achieving maximum ben-
efit entails a consideration of inherent error associated with
any physical measurement, recognition of uncertainties aris-
ing from the complex nature of petroleum reservoirs as well
as the ability to tackle information gap/deficit. Fuzzy logic
has done exceedingly well in this regard. However, future
researches should be focused on the use of hybrid systems to
complement the deficiencies of fuzzy logic with the strength
of other AI methods such as ANN and GA. Although some
hybrid systems have been built, their potentials in extracting
useful relationships between reservoir data types and per-
forming reliable extrapolation away from the wellbores have
not been fully explored. Given the amount of relevant data
the E&P industry has accumulated over the years, research
on how to adapt these data to present and future uses using
AT hybrid systems that incorporate fuzzy logic will decrease
risk and provide better insight for improved reservoir char-
acterization for both green and brown fields.

Applications of fuzzy logic in drilling
and completion

Fuzzy logic is mostly applied to partially depleted or
depleted reservoir intervals. After some reservoirs have
been depleted, we often discover that there are still large vol-
umes of recoverable oil left. The choice of drilling method to
adopt in such situations does not always come easy although
experience has shown that underbalanced drilling works best
in depleted or low-pressure reservoirs as well as in reser-
voirs that are prone to formation damage. In some situa-
tions, the applicability of underbalanced drilling is not as
clear-cut such as low-pressure reservoirs with fractures, very
high permeability reservoirs and extremely high-pressure
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formations. In such situations, fuzzy logic becomes a veri-
table tool. Garrouch and Labbabidi (2003) applied fuzzy
logic in selecting underbalanced drilling (UBD) candi-
dates, underbalanced drilling technique and fluid type. They
obtained good results in the two case studies reported; one
a highly depleted and damaged reservoir interval while the
other is a low-pressure fractured and vuggy limestone res-
ervoir. In partially depleted reservoirs, fuzzy logic has been
applied in infill drilling applications. Infill drilling helps in
the recovery of bypassed reserves and could be optimized
if the inherent uncertainties in reservoir properties/geology
are incorporated using fuzzy logic. Popa (2013) presented
a case where they applied fuzzy logic model to horizon-
tal well identification using a complex 3D full field earth
model developed with data from more than 21,000 wells.
He reported that the application of fuzzy logic for horizontal
well identification maximized production outcome of the
field. This was attributed to its ability to focus on high poten-
tial areas, flexibility as well as being more realistic. Gar-
rouch and Lababidi (2005) applied a fuzzy expert system to
some heavy-oil-producing formations which were exploited
with multilateral wells. FL. was used to plan the wellbore
geometry and completion strategies of the multilateral wells.
They stated that in situations where operational conditions
were constrained, the fuzzy expert system could help drilling
engineers in decision-making on the best drilling options
to adopt.

Drilling operations often encounter some drilling prob-
lems such as differential pipe sticking. Avoidance of such
problems could minimize drilling cost and optimize drill-
ing operations. Murillo et al. (2009) combined discriminant
function analysis, neural network and fuzzy logic to evaluate
the risk of stuck pipe during the well planning process and
the actual drilling operation in real time. Wu et al. (1997)
compared statistical recovery forecast models and fuzzy-
logic recovery forecast models for primary, initial water-
flooding and infill drilling ultimate oil recovery. They con-
cluded that fuzzy-logic recovery forecast models developed
using variables identified from statistical approach provided
the best results.

Fuzzy logic applications in the area of drilling/comple-
tion by virtue of addressing uncertainties in reservoir qual-
ity, heterogeneity, identification of areas of high potentials,
avoidance of drilling problems have greatly improved infill
drilling projects for maximum benefits. However, fuzzy
logic applications in drilling operations have not been
fully exploited. The various aspects of drilling operations
such as well planning, drilling optimization, well integrity,
operational troubleshooting, drilling problem detection and
decision-making all have some measure of uncertainties.
Fuzzy logic and/or hybrids of other artificial intelligence
with fuzzy logic should be considered as a means of improv-
ing performance.

Applications of fuzzy logic in stimulation treatment

Well stimulation is a very important technique in crude oil
production, especially for damaged and/or very tight reser-
voirs. Achieving success in well stimulation requires proper
candidate well selection and treatment design. Conventional
method of candidate well selection for hydraulic fractur-
ing is complex and does not have a well-defined globally
accepted approach (Zoveidvianpoor et al. 2012). Fuzzy logic
technique has filled that gap. Researchers have demonstrated
that fuzzy logic could be applied successfully in stimulation
candidate well selection (Xiong and Holditch 1995; Yang
2009; Yin and Wu 2009; Zoveidvianpoor et al. 2012). In
1995, Xiong and Holditch designed well stimulation treat-
ment with the aid of fuzzy logic model. They developed
eight fuzzy evaluators that were able to select wells that are
candidates for stimulation, select optimal type of stimula-
tion treatment, diagnose the type of damage affecting the
formation, evaluate rock layers that could be barriers to
fracture propagation and also select appropriate treatment
fluids and additives. Yang (2009) established a fuzzy model
for selecting wells and oil layers to be fractured. His fuzzy
mathematical model was used to choose target well and
formation for hydraulic fracturing from a set of fuzzy vari-
ables. The proposed system performed better than the cur-
rent imprecise approaches. Yin and Wu (2009) established
fuzzy mathematical model for selecting fracturing candidate
wells based on quantitative analysis of the main factors of
influencing the fracturing effects and parameters. Rivera
et al. (1994) designed a fuzzy logic system to control the
pressure during fracturing stimulation. The main aim was to
solve the problem of controlling fluids at the throttling valve.
Zoveidavianpoor et al. (2012) trained a Mamdani fuzzy sys-
tem model which they applied in candidate well selection
for hydraulic fracturing (HF) in a fractured carbonate reser-
voir. They reported that this system could assist in selecting
and ranking the high-priority well for HF treatment. In all
these studies, the researchers demonstrated that fuzzy logic
is one artificial intelligent technique that could be utilized
to obtain more value addition in the area of well stimulation
of oil and gas reservoirs. Suitably designed well stimulation
process has three main objectives: design of the stimulation
treatment, selection of the specific treatment and selection
of candidate wells. Although fuzzy logic techniques have
been applied successfully in the selection of specific treat-
ment and candidate well selection, little information is avail-
able in the literature on the design of stimulation treatment
using fuzzy logic. Future research pathways for fuzzy logic
applications in well stimulation should consider the design
aspect where there are a lot of uncertainties which are better
handled using fuzzy logic models.
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Application of fuzzy logic in petroleum distribution
operations

Distribution of petroleum products also requires creative
algorithm for effective delivery. Not too many researchers
have looked in this direction though a lot have been done
using fuzzy logic in product allocation and cost optimiza-
tion of fast-moving consumer goods, bottling companies and
other manufacturing industries. A display of the application
of fuzzy logic in effective product distribution in Liquefied
Petroleum Gas (LPG) operations is demonstrated in this
article.

Application of fuzzy logic in LPG distribution
operations

Fuzzy set distribution model

The study applies fuzzy set to trans-shipment model using
data from three LPG plants. The Mamdani model was used
with input parameters defined and membership functions
were created with well-defined rules simulated in the fuzzy
logic system. Standard membership function was applied
in the fuzzy set to describe the factors in the overall trans-
shipment, demand at the trans-shipment point (TP), antici-
pated products available at the three plants and the unit cost
of distribution from plants to TP.

Experiments and discussion

The case scenario presented is a three source (LPG plants)
located in Warri, Delta State, Nigeria. To expand the sys-
tem, it became necessary to create two trans-shipment points
(TP) within the conurbation to enable customers at strategic
locations have access to available products at favorable cost.
Products can flow from any of the three sources to the two
TP. Fuzzy logic rule is suggested for effective facility design.
Table 1 shows a clear illustration of products available at the
source and demand at all trans-shipment points within the
period of investigation.

Table 1 Product availability and demand at source and TP

Product availability at source

S.no. Source/sink Availability
1 Source 1 1290
2 Source 2 780
3 Source 3 930
Product demand at transshipment points

4 TP1 1710

5 TP2 1290
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Parameters

Production facility: 3.

Total TP=2.

Demand at TP1: 1710 items per week.

Demand at TP2: 1290 items per week.

Periodic availability of item at Plant 1 =1290.

Periodic availability of item at Plant 2="780.

Periodic availability of item at Plant 3 =930.

C;; is the unit cost of transporting available product from
source i to TP j.

X is the decision variable representing the amount of
product transported from source i to TP j.

The unit cost of distributing items from plant or source to
TP 1 and TP2 is shown in Table 2.

Procedure for using fuzzy logic to address
distribution problems with non-deterministic inputs

In effective design and simulation of fuzzy logic system,
the input and output variables were defined, membership
function was created, fuzzy rules were defined and results
generated.

The architecture of the input output system was developed
as shown in Fig. 1. Rules were perfectly created and defined
using the rule editor. With the graphical user interface as
simulink input, an initial fuzzy model was derived to trigger
the modelling process. The model is required for the selec-
tion of appropriate input variable, input space partitioning
and choosing the number and type of membership function
(MF). The membership function used is the Gaussian MF.
The unit cost of distribution of products to each depot and
the demand at different depots represent the input variables.
The solution was mapped out into FIS model explained in
linguistic term of “WHAT IF” rule. The architecture of the
Mamdani model is suitable for effective facility design using
FIS as demonstrated in Fig. 1. Membership function associ-
ated with the fuzzy inference system and variables are stated
clearly in Figs. 2, 3.

Table 2 Unit cost from source to TP

S.no. Source (S) Transshipment Unit cost from
points (TP) source to sink

1 S1 TP1 12

2 S1 TP2 10

3 S2 TP1 10

4 S2 TP2 13

5 S3 TP1 13

6 S3 TP2 18

All cost is in Naira
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possible inputs and outputs in terms of cost, demand and
supply. It is a three-dimensional case scenario since there
are two input variables (cost and demand) and one output
signal (supply). For example, graph (a) shows that when
C14 is low and C35 is low, then product flow to TP1 is
high. For graph (b), when C15 is high and C35 is high then
product flow to TP1 is high. For graph (c), at very low
cost, C34 and high cost, C35, product flow to TP1 is low.
For graph (f), at high cost, C34 and very low cost C35,
product flow to TP2 is very high. The results obtained
from the sensitivity rule viewer of Fig. 5 are presented
in Fig. 6a, b. All the products needed at trans-shipment
point 1 were supplied from sources 2 and 3. Source 1 sup-
plied products to trans-shipment point 2. Source 2 supplied
7800 products to trans-shipment point 1 at a total cost of
#7800. Source 3 supplied 930 products to the same trans-
shipment point 1, at a total cost of #12,090. Also all the
products needed at transshipment point 2 were supplied
from source 1 at a total cost of #12,900. The overall cost
of supply from sources 1, 2 and 3 is #32,790.

The following symbolizations were implemented in
graphical fuzzy model.

SP= Supply point

TP1=Trans-shipment Point 1

TP2=Trans-shipment Point 2

C1=Unit cost from SP to TP1

STP1= Total supply to TP1

STP2= Total supply to TP2

Total cost of Supply from SP to TP 1 = #19890

Total cost of Supply from SP to TP 2 = #12,900

Total cost of supply from sources to trans-shipment points
Z_pi

jllate ¢llodl ay .
des Shevis @) Springer

0 2000 0 1500

Total cost of supply from sources to transshipment points
Zp[ n_m n_m
Zy= DY CulXy + 2. C X, = N19890+ N12,900=N32,790

i=l k=l k=1 j=1

Conclusions

In this paper, key issues related to fuzzy logic applications
in E&P operations have been discussed. It is important to
note that fuzzy logic applications hold potentials in E&P
operations. Most significant is the application of fuzzy logic
in reservoir characterization, drilling and completion, simu-
lation treatment, distribution operation under non-determin-
istic or stochastic environment. The uncertainties arise from
difficulties of obtaining data, errors in measurement, impre-
cision or vagueness. In summary, this paper demonstrates
the need for a paradigm shift from conventional methods
and rule of thumb allocation in distribution operations to
global techniques of solving problems in the industry, espe-
cially the oil and gas sector. A case study was presented in
this paper considering cost optimization in LPG distribution
operations using fuzzy logic. However, using fuzzy logic as
a creative and intelligent technique has helped in effective
product allocation and cost optimization of LPG products.
FL is highly recommended for addressing problems in a sys-
tem with uncertainties.
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