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Abstract

Various petroleum classifications have been developed over the years using different crude
oil characteristics, techniques, and approaches. A review of all these classifications made so
far has not been published in recent decades and no relation to the crude oil selection process
has been investigated yet. Crude oil selection is a very delicate process, requiring the right
balance between crude oil purchase costs, which can account for up to 95% of total refining
costs, and minimizing the risk of unplanned shutdowns, which can result from undesirable
asphaltene precipitation, equipment fouling, accelerated corrosion, and disruptions in the
operation of desalters and other process units. The current research conducts a review of
the distinct petroleum classifications published in the literature and discusses their possible
link to the expected performance of a modern high complexity petroleum refinery in terms
of minimizing the risk of unplanned shutdowns. An intercriteria analysis approach is
proposed as a tool to discriminate those crude oils from a database of comprehensive assays
of 1390 crude oils, which may invoke a possible unplanned shutdown of the petroleum
refinery under study based on a previous experience.

Keywords: petroleum; refining; classification; characterization; intercriteria analysis

1. Introduction
Petroleum is a pillar of economic and national security, as gross domestic product

(GDP) is highly proportional to the daily quantity of refined crude oil (Pearson correlation
coefficient R = 0.94) [1]. It provided about 30% of the world’s energy production in 2025,
followed by coal (about 27%), natural gas (23%), renewables (15%), and nuclear power
(5%) [2]. In 2025 the demand for crude oil reached the all-time high of 105.15 mb/d (million
barrels per day) [3]. In addition to the energy it supplies, crude oil is a feedstock for
production of the fundamental chemical building blocks, known as petrochemicals, on
which innumerable base materials are produced [4]. It is an extremely complex mixture
containing hydrocarbon components having between two and over 120 carbon atoms in
their molecules. The number of potential organic compounds having such a broad carbon
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number range has been estimated at 1060 [5]. In addition to hydrocarbons, petroleum also
contains organic compounds containing heteroatoms (nitrogen, sulfur, oxygen, and metals),
that vary in composition, structure, and molecular weight [6–9]. Alkane hydrocarbons in
petroleum were found to range from traces of C2H6, dissolved in the liquid petroleum, to
C78H158 [10]. Cycloalkanes were reported to have between one and 11 cyclic rings, with
a maximum carbon number of 92 [11]. Arenes were reported to have between one and
18 condensed rings [12] (see Figure 1). Heteroatomic compounds in petroleum contain
between one and several heteroatoms per molecule, categorized into groups such as Ox

(classes O1, O2, O3, O4, and O5), N1Oy (N1O1, N1O2, N1O3, N1O4, and N1O5), OxS1 species
(O1S1, O2S1, O3S1, O4S1, and O5S1) and OxS2, (O1S2, O2S2, O3S2) [13]. The distribution of
the diverse organic substances in different crude oils varies significantly, rendering each oil
composition unique. This enormous variety of compositions makes the field of petroleum
chemistry and technology an inherently complex and challenging endeavor.
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Figure 1. Relationship between the number of carbon atoms and the boiling point of the various
hydrocarbons and their polar derivatives found in crude oil [7].

The number of traded crude oils is reported to be over 150 [14,15], although thousands
have been characterized [16]. Over the years, several classifications have emerged that
divide different oils into various classes based on criteria such as those mentioned in
Section 2.1 (“Methods to Classify Crude Oils”) [17–26]. Depending on the extraction
method used for the crude oil from the earth, petroleum oils are classified as conventional
and unconventional. Conventional oils are extracted from the earth by pumping operations
as free-flowing dark- to light-colored liquids [27]. They have a specific gravity ranging
from about 0.810 to 0.985 and represent 30% of all oil reserves [27–29]. Unconventional
crude oils refer to oils, which are not accessible through traditional drilling methods and
are characterized by low-permeability rocks [30–32]. These oils are those that are either not
fluid enough at reservoir conditions to be pumpable, or not fluid enough after production
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at ambient surface conditions to be pumpable; in some cases, they exhibit both issues.
Consequently, unconventional oils are divided into tight oil, heavy and extra heavy oils,
and oil sands [33–35]. Tight oil reservoirs are characterized by very low porosity and
permeability and often with small reservoir size, which require high-cost techniques such
as hydraulic fracturing and horizontal drilling to recover the oil [36–38]. Tight oils are
typically light crude oils having density at 15.6 ◦C lower than 0.8251 g/cm3 [39], but can
exhibit specific gravity in the range between 0.7796 and 0.933 [38]. They are characterized
by low levels of sulfur and nitrogen, occasional H2S presence (which can be a problem),
high alkane content, low levels of heavy metals (Ni and V) and sometimes high levels
of alkaline metals, and other contaminants such as Ba and Pb may also be present [38].
Heavy and extra heavy oils have high viscosity, which prevents their extraction using
conventional methods. Heavy oils are defined as having density at 15.6 ◦C between 0.920
and 1.000 g/cm3, and viscosity between 10 and 104 cP [40–43]. They represent 15% of
global oil reserves [24,28]. Extra heavy oils are those oils whose density at 15.6 ◦C is
higher than 1.000 g/cm3 and their viscosity is higher than 104 cP [41,44,45]. Their share
of oil reserves is equal to 25% [24,28]. Oil sands consist of a blend of sand and bitumen
that is highly viscous and solid at ambient conditions not enabling recovery using the
conventional methods [46,47]. They represent 30% of global oil reserves [24,28].

Other classifications of crude oils are a function of their hydrocarbon composition,
reflecting differing perspectives between geochemists and oil refiners [25]. The former
group focuses on establishing the relationship between source rock chemistry and its
maturity level by identifying and characterizing the crude oils [25,48–50]. In contrast, the
latter group is more interested in the properties of crude oils, that may affect the operation
and performance of refinery process units [51–55]. As can be seen from the data in Table 1,
which shows the distribution of different hydrocarbons in all types of petroleum oils, the
compositional variations are significant.

Table 1. Range of variation of the three hydrocarbon classes and the solubility class of asphaltenes in
crude oils worldwide [24].

Hydrocarbon Type Minimum Content,
wt.%

Maximum Content,
wt.%

Average Content,
wt.%

Alkanes 15 60 30
Cycloalkanes 30 60 49

Arenes 3 30 15
Asphaltenes 5 50 6

Petroleum scientists established that physical properties—density (specific grav-
ity), refractive index, viscosity and molecular weight—are related to the chemistry
of petroleum [56–60], which may explain their use in the different classifications of
petroleum [21,61]. Density or specific gravity is a fundamental property which corre-
lates with the contents of saturates and aromatic structures (aromatic, resin, and asphaltene
fractions) in the whole crude oil and its fractions [60]. This can explain why this property is
used to classify the crude oils into extra light or condensates (API (American Petroleum
Institute) gravity < 45◦; specific gravity < 0.8017), light (API gravity =34–45◦; specific
gravity = 0.8017–0.855), medium (API gravity =22–33◦; specific gravity = 0.8600–0.9220),
heavy (10◦ < API gravity < 22◦; specific gravity < 0.9220 < 1.000), and extra heavy
(API gravity < 10◦; specific gravity < 1.000) classes [61]. Another important property that
affects not only quality but also the price of crude oil is its sulfur content [62–64]. Based on
their sulfur content, crude oils are classified in low sulfur (S < 0.5%); medium sulfur (1.5%
< S < 0.5%); high sulfur (3.1% < S < 1.5%); and extra high sulfur (S < 3.1%) [65].
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Geochemists have found that the formation of oil is related to kerogen embedded
in sedimentary rocks, which represents the residual organic matter from different stages
of maturation [25,66,67]. Based on the H/C and O/C ratios four types of kerogen are
categorized, type I (algal, aliphatic, H/C >1.5; O/C < 0.1), type II (marine plankton, H/C
of 1.0 to 1.4; O/C between 0.05 and 0.15), type III (terrestrial plants, H/C of 1.6 to 1.9, O/C
between 0.1 and 0.3), and type IV (inert, non-generative, H/C ≤ 0.6, O/C > 0.1) [68]. The
geochemical classification based on the three different kerogen types that can generate
oil [67] can be used to classify crude oils in these three categories [69,70]. Another factor
complementing crude oil classification is maturity, as increased maturation causes proper-
ties of oils derived from kerogen I and kerogen II to converge [69]. Therefore, kerogen type
and maturity of crude oils provide quantitative criteria for crude oil selection in petroleum
refineries [69].

Crude oils produced worldwide vary significantly from each other and are often mix-
tures of multiple sources, serving as feedstock in oil refineries [71–73]. Petroleum refineries
are designed and constructed to accommodate the specific characteristics of the crude oil
or blend of crude oils intended for processing [19]. Over time, due to changes in crude oil
availability, used as the basis for the design of the refinery, shifts in oil markets, as well
as geopolitical, economic and other factors, refineries are very often forced to select from
available crude oils the appropriate blend for processing [74,75]. During feedstock selection,
refineries must maintain facility integrity by minimizing the risk of unexpectedly high
corrosion and high levels of fouling, complying with strict environmental regulations, and
manufacturing products that meet global quality standards [7,76,77]. Crude oil classifica-
tion is therefore critical in this process; for example, a refinery that is not designed to process
crude oil classified as heavy and sour should not select crude oils within this classification
group for processing [78]. However, given the numerous crude oil classifications—which
will be discussed further in this research—one must determine which is most suitable for
feedstock selection while meeting the requirements mentioned above. In 1988, Singh [79]
reviewed and compared various classifications of crude oils based on physicochemical
parameters across 27 different types of crude oils, presenting a classification of petroleum
from the refiner perspective. He discussed methods for determining structural parameters
of crude oils using nuclear magnetic resonance (NMR) spectroscopy and their characteriza-
tion/classification via other instrumental techniques. The limitations of the methods and
the broader significance of crude oil classification were highlighted [79]. To the best of our
knowledge, no review since then has addressed petroleum classification and its relation to
crude oil selection from a refiner’s perspective. This gap motivated the current research.

This study aims to review the various classifications of crude oil published in the
literature regarding their significance for the correct selection of crude oils and to identify
the most useful ones that can ensure safe and cost-effective refinery operation using an
intercriteria analysis approach.

2. Materials and Methods
2.1. Materials

This research analyzes data from comprehesive assays of 1390 crude oil samples,
the property ranges of which are summarized in Table 2. These crude oils have been
characterized and processed globally in petroleum refineries over the past 50 years.
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Table 2. Range of variation of properties of studied crude oils.

Minimum Maximum

Specific gravity at 15.6 ◦C (API gravity) 0.7565 (55.6◦) 1.016 (7.8◦)
Refractive index at 20 ◦C 1.4244 1.5741
Kinematic viscosity at 40 ◦C, mm2/s 0.502 48,300
Pour point, ◦C −54 51.7
Sulfur, wt.% 0.0002 9.0
Nitrogen, wt.% 0.00 0.877
Nickel, wt. ppm 0.00 151
Vanadium, wt. ppm 0.00 1200
Total acid number (TAN), mg KOH/100 g 0.00 9.4
Molecular weight, g/mol 118 770
Watson characterization factor (KW) 10.92 13.04
True boiling point (TBP) fraction yields, wt.%
Gas 0.0 11.1
Light naphtha (C5–100 ◦C) 0.0 33.6
Heavy naphtha (100–180 ◦C) 0.0 51.2
Kerosene (180–240 ◦C) 0.0 29.9
Diesel (240–360 ◦C) 4.6 52.0
Vacuum gas oil (360–540 ◦C) 0.8 62.5
Vacuum residue (>540 ◦C) 0.0 61.1
SARA (Saturates, Aromatics, Resins, Asphaltenes)
composition
Saturates, wt.% 18.5 97.6
Aromatics, wt.% 13.7 52.9
Resins, wt.% 0 19.9
C5-asphaltenes, wt.% 0 30.1
C7-asphaltenes, wt.% 0 20.5

The analytical scheme for the comprehensive assays performed on the 1390 studied
crude oils is presented in Figure 2.

Figure 3 depicts the visual appearance of crude oils under study.

2.2. Methods to Classify Crude Oils
2.2.1. KW-Characterization Factor and Other Characteristics of Petroleum Oils
Related to KW

Watson characterization factor is one of the empirical indices established to classify
the crude oils [80–82]. It is calculated using Equation (1)

KW =
3
√

1.8 × (T50 + 273.15)
SG

(1)

where

T50 = temperature at which 50% of crude oil evaporates, ◦C;
SG = specific gravity of crude oil at 15.6 ◦C.
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Figure 2. Analytical scheme of crude oil characterization according to the comprehensive assay.
Note: SG = specific gravity; VIS = viscosity; CCR = Conradson carbon residue; GC Piano = Gas
chromatography paraffins, isoparaffins, aromatics, naphthenes, olefins; RON = research octane
number; MON = motor octane number; Asph = asphaltenes.

The average KW values for the three classes of hydrocarbons present in crude oil were
calculated by Mohammadi et al. [82] as follows: 12.76 (alkanes); 11.00 (cycloalkanes) and
10.36 (arenes).

Meier et al. [83] proposed a method for characterization of the chemical nature of
heavy petroleum oils based on the KW-characterization factor. They developed three
Equations (2)–(4) for predicting aromatic carbon content, aromatic hydrogen content and
total hydrogen content of the heavy oil using the characteristics KW, refractive index and
specific gravity.

Ca = 134.4679[RI − 1.4750]− 20.4858[Kw − 12.5] (2)

Ha = 333.471[RI − 1.4750]2 − 6.687[Kw − 12.5] (3)

H = −20.77[SG − 0.8510] + 0.58[Kw − 12.5] + 14 (4)

where

Ca = wt.% aromatic carbon
Ha = wt.% aromatic hydrogen
H = wt.% total hydrogen
RI = refractive index at 68 ◦F
SG = specific gravity, density of oil at 60

◦
F relative to water at 60 ◦F
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Figure 3. Appearance of the crude oil samples under study.

2.2.2. Bureau of Mines Correlation Index (BMCI) [10,84]

The Bureau of Mines Correlation Index (BMCI) can be calculated from SG and T50%

(in degrees Celsius) via Equation:

BMCI =
48640

(T50 + 273.15)
+

473.7
SG

− 456.8 (5)

The normal paraffin series is defined as having a BMCI value of 0, while aromatic
compounds are assigned a BMCI value of 100. Accordingly, index values between 0 and 15
indicate that paraffin hydrocarbons dominate. Values ranging from 15 to 50 indicate the
predominance of naphthenes or mixtures of paraffins, naphthenes, and aromatics. When
the index exceeds 50, aromatic compounds are the dominant type.

2.2.3. Specific Gravity and API Gravity [6]

Both specific gravity and API gravity measure density relative to water at 60 ◦F
(15.6 ◦C). API gravity is expressed in degrees (◦API) and can be determined from the
specific gravity using the following relationship:

API =
141.5
SG

− 131.5 (6)

Table 3 presents the classification of crude oils based on API gravity.

2.2.4. Mallison Classification [85]

Mallison categorized crude oils based on the nature of the residuum—the material
remaining after the distillation process, particularly with respect to wax content. Crude oil
is classified as asphaltic when the distillation residue contains less than 2% wax, whereas
it is considered paraffinic when the wax content exceeds 5%. Residue containing more
than 5% wax indicates paraffinic crude. Residue with less than 2% wax is classified as
naphthenic-based crude. Residue containing 2–5% wax is regarded as mixed-base crude.
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Table 3. Classification of crude oils according to API gravity.

Classification

Fraction 1
250–270 ◦C, Atm. Pressure

Fraction 2
275–300 ◦C, 40 mm Hg

API Gravity Type API Gravity Type

Paraffin >40.0 Paraffin >30.0 Paraffin
Paraffin–intermediate >40.0 Paraffin 20.1–29.9 Intermediate
Intermediate–paraffin 33.1–39.9 Intermediate >30.0 Paraffin

Intermediate 33.1–39.9 Intermediate 20.1–29.9 Intermediate
Intermediate–naphthene 33.1–39.9 Intermediate <20.0 Naphthene
Naphthene-intermediate <33.0 Naphthene 20.1–29.9 Intermediate

Naphthene <33.0 Naphthene <20.0 Naphthene
Paraffin–naphthene >44.0 Paraffin <20.0 Naphthene
Naphthene–paraffin 33 Naphthene >30.0 Paraffin

2.2.5. Classification by Chemical Composition [25]

A widely recognized and still commonly applied system for classifying crude oils
was developed at the U.S. Bureau of Mines by Smith (1927) and later refined by Lane and
Garton (1935) [25]. This method relies on distillation data and the specific gravities of two
key distillation fractions (250–275 ◦C and 275–300 ◦C; see Table 4).

Table 4. Classification of crude oils according Lane and Garton.

Classification

Key Fraction 1
250–275 ◦C, Atm. Pressure

Key Fraction 2
389–415 ◦C, Atm. Pressure

Specific Gravity Type Specific Gravity Type

Paraffin ≤0.8251 paraffinic ≤0.8762 paraffinic
Paraffin–Intermediate ≤0.8251 paraffinic 0.8767 to 0.9334 intermediate
Intermediate–Paraffin ≤0.8251 paraffinic ≥0.9340 naphthenic

Intermediate 0.8256 to 0.8597 intermediate ≤ 0.8762 paraffinic
Intermediate–Naphthene 0.8256 to 0.8597 intermediate 0.8767 to 0.9334 intermediate
Naphthene–Intermediate 0.8256 to 0.8597 intermediate ≥0.9340 naphthenic

Naphthene ≥0.8602 naphthenic ≥0.9340 naphthenic
Paraffin–Naphthene ≥0.8602 naphthenic 0.8767 to 0.9334 intermediate
Naphthene–Paraffin ≥0.8602 naphthenic ≤0.8762 paraffinic

Crude oils can also be classified based on their sulfur content. In this context, the pro-
portions of alkanes, naphthenes, and aromatic compounds are determined using currently
available analytical techniques. All data relate to the fraction of petroleum that boils above
210 ◦C at atmospheric pressure. The alkane (paraffin) content includes both normal (n-)
and isoalkanes, but excludes alkyl side chains attached to cyclic structures. Cycloalkanes
(naphthenes) comprise compounds with one or more saturated rings and no aromatic
rings. Aromatic compounds are defined as those containing at least one aromatic ring;
these molecules may also have saturated rings or side chains attached to the ring structure.
Table 5 presents the classification according to hydrocarbon type and sulfur.
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Table 5. Classification of crude oils according hydrocarbon type and sulfur.

Hydrocarbon Group Content in Crude Oil > 210 ◦C, wt.% Crude Oil Type
Sulfur Con-

tent in Crude Oil
(Approximate)

Number of
Samples per Class

(Total = 541)

Sat > 50 wt.%
AA < 50 wt.%

P > Naph and P > 40 wt.% Paraffinic

<1 wt.%

100 (18.5%)

P ≤ 40 wt.% and Naph ≤ 40 wt.% Paraffinic–naphthenic 217 (40.1%)

Naph > P and Naph > 40 wt.% Naphthenic 21 (3.9%)

Sat < 50 wt.%
AA > 50 wt.%

P > 10 wt.% Aromatic–intermediate
>1 wt.%

126 (23.3)

P ≤ 10 wt.%
Naph ≤ 25 wt.% Aromatic–asphaltic 41 (7.6)

Naph ≥ 25 wt.% Aromatic–naphthenic Generally S < 1% 36 (6.6%)

Note: Sat = saturates AA = aromatics + resins + asphaltenes; P = paraffins; Naph = naphthenes.

According to this specification, crude oils are described as “paraffinic” or “naphthenic”
when saturated hydrocarbons constitute more than 50% of their composition. For practical
application—particularly in geological contexts—additional limits of 40% are applied to
alkanes and cycloalkanes. These thresholds distinguish fully paraffinic oils from interme-
diate paraffinic–naphthenic types, separating them further from naphthenic oils. Crude
oils are classified as “aromatic” when saturated hydrocarbons constitute less than 50% of
the composition, implying that aromatics, resins, and asphaltenes collectively exceed 50%.
Based on alkane content, a further distinction is made between “aromatic–intermediate”
oils (containing more than 10% normal and isoalkanes) and heavily degraded oils (with
less than 10%). The latter group is subdivided into: “Aromatic–asphaltic” oils (containing
less than 25% naphthenes) and “Aromatic–naphthenic” oils (containing more than 25%
naphthenes). This subdivision also reflects differences in sulfur content: aromatic–asphaltic
oils are typically high in sulfur, whereas aromatic–naphthenic oils generally contain less
than 1% sulfur.

2.2.6. Classification of Oils by Physicochemical Properties [86]

Table 6 shows the classification of crude oils based on the physicochemical properties.

Table 6. Classification of crude oils by physicochemical properties.

Property Oil Class Limits of Change in
Classification Intervals

Density, g/cm3

Very light
Light
With medium density

Less than 0.80
0.80–0.84
0.84–0.88
0.88–0.92
0.92–0.96
More than 0.96

Heavy
With increased density
Extra heavy
Bituminous

Viscosity at 20 ◦C, mm2/s

Low viscosity
Medium viscosity

Less than 10
10–35
35–100
100–500
More than 500

Viscous
With increased viscosity
Highly viscous
Extra viscous

Sulfur content, wt.%

Low sulfur
Medium sulfur
Sour
High sulfur

Less than 0.5
0.5–1
1–3
More than 3
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Table 6. Cont.

Property Oil Class Limits of Change in
Classification Intervals

Resin content, wt.%

Slightly resinous
Medium resinous

Less than 8
8–13
13–20
20–30
More than 30

Resinous
Moderately resinous
Highly resinous
Ultrahighly resinous

Asphaltene content, wt.%
Low asphaltenic
Medium asphaltenic
Highly asphaltenic

Less than 3
3–10
More than 10

Wax content, wt.%

Low wax
Medium wax

Less than 1.5
1.5–6
6–10
10–20
More than 20

Waxy
Moderately waxy
Highly waxy
Ultrahighly waxy

Amount of IBP—200 ◦C
fraction, wt.%

Low content
Medium content
High content

Less than 15
15–30
More than 30

Amount of IBP—300 ◦C
fraction, wt.%

Low content
Medium content
High content

Less than 30
30–50
More than 50

Amount of IBP—350 ◦C
fraction, wt.%

Low content
Medium content
High content

Less than 45
45–57
More than 57

Gas saturation of oil, m3/t
With low gas saturation
With medium gas saturation
With high gas saturation

Less than 200
200–500
More than 500

Hydrogen sulfide content,
wt.%

With low content
With high content

Less than 5
More than 5

Vanadium content, wt.% With low content
With high content

Less than 0.003
More than 0.003

Nickel content, wt.% With low content
With high content

Less than 0.007
More than 0.007

2.2.7. Classification Based on Geochemical Concepts [69]

Frans van den Berg et al. [69] proposed a classification of crude oils based on the
geochemical framework as shown in Figure 4. This method is based on the van Krevelen
diagram, introduced in 1950 [87], which depicts atomic H/C and O/C ratios visualizing
the process of coal formation [88,89]. Table 7 presents the effect of source rock kerogen on
the properties of crude oil.

Maturity of the studied crude oils was quantified using the H-factor (heaviness factor)
proposed by van den Berg et al., which is a proprietary measure of maturity [69]. According
to the method proposed by van den Berg et al., crude oils with an H-factor lower than 885 are
considered mature, those with H-factor between 885 and 920 are considered intermediate,
while crude oils having H-factor higher than 920 are regarded as immature [90].
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Figure 4. Classification based on geochemical concepts.

Table 7. Effect of kerogen type on crude oil properties.

Kerogen
Type Origin Sulfur

Content
Oxygen
Content Chemical Type

I
Plant material, deposited under anaerobic conditions in
a lacustrine (sweet)/marine (seawater) environment Low Low

Paraffinic

Highly oil prone Ni > V

II
Bacterial/algal material, deposited under
anaerobic/aerobic conditions, in a marine environment High Medium

Aromatic/
Naphthenic

Oil prone V > Ni

III
Land-based biomass, deposited under aerobic
conditions, lacustrine/terrigenous environment Low High Aromatic

Gas prone Low in metals

2.2.8. Classification of Crude Oils According to GOST P 51858-2020 [21]

Russian state standard GOST P 51858-2020 defines the classification of crude oils as
shown in Tables 8–11 and Figure 5.

Depending on the degree of preparation, oil is divided into groups 1–3, the require-
ments for which are given in Table 10.

Depending on the content of hydrogen sulfide, methyl and ethyl mercaptans, oil is
divided into 2 types, the requirements for which are given in Table 11.

Table 8. Classification of crude oil depending on the sulfur content.

Crude Oil Type
Class Type Sulfur Content, %

m/m Test Method

1 Low sulfur <0.6
GOST P 51947,
GOST 32139

2 Sulfur 0.60 ÷ 1.80
3 High sulfur 1.80 3.50
4 Extra high Sulfur >3.50
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Table 9. Classification of crude oils by types.

Property Crude Oil Type
Test Method0 1 2 3 4

Density,
kg/m3 at 20
◦C and 15 ◦C

≤830.0 and
≤833.7

830.1–850.0
and

833.8–853.6

850.1–870.0
and

853.7–873.5

870.1–895.0
and

873.6–898.4

>895.0 and
>898.4

GOST 3900
GOST P 51069,
GOST 33364,
GOST ISO

3675
Distillation

recovery,
vol%

GOST 2177
(method B)

200 ◦C 30 27 21 - -
300 ◦C 52 47 42 - -

Paraffins,
wt.%, <6.0 GOST 11851

Table 10. Crude oil indices depending on the degree of preparation.

Property Crude Oil Type
Test Method1 2 3

Water content, wt.% <0.5 <0.5 <1.0 GOST 2477, GOST 33733
Chloride salt, mg/dm3 <100 <300 <900 GOST 21534

Mechanical impurities, wt.% <0.05 GOST 6370

Table 11. Crude oil indicators depending on the content of hydrogen sulfide, methyl and ethyl
mercaptans.

Property Crude Oil Type
Test Method1 2

H2S, ppm <20.0 <100.0 GOST P 50802,
GOST 32918,
GOST 33690

Methyl and ethyl mercaptan in their
blend, ppm <40.0 <100.0

Crude oil x. x. x. x. GOST P 51858-2020 

Class

Type

Group

Kind

Test method 

Figure 5. Conditional designation of crude oil according to GOST P 51858-2020 [21].

The conventional designation of crude oil shall consist of the word “Crude oil,” four
digits corresponding to the class, type, group, and grade designations, and the designa-
tion of this standard. When supplying oil for export, the letter “e” is added to the type
designation. The structure of the conventional designation of oil is depicted in Figure 5.
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2.2.9. Classification of Crude Oils Based on the Contents of Sulfur and Nitrogen, and Total
Acid Number [18]

Table 12 presents the classification of crude oils based on the contents of sulfur and
nitrogen, and total acid number.

Table 12. Classification of crude oils based on the contents of sulfur and nitrogen, and total acid
number [18].

Data Source Limits Class

Sulfur content <0.5 wt.%
≥0.5 wt.%

Sweet
Sour

Total nitrogen content <0.25 wt.%
≥0.25 wt.%

Nitrogen poor
Nitrogen rich

Total acid number ≤0.5 mgKOH·g−1 Non-acid
greater than 0.5 and ≤1 mgKOH·g−1 Acid
Greater than 1 mgKOH·g−1 High acid

2.2.10. Miscellaneous Concepts of Petroleum Classifications Reported in the
Literature [18–20,22–24,63,91–109]

In addition to the crude oil classification methods discussed in Sections 2.2.1–2.2.9, this
subsection summarizes some other classification approaches published in 23 studies, some
of which apply various artificial intelligence (AI) techniques based on machine learning.
A common feature among some of the approaches discussed in this subsection is the
use of chemometric analysis of physical, spectroscopic, or chromatographic data. These
chemometric analyses were conducted to categorize the studied crude oils into different
groups. They are discussed below.

A scientific team from Brazil [18] integrated mid-infrared (MIR) and near-infrared
(NIR) spectroscopy of 121 crude oil samples from the Brazilian sedimentary coastal basin
through low-level and mid-level data fusion and thus improved the classification of crude
oil samples into categories based on sulfur content, total nitrogen content, total acid number
and API gravity. This approach offers a promising alternative to traditional laboratory
analyses by providing rapid, accurate, and cost-effective discrimination of crude oils. While
additional information on validation and dataset characteristics would strengthen the
study, the reported results suggest that data fusion combined with chemometric techniques
such as Partial Least Squares Discriminant Analysis (PLS-DA) can significantly enhance
analytical performance in petroleum characterization.

Other scientists from Iranian and Spanish universities [19] investigated the use of
attenuated total reflectance Fourier transform infrared (ATR-FTIR) spectroscopy combined
with chemometric techniques to identify the geological origin of 251 crude oil samples from
different Iranian petroleum fields. The study evaluates several multivariate classification
methods and concludes that Soft Independent Modeling of Class Analogy (SIMCA) is
the most effective approach for discriminating crude oils according to their source. The
proposed methodology is presented as a rapid, cost-effective, environmentally friendly
alternative to conventional characterization techniques. These results indicate excellent clas-
sification performance and suggest that mid-infrared spectra contain sufficient geochemical
information to distinguish oils from different reservoirs. The study also reports successful
classification of mixture samples in several cases, indicating practical applicability beyond
pure crude oils.

ATR-FTIR spectroscopy combined with chemometric techniques [20] is also applied
for the determination and classification of crude oils based on API gravity. Since API
gravity is a key parameter used to classify crude oils as light, medium, or heavy and
influences refining processes, transportation, pricing, and environmental considerations,
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the development of rapid and non-destructive analytical methods for its determination is
of significant industrial importance. Specifically, the authors compare Partial Least Squares
Regression (PLS-R) and Support Vector Machine Regression (SVM-R) for predicting API
gravity and employ PLS-DA for crude oil classification.

Behrenbruch and Dedigama [22] propose a mathematical characterization method for
crude oil TBP distillation curves using a two-parameter gamma distribution model. TBP
curves represent how crude oil fractions boil off with increasing temperature and act as a
compositional “fingerprint” of crude oils. Their study aims to replace or complement tradi-
tional qualitative interpretation of TBP curves with a compact, quantitative representation
that can support classification, property prediction, and valuation of crude oils. The two
interpretable parameters (α and β) of gamma distribution model are linked with important
crude oil properties such as API gravity and UOP K factor and thus related to classification
of crude oils. It is also shown how crude oil cut fractions may be classified with the aid of a
ternary diagram, and the link between this approach and the characterization parameters
of gamma distribution model.

Zhou et al. [23] present a portable, low-cost hardware for oil classification that com-
bines capacitance measurements from capillary flow in microfluidic thread-based analytical
devices (µTADs) with machine learning techniques, specifically Linear Discriminant Analy-
sis (LDA). The system is designed for rapid, on-site identification of 8 types of petroleum oil
samples provided by China University of Petroleum, Beijing, and 7 types of non-petroleum
oil samples purchased from Taobao as an alternative to conventional laboratory-based
techniques such as gas chromatography (GC) and mass spectrometry (MS).

Peinder [24] proposes a flexible approach for crude oil classification that systematically
evaluates six spectroscopic techniques—infrared (IR), NIR, Raman, ultraviolet-visible (UV-
Vis), proton nuclear magnetic resonance (1H-NMR), and asph (13C-NMR)—combined with
chemometric principal component analysis (PCA) and Partial Least Squares (PLS) modeling.
The ultimate goal is to replace or supplement conventional ASTM/IP crude oil analyses
with rapid spectroscopic measurements, aiming at the prediction of physicochemical
properties directly from spectra. Consequently, classification can be derived from the
predicted values. Among all techniques, IR spectroscopy proved to be the most reliable
and practical. The strongest prediction models were obtained for long-residue yield,
density and viscosity. These properties are among the most important indicators used in
crude oil classification and valuation. Prediction of sulfur content, asphaltenes, carbon
residue was less accurate but still useful for screening purposes. This suggests that IR
spectroscopy coupled with PLS modeling can predict many critical crude oil properties
with accuracy comparable to standard ASTM/IP methods, while requiring significantly
less time and effort.

Iranian researcher Mohammadi [63] focused on one of the most important properties
for crude oil classification: sulfur content, which is the basis for distinguishing sweet crude
oils from sour crude oils. The study proposes a rapid analytical framework using ATR-FTIR
spectroscopy combined with chemometric techniques such as PLS-R and SVM-R for both
quantitative determination of sulfur concentration and qualitative classification of crude
oils into sweet and sour categories, which is directly relevant to refinery economics, catalyst
performance, environmental compliance, and crude oil pricing.

Niu et al. [91] investigated how measuring the content and distribution characteristics
of trace elements, among which 20 trace element-related parameters such as V/Ni, Co/Ni,
U/Th, of 30 crude oils and using cluster analysis the crude oils in the study area could
be divided into 3 types. The investigated crude oils have a wide range of density and
viscosity, with the density range from 0.82 g/cm3 to 0.99 g/cm3 and the viscosity range
from 2.94 mPa s to 4861 mPa s. The wax content and sulfur content in the analyzed
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samples reached the maximum values of 40.84% and 2.79%, respectively. The total amount
of trace elements showed good negative correlation with relative content of saturated
hydrocarbons, and a positive relationship with relative content of aromatic hydrocarbons.
The total amount of elements and the relative content of resins and asphaltenes also have a
good positive correlation. Different types of crude oil have obvious differences in element
content and related parameters.

A Mexican study [92] presents a Fourier transform infrared (FTIR)-based classification
method for determining the geological origin and maturity history of crude oils. This
work focuses on a fundamental petroleum geochemistry problem: distinguishing oils
according to their depositional environment and post-generation alteration processes. The
authors classify petroleum into four categories: marine origin, non-marine origin, degraded
petroleum and thermally transformed petroleum. The classification is based on the relative
abundance of selected aliphatic, aromatic, and polar functional groups measured by FTIR
spectroscopy and analyzed using hierarchical clustering and discriminant analysis.

Tao et al. [93] proposed chemometric classification of crude oils using t-distributed
stochastic neighbor embedding a machine learning algorithm. They took into account
the complex geochemical characteristics of the crude oil precursors and applied machine
learning approach to determine crude oil origins in a complex petroleum system. Em-
ploying 13 biomarker indicators, such as the ratios C29/C30 and C34S/C35S hopanes, the
pristine/phytane (Pr/Ph), the abundance of β-carotane, the gammacerane/C30 hopane ra-
tio, β-carotane/n-Ci ratios, Pr/n-C17 vs. Ph/n-C18, and regular C27–C29 steranes, measured
in 43 crude oils, they classified petroleum precursors into three geochemical subcategories:
(1) argillaceous rocks deposited in brackish water and a weakly reducing environment;
(2) dolomitic mudstones deposited in saline water and a reducing environment; (3) argilla-
ceous dolomites deposited in hypersaline water and a strongly reducing environment.
The t-distributed stochastic neighbor embedding (t-SNE) algorithm was found to correlate
with the three types of source rocks and the crude oils. Thus, by using the t-SNE machine
learning algorithm the complex origins and occurrences of crude oil in the studied area
were identified.

Chiaberge et al. [94] demonstrated how ultra-high-resolution mass spectrometry
(UHRMS) coupled with chemometric data analysis can classify crude oil samples based
on their geographical origin and extraction well. The authors claimed that their approach
combined with statistical techniques can effectively facilitate reservoir monitoring and
optimization for oil extraction.

Asif and Fazeelat [95] utilizing the distribution of alkylnaphthalenes, alkylphenan-
threnes, alkyldibenzothiophenes, alkyldibenzofurans, alkylfluorenes, alkylbiphenyls, triaro-
matic steroids, methyl triaromatic steroids, retene, methyl retenes and cadalene, determined
in 18 crude oils, classified them into three groups (A, B, and C). Group A is derived from
higher plant resin, while Groups B and C are marine crude oils. Group B features an abun-
dance of S-containing heterocyclic aromatic hydrocarbons, while Group C is characterized
by an abundance of alkylfluorenes in conjunction with S heterocyclic compounds.

Zhao et al. [96] noted that the classification of crude oil based on API gravity and
SARA composition is not sufficiently informative in the process of heavy oil development.
For this reason, they introduced the concept of average carbon number (ACN). ACN has
been shown to be a simple and accurate indicator that takes into account the molecular
weight, polarity, structure and flow behavior of crude oil and can serve not only as a
theoretical tool for crude oil characterization, but also as an application guide for viscosity
reduction, diluent screening and heavy oil upgrading strategies.

Sun et al. [97] applied chemometric analysis to classify 300 oils including 12 light
fuel oils, 104 heavy fuel oils, and 184 crude oil samples based on the mass chromatogram
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m/z 256 using the combination of PCA and LDA. The m/z 256 mass chromatograms
normalized and aligned by correlation optimized warping (COW) were analyzed by PCA,
which converts the original data into a set of linearly independent representations of each
dimension through a linear transformation, while preserving as much information from the
original data sets as possible. Five principal components from the PCA evaluations were
used in the LDA; for the training set (172 samples), and for the test set (128 samples). A
good regression model with three discriminant equations for heavy fuel oils, light fuel oils
and oils was obtained. This method was found effective for identification and classification
of crude oils and refined finished products.

Wang et al. [98] utilized a systematic geochemical analysis of biomarker ratios of
37 crude oil samples, 21 oil sand samples, and 23 sandstone samples from four oilfields and
applying chemometrics, established in 1970 as a chemistry discipline, integrating statistics,
numerical analysis, applied mathematics, and computer science [99–101] to classify oils
into four families. The chemometric methods employed to unravel the relationships
between studied crude oils and prospective source rocks consisted of PCA, hierarchical
cluster analysis (HCA), t-SNE and uniform manifold approximation and projection (UMAP)
algorithm. The nonlinear dimensionality reduction methods such as t-SNE and UMAP
proved their capability as useful tools to classify crude oils.

Sancho et. al. [102] attempted to provide the optimal categorization for crude oils
using k-means clustering. The study evaluates six physicochemical properties rather than
just traditional density and sulfur metrics, namely: pour point, acidity, Conradson carbon
content, nickel content, vanadium content and iron content. This framework utilizes an
industrial refinery dataset published on ScienceDirect to improve downstream operations
via optimizing refining operations, predicting oil behavior when refinery operators have to
process unknown crude and improving blending decisions.

Galtier et al. [103] evaluated different statistical methods to classify crude oils and
virgin olive oils using infrared spectroscopy. The researchers compared four chemometric
modeling methods—SIMCA, PLS1-DA, PLS2-DA, and PLS2-DA-SIMCA—to see which best
determines the geographical origin of samples. They tested 36 samples from 36 crude slates
from Algeria, South America, Equator, and Venezuela using MIR spectroscopy. The study
concluded that PLS1-DA is the most efficient and suitable tool for geographic classification
via spectral data. The authors concluded that determining the variance ratio against the
Fisher Criterion might be an excellent benchmark for selecting the ideal wavelength ranges
to analyze.

Sarafdokht et al. [104] argued that conventional crude oil classification methods con-
centrate on certain features and neglect others. To overcome these limitations of classical
crude oil classification methods, they proposed an innovative chemometric method that
integrated the techniques of modified moving window correlation coefficient (MMWCC),
multidimensional scaling (MDS), and HCA to classify 93 crude oil samples based on their
asphaltene structural features. It was found that geochemical characteristics influence the
structural characteristics of asphaltenes, while differences in migration pathways have a
negligible effect. Therefore, the defined groups provide valuable information about genetic
types and oil deposits in studied Dezful Bay area.

Barwise [105] investigated the role of nickel and vanadium in the classification of
crude oil. He examined families of crude oils from several basins around the world and
categorized them into five classes (A, B, C, D, E). Classes A (Middle East-the Gulf of
Suez and Abu Dhabi), B (North Sea), and C (China) are assigned as being generated from
aquatic organic matter, but differ in the degree of sulfur incorporated into the kerogen.
Classes D (Indonesia) and E (Australia) are identified as being obtained primarily from
terrestrial plants. The Australian class represents organic matter derived from a “classical”
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contribution from terrestrial plants, while the Indonesian class differs in having a greater
contribution from resinous material. Barwise [105] inferred that the source rocks, which
are immature and have a low clay content and a high organic sulfur content such as
carbonate source rocks, generate crude oils with the highest metal content. Marine shales
or lacustrine source rocks produce crude oils with moderate amounts of metals, while
land-plant-generated crude oils have a very low content of nickel and/or vanadium.
Nickel/vanadium ratio lower than 1 was found typical for marine sourced crude oils, while
when this ratio is higher than 1, crude oils are generated from lacustrine source rocks.

Sokolova et al. [106] proposed a chemical classification of naphthenic condensates
based on a study of the composition of 21 naphthenic condensates from different deposits
located in the northern part of Western Siberia. The condensates are divided into seven
chemical types (A1, A2, B1t, B1b, B1m, B2c and B2i). Condensates of types A-1 and A-2
contain n-alkanes and their hydrocarbon compositions are close to those of the C6–C13

fractions of the corresponding crude oils. Condensates B-2i and B-2c are distinguished
by their content of isoprenoid alkanes. Condensates B-1 are quite different. They contain
insignificant amounts of n-alkanes and isoprenoid alkanes and include members with
very high contents of monocyclic (B-lm), bicyclic (B-lb) and tricyclic (B-1t) compounds.
The similarity between the composition of condensates and the C6–C13 fraction of crude
oils suggests that condensates and crude oils are genetically close and condensates can be
considered as petroleum derivatives formed as a result of the dissolution of light fractions
in compressed gas.

Yuhan et al. [107] classified crude oils into four different groups based on the anal-
ysis of saturate and aromatic fractions of 41 crude oils using gas chromatography-mass
spectrometry (GC-MS) and applying multivariate statistical analysis. They used EWard’s hi-
erarchical clustering method with squared Euclidean distance as the similarity measure and
setting a threshold distance of ten for cluster distinction and PCA to analyze the biomarker
parameters diterpanes/nC20, Pr/nC17, Ph/nC18, Pr/Ph, diadrimane/8β(H)-drimane,
8β(H)-drimane/8β(H)-homodrimane, 4β(H)-19-norisopimarane/isopimarane, 16β(H)-
phyllocladane/isopimarane, 1,2,5-trimethylnaphthalene/1,3,6-trimethylnaphthalene, 1,7-
dimethylphenanthrene/phenanthrene, retene/phenanthrene, as well as the δ13Coil with
the aim to classify the studied crude oils. The four types are categorized based on the
different inputs from ferns, gymnosperms, and angiosperms.

Meng et. al. [108] investigated molecular geochemical characteristics of crude oil and
identified oil–source rock relationships within the Hexiwu structural belt of the Langgu
Depression, Bohai Bay Basin, China. The researchers categorized the studied crude oils
into three distinct genetic types by evaluating molecular biomarkers and geochemical
parameters: Type I—Mature Crude Oils distributed mostly across the northern and central
segments of the structural belt; Type II—Mixed-Source Oils found in the southern Hexiwu
area; and Type III—Mature Crude Oils concentrated in the south of the structural belt.
The outcomes of the study shown successfully established a dual-source hydrocarbon
supply framework for the Hexiwu basin. Definition of these three reservoir types resolves
long-standing oil–source ambiguities and provides critical theoretical guidance for future
crude oil upstream activities.

Barbosa et al. [109] used NIR spectroscopy methods, together with PLS-DA and SVM
to classify a set of 196 crude oil samples from the Brazilian sedimentary coastal basin as
light, medium, heavy, sweet, sour, non-sour, and sour. They showed that PLS-DA, SVM,
and SVM ensemble methods used for NIR spectroscopy data analysis can be considered as
useful tools for categorizing crude oil samples.

Approaches based on the similarity between the reference indices of benchmark
crude oils and the crude oil samples under study, as assessed using various statistical
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and machine learning methods, offer an interesting alternative to classical classification
methods, enabling the differentiation of crude oils based on various classification criteria.
This manner of crude oil characteristic data evaluation will be applied in this research as
well, using the intercriteria analysis approach that will be discussed later in this article.

2.2.11. Summary of Reviewed Classifications of Petroleum

The classifications of petroleum discussed in Sections 2.2.1–2.2.10 can be graphically
summarized as shown in Figure 6.

Figure 6. Summarization flow chart of the reviewed classifications of petroleum discussed in
Sections 2.2.1–2.2.10.

All classification methods developed for the period 1950–2003 are based on defined
ranges of specific values for certain petroleum characteristics, classified as physical, chemi-
cal, and geochemical. In the 21st century, a new classification approach called chemometrics
was proposed, which combines the characteristics of petroleum, including physicochemical,
geochemical, spectral, and chromatographic, with the application of mathematical, statisti-
cal, and computational techniques to chemical data. Chemometric classifications are useful
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in oil spill source identification [110–113], for geographic origin determination [114], for
development of oil–source correlations [115], and others. However, chemometric methods
yet to be used for crude oil selection purposes have not yet been published.

2.3. Petroleum Refinery Performance Used to Classify Crude Oils

The performance of the oil refinery under study, which is considered one of the most
complex refineries in the world according to the Solomon Associates Fuel Study, was
used as the basis for classifying the different types of crude oil. The processing scheme
of the refinery is depicted in Figure 7. The refinery consists of two Crude Distillation
Units (CDUs)—CDU-1 and CDU-2, which fractionate the incoming crude oil into dry gas,
liquefied petroleum gas (LPG), light naphtha (fraction 30–100 ◦C), heavy naphtha (fraction
100–180 ◦C), kerosene fraction (fraction 180–240 ◦C), diesel fraction (fraction 240–360 ◦C),
atmospheric gasoil (fraction 360–480 ◦C) and atmospheric residue (fraction > 360 ◦C; fuel
oil). The vacuum distillation unit the CDU-1 fractionates the atmospheric residue into
light vacuum gasoil (fraction 240–360 ◦C), heavy vacuum gasoil (fraction 360–540 ◦C), and
vacuum residue (fraction > 540 ◦C).

 

Figure 7. Processing diagram of refinery under study.

The vacuum distillation unit of the CDU-2 fractionates the atmospheric residue ob-
tained from the atmospheric section of CDU-2 into identical fractions as produced by the
vacuum distillation unit of CDU-1. All of the above-mentioned fractions obtained from
crude oil distillation are processed simultaneously in other refining units, as follows:

- The dry gas is processed in the hydrocarbon gas absorption fractionation unit (AGFU);
- LPG is processed in the central gas fractionation unit (CGFU);
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- Light naphtha is upgraded in the Hydrodesulphurization unit 1 (HDS-1), where the
sulfur content is reduced to below 10 ppm, while heavy naphtha is upgraded in the
Catalytic Reformer, where its octane number is increased from 55 to 100;

- The kerosene fraction is refined in the HDS-2 unit, where the sulfur content is reduced
from about 2000 ppm to below 10 ppm;

- The diesel fraction is refined in both units HDS-3 and HDS-5; where the sulfur content
of the diesel fraction is reduced from about 10,000 ppm to below 10 ppm;

- The atmospheric gas oil is upgraded in the Fluid Catalytic Cracking (FCC) feed
Pretreater (FCC-PT);

- The vacuum residue is hydrocracked in the Ebullated Bed H-Oil unit.

2.4. Intercriteria Analysis as a Tool for Classifying Crude Oils Based on Refinery Performance and
Crude Oil Characteristics

The characteristics of crude oils, whose processing in the refinery under study is
affected by operational issues such as high acidity of sour water in CDUs, the related high
corrosion rate [74,116], high fouling rate in H-Oil unit [74,117,118], H-Oil reactor instability
(which can trigger an emergency shutdown) [75], crude oil incompatibility issues [119],
were evaluated by intercriteria analysis (ICrA) to determine the extent of similarity. ICrA is
a new mathematical method, similar to, but also significantly different from, correlation
analysis. It is capable of quantifying the degree of similarity between different objects
(including, in particular, petroleum fluids) based on predefined criteria (including oil
characteristics). ICrA is based on the ideas of intuitionistic fuzzy sets [120] and index
matrices [121]. Details of the mathematical basis of ICrA are given in [122,123]. In addition
to petroleum chemistry and processing, ICrA currently finds applications in biology [124],
medicine [125–127], ecology [128], economics [129–131], and other fields [132–134].

Following [120], we will mention that in mathematical terms, set A is defined as an
IFS as:

A = {〈x, µA(x), νA(x)〉 | x ∈ X},

where X is the universum, and the two mappings µA(x), νA(x): A → [0, 1] are respectively
the degree of membership and the degree of non-membership of each element x ∈ X,
such that 0 ≤ µA(x) + νA(x) ≤ 1. The boundary conditions are 0 and 1, both giving the
classical set.

The ICrA approach uses as an input a two-dimensional (2D) IM, representing a set of
indices of the rows, a set of indices of the columns, and a set of elements corresponding
to each pair of row and column index. In the case of ICrA, the IM can be written as [O,
C, eo,c], where O and C are respectively the set of row and column indices, O stands for
objects, C stands for criteria, and eo,c corresponds to the evaluation of each object O against
the criterion C. If we denote by m the number of objects, and by n the number of criteria,
the input IM for ICrA can be represented as follows:

C1 . . . Ck . . . Cn

O1 eO1,C1 . . . eO1,Ck . . . eO1,Cn

. . . . . . . . . . . . . . . . . .
Oi eOi ,C1 . . . eOi ,Ck . . . eOi ,Cn

. . . . . . . . . . . . . . . . . .
Om eOm ,C1 . . . eOm ,Ck . . . eOm ,Cn

In the next step of ICrA relations are formed between every two elements of the
matrix, thus the evaluations of the criteria are compared in pairs for all objects in the matrix
(Figure 8).
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Figure 8. Formation of relations in ICrA.

Following [119], we define that the relation R(eOi ,Ck , eOj ,Ck ) has dual relation R, which
is true in the cases when relation R is false, and vice versa. Two intuitionistic fuzzy counters
Sµ

k,l and Sν
k,l are formed and are incremented based on the following rules:

- Sµ
k,l is the number of cases, in which the relations R(eOi ,Ck , eOj ,Ck ) and R(eOi ,Cl , eOj ,Cl )

(or the relations R(eOi ,Ck , eOj ,Ck ) and R(eOi ,Cl , eOj ,Cl )) are simultaneously satisfied.

- Sν
k,l is the number of cases, in which the relation R(eOi ,Ck , eOj ,Ck ) and R(eOi ,Cl , eOj ,Cl )

(or the relations R(eOi ,Ck , eOj ,Ck ) and R(eOi ,Cl , eOj ,Cl )) are simultaneously satisfied.

The total number of pairwise comparisons between the evaluations of m objects is m(m
− 1)/2, therefore 0 ≤ Sµ

k,l + Sν
k,l ≤

m(m−1)
2 .

For every k, l (1 ≤ k ≤ l ≤ m and m ≥ 2), two normalized values are obtained from the
above counters:

• µCk ,Cl = 2
Sµ

k,l
m(m−1) , called the degree of agreement in terms of ICrA, and

• νCk ,Cl = 2
Sν

k,l
m(m−1) , called the degree of disagreement in terms of ICrA.

The pair ⟨µCk ,Cl , νCk ,Cl ⟩ constructed from these two numbers is called an intuitionistic
fuzzy pair (IFP) and plays the role of intuitionistic fuzzy evaluation of the relation between
any two criteria Ck and Cl. The number 1 − µCk ,Cl − νCk ,Cl ∈ [0, 1] determines the degree of
uncertainty of the IF evaluation.

The output IM puts together all these intuitionistic fuzzy pairs, as follows:

C1 . . . Ck . . . Cn

C1 〈1, 0〉 . . . ⟨µC1,Ck , νC1,Ck ⟩ . . . ⟨µC1,Cn , νC1,Cn⟩
. . . . . . . . . . . . . . . . . .
Ck ⟨µCk ,C1 , νCk ,C1⟩ . . . 〈1, 0〉 . . . ⟨µCk ,Cn , νCk ,Cn⟩
. . . . . . . . . . . . . . . . . .
Cn ⟨µCn ,C1 , νCn ,C1⟩ . . . ⟨µCn ,Ck , νCn ,Ck ⟩ . . . 〈1, 0〉

The thresholds for µCk ,Cl and νCk ,Cl are determined algorithmically or are indicated by
the user. Let α, β ∈ [0, 1] (with α > β) be the thresholds values, then the pair of criteria Ck

and Cl are said to be in:

• positive consonance, whenever µCk ,Cl > α and νCk ,Cl < β;
• negative consonance, whenever µCk ,Cl < β and νCk ,Cl > α;
• dissonance, otherwise.

Further clarifications on determining consonance or dissonance can be found in [122].
ICrA uses as an input a m × n table with the ratings of m objects (in particular,

crude oil) against n criteria (in particular, physicochemical properties). As a result, ICrA
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returns an n × n table of intuitionistic fuzzy pairs defining the IF-degrees of similarity and
dissimilarity between each pair of criteria. ICrA evaluations can be performed using two
free software packages, available as open-source software from https://intercriteria.net/
software/ (accessed on 18 June 2026) and described in detail in [135–137]. ICrA, applied to
petroleum chemistry and processing data, performs pairwise comparisons between any
two different physicochemical properties of all evaluated crude oils. µ-values and υ-values
define the extent of the relationship between studied pairs. The values of µ and υ in the
range µ = 0.95 ÷ 1.00, υ = 0.00 ÷ 0.05 denote a strong positive consonance, while values in
the range µ = 0.85 ÷ 0.95, υ = 0.05 ÷ 0.15 imply an intermediate consonance. Dissonance is
considered for the values of µ and υ where µ = 0.35 ÷ 0.65, υ = 0.05 ÷ 0.15 [138].

In order to define the values of µ and υ, which may be considered as quantitative
indicators for assessing similarity, an ICrA analysis of all studied 1390 crude oils was
performed. The geometric presentation of intuitionistic fuzzy evaluations obtained from
ICrA [139,140] are presented as intuitionistic fuzzy interpretation triangle shown in Figure 8.
It is evident from the data in Figure 9 that three types of relationships can be defined:
dissonance, marked in red, intermediate/strong positive consonance, marked in blue and
strong positive consonance marked in green. The characteristics of crude oils assigned
in these tree types of relationships are presented in Table 13. The data in Table 13 clearly
show the significant difference between “Yolla” crude oil—which is an extra light crude
oil/condensate—and the extra heavy crude oils “Gianna,” “Peace River bitumen”, and
“Zuaata”. This distinction is very well reflected by ICrA, which classifies the pairs “Yol-la-
Gianna,” “Yolla-Peace River bitumen,” and “Yolla-Zuata” as dissonance, i.e., as com-pletely
different. The other crude oils—Arab Heavy, Arab Medium, Arab Light, Basrah Med,
South Green Canyon, EBCO (Kirkuk), Urals, and Kuwait—which were processed in the
refinery under study and whose pairs were marked in blue and green, are classified by
ICrA as strong positive consonance and intermediate/strong consonance. These oils indeed
demonstrated similar operational performance in the refinery under study. Based on this
comparison, it can be inferred that crude oil pairs with µ ≥ 0.95 ÷ 1.00 and υ ≤ 0.00 ÷
0.05 may be regarded as interchangeable, while those which exhibit 95 > µ ≥ 0.93 and
0.07 ≥ υ > 0.05 may be considered as very close to interchangeable.

Figure 9. A geometric interpretation of intuitionistic fuzzy triangle.
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Table 13. Characteristics of crude oils evaluated by ICrA as exemplified in Figure 9.

Origin Italy Australia Canada Venezuela Saudi
Arabia

Saudi
Arabia Iraq Saudi

Arabia Iraq Syria Russia Kuwait USA

Crude Oil Gianna Yolla
Peace
River

Bitumen
Zuata Arab

Medium
Arab

Heavy
Basra
Med Arab Light EBCO

(Kirkuk) SS Urals Kuwait
South
Green

Canyon

Crude D15 1.015 0.759 1.012 1.005 0.872 0.889 0.878 0.858 0.8994 0.9211 0.877 0.873 0.883
Crude S, wt.% 9.00 0.01 5.54 3.35 2.48 2.91 2.85 1.89 3.54 4.08 1.53 2.67 2.26
Crude N, ppm 2770 16.70 4001 5550 1132 1635 1115 975 2400 1360 1907 1120 1570

Kw-characterizing factor 11.30 11.92 11.14 11.30 11.97 12.09 12.00 12.06 11.8 11.78 11.96 12.12 12.08
H-factor 1014.1 758.3 1010.9 1003.6 871.0 888.0 877.0 857.0 898.4 920.1 876.0 871.5 881.7

Pour point, ◦C 18.0 −16.0 10.0 24.0 −51.0 −30.0 −36.0 −15.4 −30.0 −9.0 −23.3 −35.6
TBP yields, wt.%

Light naphtha (IBP–110 ◦C) 1.2 24.8 0.0 0.1 5.7 5.9 6.88 7.74 8.13 6 4.5 8.23 11.54
Heavy naphtha (110–180 ◦C) 3.1 34.7 0.3 0.5 9.9 8.8 9.78 11.68 10.28 8.29 10.2 10.12 8.97

Kerosene (180–240 ◦C) 3.8 10.9 3.2 2.5 9.9 7.6 8.92 9.84 8.35 7.62 9.2 8.40 6.00
Diesel (240–360 ◦C) 11.2 19.0 16.7 15.1 19.8 17.9 17.59 21.16 18.87 18.25 21.3 19.99 18.14

Vacuum gas oil (360–550 ◦C) 27.0 4.2 33.2 31.3 25.5 25.8 28.51 26.42 23.07 25.8 30.3 24.10 24.29
Vacuum residue (>550 ◦C) 53.3 0.0 46.7 50.5 27.9 32.5 25.87 21.26 30.30 33.04 23.0 28.16 30.06

Oil fraction density at 15 ◦C,
g/cm3

Light naphtha (IBP–110 ◦C) 0.6678 0.6848 0.717 0.679 0.6745 0.678 0.675 0.6770 0.6817 0.7054 0.6949 0.7120
Heavy naphtha (110–180 ◦C) 0.7519 0.7837 0.8196 0.813 0.762 0.7551 0.750 0.758 0.7626 0.7602 0.7630 0.7639 0.7757

Kerosene (180–240 ◦C) 0.8187 0.8113 0.8522 0.858 0.804 0.7994 0.793 0.800 0.8023 0.8038 0.8093 0.8006 0.8132
Diesel (240–360 ◦C) 0.8993 0.8415 0.9162 0.915 0.854 0.8526 0.847 0.852 0.8632 0.8684 0.8553 0.8533 0.8625

Vacuum gas oil (360–550 ◦C) 0.9762 0.8258 0.9953 0.977 0.919 0.9333 0.933 0.927 0.9427 0.9486 0.9125 0.9214 0.9285
Vacuum residue (>550 ◦C) 1.1311 1.0807 1.065 1.039 1.0420 1.042 1.014 1.1056 1.1898 0.9934 1.0370 1.0500
Oil fraction sulfur content,

wt.%
Light naphtha (IBP–110 ◦C) 0.36 0.000 0.812 0.027 0.032 0.006 0.062 0.126 0.060 0.065 0.034 0.060

Heavy naphtha (110–180 ◦C) 0.87 0.001 1.010 0.432 0.055 0.078 0.056 0.081 0.182 0.188 0.103 0.078 0.136
Kerosene (180–240 ◦C) 3.06 0.007 1.950 0.606 0.271 0.277 0.280 0.214 0.343 0.496 0.255 0.272 0.336

Diesel (240–360 ◦C) 5.14 0.033 3.290 1.920 1.560 1.650 1.560 1.300 1.891 2.332 0.887 1.745 1.169
Vacuum gas oil (360–550 ◦C) 7.15 0.065 5.250 3.120 3.030 3.320 3.610 2.630 3.424 3.899 2.060 3.042 2.236
Vacuum residue (>550 ◦C) 11.30 7.620 4.360 5.560 5.610 6.160 4.340 7.216 7.107 2.950 5.652 5.089

Saturates, wt.% 21.1 86.3 18.5 20.3 52.2 45.0 49.2 54.8 43.7 38.3 54.85 50.9 47.5
Aromatics, wt.% 59.9 13.6 62.9 64.5 42.2 45.6 43.4 41.4 48.3 51.6 40.5 43.3 45.7

Resins, wt.% 6.5 0.1 7.0 5.3 3.4 5.1 4.6 2.6 4.5 5.6 3.4 3.4 3.2
Asphaltenes, wt.% 12.6 0.0 11.6 9.9 2.26 4.4 2.8 1.3 3.6 4.5 1.3 2.4 3.6
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For µ < 0.93 we still lack results to confirm that the behavior of crude oil pairs during
refining is close enough to make a conservative evaluation regarding similarity in per-
formance from the point of view of safety, environment protection, and reliable refining
equipment operation.

3. Results and Discussion
3.1. Classification of the 1390 Crude Oils Using Different Classification Methods

Based on the values of KW-characterizing factor, crude oils can be classified as paraf-
finic, mixed (paraffinic/naphthenic) and napthenis/asphaltic as shown in Table 14 [6,141].
From the data in Figure 10, it can be seen that among the studied 1390 crude oils—which
include crude oils characterizaed and processed in petroleum refineries worldwide for the
last 50 years—paraffinic/napthenic crude oils represent three-fourths of all studied crude
oils. One-fourth are the paraffinic ones, and only 0.2% are naphthenic/asphaltic crude oils,
having the lowest KW-characterizing factor of 10.92 and the highest of 13.04 among the
studied set. The highest BMCI is 83.7, while the lowest value is 2.0 for this data set.

Table 14. Classification of crude oil types based on the value of KW-characterizing factor [6,141].

KW-Characterizing Factor
Range Crude Oil Type Characteristics % of 1390 Crude Oils

>12.15 Paraffinic High paraffin content 24.9%
11.0–12.0 Mixed Paraffinic/naphthenic 74.9%

<11.0 Naphthenic/asphaltic 0.2%

 

Figure 10. Histogram of KW-characterizing factor of investigated 1390 crude oils.

Considering that crude oils are classified as paraffinic, mixed (paraffinic and aromatic),
and aromatic [142,143] (see Table 15) the studied 1390 crude oils shown in Figure 11 are
divided as indicated in Table 15: 5.3% paraffinic, 78.8% mixed, and 15.9% aromatic.
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Table 15. Classification of crude oil types based on the value of BMCI [142,143] and their distribution
across the studied 1390 crude oils.

BMCI Range Crude Oil Type Characteristics % of 1390 Crude Oils

<15 Normal paraffinic High paraffin content 5.3%
15–50.0 Mixed paraffinic and aromatic Paraffinic–aromatic 78.8%

>50 Aromatic High content of aromatic
hydrocarbons 15.9%

 

Figure 11. Histogram of BMCI of investigated 1390 crude oils.

From the classification of crude oils based on their specific gravity—classified as
extra light (or condensates), light, medium, heavy, and extra heavy [61] (see Table 16 and
Figure 12)—it is observed that extra light crude oil are 7.3%, light crude oils are 34.5%,
medium crude oils are 41.7%, heavy crude oils are 16.2%, and extra heavy crude oils
are 0.3%.

Table 16. Classification of crude oil types based on their specific gravity [61] and distribution of crude
oil types across the investigated 1390 crude oils.

Specific Gravity Range Crude Oil Type % of 1390 Crude Oils

<0.8017 Extra light 7.3%
0.8017–0.855 Light 34.5%

0.8600–0.9220 Medium 41.7%
>0.9220 <1.000 Heavy 16.2%

>1.000 Extra heavy 0.3%

The classification of crude oils based on saturate content, as shown in Table 5, catego-
rizes crude oils into paraffinic, paraffinic–naphthenic and naphthenic when the saturate
content is higher than 50 wt.%. When the saturate content is lower than 50 wt.%, then the
crude oils are categorized as aromatic–intermediate, aromatic–naphthenic and aromatic–
asphaltic. From the histogram of saturate content in the 1390 studied crude oils (Figure 13),
it can be seen that 70.8% of the crude oils have saturate content higher than 50 wt.% and
can therefore be assigned to the paraffinic, paraffinic–naphthenic and naphthenic groups.
SARA analysis alone cannot separate this group into distinct subgroups, since SARA anal-
ysis cannot separate paraffins from naphthenes. It is interesting to note that the share
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of paraffinic, paraffin–naphthenic, and naphthenic crude oils (Table 5) outweighs that of
aromatic–intermediate, aromatic–naphthenic, and aromatic–asphaltic crude oils (62.5%),
which corresponds to the trend observed in the data from Figure 13. This suggests that
most refineries worldwide have processed mainly high saturate content crude oils during
the past 50 years. Although it is reported that conventional crude oils, to which type the
high saturate content crude oils belong, represent only 30% of global proven crude oil
reserves [144], they have been the main feedstock for global oil refining for the past a half of
century. The database used in this research embrases characterized crude oils processed in
oil refineries worldwide; considering that most oil refineries were designed and constructed
in the second half of previous century, one can understand why the proportion of lower
saturate unconvetional crude oils is so small.

 

 

Figure 12. Histogram of specific gravity of investigated 1390 crude oils.

 

Figure 13. Histogram of saturate content in the investigated 1390 crude oils.

Figures S1–S4 show histograms of the sulfur, nitrogen, and asphaltene content, as well
as the TAN, for the 1390 studied crude oils. The appearance of these histograms suggests
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an exponential-like distribution, indicating that the components containing sulfur, nitrogen
and acidic compounds correlate with the asphaltene content. In other words, the higher
the asphaltene content in crude oil, the higher its sulfur and nitrogen content, and the more
acidic the crude oil becomes. The classification of the studied 1390 crude oils according to
their sulfur and nitrogen content, and acidity (TAN), is summarized in Table 17. The data
in Table 17 indicate that the predominant share of investigated crude oils are low sulfur,
low nitrogen nonacidic types.

Table 17. Classification of studied 1390 crude oils based on the content of sulfur, nitrogen and TAN.

Crude Oil Types Based on
Sulfur Content

Low Sulfur
(S <0.5 wt.%)

Sulfur
(1.5 wt.% > S > 0.5

wt.%)

High Sulfur (3.1
wt.% > S > 1.5

wt.%)

Extra High Sulfur
(S > 3.1 wt.%)

Distribution among the
1390 studied crude oils 65% 13.4% 14.2% 7.4%

Crude Oil Types Based on
Nitrogen Content

Nitrogen Poor
(0.25 wt.% > Nitrogen)

Nitrogen Poor
(0.25 wt.% ≥ Nitrogen)

Distribution among the
1390 studied crude oils 80.4% 19.6%

Crude Oil Types Based on
Acidity (TAN)

Non-Acid (0.5 >
TAN)

Acid (1.0 > TAN >
0.5) High Acid (1.0 < TAN)

Distribution among the
1390 studied crude oils 74.3% 10.2% 15.5%

The classification of crude oils based on their oil precursor (the kerogen type) eval-
uated using the approach proposed by Barwise [105] and van den Berg [69,90] indicated
the following distribution among studied 1390 crude oils studied: kerogen I type—24%;
kerogen II type—69.5%; kerogen III type—1.5%; mixed kerogen type—5%. The data on the
maturity of crude oils, estimated using the H-factor proposed by van den Berg et al. [69]
and shown in Figure 14, indicate that 62% of the crude oils studied were mature, 20.4%
were medium-mature, and 17.6% were immature.

 

Figure 14. Histogram of H-factor (heaviner factor ~ maturity) in the investigated 1390 crude oils.
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The classification of crude oils based on the density of the key fractions shown
in Table 4, applied to the 1390 crude oils studied, exhibited the following distribu-
tion: intermediate/intermediate—60.8%; naphthenic/naphthenic—19.6%; intermediate/
paraffinic—11.8%; intermediate/naphthenic—7.8%.

All examined classifications suggest different categorization of studied crude oils and
their meaning for the crude selection process will be assessed in the next subsection.

3.2. Proposed New Crude Oil Classification Based on Refinery Performance, Crude Oil Properties
and ICrA Evaluation

Table 18 summarizes the properties of the crude oils processed at the refinery under
study, as well as the various classifications of crude oils, including an assessment of the
performance characteristics of the processed crude oils. These data show that the oil refinery
did not process all existing types of crude oils, but this table focuses on those crude oils that
caused problems during processing, as discussed in Section 2.4. Irrespective of the various
classifications of crude oils listed in Table 18, eight crude oils out of 11 demonstrated
operational problems during their refining. As evident from the data in Table 17 the
problematic crude oils are classified as kerogen I and II, and mixed I/II types, mature
and medium, intermediate/intermediate, naphthenic/naphthenic, medium and heavy.
It is worth noting here that no correlation was found between any classification and the
operational results, implying that refiners should rely on something more than the available
classifications during the process of crude oil selection. For this reason, we decided to
classify crude oils based on their similarity to those that showed good, medium and poor
results, using comprehensive crude oil assay data and ICrA assessments. In this way, crude
oils that show a high degree of similarity to those that demonstrated behavior that could
be classified as harmful to refinery equipment can be excluded from the list of feedstocks
for the refinery. In contrast, crude oils showing a high degree of similarity to those with
good performance may be accepted for refining once the economic attractiveness of their
processing has been proven.

Table 19 presents a summary of the ICrA evaluation of crude oils from Table 18 against
the comprehensive assay data of the 1390 studied crude oils. It can be seen that some of the
crude oils from Table 16 exhibit a very strong consonance (µ > 0.95; ν < 0.05) with some
of the crude oils from the examined database of 1390 crude oils such as crude oils BSP,
BTV, BM, NSJ, PG. This may suggest that those crude oils having µ > 0.95; ν < 0.05 would
display similar performance as that of the mentioned crude oils in the studied petroleum
refinery. Actually, ICrA evaluation of crude oils has already been employed in the examined
petroleum refinery to select crude oils and demonstrated a good substitution of crude oils
having ICrA µ > 0.95; ν < 0.05. The data in Table 19, however, show that crude oils such
as CV, CC, and MM do not indicate µ higher than 0.92 and ν lower than 0.08 with any of
oil from the examined database of 1390 studied oils. This may imply that these crude oils
cannot be completely interchangeable with any of the crude oils from the studied crude
oil database from 1390 crude oils. Nevertheless, these ICrA assessments warn that crude
oils that show moderate to strong consonance with the CV, CC, and MM crude oils and
have µ ≥ 0.91; ν ≤ 0.09, may exhibit similar adverse operational characteristics during
their processing at the refinery under study, and for this reason it would be more prudent
to refrain from refining them.
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Table 18. Characteristics of crude oils processed in the studied refinery along with crude oil classification.

Crude Oil LEB TR CV CC EO MM BSP BTV BM NJS PG

Crude density at 15 ◦C, g/cm3 0.891 0.865 0.9189 0.939 0.9095 0.923 0.8883 0.893 0.8783 0.8867 0.8849
Crude sulfur, wt.% 1.76 0.75 1.06 1.811 1.59 3.4 0.41 0.73 0.32 0.804 0.69

Crude nitrogen, ppm 1876 1611 2032 2619 1757 3414 3820 3560 3220 2157 2030
KW-characterizing factor 11.95 11.93 11.70 11.64 11.48 11.89 12.17 12.0 12.14 11.91 11.84

H-factor 890.0 864.0 917.9 938.0 908.5 922.0 887.3 892.0 877.3 885.7 883.9
Pour point, ◦C 0.0 −18.0 −36.0 −24.0 −9.0 −17.8 9.0 −39.0 −21.0 −22.0 −1.0

TBP yields, wt.%
Light naphtha (IBP–110 ◦C) 6.4 10.4 8.11 6.2 3.2 5.3 8.11 8.55 7.93 8.41 7.7

Heavy naphtha (110–180 ◦C) 8.9 12.6 8.04 4.1 6.0 8.5 8.04 8.01 9.01 7.98 8.98
Kerosene (180–240 ◦C) 8.2 9.2 7.39 3.5 5.9 7.7 7.39 7.51 8.17 8.29 8.63

Diesel (240–360 ◦C) 18.8 21.6 17.46 17.3 15.3 17.1 17.46 18.89 19.27 23.34 24.31
Vacuum gas oil (360–550 ◦C) 32.4 27.4 29.49 29.6 28.3 24.8 29.49 29.83 29.94 29.46 31.0
Vacuum residue (>550 ◦C) 25.4 18.8 29.51 37.7 40.6 35.3 29.51 27.21 25.68 22.52 18.4

Oil fraction density at 15 ◦C, g/cm3

Light naphtha (IBP–110 ◦C) 0.7092 0.7240 0.6954 0.676 0.710 0.6824 0.695 0.6993 0.694 0.6910 0.697
Heavy naphtha (110–180 ◦C) 0.7740 0.7772 0.7688 0.791 0.769 0.7596 0.769 0.7725 0.767 0.7766 0.773

Kerosene (180–240 ◦C) 0.8170 0.8168 0.8151 0.854 0.819 0.8122 0.815 0.8191 0.778 0.8251 0.820
Diesel (240–360 ◦C) 0.8611 0.8535 0.8596 0.897 0.869 0.8689 0.860 0.8651 0.857 0.8758 0.868

Vacuum gas oil (360–550 ◦C) 0.9108 0.9109 0.9224 0.964 0.934 0.9434 0.922 0.9305 0.921 0.9231 0.922
Vacuum residue (>550 ◦C) 1.0397 1.0062 0.9984 1.083 1.058 1.0837 0.998 1.0081 0.984 1.0266 1.001

Oil fraction sulfur content, wt.%
Light naphtha (IBP–110 ◦C) 0.05 0.049 0.036 0.011 0.023 0.061 0.036 0.019 0.0265 0.026 0.035

Heavy naphtha (110–180 ◦C) 0.04 0.056 0.069 0.037 0.066 0.161 0.069 0.106 0.0580 0.034 0.044
Kerosene (180–240 ◦C) 0.17 0.101 0.093 0.150 0.216 0.766 0.093 0.227 0.0792 0.084 0.090

Diesel (240–360 ◦C) 1.24 0.524 0.219 0.665 1.150 2.040 0.219 0.529 0.1821 0.495 0.340
Vacuum gas oil (360–550 ◦C) 1.91 0.980 0.410 1.580 2.020 3.020 0.410 0.800 0.3551 0.928 0.709
Vacuum residue (>550 ◦C) 3.37 1.895 0.754 2.930 2.980 5.060 0.754 1.354 0.6340 1.775 1.354

Saturates, wt.% 49.5 56.3 41.6 39.5 38.0 32.1 51.5 50.1 54.7 44.5 38.5
Aromatics, wt.% 43.9 38.6 43.9 43.8 48.8 53.3 44.0 45.1 43.3 50.6 59.5

Resins, wt.% 3.5 3.0 5.3 6.6 5.6 6.8 3.3 2.9 1.6 2.9 1.3
Asphaltenes, wt.% 3.1 2.2 6.8 10.0 7.6 7.8 1.2 1.9 0.4 2.0 0.7

Classification based on
KW-characterizing factor mixed mixed mixed mixed mixed mixed paraffinic mixed mixed mixed mixed

Classification based on the key
fraction 250–300 ◦C intermediate intermediate naphthenic naphthenic intermediate intermediate intermediate intermediate intermediate naphthenic intermediate

Classification based on the key
fraction 389–415 ◦C intermediate intermediate intermediate naphthenic intermediate intermediate intermediate intermediate intermediate intermediate intermediate

Classification based on Kerogen type Kerogen I/II Kerogen I Kerogen II Kerogen II Kerogen II Kerogen II Kerogen I Kerogen I Kerogen I Kerogen II Kerogen I
Classification based on maturity medium mature medium medium medium medium medium medium mature medium medium
Classification based on specific

gravity medium medium medium heavy medium heavy medium medium medium medium medium
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Table 18. Cont.

Crude Oil LEB TR CV CC EO MM BSP BTV BM NJS PG

Classification based on the presence
of operational issues of studied

refinery

Poor
(high sedi-
mentation

rate
in H-Oil and

reactor
fluidized

bed
instability)

Poor
(high sedi-
mentation

rate in
H-Oil)

Poor
(high sedi-
mentation

rate
in H-Oil and

reactor
fluidized

bed
instability)

Poor
(high sedi-
mentation

rate
in H-Oil and

reactor
fluidized

bed
instability)

Poor
(high sedi-
mentation

rate in H-Oil
and reactor
fluidized

bed
instability)

Poor
(Very high
acidity in
CDU sour

water)

Poor
(Very high
acidity in
CDU sour

water; excep-
tionally high
fouling rate

in H-Oil)

Poor
(Very high
acidity in
CDU sour

water; excep-
tionally high
fouling rate

in H-Oil)

Poor
(Very high
acidity in
CDU sour

water)

Medium
(Exceptionally
high fouling
rate in H-Oil

when
blended
with BSP

and BTV; no
operational
issues when

blended
with Basrah

Heavy)

Good
(No

operational
issues)

Table 19. Crude oils from the database of 1390 crude oils exhibiting the closest similarity with the crude oils from Table 16.

LEB TR CV CC EO MM BSP BTV BM NJS PG

Claymore (UK)
µ = 0.95; ν = 0.05

Unity Gold
(Guyana) µ =
0.96; ν = 0.04

Canaguey
(Colombia)

µ = 0.91; ν = 0.09

Apiay Blend
(Colombia)

µ = 0.92; ν = 0.08

Cohembi
(Colombia)

µ = 0.94; ν = 0.06

Bashkiri Heavy
(Russia)

µ = 0.92; ν = 0.08

Buzios (Brazil)
µ = 0.96; ν = 0.04

Roncador
(Brazil)

µ = 0.95; ν = 0.05

Lula (Brazil)
µ = 0.97; ν = 0.03

Grane (Norway)
µ = 0.96; ν = 0.04

Hungo (Angola)
µ = 0.96; ν = 0.04

South Blend
(Colombia)

µ = 0.95; ν = 0.05

Cyrus (UK)
µ = 0.95; ν = 0.05

South Blend
(Colombia)

µ = 0.91; ν = 0.09

Llanos Blend
Heavy

(Colombia)
µ = 0.91; ν = 0.09

Cecil (Canada)
µ = 0.91; ν = 0.09

Baleias (Brazil)
µ = 0.95; ν = 0.05

Sururu (Brazil)
µ = 0.95; ν = 0.05

Sapinhoa Crude
(Brazil)

µ = 0.96; ν = 0.04

Furrial
(Venezuela)

µ = 0.95; ν = 0.05

Kissanje
(Angola)

µ = 0.96; ν = 0.04

Poseidon (USA)
µ = 0.95; ν = 0.05

South Blend
(Colombia)

µ = 0.95; ν = 0.05

Chaza
(Colombia)

µ = 0.91; ν = 0.09

Frontera Heavy
(Colombia)

µ = 0.91; ν = 0.09

Zaafarana
(Egypt)

µ = 0.91; ν = 0.09

Tartaruga Verde
(Brazil)

µ = 0.94; ν = 0.06

Iara Crude
(Brazil)

µ = 0.95; ν = 0.05

Iara Crude
(Brazil)

µ = 0.96; ν = 0.04

Baleias (Brazil)
µ = 0.95; ν = 0.05

Mostarda
(Angola)

µ = 0.95; ν = 0.05

WEST DON
(UK)

µ = 0.94; ν = 0.06

Gindungo
(Angola)

µ = 0.95; ν = 0.05

Caripito Blend
24 (Venezuela)
µ = 0.91; ν = 0.09

Pozo Tua
(Colombia)

µ = 0.91; ν = 0.09

Syrian Export
Blend-

Sweidiyeh
(Syria)

µ = 0.91; ν = 0.09

Iara Crude
(Brazil)

µ = 0.94; ν = 0.06

Baleias (Brazil)
µ = 0.95; ν = 0.05

Buzios (Brazil)
µ = 0.96; ν = 0.04

South Blend
(Colombia)

µ = 0.95; ν = 0.05

Djeno (Congo)
µ = 0.95; ν = 0.05

Orito
(Colombia) µ =

0.94; ν = 0.06

Masila (Yemen)
µ = 0.95; ν = 0.05

Mares Blend
(Colombia)

µ = 0.91; ν = 0.09

Cascade (USA)
µ = 0.91; ν = 0.09

LAPA (Brazil)
µ = 0.94; ν = 0.06

Lula (Brazil)
µ = 0.95; ν = 0.05

Atapu (Brazil)
µ = 0.96; ν = 0.04

Linguado Crude
(Brazil)

µ = 0.94; ν = 0.06

Saldahna Heavy
(South Africa)

µ = 0.95; ν = 0.05
Rhemoura

(Tunisia); µ =
0.94; ν = 0.06

WEST DON
(UK)

µ = 0.94; ν = 0.06

Guadalupe
(Colombia)

µ = 0.91; ν = 0.09

Ras Gharib
(Egypt)

µ = 0.91; ν = 0.09

Linguado Crude
(Brazil)

µ = 0.94; ν = 0.06

SEPIA (Brazil)
µ = 0.94; ν = 0.06

Sururu (Brazil)
µ = 0.96; ν = 0.04

Poseidon (USA)
µ = 0.94; ν = 0.05

Liza (Guyana)
µ = 0.95; ν = 0.05

The µ-value of 0.94 and the ν-value of 0.06 observed for BSP and BTV crude oils, as well as for LEB and TRR crude oils, which showed poor results, suggest that the range of
interchangeability can be extended to include the values of µ = 0.94 and ν = 0.06, i.e., the full range of interchangeability can be considered for the range µ ≥ 0.94 and ν ≤ 0.06.
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The ICrA approach demonstrates the ability to distinguish between suitable and
unsuitable crude oils and those that are in between, and can be classified as appropriate
or inappropriate depending on the other crude oils in the processed crude oil blend. For
example, NSJ crude oil showed poor performance when processed together with BS and
BTV [74], but when refined with Basra Heavy, it showed very good performance.

According to the theory of ICrA [145] the presence of strong consonance quantified
by the fuzzy pairs ambit µ > 0.95; ν < 0.05 implies very high extent of similarity. The
range of fuzzy pairs 0.95 > µ > 0.85 and 0.15 > ν > 0.05 implies medium consonance and
intermediate extent of similarity of examined crude oils. However, the medium consonance
has relatively wide diapason of the fuzzy pair µ and ν variation. One can deem that the
strong consonance is equivalent to interchangeability between crude oils, while the values
of µ and ν which are very close to the strong consonance with µ- and ν-values in the range
0.95 > µ > 0.90 probably may be attributed to the crude oils which have relatively high
extent of similarity. In order to determine which values of µ and ν can be considered as
indicative for the classification of a given crude oil candidate as suitable or unsuitable
for processing in the refinery under study, we summarized the performance of 24 crude
oils classified as suitable (good performers) and four crude oils classified as unsuitable
(poor performers), along with their calculated by ICrA µ and ν-values in Table 20. The
assumption of interchangeability for the crude oils with strong consonance µ ≥ 0.95 and
ν ≤ 0.05 was confirmed with the 24 crude oils exhibiting good performance as shown in
Table 20.

Table 20. Summary of ICrA evaluation for 24 crude oils exhibiting good performance and four crude
oils demonstrating poor performance.

Crude Oils Performance Classified by ICrA Counterparts of Crude Oils with the Same Performance

Arabian Heavy Good
performer

Kuwait (µ = 0.96; ν = 0.04)
(good performer)

Basrah (µ = 0.96; ν = 0.04)
(good performer)

Basrah Med
(µ = 0.96; ν = 0.04)
(good performer)

Arab Light Good
performer

Basrah Light (µ = 0.95; ν = 0.05)
(good performer)

Basrah Medium Good
performer

Kuwait (µ = 0.95; ν = 0.05)
(good performer)

Siberian Light Good
performer

Es Sider (µ = 0.95; ν = 0.05)
(good performer)

Bryan Mound
(µ = 0.95; ν = 0.05)
(good performer)

Gulf of Suez
(µ = 0.95; ν = 0.05)
(good performer)

Azeri Light Good
performer

Cheleken (µ = 0.96; ν = 0.04) (good
performer)

Gulf Of Suez Good
performer

Siberian Light
(µ = 0.95; ν = 0.05)
(good performer)

Es Sider Good
performer

Sirtica (µ = 0.96; ν = 0.04)
(good performer)

Bryan Mound
Sour

Good
performer

Arab Light (µ = 0.95; ν = 0.05) (good
performer)

Souedie Good
performer

Kirkuk Heavy
(µ = 0.96; ν = 0.04)
(good performer)

Arab Medium Good
performer

Arab Heavy (µ = 0.96; ν = 0.04) (good
performer)

Kuwait (µ = 0.96; ν = 0.04)
(good performer)

Basrah (µ = 0.96; ν = 0.04)
(good performer)

Kirkuk Heavy Good
performer

Basrah Heavy (µ = 0.95; ν = 0.05)
(good performer)

BSP Poor
performer

BTV (µ = 0.94; ν = 0.06)
(poor performer)

LEB Poor
performer

TR (µ = 0.94; ν = 0.06)
(poor performer)

The data in Table 20 suggest that a conservative approach to the selection of appro-
priate crude oil or reject the inappropriate crude oils for processing in the refinery under
study can be based on the presence of strong consonance (µ ≥ 0.94; ν ≤ 0.06). Additional

https://doi.org/10.3390/pr14132159

https://doi.org/10.3390/pr14132159


Processes 2026, 14, 2159 32 of 39

investigations are needed to prove that the threshold values for µ and ν may be relaxed
slightly, which can widen the selection range used in the process of crude selection. Fur-
ther refinement of this approach is underway and the definition of the most informative
properties of crude oil is being explored to reduce the cost of crude oil characterization.

Another interesting observation from the results of the ICrA assessment of the 1390
crude oils is that no perfect match (µ = 1.00; ν = 0.00) was found between any of the crude
oils studied, showing a maximum µ of 0.97 and a minimum ν of 0.03. This confirms the
statement that no two crude oils are identical [146].

4. Conclusions
Thirty-one classifications of crude oils have been reviewed in this work, and some of

them were applied to a database of comprehensive assays for 1390 crude oils. The examined
crude oils are categorized as paraffinic, mixed, naphthenic/asphaltic, aromatic, extra light,
light, medium, heavy, extra heavy, nonacidic, acidic, high acidic, kerogen I, kerogen II,
kerogen III, mature, immature, nitrogen poor, nitrogen-rich, and others. Unfortunately,
these classifications are not sufficient to distinguish crude oils that tend to cause operational
problems and threaten safety and environmental protection during their processing in a
refinery with a specific process flow. None of the classification methods studied proved
useful regarding the relationship between crude oil classification and its performance in
the studied oil refinery. The application of ICrA has shown that crude oils classified as
good, medium, and poor can be assessed against other crude oils based on comprehensive
assay data and that the extent of similarity can be quantified. Crude oils that exhibit
strong positive consonance (µ > 0.95; ν < 0.05) with the crude oils whose performance is
known could be considered interchangeable and can be accepted or rejected for processing
depending on the performance of their counterparts. This strong positive consonance,
expressed by the intuitionistic fuzzy pairs (µ > 0.95; ν < 0.05), serves as the quantitative
criterion for similarity between a new potential crude oil candidate for processing and
another crude oil already processed in the refinery under study.
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//www.mdpi.com/article/10.3390/pr14132159/s1, Figure S1: Histogram of sulfur content of studied
1390 crude oils; Figure S2: Histogram of nitrogen content of studied 1390 crude oils; Figure S3:
Histogram of asphaltene content of studied 1390 crude oils; Figure S4: Histogram of TAN of studied
1390 crude oils.
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Abbreviations
The following abbreviations are used in this manuscript:

AA Aromatic content, wt.%
ACN Average carbon number
API American Petroleum Institute
Asp Asphaltenes, wt.%
ASTM American Society for Testing and Materials
ATR-FTIR Attenuated Total Reflectance Fourier transform infrared spectroscopy
BMCI Bureau of Mines Correlation Index
CCR Conradson carbon content, wt.%
CDU Crude oil distillation unit
COW Correlation optimized warping
ED Euclidean distance
EWHC EWard’s hierarchical clustering
FCC Fluid catalytic cracking
FTIR Fourier transform infrared
GC Gas chromatography
HCA Hierarchical cluster analysis hierarchical clustering
HDS Hydrodesulphurization unit
ICrA Intercriteria analysis
IF Intuitionistic fuzzy pair
IR Infrared
LDA Linear Discriminant Analysis
LPG Liquefied petroleum gas
MIR Mid-infrared spectroscopy
MMWCC Modified moving window correlation coefficient
µTADs Microfluidic thread-based analytical devices
N Nitrogen content, wt.%
Naph Naphthenes, wt.%
NIR Near-infrared spectroscopy
NMR Nuclear Magnetic Resonanse
P Paraffins
PCA Principal Component Analaysis
PIANO Paraffins, Iso-paraffins, Aromatics, Naphthenes, Olefins
PLS Partial Least Squares
PLS-DA Partial Least Squares Discriminant Analysis
PLS-R Partial Least Squares Regression
Ph Phytane
Pr Pristane
1H-NMR Proton nuclear magnetic resonance
S Sulfur content, wt.%
Sat Saturates, wt.%
SG Specific gravity
SIMCA Soft Independent Modeling of Class Analogy
SVM-R Support Vector Machine Regression
TAN Total acid number
TBP True Boiling point
t-SNE t-distributed stochastic neighbor embedding
UMAP Uniform manifold approximation and projection
UV-Vis Ultraviolet-visible
UHRMS Ultra-high-resolution mass spectrometry
VIS Viscosity
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