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Abstract 
 

This research focuses on the use of the DMAIC method (Define, Measure, Analyze, Improve and Control) as a Six Sigma approach in 

studying oil spill fingerprint of samples recovered from Peninsular Malaysia and Sabah (East Malaysia). The DMAIC approach in this 

study was used as a way to classify oil types based on data obtained from GC-FID and GC-MS measurements. The cause-effect diagram 

was used to define the factors leading to the failure of the oil spill fingerprinting based on inaccurate oil type clustering. Discriminant 

Analysis (DA) was also applied to quantify the root-cause of the failure. An Ishikawa diagram obtained in the analysis phase identifies 

the potential failure causal. Principal component analysis (PCA) was applied and was successful in discriminating four clusters of oil 

types, namely diesel, heavy fuel oil (HFO), mixture oil lube and fuel oil (MOLFO) and waste oil (WO) with a total variance of 85.3%. In 

the control phase, the use of a Pareto chart indicated 100% cumulative percentage of oil type clustering with a 95% confidence level. The 

DMAIC approach to be effective in solving oil spill fingerprinting problems and results in quality improvement in the clustering of oil 

spills into the different hydrocarbon types. 

 
Keywords: Cause effect-diagram; chemometrics; DMAIC; oil spill classification; oil spill fingerprint; Six Sigma. 

 

1. Introduction 

Six Sigma is commonly known as a methodology to improve steps 

in many business activities. It has evolved in practice where statis-

tical tools derived from the Deming's PDCA cycle and the seven 

steps of Juran's function to improve quality in order to achieve 

defect reduction [1]. The application of DMAIC in six sigma for 

oil spill fingerprinting, particularly in problem analysis has been 

impressive but the methodology serves more than that and this can 

be seen in the improvement of the processes in dealing with a 

complex mixture of hydrocarbon with a high level of uncertainty. 

This requires accurate statistics and validation analysis of a broad-

er range of hydrocarbon compounds and on this, DMAIC is clear-

ly useful. It is interesting to note that many oil spill fingerprinting 

projects are initially based on conventional systems, but clearly, 

improvement of the projects is desired where structured improve-

ment methods of the DMAIC concept may be used to achieve 

organizational and market objectivity [2]. The methodologies and 

implementation concept of DMAIC Six Sigma framework in oil 

fingerprinting is proven to provide value added elements in the 

analysis and validation of oil spill samples.  

The application of DMAIC Six Sigma in Information Technology 

systems have improved the flexibility in supply chain related is-

sues [3]. It has been proven that the application of DMAIC Six 

Sigma in the supply chain performance system has improved the 

efficiency of delivering finished product with the availability of 

up-to-date data and appropriate information [4]. DMAIC Six Sig-

ma has also benefitted supply chain objectives, in terms of slate 

delivery, reaction time and preventive measures through the in-

formation imparted based on real-time forecasting and prerequisite 

data [5]. In many organizations, logistic cost impacts the annual 

fiscal significantly prior to the establishment of DMAIC Six Sig-

ma, especially in transportation [6]. Clearly, continuous improve-

ment is always sought by many researchers for accurate analysis 

methodologies and statistical approach such as DMAIC Six Sigma 

for oil spill fingerprinting, particularly in problem analysis has 

been impressive but the methodology serves more than that and 

this can be seen in the improvement of the processes in dealing 

with a complex mixture of hydrocarbon with a high level of uncer-

tainty. This requires accurate statistics and validation analysis of a 
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broader range of hydrocarbon compounds and on this, DMAIC is 

clearly useful. It is interesting to note that many oil spill finger-

printing projects are initially based on conventional systems, but 

clearly, improvement of the projects is desired where structured 

improvement methods of the DMAIC concept may be used to 

achieve organizational and market objectivity [2]. The methodolo-

gies and implementation concept of DMAIC Six Sigma frame-

work in oil fingerprinting is proven to provide value added ele-

ments in the analysis and validation of oil spill samples.  

The application of DMAIC Six Sigma in Information Technology 

systems have improved the flexibility in supply chain related is-

sues [3]. It has been proven that the application of DMAIC Six 

Sigma in the supply chain performance system has improved the 

efficiency of delivering finished product with the availability of 

up-to-date data and appropriate information [4]. DMAIC Six Sig-

ma has also benefitted supply chain objectives, in terms of slate 

delivery, reaction time and preventive measures through the in-

formation imparted based on real-time forecasting and prerequisite 

data [5]. In many organizations, logistic cost impacts the annual 

fiscal significantly prior to the establishment of DMAIC Six Sig-

ma, especially in transportation [6]. Clearly, continuous improve-

ment is always sought by many researchers for accurate analysis 

methodologies and statistical approach such as DMAIC Six Sigma 

Oil spill fingerprinting requires a reliable methodology of sam-

pling, analysis (laboratory and statistical) and validation in order 

to achieve the objectives of environmental forensics. DMAIC Six 

Sigma approach in oil spill fingerprinting is clearly required in 

order to achieve quality improvement and substantial elimination 

of errors. The initiatives on Lean Six Sigma approach have posi-

tively affected many organizational performances [8]. DMAIC Six 

Sigma has brought relevant improvements in manufacturing sys-

tem of automotive component in Connecticut [9]. The approach 

has also contributed to significant development and defect reduc-

tion in many industries [10]. The adoption of Six Sigma in many 

companies results in significant improvements in the production, 

delivery and management processes [11-12]. Many applications of 

Six Sigma are focused on improving organizational performance, 

however, in oil spill fingerprinting, the application of Six Sigma 

protocols from sampling, up to the interpretation of the results is a 

new endeavor data [13].  

DMAIC Six Sigma is a data-driven improvement cycle used for 

improving, optimizing and stabilizing business processes and de-

signs. In oil spill fingerprinting, DMAIC can be viewed as a prob-

lem-solving approach in data mining and exploratory data anal-

yses which involves applying the steps defined by the framework 

to data obtained from chromatographic measurements (obtained 

from gas chromatography flame ionization detector (GC-FID) and 

gas chromatography mass spectrometry (GC-MS)) to enable an 

improved classification of hydrocarbon compounds from collected 

oil spill samples. In this study, we endeavor to apply the DMAIC 

Six Sigma framework as a problem-solving tool in order to im-

prove the quality of oil type classification from the oil spills re-

covered from Peninsular Malaysia and East Malaysia (Sabah).   

2. Methodology 

2.1. Samples Collection 

Spilled oil samples were collected from thirty-two distinct loca-

tions in the Peninsular of Malaysia and Sabah (East Malaysia). All 

the samples were collected by the Department of Environment 

(DOE), within a one-year period from 2013 until 2014 (Figure 1). 

The descriptions and the sampling locations are given in Table 1. 

The samples were immediately registered upon arrival after trans-

porting to the laboratory and kept at 4o C prior to analysis.  

 

 
Fig. 1: Map showing the oil spill sampling locations within the Peninsular of Malaysia and Sabah (East Malaysia) 

 

2.2. Solvents and Sample Preparation for Laboratory 

Analysis 

The chemicals used in the laboratory analysis were Dichloro-

methane (DCM) and hexane. Both are solvents commonly used in 

spilled oil classification. All the internal reference standards for 

polycyclic aromatic hydrocarbon (PAHs), biomarker and n-alkane 

were obtained from Chiron. These include terphenyl-d14; C3017  

(H), 21(H)-hopane and 5α-androstane. Surrogate standards used 

for this research (phenanthrene-d10, perylene-d12, acenapthene-d10, 

benz (a) anthracene-d12 and ο-terphenyl) were procured from Ac-

cuStandard Inc. 
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Table 1: Locations of spilled oil samples recovered by the Department of Environment, Malaysia (DOE) 

No. Samples Code Samples Description Sampling Location Case of Spilled oil 

1 BAS303A Blackish, spilled (oil + water) Selangor Source from a premise drain outlet 

2 BAS304B Blackish, source (oil + water) Selangor Waste oil from public drain 

3 BAS497A Blackish, spilled (oil + water) Selangor Source from premise drain 

4 BAS497B Blackish, spilled (oil + water) Selangor Source from premise drain 

5 BAS497C Blackish, source oil Selangor Source from inside premise 

6 BAS498B Blackish, spilled (oil + water) Selangor Source from river 

7 BAS498C Blackish, source oil Selangor Source from inside premise 

8 BAS498D Blackish, source (oil + water) Selangor Source from inside premise 

9 BAS498E Blackish, source (oil + water) Selangor Source from inside premise 

10 BAS498F Blackish, source (oil + water) Selangor Source from inside premise 

11 BAS741A Yellowish, source oil Selangor Source from lorry tanker 

12 BAS741B Yellowish, spilled oil Selangor Source from public drain 

13 BAS1092-1 Blackish, oil Selangor  

14 BAS1092-2 Blackish, oil Selangor  

15 BAS1092A Blackish, oil Selangor  

16 BAS1092B Blackish, oil Selangor  

17 BAS1383E1 Blackish, oil Johor Sample from Johor Straits (illegal oil transferring from vessels) 

18 BAS1383E2 Blackish, oil Johor Sample from Johor Straits (illegal oil transferring from vessels) 

19 AAS106A Blackish, source oil Perak Waste oil from lorry tanker 

20 AAS106B Blackish, spilled (oil + water) Perak Waste oil collected from the drain 

21 BAS156A Blackish, source oil Selangor Sample from factory drum container 

22 BAS156B Blackish, spilled (oil + water) Selangor Source from public drain and river 

23 BAS156C Blackish, spilled (oil + water) Selangor Source from public drain and river 

24 JAS294A Yellowish, oil Johor Sample from Johor Straits (illegal oil transferring from vessels) 

25 JAS294B Blackish, oil Johor Source spilled from Johor Straits (illegal oil transferring from vessels) 

26 JAS294C Yellowish, oil Johor  

27 JAS294D Blackish, oil Johor  

28 MAS356A Blackish, spilled (oil sludge) Melaka Source spilled on earth 

29 MAS356B Blackish, spilled (oil + water) Melaka Source from outlet factory drainage 

30 SAS141A Blackish, source oil Sabah Sample from lorry tanker 

31 SAS141B Blackish, spilled (oil + water) Sabah Sample from public drain 

32 SAS141C Blackish, spilled (oil + water) Sabah Sample from public drain 

 

2.3. Laboratory Analysis 

The laboratory analysis carried out in this work involved the fin-

gerprinting process using GC-FID and GC-MS. In this process, 

molecular features and compositional parameters in petroleum 

was specifically targeted. Uncontaminated oil and oil-water are 

the two types of oil samples used in this work. This analysis ena-

bled us to classify the types of oil and ascertain the quantitative 

value of the samples which can then be statistically analyzed.  

Appropriate interpretation of the presence of various oil types 

allow unambiguous identification of the oil sources. The sample 

preparation process is illustrated in the flow chart in Figure 2.

 

 
Fig. 2: Flow chart of sample preparation for oil-water and uncontaminated sample analysis 
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2.3.1. Column Clean-Up Analysis 

Pre-cleaned glass column (30cm x 10.5mm I.D.) was used to per-

form the column clean-up analysis. The glass column contained 

approximately 6.0g pre-cleaned silica gel (100-200 mesh, Davisil 

grade 923) topped with 0.5cm pre-cleaned sodium sulphate with 

conditioning using of 20ml hexane.  Further, the extracted oil was 

spiked with surrogates (4 mix PAHs compounds and ο-terphenyl) 

and was quantitatively transferred into the column. 3.0ml hexane 

was quantitatively added to complete the oil transferring process 

into the column. Prior to exposure of sodium sulphate, 12.0ml 

hexane standard approximately was added into the column to elute 

the aliphatic compounds. The aliphatic compounds consist of n-

alkanes and biomarkers are addressed as F1. Subsequently, ap-

proximately 15ml of 50% dichloromethane in hexane used to elute 

the aromatic compounds addressed as F2 which was spiked with 

1ppm of d14-terphenyl. Here, the fractions (F1 and F2) were con-

centrated under a gentle stream of N2 (flow rate of 1.0 ml/s) until 

the volume reached the final volume of less than 0.5ml. The final 

volume of injection prior to the analysis were made up, with the 

combined fractions to 1.0 ml. 

Each sample was incorporated with a procedural blank, a matrix 

spike and a duplicate sample in compliance with the quality con-

trol procedure in oil spill fingerprinting. The procedural blank was 

carried out for all samples using GC-MS. The concentration detec-

tion limit for the procedural blank for each analyte was set at 

0.03µg/ml and for each analyte or sample the detected concentra-

tion was well below the concentration detection limit [14-17].  

2.3.2. GC-FID and GC-MS Analysis of Oil Spill Fingerprints 

The tiered analytical use of GC-FID and GC-MS enable pattern 

recognition and identification of the types of oil spills. The anal-

yses of n-alkanes and PAHs in highly complex oil samples are 

performed using the methods reported by [17]. The oil spill analy-

sis was performed for both n-alkane distributions and total petro-

leum hydrocarbons (TPHs) on a Perkin Elmer, Clarus 680 fitted 

with a flame ionization detection (FID) and PE AutoSystem GC 

with built-in Autosampler. A column with dimension of 30 m x 

0.25 mm ID DB-5 was used to perform the analysis.  An Agilent, 

7890A GC System equipped with mass-selective detector and 

CTC PAL ALS Autosampler was used to perform the analysis or 

identification of target PAH compounds (including five alkylated 

PAH homologous groups and other EPA priority PAHs) and bi-

omarkers such as terpanes and steranes. The column used was a 30 

m x 0.25 mm HP-5MS fused silica column. The approach applied 

in this study is illustrated in Figure 3. The results from the analysis 

then underwent statistical analyses to ascertain the types of oil 

within the samples obtained.   

2.4. DMAIC Six Sigma Approaches in Oil Spill Classifi-

cation 

DMAIC is the acronym for five phases; define, measure, analyze, 

improve and control. These are data - driven methodologies to 

solve problems related to organized process. 

 

Step 1 - Define phase 

In the define phase of this study, the performance of the oil spill 

fingerprinting process from sampling en route to the data interpre-

tation is evaluated. This step is necessary in order to improve the 

oil classification obtained through the oil spill fingerprinting pro-

cess. The phase states focus on the oil fingerprints, the root-cause 

leading to failure of oil fingerprinting, analysis constraints and 

risks. Cause-effect (Fishbone) or Ishikawa diagram is introduced 

to achieve the solutions [10].  

 

Step 2 - Measure Phase 

In the measure phase, determination of the appropriate measures 

to quantify the root-cause for the failure of oil classification from 

the oil spill fingerprinting is evaluated. Since this phase is a map 

process of the oil spill fingerprinting process, thus it involves the 

data collection of oil spill samples and proceeds with the evalua-

tion of the defects along the process using discriminant analysis 

(DA). 

Statistically, DA allows the classification of oil with similar in-

trinsic chemical properties. Discriminant functions (DFs) perform 

the validation of raw data sets or set of variables known as predic-

tors. DA enables the determination of the oil spill variables and 

discriminate them into two or more groups (clusters) [19-26]. 

Discriminant Factor (DF) of DA is constructed based on the origi-

nal dataset that have similar discriminant ability of each group 

towards the original data set with or without standardization [20, 

33]. Thus, standardization to the original data set was not neces-

sarily significant and the DA was performed. 

Statistically, DA allows the classification of oil with similar in-

trinsic chemical properties. Discriminant functions (DFs) perform 

the validation of raw data sets or set of variables known as predic-

tors. DA enables the determination of the oil spill variables and 

discriminate them into two or more groups (clusters) [19-26]. 
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Fig. 3: Flowchart process of oil spill identification [18] 

 

Discriminant Factor (DF) of DA is constructed based on the origi-

nal dataset that have similar discriminant ability of each group 

towards the original data set with or without standardization [20, 

33]. Thus, standardization to the original data set was not neces-

sarily significant and the DA was performed by following function 

(Equation (1)); 

                        (1) 

[20] 
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Where i is the number of groups (G), ki is the constant inherent to 

each group, n is the number of parameters used to classify a set of 

data into given group and wij is the weight coefficient which was 

assigned by DA to a given parameter (pij) [19].  

Discriminant Factors (DF) matrix is constructed based on three 

modes; standard, forward stepwise and backward stepwise. The 

forward stepwise mode involves a one-by-one addition of the oil 

spill variables on the matrix until no significant changes are 

achieved. In contrary, the backward stepwise mode performs the 

exclusion leave-one-out method of oil spill variables from the 

least significant one until no changes are observed [10, 20, 22].  

 

Step 3 - Analyze Phase of DMAIC 

The comprehensive characterization of oil spill fingerprinting, in 

particular the effectiveness of the analyzing phase of DMAIC Six 

Sigma is driven to identify the potential causes of the oil spill.  

Through brainstorming sessions, the root-cause problems that lead 

addressed via the Cause and Effects Diagram. The potential cause 

of problems is validated through the cause-effect diagrams. 

 

Step 4 - Implement change for improvement  

Once the potential causes or cause-root effects have been identi-

fied and validated, the process of defect elimination is implement-

ed [10]. Principal Component Analysis (PCA) is a reliable statisti-

cal tool in the improvement phase of oil spill fingerprinting. As an 

unsupervised pattern recognition method, PCA serves to identify 

the most significant oil spill variables via dimensionality reduction 

of the dataset. Principal components (PCs) which represent the 

underlying factors while sustaining the information of the original 

dataset are employed [20, 34]. PCA/PCR is one of the effective 

tools for a meaningful data reduction and interpretation and can be 

effective in detecting correlation between oil spill variables from 

different pollution sources [22, 25-26]. PCs with eigenvalue > 1.0 

are considered significant. Upon varimax rotation, the PCs with 

factor loadings greater than 0.7 can be considered for further dis-

cussion. A PC can be expressed in the form of equation below: 

 

zij = ai1X1j + ai2X2j + ai3X3j + aimXmj                        (2) 

 

where z is the component score, a is the component loading, X is 

the measured original variables, i is the component number and m 

represents the number of the original variables. The loadings as-

certain the significance of the oil spill parameters for each compo-

nent.  

 

Step 5 - Demonstrate Process Control 

In the control phase, the relevant procedures are prepared for im-

plementation and sustained and monitored by those directly in-

volved in the process. Pareto charts are used to demonstrate the 

process control of the accurately classified oil spills. 

3. Outcome Analysis and Discussion 

3.1. Oil Spill Fingerprinting 

Oil spill fingerprinting employs a high precision setting on the 

identification or tracking of the spilled oil candidates in order to 

achieve desired precision on the oil classification of the unknown 

sources recovered from various locations. DMAIC Six Sigma 

methods are applied in this study for improvement and assessment 

of the common techniques in oil spill-fingerprinting [10]. The 

assignment of the various oil spill fingerprints was successfully 

accomplished through pattern matching of mass spectra, retention 

time data comparison of GC with reference standards, and empiri-

cal data from previous research [17, 27]. In general, the source 

identification of oil spills has been successfully conducted through 

the application of the tiered methods [10, 17]. Figure 4 shows the 

GC-FID chromatographic profiling of selected oil samples com-

prising diesel, heavy fuel oil, lubricating oil, waste oil and waste 

oil mixed with light fuel oil. 

The ninety-four hydrocarbon compounds in this study consists of 

n-alkanes (C10 – C40), biomarkers (sesquiterpanes, steranes and 

terpanes) and PAHs (alkylated PAHs and EPA Priority PAHs). To 

determine the biomarkers and PAHs the analysis was accom-

plished through GC-MS in selected ion monitoring (SIM) mode, 

while the quantification n-alkanes was performed using GC-FID. 

3.2. Chromatogram Profiling 

Chromatogram profiling is important in determining the distribu-

tion of n-alkanes in the hydrocarbon composition of the spilled oil 

samples.  
 

 
Fig. 4: GC-FID Chromatography profiling of the selected types of spilled 
oil distinguishes by n-alkanes pattern distribution of different oil source a) 

HFO, b) MOLFO c) lube oil, d) WO and e) Diesel 

 

Each sample extracted from the study area shows a different pat-

tern of chromatogram or hydrocarbon composition due to the dif-

ferent sources of the spilled oil samples. The characteristic of the 

chromatograms reveals that there are broader unresolved complex 

mixtures (UCM) as shown in Figures 4 (a) and 4 (d) indicating 

that these are due to illegal oil transfers from various vessels. The 

UCM present in the chromatogram could be possibly due to a 

heavy contribution of petrogenic [28-31]. Significantly, no UCM 

has been identified in diesel (Figure 4e), and apparently narrow 

UCM patterns are detected in lube oil and MOLFO (Figure 4b and 

4c).  
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3.3. Defining Oil Spill Cases or Problems 

The ‘define’ phase of this study covers the entire step of the oil 

spill fingerprinting where the whole process from sampling en 

route to data interpretation was evaluated. Figure 5 outlines the 

DMAIC approach in identifying the source of the problems and 

the impacts of the failure of oil classification from the oil spill 

fingerprinting analysis. This step is necessary because it allows 

one to investigate the problems in the process of oil spill finger-

printing. Furthermore, the efficiency of the oil classification pro-

cess can be improved. In the ‘define’ phase, project team members 

from the relevant departments were appointed and following a 

brainstorm session the Ishikawa or Fishbone diagram was generat-

ed. From this study majority of the members suggested that the 

assessment of the potential causes and effects contributes to the 

failure of the oil spill fingerprinting process. 

 

 
Fig. 5: Ishikawa (Fishbone) diagram to define the cause-effect and as-

sessment towards the potential cause and effect determination which con-

tributes to the failure of the oil spill fingerprinting process. 
 

Inappropriate methods in handling oil spill samples and lack of the 

expertise in conducting the analysis up to weaknesses in data in-

terpretation are seen as common dilemmas of oil spill fingerprint-

ing.  

3.4. ‘Measure’ Phase: Field Sampling and Laboratory 

Analysis of Oil Samples 

In the ‘measure’ phase, the failures found in laboratory analysis en 

route to data interpretation are due to the lack of adherence in 

guidelines involving the exchange of oil samples or data between 

countries on oil spill identification. The use of the statistical - 

based approach clearly assists in allowing efficient oil classifica-

tion and eliminates the factors of failure. Furthermore, the lack of 

expertise or competency leads to errors in data interpretation 

which results in inaccurate oil spill type classification. DA tech-

niques facilitate in the grouping of the oil spill samples.  In this 

study, the dependent variables are the clusters (types of oil) and 

the independent variables are the measured oil spill compounds. 

DA shows four significant clusters of spilled oil samples.  DA 

standard mode discriminant function (DF’s) discriminated oil 

samples to 97.67% classification matrix accuracy (Figure 6).  

 

 
Fig. 6: Plot of Discriminant Functions for hydrocarbon oil from the actual 
sites of oil spill event based on intrinsic chemical properties. 

 

Through DA forward stepwise mode, the oil spill samples are 

discriminated into 4 discriminant variables (p < 0.0001) viz. Die-

sel, WFO, MOLFO and WO (Table 2) with a 100% classification 

matrix accuracy. Output of DA forward stepwise mode identifies 

the discriminating variables in the spatial variance of the oil spill 

samples. 

 
Table 2: Variance factors of PCA after varimax rotation for various of 
spilled oil hydrocarbon compounds 

Statistics VF1(FL) VF2(FL) VF3(FL) VF4(FL) 

Chemical 

compound 

C33(0.703)

; 

C39(0.741)
; C2-

N(0.754); 

C3-
N(0.891); 

C4-

N(0.834); 
C0-

P(0.906); 

C1-
P(0.932); 

C2-

P(0.949); 
C3-

P(0.939); 
C4-

P(0.949); 

C1-
D(0.972); 

C2-

D(0.981); 
C3-

D(0.984); 

C4-
D(0.983); 

C1-

F(0.718); 
C2-

F(0.716); 

C3-
F(0.805); 

C1-

C(0.982); 
C2-

C(0.981); 

C3-
C(0.971); 

An(0.945); 

FI(0.825); 
Py(0.949); 

BaA(0.942)

; Pe(0.907); 
BeP(0.982)

; 

BP(0.923); 
BbF(0.983)

; BkF 

(0.721); 
DA(0.937); 

IP(0.713) 

 

C23Tr 

(0.944); 

C24Tr 
(0.924); 

27Ts (0.943); 

27Tm 
(0.978); 29ab 

(0.889); 30ab 

(0.989); 
31s(0.870); 

32r(0.952); 

33s(0.988); 
33r(0.987); 

34s( 0.984); 

34r(0.977); 
35s(0.984); 

35r(0.786); 
27bbR(0.975

); 

27bbS(0.972)
; 

28bbR(0.965

); 
28bbS(0.958)

; 

29bbR(0.979
); 

29bbS(0.977) 

C10(0.720)

; 

C11(0.952)
; 

C12(0.989)

; 
C13(0.985)

; 

C14(0.897)
; 

C15(0.965)

: 
C16(0.970)

; 

C17(0.988)
; 

C18(0.982)
; 

C19(0.982)

; 
C20(0.952)

; 

C21(0.898)
; 

C22(0.738)

; CO-F 
(0.737); 

BpH(0.735

) 

C24(0.900); 

C25( 0.970  

); 
C26( 0.985 )

; 

C27( 0.989); 
C28(0.992); 

C29(0.992); 

C30( 0.992); 
C31(0.990); 

C32(0.989) 

Eigenval-

ue 

34.462 22.071 13.926 8.909 

Variance 

(%) 

37.056 23.732 14.974 9.580 

Cumula-

tive Vari-

ance (%) 

37.056 60.788 75.762 85.342 

Note: Eigenvalue > 5; Strong factor loadings > 0.7 

3.5. ‘Analyze’ Phase of DMAIC 

The comprehensive characterization of oil spill fingerprinting, in 

particular the effectiveness of the analyze phase of DMAIC Six 

Sigma leads to the identification of the potential causes of failures.  

Through the brainstorming session, the root-causes that lead to the 
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failure of oil spill fingerprinting from GC-FID and GC-MS were 

fairly addressed. The cause-effect diagram is illustrated in Figure 

7.  

 

 
Fig. 7: Cause-Effect Assessment of inaccurate oil type classification from 
oil spill fingerprints using the Ishikawa Diagram 

 

In this study, the classification of the types of oil through a struc-

tured process system was implemented based on a series of identi-

fication and measures which leads to the main or critical causative 

factors in order to solve the oil spill identification dilemma. First, 

the potential cause of the accuracy of oil type classification in oil 

spill identification was determined to be due to a lack of expertise 

in conducting oil spill fingerprinting. This may be due to the pos-

sibility that the GC-FID and GC-MS measurements were on data 

interpretation of oil spill as this leads to the causes of inaccurate 

classification. The use of inappropriate tools in conducting the 

analysis of the results obtained from GC-FID and GC-MS and 

lack of knowledge in the various methodologies within a statistical 

software can be associated with misinterpretation of oil spill data. 

After an interdisciplinary team had considered the findings, im-

provement to the oil spill fingerprinting can performed in the 

DMAIC improve phase. 

3.6. Implementing Changes to Demonstrate Improve-

ment of Process  

In the improvement phase of DMAIC, PCA was applied in this 

study to reduce the oil spill complex mixture data and ascertain 

the most significant discriminating variables. The PCA technique 

enables oil type classification from the complex mixture of spilled 

oil data extracted from GC-FID and GC-MS. The PCs after vari-

max rotation yielded four variance factors containing 85.34% of 

the total variance (with mean data). Table 3 shows the variance 

factors of the PCA for the various compounds of hydrocarbon 

spilled oil. 

 
Table 3: Characteristics of oil classification with DMAIC Six Sigma be-
fore and after the application of the specific domain problem-solving ap-
proach 

Number of prob-

lem 

Prior to 

DMAIC ap-

plication 

After DMAIC 

application 

Savings 

Outsource data 
analyst 

RM 85,000.00 RM 10,000.00 RM75,000.00 

Inappropriate 

analysis tool 
employed 

RM 55,000.00 RM 5,000.00 RM50,000.00 

Misinterpretation 

of data 

RM 45,000.00 RM 5,000.00 RM 40,000.00 

Varimax Factor (VF1) yielded 37.06% of the total oil spill com-

pounds (Figure 6) and 23.73% in VF2 from the total variance of 

spilled oil in Peninsular Malaysia and Sabah (East Malaysia). The 

main criterion considered in the varimax rotation is that the num-

ber of data to be retained for rotation are eigenvalues, which were 

greater than one. The factors (VF1) have strong correlations with; 

the individual saturated hydrocarbon oil variables of n-alkanes 

(C10 - C40), isoprenoids pristane, phytane, naphthalene (C0N - 

C4N), phenantherene (C0P - C4P), dibenzothiophene (C0D - C3D), 

flourene (C0F - C3F), chrysene (C0C - C3C) and other EPA priority 

PAH pollutants (ACL, Ace, BpH, A, FI, Py, BaA, Bph, PE. BeP, 

BP, BbF, BkF, BaP, DA and IP) as tabled in Table 3. On the other 

hand, the factors (VF1) are uncorrelated with other compounds of 

EPA priority PAHs such as C23Tr - 29bbS. The activities of illegal 

transferring of oil from one vessel to another within Johor and 

Sabah waters and oil discharge from used tyre factories are the 

main sources of n-alkanes (C10 - C40), isoprenoids Pristane, 

phytane, naphthalene (C0-N - C4-N), phenantherene (C0P - C4P), 

dibenzothiophene (C0D - C3D), flourenes (C0F - C3F), chrysene 

(C0C - C3C) and other EPA priority PAH pollutants. 

The factor (VF2) exhibits significant positive correlation and 

communality among other EPA priority PAH pollutants which 

have a relatively high contribution from waste oil discharge which 

is either illegal or unintentional as well as factory petroleum dis-

charge. The complex oil mixture dominated by hydrocarbon PAH 

compounds with high-molecular-weight (four to six rings) [26]. In 

contrary, VF3 and VF4 exhibit factors with strong collinearity 

with n-alkanes compound from diesel and lubricating oil. The n-

alkane compounds differentiate the multiple oil spills through its 

profiles of stable carbon isotopic composition and distribution 

[32]. 

Figure 8 shows the PCA score plot in which Diesel, HFO, MOL-

FO and WO are significantly discriminated from hydrocarbon oil. 

Outliers 24 and 12 were detected in the scores plot, possibly due 

to contribution from various factors such as anthropogenic activi-

ties, industries and artificial mixed oils. The inliers comprise of 

thirty observations in four observations in the upper layer of the 

centroid line and the remainder are under the centroid line. In this 

study, a substantial dimensional reduction of the dataset and the 

accurate validation of the oil type classification are achieved. It is 

clear that PCA performed well in the accurate classification of 

spilled oil based on GC-FID and GC-MS fingerprints.  

 

 
Fig. 8: Score Plot of PCA, the oil samples in the analysis replicates the 
Diesel, HFO, MOLFO and WO 

3.7. Process Control  

Process control is necessary in improving the efficiency of the oil 

classification process. The Pareto chart (Figure 9) indicates that 

the oil type classification of hydrocarbon compounds from GC-

FID and GC-MS oil spill fingerprinting performed well. Taking 

the example of hydrocarbon oil C14 in this study, the Pareto chart 

(Figure 9) indicates that the oil type classification of the hydrocar-

bon compound from GC-FID and GC-MS oil spill fingerprinting 

is accurate.  

 
Fig. 9: Pareto Chart demonstrate the process control to improve the oil 

classification through cumulative percentage into four discriminated oil 

types, HFO, MOLFO, WO and Diesel. 
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The Pareto chart shows a classification of 100% cumulative per-

formance into four significant oil types viz. Diesel, MOLFO, HFO 

and WO (P < 0.05). An illustration of the Pareto chart clearly re-

veals the effectiveness of separation, as critical-to-quality (COQ, 

in oil classification performance based on unique hydrocarbon 

physicochemical properties. 

4. Conclusion 

DMAIC Six Sigma methodology in this study was applied in the 

oil spill fingerprinting process as a structured problem-solving 

approach to improve the conventional process in obtaining better 

management and determination of fingerprints. The DMAIC ap-

proach in this work signifies the importance in the Quality Man-

agement System (QMS) in oil spill fingerprint problem-solving 

which includes the process of chemical analysis using GC-MS and 

GC-FID en route to data interpretation and the accuracy of data 

validation. The DMAIC Six Sigma process is a reliable, cost ef-

fective method for the overall quality improvement and enhance-

ment of research development that enables efficient and effective 

classification of oil spill fingerprints obtained from various 

sources in Peninsular Malaysia and Sabah (East Malaysia). The 

problem-solving techniques of DMAIC demonstrates the well-

defined step-by-step methodology leading to solutions via the 

various phases of DMAIC. Each phase of DMAIC defines the 

root-cause of problems for improvement. The Cause-Effect dia-

gram isolates the primary causes of oil type classification from oil 

spill fingerprints for improvement. Output of DA reveals four 

significant variables; diesel, hydrocarbon fuel oil (HFO), mixture 

oil lubricant and fuel Oil (MOLFO) and waste oil (WO) discrimi-

nated from the spilled oil samples. PCA output in the Improve-

ment phase showed classification of four (4) oil types that is re-

sponsible for 60.79% of the total spilled oil variation. The applica-

tion of various multivariate techniques allows the oil classification 

to be optimized and performed at a lower cost. Through the Pareto 

chart, the Process Control results in a 100% cumulative oil type 

classification with 95% confidence level. With this work standing 

as an example, the well-defined step-by-step DMAIC method can 

act as an important problem-solving methodology in all areas of 

science. 
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