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Abstract: The objective of this study is to develop a statistical model to accurately estimate the total
base number (TBN) value of diesel engine oils on the basis of the Fourier transform infrared
spectroscopy (FTIR) analysis. The research sample consisted of oils used in the course of 14,820 km.
The samples were collected after each 1000 km and both FTIR and TBN measurements were
performed. By applying the measured absorbance values, five statistical models aimed at predicting
TBN values were elaborated with the use of the following information: aggregated values of
measured absorbance in defined spectral ranges, extremes at wavenumbers, or the surface area of
spectral bands related to the vibrations of specific molecular structures. The obtained models may
be considered a continuation and an extension of previous studies of this type described in the
literature on the subject. The results of the study and the analysis of the obtained data have led to
the development of two models with high predictive capabilities (R2> 0.98, RMSE < 0.5). Another
model, which had the smallest number of variables in comparison to other models, had markedly
lower R? value (0.9496) and the highest RMSE (0.5596). Yet another model, where the dimensionality
of the pre-processed full spectra was reduced to four aggregates through averaging, turned out to
be slightly worse than the best one (R? = 0.9728). The study contributes to a more in-depth
understanding of the FTIR-based TBN prediction tools that may be readily available to all interested
parties.

Keywords: engine oil; total base number (TBN); FTIR; oil condition monitoring; chemometric
analysis

1. Introduction and Theoretical Background

The reduction of the total base number (TBN) can be related to a high temperature
of engine operation, high content of sulfur in fuel, excessively long intervals between oil
replacements or improper oil selection [1]. The expected end results, which can be a
consequence of a decrease in TBN, are a faster degradation of lubricating oil, and an
increased wear of engine components [2—4]. There are different ways that TBN can be
determined but only some of them are standardized, for example: thermometric
determination according to ASTM D8045 [5], photometric determination according to
ASTM D974 [6], and potentiometric determination according to ASTM D664 [7].

The loss of operational properties can occur at different rates [8-11]. Although the
TBN parameter is very informative, it fails to provide the precise value at which it is
advisable to replace the oil. Vasanthan et al. [10] claims that the threshold value of TBN is
5, and below it the lubricating oil should be treated as compromised and not be used any
longer. Vasanthan’s view is partly supported by Sharma and Chawla as well as Kral et al.
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[11,12]. They even recommended more stringent levels, claiming that engine oil fit for use
has a limited base number 2-5 mg KOH/g. Chawla and Sharma [12] took different point
of view and provided a relative decision rule that oil needs to be changed as soon as its
TBN falls to 50% of the original (initial) level. In turn, Kral et al. [11] adopted another
maximum allowed value, stating that 30% limits for each oil change should be used.
Wolak [13] verified the direction and intensity of changes in the TBN of engine oils and
confirmed a rapid decrease in TBN during engine use. Based on the achieved results, the
author presented the model, which can be applied for predicting engine oil behavior (TBN
change) during its use.

Total base number is one of the most significant parameters in the assessment of the
quality of engine oils; consequently, there has been a gradual increase in new scientific
articles related to the oil quality on the basis of TBN change [14-16]. This parameter is
very often used in research describing the behavior of used engine oils throughout their
service life [17-21]. Sharma et al. [12] attempted to model and predict the rate of TBN
reduction in a diesel oil engine. Their goal was to model the TBN depletion rate, constant
for specific system variables. The authors reached the conclusion that determination of
mathematical models is particularly problematic for the TBN depletion rate, due to the
complexity of the physiochemical changes in the oil. Robinson et al. [22] tested a sample
of 80 oils with duplicate TBN values to establish criteria used in measurements. These oils
were sourced from many producers, different engines, and with differing grades, and
were not limited to the specific usage. Dyson et al. [23] demonstrated that TBN varies
exponentially with time and introduced an equation which takes into consideration
engine type, operating conditions, fuel type, and oil type. Kauffman [24] draws attention
to the voltammetric method, which—according to the authors—is suitable for the analysis
of both TBN and TAN (Total Acid Number). However, they concluded that the approach
seems to be influenced by several variables and, as such, the research needs to be familiar
with the formulation of the oils being analyzed, especially the antioxidants and their
types, as these affect the results considerably.

Bassbasi et al. [25] suggested an infrared spectroscopy in order to observe and control
as well as perform a fast examination of used engine oils. The infrared spectroscopy (IR)
spectra provide information about the presence of specific bonds and groups in the
chemical structure of the examined samples. The location of the bands in the spectrum is
related to the vibration of chemical structures after absorption of infrared radiation with
a characteristic wavelength [26]. The Fourier transform infrared spectroscopy (FTIR) is an
indispensable method for identifying functional groups and other elements of a
compound structure [27-30]. A large amount of information that is carried by the FTIR
spectrum and a relatively short test time enable the effective use of this technique to
monitor various oil properties, such as oxidation, nitration, and sulfonation of in-service
engine oils [31-34]. Chimeno-Trinchet et al. suggested to support the analysis of ATR-
FTIR information by Artificial Neural Networks (ANN) as well as Linear Discriminant
Analysis (LDA). The methodology proposed by them increases the level of correct
identification of deterioration degree of oils.

In their paper, Taghizaderh and D’Souza used a new approach to describe the
activity of antioxidants in oil relative to TBN values; the new approach was based on the
FTIR spectroscopy (method designed to measure the quantity of active base and not the
total base in a medium with a polarity similar to that of petroleum-based engine oils) [35].
The study findings demonstrated that the FTIR values correlated well with the TBN
values for fresh oils; however, lower correlations were found for used engine oils [35]. The
authors stressed that their method is not applicable to oils containing caroboxylated
ingredients (e.g., synthetic oils), as they interfere with the signal used for the
quantification of the active antioxidants [35]. Dong et al. [36] expanded the FTIR
spectroscopic method of rapidly and quantitatively determining the total base number
(TBN) of hydrocarbon lubricating oils by spectroscopical measurement of the COO
functional group of the salt that formed when trifluoroacetic acid (TFA) reacts with basic
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ingredients present in an oil. Sejkorova et al. claim that models using a principal
component regression (PCR) does not show satisfactory results [37]. In their opinion, the
most satisfactory results of calibration are obtained using the partial least squares (PLS)
algorithm applied to a classic spectral record in a zone of wavenumbers 4000-650 cm-'.
Nagy et al. indicated that TBN shows collinearity with oxidation and iron content with
both residual ZDDP content and soot loading and this information is indirectly contained
in the FTIR spectra [33]. They concluded that based on simple FT-IR spectra, no further
oil analyses, e.g., TBN titrations, are required, and the “loss of information” is minimal, as
most conventional parameters are indirectly contained in the FT-IR spectra.

The use of chemical methods for the determination of TBN is very time consuming,
capital intensive (reagents), and harmful to the environment (hazardous solvents, such as
toluene, chloroform, acetic acid, and others) [35]. Dong et al. [36] also agree with the time-
consuming and labor-intensive nature of the analysis and add that a major drawback is
the need for substantial volumes of organic solvents and corrosive reagents that are
hazardous and difficult to dispose. Besides the environmental aspect, Macian et al. have
addressed the problem of different analytical methodologies that may be applied [38]. It
is not entirely correct to compare such studies, as the response of each of the
methodologies (potentiometric determination; photometric determination) is different,
which implies the need to study the new method of evaluation of TBN. Beyond these
issues, there are other disadvantages such as poor sensitivity at low TBNs and a difficulty
in determining visual endpoints in sooty oils. Even with automated potentiometric
titration versions of the ASTM methods, the analysis is still time-consuming and
cumbersome. Taghizaderh and D’Souza also pointed out that as the behavior of the
antioxidant and/or titrants are strongly affected by the titration solvent in use, the TBN
values obtained by two different methods are not comparable [35]. In addition, titration
is carried out in a solvent mixture that has much higher polarity than the actual engine
oil; therefore, the acid-base interaction is somewhat different from that encountered
under operating conditions [35]. An alternative procedure to all of the mentioned
determinations and methodologies is to employ mathematical methodologies based on
the FTIR.

This is why the aim of this study is to determine the mathematical model that
estimates the TBN value of engine oils on the basis of the FTIR spectra analysis. The study
is expected to contribute to an understanding of the FTIR-based TBN tool that may be
readily available to all interested parties.

2. Materials and Methods
2.1. Research Material

The research material comprised several samples of engine oil in the viscosity class
SAE 5W-30 and the quality ACEA 2016—C3, API—SN, BMW longlife-04 TWIN POWER
TURBO. The level of changes in the properties of the oil was thoroughly assessed. The
engine oil tested was used in the BMW model 520 (2006 production year), equipped with a
1995 cm? diesel engine and filled up each time with the fuel of the same manufacturer.

The general specification of the selected car’s model is aggregated in Table 1.

Table 1. The general specification of the selected car.

The Parameter The Value
Maximum torque 340 Nm at 2000 rpm
Forced induction Turbocharger (gas compressor)

Number of cylinders 4
Cylinder arrangement Straight (inline)
Number of valves 16
Injection type Common Rail
Lubrication system capacity 55L

Manual gearbox 6-gear
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Transmission type Rear axle

Before starting the operation, the output parameters for the sample of unused (fresh)
engine oil was determined, and then the same test cycle was carried out after each 1000
km (approximately) for the entire duration of the oil’s in-service life (14,820 km) (details
in Table 2). There was only one oil refill applied after the 13th collection of the samples.
All of the samples were collected by using a pressure syringe through a bayonet opening,
in compliance with a strictly defined procedure (running the engine for 5 min, collecting
of 30 mL of sample, checking the oil level on the dipstick, and making refills of new oil if
necessary).

When analyzing the obtained results, it should be taken into account that the vehicle
was operated in 10-30% of time in the urban cycle and in 70-90% in the non-urban cycle.
Table 2 presents the details related to the operation of the vehicle using the engine oil
tested.

Table 2. Operational characteristics of the tested vehicle.

Number of In-Service =~ Sampling Date

Sample Code Days (D-M.Y) Mileage [km]
SMP 0 0 17.7.2019 0
SMP 1 0 17.7.2019 13
SMP 2 28 15.8.2019 1157
SMP 3 42 29.8.2019 2175
SMP 4 55 12.9.2019 3116
SMP 5 105 2.11.2019 4220
SMP 6 150 17.12.2019 5265
SMP 7 170 7.1.2020 6332
SMP 8 208 15.2.2020 7319
SMP 9 290 7.5.2020 8498

SMP 10 332 19.6.2020 9811

SMP 11 354 11.7.2020 11,021
SMP 12 409 6.9.2020 12,460
SMP 13 436 3.10.2020 13,521
SMP 14 470 7.11.2020 14,820

When analyzing the data in Table 2 in more detail, it is worth emphasizing that a
total of 14 oil samples were taken during the operational period. Each subsequent
collection took place on average after about 33 days. The shortest period was 13 days
(Sample 4), and the longest was 82 days (Sample 9). The first control collection of the
sample took place after 13 km, while each subsequent sample had a mileage increased by
the number of km in the range 941-1439. Each subsequent oil sample was taken when the
car covered an average of about 1060 km.

2.2. Research Methodology

The FTIR spectra were obtained with the use of the Thermo Nikolet iS10 apparatus
(mid-infrared KBr beamsplitter, fast recovery deuterated triglycine sulfate (DTGS) as
detector type). The transmission technique was used (the cuvette used for the tests is the
ICL SL-15 ZnSe, 0.1 mm), under the following conditions: spectral region 650-4000 cm™,
spectral resolution 0.5 cm, and number of scans—64 differential spectra were used to
analyze the chemical changes in engine oils. The recorded FTIR spectra were subjected to
arithmetic processing that led to obtaining a differential spectrum as a result of
subtracting the spectrum of SMP 0 (fresh oil) from the spectrum of each subsequent
sample of in-service oil. The obtained differential spectra were further processed by
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removing the range of spectral artifacts, occurring in the ranges: 1451 cm™ to 1474 cm™
and from 2837 cm™ to 2979 cm™. Then, the recorded differential spectra were transformed
into an alphanumeric form, which assigned an absorbance value to each wavenumber
value. For example, in the analyzed spectral range from 650 cm™ to 1000 cm™, a total of
700 different absorbance values corresponding to individual wavenumbers were recorded
(that is, the independent variables in the spectral plot/diagram—the spectra were
recorded with a resolution of 0.5 cm™). Thus, a set of values was obtained that were used
to calculate the arithmetic mean of the absorbance values in each of the spectrum ranges
selected for analysis. The calculated arithmetic means were then applied as the parameters
in the statistical modeling. The arithmetic means of the absorbance were determined in
the following spectral ranges: 650 + 1000 cm™, 1000 + 1450 cm™, 1475 + 1800 cm™, 1800 =
2830 cm™, and 2975 + 4000 cm™. In the above spectral ranges, changes in the intensity of
individual spectral bands or changes in the position of the baseline were observed in a
specific spectral range, in which there were no functional group bands, and which
resulted from chemical changes in in-service engine oils during use. Hence, the calculation
of the arithmetic mean of the absorbance in the analyzed range makes it possible to
determine the index of global chemical changes that affect the operating parameters of the
engine oil, including the total base number. The TBN value was obtained by
potentiometric titration with hydrochloric acid, using the Mettler Toledo DL 20 automatic
titration kit. This method complies with the ASTM D4739 standard.

3. Results
3.1. The FTIR Results

The chemical character of the new and used engine oils was explored by analyzing
their FTIR spectra. The changes in the particular absorbance bands were determined
based on the differential spectra. The variations of FTIR spectra of the collected samples
are depicted below (Figure 1).
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Figure 1. The FTIR differential spectra for the samples of the regions 650—4000 cm™.

The obtained differential spectra have noise in the wavenumber ranges 28372979
cm™ and 1451-1474 cm™, where there are valence bands of C-H bonds in hydrocarbon
structures. This area is not removed, so as not to confuse the reader. The remaining
spectral areas are characterized by an increase in the position of the baseline (1800-2830
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cm and 2975-4000 cm™) or characterized by a change in the spectral signal intensity of
organosulfur structures (1000-1450 cm™) and structures of oxygengroups or nitrogroups
(1475-1800 cm™). The spectral range from 650 cm™ to 1000 cm™ is the dactyloscopic range,
characteristic for each organic compound. Various chemical compounds present in the
oils cause fluctuations in the differential spectra.

Most information about chemical transformations in engine oils, taking place during
their operation, is carried by, and can be found, in the spectral ranges in which the changes
in the intensity of spectral bands are observed. In particular, the spectrum range from 1800
to 1475 cm™ (Figure 2), in which there are signals that can be associated with organic-
oxygen products and oil nitration products. These products of oil deterioration are acidic
and therefore reduce the TBN.
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Figure 2. The FTIR differential spectra for the samples of the regions 1475-1800 cm™.

An example of such band is the signal observed at the wavenumber of 1631 cm,
which corresponds to the asymmetric bending vibrations of the NO:z group in aromatic
nitro compounds. Nevertheless, a signal at the wavenumber of 1554 cm™ is also observed,
which may be related to the vibrations of the R-NO: structure in nitroalkanes. The nitro
compounds are slightly acidic due to the possible formation of a tautomeric acid structure.
Thus, it should be assumed that an increase in the amount of oxidation products and
nitration products leads directly to a reduction in the alkaline reserve, so it is possible to
correlate the amount of such products with the total base number of the oil.

Another band from the discussed spectral range is the signal at the wavenumber of
1746 cm™, which is related to the vibrations of the carbonyl groups present in esters. As
shown in Figure 3, the intensity of this band gradually increases, which can be observed
in the spectrum of each successive sample tested, proportionally rising with the number
of kilometers traveled (understood as the engine oil service life). The relationship shows
a linear upward trend.
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The absorbance measured at 1746 cm-1
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Figure 3. The intensity of the band at the wavenumber of 1746 cm™ in the recorded spectra of the
engine oil samples tested.

The second significant spectral region is the wavenumber range from 1450 to 1000
cm™, in which there are bands related to sulfur additions—those that improve lubricity,
but also those that increase the alkaline reserve and disperse solid products (an example
of such an additive can be basic calcium sulfonate). The summary of spectra observed in
this area is presented in Figure 4.

Absorbance

0.9

0.8

1300 1250 1200 1150 1100 1050 1000
‘Wavenumbers. cm™!

Figure 4. The FTIR differential spectra for the samples, the regions 1000-1450 cm.

In this range (1450 to 1000 cm™), there are signals coming from sulfone additives,
which decrease during oil use, and also from aromatic sulfonation products, which are
formed during chemical changes taking place in the oil during its operation. For example,
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the vibrations of the structure S=O are represented by a band at the wavenumber of 1062
cm. Moreover, the following wavenumber vibrations can be associated with sulfones or
sulfonates: 1169 cm™ and 1196 cm™ as well as 1326 cm™ and 1339 cm™. The analyzed range
also includes the vibration band of the C-O-C structure, present in ester products found
in engine oils, and located at the wavenumber of 1020 cm™. Therefore, the absorbance
averaging procedure in a specific spectral range, which was applied during statistical
modeling, seems fully justified, as it reflects the resultant chemical changes.

The ongoing aging processes of engine oils lead to the formation of complex chemical
compounds, the infrared spectra of which have many signals in the so-called a fingerprint
region. In turn, the spectral range below 1000 cm™ is an area that carries little information
in terms of the direct interpretation of the chemical structure of the compounds formed.
However, in this area there are bands related to the vibrations of aromatic rings, of
substituents in these rings, or long hydrocarbon chains, that is, compounds that take part
in the formation of nitro and ester substances or intermediate compounds associated with
the reactions of radical destruction and oxidation of broken long hydrocarbon chains. For
example, in the spectral range from 870 cm™ to 690 cm™, signals related to aromatic nitro
compounds as well as long chain hydrocarbons containing more than five carbon atoms
in the chain may appear. Thus, this area can also be taken into account during statistical
modeling using the averaged absorbance value from this spectral area as a component of
the developed model. The characterized chemical changes lead to the formation of
compounds that also raise the background of the entire spectrum and, accordingly, its
baseline, which may be related, for example, to the generation of dark resin products or,
in some cases, even soot. It should be noted that soot means not only the presence of
carbon, but also of functional groups found on its surface, including oxygen groups, with
the acidic properties. Changes in the position of the baseline are especially observed in the
following spectral ranges: from 1800 cm™ to 2837 cm™, and also from 2979 cm-! to 4000
cmL

3.2. The TBN Results

The changes of the total base number (TBN) of the tested engine oil had an almost
linear trend (Figure 5).
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Figure 5. Changes in the TBN of engine oils.



Energies 2022, 15, 2809

9 of 23

A fast loss of alkali reserve (the capacity of a lubricating oil to neutralize acid
combustion products) was observed, resulting in a rapid decrease in the total base
number. The starting level of TBN was 8.18 mg KOH/g and at the end of the test the TBN
was on the level of 0.50 mg KOH/g. By far the greatest decrease in the TBN value was
recorded after the first thousand kilometers of operation (specifically after 1144 km —SMP
2)—by 2.05 mg KOH/g. The second significant decrease in the value was identified for the
SMP 8 —TBN decreased by 1.51 mg KOH/g in relation to the previous sample. When
analyzing the percentage changes, it should be indicated that the largest one was noted
for the SMP 13 (after 13,521 km)—the TBN value compared to the sample from the
previous measurement point (SMP 12) decreased by 65%. Other substantial decreases in
TBN were observed for the SMP 8 in relation to the SMP 7-35% —the SMP 10 in relation
to the SMP 9-31% and the SMP 2 in relation to the SMP 1-25%. The remaining samples
exhibited a percentage change in the range of 3-14%. However, in one case there was an
increase in the value of TBN, for the SMP 9 in relation to the SMP 8 —the TBN increased
by 8%. Detailed percentage changes for individual samples are presented in Table 2.
Sample no. 6 (SMP 6), for which the TBN value was 7.08 mg KOH/g, was removed from
further analyzes, because it was found that the sample was taken without conducting the
sampling procedure, i.e., the engine was not started before sampling for a minimum of 5
min, as was restricted in the case of other samples. A heterogeneous sample was taken
through the bayonet and the results distorted the course of all TBN degradation. The
decrease in the alkaline reserve along with the engine oil service life (and the number of
kilometers traveled) is related to the decrease in the number of enriching additives that
raise the TBN (e.g., a basic calcium sulfonate with the structure as shown in Figure 6),
which is the result of the neutralization reaction of the acid products of thermo-oxidation
of the oil.

Q
ROSOCa oH

0)

Figure 6. The chemical structure of an exemplary enriching additive of TBN.

The comparison of changes in the TBN value with the intensity of spectral bands
demonstrates that it is possible to link the TBN index with the content of nitration
products (band at 1631 cm™), and organic-oxygen products of oil aging (band at 1746
cm™), which are acidic, as well as with an average content of sulfonic compounds (band
at 1169 cm™), which are both additives with dispersing and washing properties that
increase the alkaline reserve, and the products of sulfonation occur in in-service oils
during use. These relationships can be initially observed when analyzing the results
presented in Table 3. This provides the basis for an attempt at statistical modeling, which
can make it possible to determine the relationship between these parameters.

Table 3. Percentage changes in the TBN in relation to the changes in the intensity of the selected
spectral bands (FTIR) of the tested samples.

Sample Code TBN Aat1746 cm? Aat1631cm™ A at1169 cm™
SMP 1 * 8.18 mg KOH/g 0.131 0.109 0.087
Relative Change
SMP 2 -25% 111% 46% 76%
SMP 3 -15% 23% 18% 22%
SMP 4 3% 23% 17% 22%
SMP 5 8% 42% 23% 38%

SMP 7 7% 4% 13% 8%
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SMP 8 -35% 4% 11% 8%
SMP 9 9% 4% 12% 9%
SMP 10 -31% 15% 15% 14%
SMP 11 -10% 10% 8% 8%
SMP 12 -13% 14% 13% 13%
SMP 13 -65% 5% 8% 6%
SMP 14 -14% 4% 7% 5%

* A reference sample.

The percentage changes in TBN and the intensity of the selected signals presented in
Table 3 were calculated based on the nominal values, corresponding to the sample from
the previous measurement point. The baseline values necessary for calculating the percent
changes for the SMP 2 are the results obtained for the SMP 1 (and so forth). The
fluctuations between the results, illustrating the changes in the intensity of bands in the
oil sample spectra, may indicate the overlapping of bands in certain spectral ranges,
originating from various chemical compounds but having the same functional groups.
Therefore, an effect of averaging the spectral signal may be observed, coming from the
substances with a similar chemical structure and products of concurrent chemical
reactions, e.g., the neutralization of sulfone additives, increasing the alkaline reserve and
the simultaneous sulfonation reaction of aromatic products formed during the operation
of the engine oil. Considering the above, an attempt was made to determine the
correlation between the averaged absorbances in the selected ranges of the spectrum or
the surface areas of the selected spectral bands with the TBN values, which would
facilitate the elaboration of a mathematical tool for a rapid assessment of the base number
on the basis of the global analysis of the FTIR spectrum.

4. Modeling TBN Levels Based on the FTIR Spectra

The available subject literature has revealed that some attempts at modeling the
relation between the FTIR spectra and the TBN levels have already been undertaken
[37,38]. As shown in Macian’s et al. work [38], the quality of TBN predictions was similar
across many different modeling approaches. More sophisticated models did not reveal
any meaningful prediction improvements in comparison to the simpler models. Taking
these findings into account, and while faced with the small sample size, it was decided
that in this study only modestly parameterized models should be fitted to the data. To
that end, a multiple linear regression model was estimated by employing the least squares
method. The analysis was performed with the use of R software, version 4.0.3. [39].

The pre-processing of the FTIR spectra was performed in line with the previous
studies [37,38]. One of the more common pre-treatment processes when using the FTIR
spectra is to subtract the spectrum of the fresh engine oil from the spectrum of the target
sample. Other possibility is to apply the first or second derivatives to subtract the
background effect. However, Macian et al. [38] reported that these procedures can be
affected by the problem of fixing the background line and it is not always advisable to
perform them. As a result, these steps were not included in the study. However, the pre-
processing included the removal of outliers, as some relatively narrow FTIR bands (1451
cm-1474 cm™ and 2837 ¢cm7-2979 cm™) had the abnormal noises, i.e., they were
thoroughly covered with fine, very narrow, and uniform-looking unevenness. In
differential spectra, these are typical effects of subtracting output spectra on the border of
the spectral range of functional groups and the fingerprint region of the spectrum. There
are many overlapping signals in this region, the position of which depends on the
chemical environment of the vibrating molecular structure of a given chemical compound.
In particular, there may be signals of valence vibrations of the aromatic ring, vibrations of
the plane deformation groups -CH3 and -CH2, as well as valence vibrations of the
asymmetric NO2 group, or the carboxylate anion. Due to the complex chemical processes
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taking place during the operation of engine oil, the chemical structure of the compounds
formed may be slightly different in each sample. That is why subtracting the FTIR spectra
of these samples at specific frequencies may yield a noise-generating result. Nevertheless,
this range of the FTIR spectrum is not critical for identifying chemical changes in the oil,
and in some studies, it is even automatically deleted using the spectrum editing and
processing software.

Aggregated values of measured absorbance in defined spectral ranges, extremes at
wavelengths, or the surface area of spectral bands related to vibrations of specific
molecular structures were used as explanatory variables to determine statistical models.
Using the measured absorbance values, the following five models were developed:

e  Model A—the model was built on the basis of average absorbance values calculated
in four wavenumber ranges of the same width, i.e., <1000 cm™', 1000-2000 cm, 2000—
3000 cm™t, and >3000 cm.

e  Model B—the model was elaborated on the basis of average absorbance values in two
key wavenumber ranges, i.e,, 1000-1450 cm™ and 1470-1800 cm™, in which the
greatest differences in the intensity of spectral bands could be identified, related to
the changes in the chemical structure of engine oil components as a result of
operational aging processes. In the 1800 to 1475 cm™ range, there are signals related
to organic-oxygen products as well as oil nitration products, which are all acidic and
thus reduce the alkaline reserve by reactions with additives increasing the alkaline
reserve, which eventually leads to their depletion (an increase in the amount of
oxidation products causes a decrease in the alkaline reserve). In the range of 1450 to
1000 cm™, bands related to sulfur additives can be observed, those that improve
lubricity, but also those that increase the alkaline reserve and disperse solids (an
example of such an additive can be the basic calcium sulfonate). In this range,
therefore, there are signals coming from sulfone additives, which gradually decrease
during the operation of engine oil. Moreover, the bands of aromatic sulfonation
products, which are formed during oil use, are also found in this range.

e Model C—the model was determined on the basis of mean absorbance values
calculated in five wavenumber ranges, i.e., <1000 cm™, 1000-1450 cm™!, 1475-1800
cm™, 1800-2830 cm™?, and 2975-4000 cm™. The indicated wavenumber ranges help
identify any structural changes in the chemical structure of engine oil and the
changes in background intensity. What is more, the fingerprint region of the
spectrum below 1000 cm™ was analyzed separately. As mentioned above, the
calculations did not take into account the noise ranges occurring as a result of the
generation of the differential spectrum.

e Model D—the model was based on the signal absorbance extremes at the
wavenumbers corresponding to the molecular structures in chemical compounds
that affect the base number value of the engine oil, i.e., 1746 cm™ (carbonyls), 1631
cm™? (nitro compounds), 1196 cm™, 1169 cm™, and 1062 cm™ (sulfones and
sulfonates).

e Model E—the model was based on the measurement of the surface areas of selected
spectral bands, formed in the spectra as a result of vibrations of molecular structures
in chemical compounds, affecting the value of the base number of engine oil
(similarly to Model D), i.e., 1746 cm™ (carbonyls), 1631 cm™ (nitro compounds), 1196
cm?, 1169 cm?, and 1062 cm™ (sulfones and sulfonates).

In the case of Models D and E, it was assumed that the area below 1000 cm™ (related
to the vibrations of aromatic rings, substituents in these rings, or long hydrocarbon chains)
carries very little information. These are chemical compounds that do not significantly
affect the alkaline reserve and thus the TBN.

Model A was heavily inspired by the data analysis presented in Macian et al. [38],
where the dimensionality of the pre-processed full spectra was reduced to four aggregates
through averaging. Models B and C have two less and one more variable in comparison
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toModel A, respectively. These two models were primarily constructed to test the changes
in the prediction accuracy with differing number of variables and spectra ranges. Finally,
the Model D and E are more theory than the data-driven ones.

The results for the Model C, i.e., the model with the highest R? and the smallest root
mean square error (RMSE), out of all models tested, are shown in Tables 4 and 5 and
Figure 7. For each model, the first table presents the estimation results of the linear
regression model and the model fit statistics (R?, adjusted R?, and RMSE), whereas the
second table presents the raw input and output data used in modeling.

Table 3 shows the estimated linear Equation (1) for Model C in the following form:

TBN (prediction) = 9.682 + (v <1000) x 316.270 + (Vv 1000-1450) % (=10.326) + (v 1475-1800) * (—=133) + (Vv 1800-2830) % (=36.081) + (V 2975-4000) x 3.841 (1)

It makes the TBN prediction from the pre-processed FTIR measurements possible.
Model C achieved very high R? and adjusted R? values, both well above the 90% threshold.
What is more, the RMSE equal to 0.4050 is a satisfactory value. On average, the TBN
predictions from Model C are by 0.4050 units different than the measured values of TBN.
Figure 7 is a standard “observed vs. predicted” graph and shows the accuracy of Model
C predictions.

Table 6 shows the estimated linear Equation (2) for Model D in the form of

TBN (prediction)= 9.033 + (Vv 1746) x 38.416 + (Vv 1631) x (14.971) + (v 1196) x (-287.984) + (v 1169) x 82.665+ (Vv 1062) x 154.500 (2)

Model D (Tables 6 and 7 and Figure 8) also achieved very high R? and adjusted R?
values, but lower than for Model C. The RMSE equal to 0.4313 is also lower than for Model
C, but it can be deemed a satisfactory value. On average, the TBN predictions from Model
D are by 0.431 units different than the measured values of TBN. In a similar fashion, the
regression equations for the remaining models can be obtained.

Table 4. The results of the estimation of the TBN regression model (Model C).

Parameter Regression Coefficient
Intercept 9.682
V <1000 316.270
V 1000-1450 -10.326
V 1475-1800 -133.000
V' 1800-2830 -36.081
V 2975-4000 3.841

Model fit statistics: R? = 0.9815, adjusted R? = 0.9684, and root mean square error = 0.4050.

Table 5. Average values for defined spectral ranges and the TBN (measured vs. predictions for
Model C).

Predictor Value TBN TBN

Sample (Measured) (Model Prediction)
'V <1000 'V 1000-1450 'V 1475-1800 'V 1800-2830 'V 2975-4000
SMP 1 0.0281 0.0598 0.0627 0.0524 0.0771 8.18 8.03
SMP 2 0.0417 0.0960 0.0996 0.0800 0.1196 6.13 6.20
SMP 3 0.0508 0.1177 0.1210 0.1010 0.1524 5.24 5.40
SMP 4 0.0629 0.1432 0.1450 0.1243 0.1870 5.07 5.04
SMP 5 0.0824 0.1855 0.1829 0.1582 0.2371 4.67 4.69
SMP 7 0.1100 0.2400 0.2377 0.2102 0.3152 4.36 4.00
SMP 8 0.1227 0.2666 0.2648 0.2377 0.3583 2.85 3.33
SMP 9 0.1361 0.2944 0.2932 0.2629 0.3979 3.10 2.74
SMP 10 0.1587 0.3289 0.3363 0.3007 0.4507 2.13 2.63
SMP 11 0.1688 0.3497 0.3618 0.3196 0.4804 1.92 1.66
SMP 12 0.1982 0.3983 0.4176 0.3736 0.5583 1.67 1.37
SMP 13 0.2138 0.4265 0.4489 0.4022 0.6004 0.58 0.99
SMP 14 0.2302 0.4563 0.4825 0.4375 0.6503 0.50 0.32
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Table 6. The results of the estimation of the TBN regression model (Model D).

Parameter Regression Coefficient
Intercept 9.033

V 1746 38.416

V 1631 14.971

V 119 —287.984

V 1169 82.665

V 1062 154.500

Model fit statistics: R? = 0.9791, adjusted R? = 0.9641, and root mean square error = 0.4313.

Table 7. Average values for the defined spectral ranges and the TBN values (measured vs.

predicted, Model D).
Sample Predictor Value (Based on the Signal Peak) TBN TBN
vV 1746 V 1631 V 119 V 1169 V 1062 (Measured) (Model Prediction)
SMP 1 0.1314 0.1090 0.0830 0.0869 0.0575 8.18 7.87
SMP 2 0.2766 0.1589 0.1466 0.1532 0.0902 6.13 6.41
SMP 3 0.3400 0.1871 0.1801 0.1863 0.1114 5.24 5.64
SMP 4 0.4183 0.2180 0.2206 0.2269 0.1367 5.07 4.72
SMP 5 0.5922 0.2680 0.2924 0.3135 0.1748 4.67 451
SMP 7 0.7019 0.3461 0.3595 0.3883 0.2231 4.36 4.23
SMP 8 0.7274 0.3859 0.3877 0.4180 0.2448 2.85 3.49
SMP 9 0.7588 0.4338 0.4193 0.4537 0.2672 3.10 2.70
SMP 10 0.8730 0.4981 0.4745 0.5163 0.2994 2.13 2.32
SMP 11 0.9591 0.5381 0.5099 0.5566 0.3162 1.92 1.95
SMP 12 1.0948 0.6098 0.5774 0.6275 0.3590 1.67 1.28
SMP 13 1.1452 0.6605 0.6120 0.6652 0.3829 0.58 0.80
SMP 14 1.1873 0.7054 0.6440 0.6968 0.4087 0.50 0.48
9 - - - - - - - ——
TBN predicted = 0.0971+0.9728*x R
(0.95 confidence interval) g y

TBN predicted

0 1 2 3 4 5 6 7 8 9
TBN measured

Figure 7. Measured vs. predicted value of TBN (Model C).



Energies 2022, 15, 2809

15 of 23

TBN predicted

TBN predicted = 0.0747+0.9791*x P
(0.95 confidence interval) -3 1 .-

1 2 3 4 5 6 7 8 9
TBN measured

Figure 8. Measured vs. predicted value of TBN (Model D).

To reduce the information overload, the detailed results for Models A, B, and E are
shown in Appendix A. Table 8 shows the results of R? adjusted R?, and the RMSE for all
developed models. By far the best model is Model C, and the worst results were obtained
for Model B. When comparing Models D and E (the models based on the signal peak and
the peak area), it should be highlighted that Model D, based on the signal (intensity peak,
the one which exhibits the highest concentration), turned out to be slightly better than
Model E, based on the peak area.

Analyzing Tables 8 and 9, it can be observed that in terms of the mean percentage
error, Model D seems to be the best one. For Model C, which turned out to be the best in
terms of R2and RMSE, the difficulties in predictions are caused by the samples from SMP
8 up to SMP 14, for which the largest percentage deviations between the measured and
the predicted TBN were noticed. The division into high and low TBN values (SMP 1-7
and SMP 8-14) and the mean percentage errors for them confirm this observation.
Nevertheless, the authors wish to point out that the compared measures (R? and RMSE
vs. average percentage error) are not compatible with each other. They can be considered
as complementary rather than substitutive measures. The mean percentage error is
particularly sensitive to low outliers (for Model C it was the sample SMP 13). In light of
this, it seems that the final conclusions should be drawn on the basis of R? and the RMSE

only.
Table 8. The comparison of the parameter values of R?, adjusted R?, and the RMSE for Models A, B,
C,D, and E.
Model Fit Statistics Model A ModelB Model C Model D Model E
R2 0.973 0.950 0.982 0.980 0.966
Adjusted R? 0.959 0.940 0.968 0.964 0.942

Root mean square error 0.460 0.560 0.405 0.431 0.548
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Table 9. The comparison of the results (mean percentage error) for Models A, B, C, D, and E.

Model A Model B Model C Model D Model E

1* 2% 1* 2% 1* 2% 1* 2% 1* 2%
SMP 1 037 5% 112 14% 015 2% 031 4% 045 6%
SMP 2 031 5% 029 5% 007 1% 028 5% 018 3%
SMP 3 037 7% 079 15% 016 3% 040 8% 048 9%
SMP 4 015 3% 047 9% 0.03 1%  0.35 7% 007 1%
SMP 5 026 6% 0.04 1%  0.02 1% 016 3% 036 8%
SMP 7 053 12% 062 14% 036 8% 013 3% 034 8%
SMP 8 036 13% 042 15% 048 17% 064 22% 1.04 37%
SMP 9 050 16% 032 10% 036 12% 040 13% 014 5%
SMP 10 045 21% 019 9% 050 23% 019 9% 0.09 4%
SMP 11 006 3% 0.11 6% 026 13% 003 2% 028 15%
SMP 12 028 17% 038 23% 030 18% 039 23% 031 18%
SMP 13 048 82% 026 44% 041 72% 022 38% 033 57%
SMP 14 024 49% 013 26% 018 36% 0.02 4% 0.00 1%

mean 034 18% 040 15% 025 16% 027 11% 031 13%
SMP 1-7 033 6% 033 10% 026 3% 027 5% 030 6%
SMP 8-14 033 29% 034 19% 028 27% 027 16% 031 19%

1 *—the absolute value of the difference in the TBN between the measured and the predicted value
[mg KOH/g]. 2 *—the percentage difference between the measured and the predicted value [%)].

5. Discussions

An in-depth query of the existing literature revealed the paucity of similar research
to the one undertaken in this study. Only three articles are to some degree connected to
our research. Both of them were published very recently, underscoring the fact that this
line of research is starting to gain traction in the literature.

Agocs and al. also investigated engine oil during its service life; however, they put a
stress on a comprehensive tribological assessment [40]. They presented FT-IR results
averaged from 32 transmission scans and TBN from two titrations and elemental
composition; however, they did not compare those factors each other [40]. In their work,
they demonstrated that TBN is between 6.5 mg KOH/g (sample 0 km) and 3.1 mg KOH/g
(sample 20,000 km). The oxidation (FTIR) is 0.0 and 30.2, respectively. They also found the
results for 5000 km, 8000 km, 9500 km and 13,500 km, which confirms that TBN gradually
decreased during exploitation (6.0, 5.1, 4.8., and 3.7, respectively), whereas oxidation
increased (7.5, 10.6, 12.3, and 19.1, respectively) [40]. This result confirms that the changes
of TBN and FTIR parameters are similar for different oils (differently operated) and that
it is reasonable to look for models describing changes in one parameter based on the data
of the other.

Nagy and al. presented the PCA (Principal Component Analysis) method, which is a
user-friendly approach to fleet tracking and oil condition monitoring in case of both
condition-based and predictive maintenance strategies [33]. They also confirmed that
based on a simple FT-IR spectra, no further oil analyses, e.g.,, NNand TBN titrations of
water content evaluation, are required [33]. They indicated that the “loss of information”
is minimal, as most conventional parameters are indirectly contained [33]. Contrary to our
approach, they provided a methodology for rapid analysis for large vehicle fleets or
sample sizes, using only Fourier-transformed infrared spectroscopy and the multivariate
data analysis.

FTIR spectrometry in combination with partial least squares (PLS) and principal
component regression (PCR) was also investigated by Sejkorova et al. [41], who proposed
and tested as an alternative to the standardized method for determining the kinematic
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viscosity at 100 °C with an Ubbelohde capillary viscometer (CSN EN ISO 3104) of worn-
out motor oil grade SAE 15W-40. The FTIR-PLS model in the spectral region of 1750-650
cm™ with modification of the spectra by the second derivative proved to be the most
suitable. A significant dependence of R = 0.95 was achieved between the viscosity values
and the values predicted by the FTIR-PLS model. They concluded that the proposed
method for determining the kinematic viscosity at 100 °C by the FTIR-PLS model is faster
compared to the determination according to the CSN EN ISO 3104 standard, requires a
smaller amount of oil sample for analysis, and produces less waste chemicals.

6. Conclusions

The analysis of the obtained FTIR spectra has led to the determination of the
physicochemical foundations of building statistical models for the prediction of the TBN
in engine oils, based on spectral measurements. The observed changes in the intensity of
the bands in the spectra of oil illustrate the depletion of additives increasing the alkaline
reserve (e.g., basic calcium sulfonate) and the formation of oil aging products. The
substances, whose increase in oil content reduces the TBN, include, among others, the
acidic products of thermal oxidation, nitration, and sulfonation. Thus, statistical models
can be developed on the basis of the average absorbance values in the designated spectral
ranges or on the basis of the measured intensity or surface area of specific spectral bands.
All of the elaborated models are characterized by high R?, adjusted R? and the RMSE
values as well as acceptable levels of the average percentage error. Two of the built models
are characterized by very high predictive capabilities (R? > 0.98, RMSE < 0.5). These are
Model C and Model D. Model C is based on average absorbance values calculated in five
wavenumber ranges, i.e., <1000 cm™1, 1000-1450 cm™?, 1475-1800 cm™?, 1800-2830 cm™?, and
2975-4000 cm™. In turn, Model D is based on the extreme values of the intensity of the
bands at the wavenumbers corresponding to the molecular structures in the chemical
compounds that affect the base number value of the engine oil. Additionally, Model D is
characterized by the lowest mean percentage error. The developed statistical models may
serve as a helpful tool for the quick TBN assessment of engine oils. Yet, their suitability
for routine use in the diagnostics of the operational condition of engine oil requires further
verification on a wider group of engine oils of different quality classes.

7. Limitations

It has to be underscored that the experiment consisted of a single run, which may to
some degree limit the generalizability of the results. The future direction is to obtain a
bigger data set to validate the models.
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Appendix A

Table A1l. The results of the estimation of the TBN regression model (Model A).

Parameter

Regression Coefficient

Intercept
V <1000
'V 1000-2000
'V 2000-3000
V >3000

9.534
233.191
-122.828
-156.564
97.462

Model fit statistics: R? = 0.9728, adjusted R? =0.9592, and root mean square error = 0.4599.

Table A2. Average values for the defined spectral ranges and the TBN values (measured vs.
predicted —Model A).

Sample Predictor Value TBN TBN
V <1000 V' 10002000 V' 2000-3000 V 53000 (Measured) (Model Prediction)
SMP 1 0.0281 0.0584 0.0553 0.0775 8.18 7.81
SMP 2 0.0417 0.0931 0.0838 0.1205 6.13 6.44
SMP 3 0.0508 0.1142 0.1065 0.1531 5.24 5.61
SMP 4 0.0629 0.1385 0.1298 0.1883 5.07 5.22
SMP 5 0.0824 0.1776 0.1648 0.2388 4.67 441
SMP 7 0.1100 0.2303 0.2175 0.3179 4.36 3.83
SMP 8 0.1227 0.2562 0.2469 0.3610 2.85 3.21
SMP 9 0.1361 0.2829 0.2743 0.4004 3.10 2.60
SMP 10 0.1587 0.3201 0.3122 0.4540 2.13 2.58
SMP 11 0.1688 0.3416 0.3326 0.4835 1.92 1.98
SMP 12 0.1982 0.3922 0.3891 0.5617 1.67 1.39
SMP 13 0.2138 0.4209 0.4185 0.6041 0.58 1.06
SMP 14 0.2302 0.4518 0.4550 0.6543 0.50 0.26

Table A3. The results of the estimation of the TBN regression model (Model B).

Parameter Regression Coefficient
Intercept 8.074

V 1000-1450 -35.530

V 1475-1800 17.638

Model fit statistics: R? = 0.9496, adjusted R? = 0.9396, and root mean square error = 0.5596.

Table A4. Average values for the defined spectral ranges and the TBN values (measured vs.
predicted —Model B).

Predictor Value TBN TBN

Sample (Measured) (Model Prediction)
'V 1000-1450 'V 1475-1800

SMP 1 0.0598 0.0627 8.18 7.06
SMP 2 0.0960 0.0996 6.13 6.42
SMP 3 0.1177 0.1210 5.24 6.03
SMP 4 0.1432 0.1450 5.07 5.54
SMP 5 0.1855 0.1829 4.67 4.71
SMP 7 0.2400 0.2377 4.36 3.74
SMP 8 0.2666 0.2648 2.85 3.27
SMP 9 0.2944 0.2932 3.10 2.78
SMP 10 0.3289 0.3363 2.13 2.32
SMP 11 0.3497 0.3618 1.92 2.03
SMP 12 0.3983 0.4176 1.67 1.29
SMP 13 0.4265 0.4489 0.58 0.84
SMP 14 0.4563 0.4825 0.50 0.37
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TBN predicted

Table A5. The results of the estimation of the TBN regression model (Model E).

Parameter Regression Coefficient
Intercept 9.839

V 1746 0.711

V 1631 -4.814

V 1196 -11.912

V 1169 1.568

V 1062 -12.268

Model fit statistics: R? = 0.9662, adjusted R? = 0.9421, and root mean square error = 0.5480.

Table A6. Average values for the defined spectral ranges and the TBN values (measured vs.

predicted —Model E).

Sample Predictor Value (Based on the Area Peak) (M:;]:llie d (Mo delz’iljdiction)
V 1746 V 1631 V 1196 V 1169 V 1062
SMP 1 2.1780 0.5370 0.0830 0.2650  0.0410 8.18 7.73
SMP 2 3.7280 0.5880 0.2900 0.5980  0.0680 6.13 6.31
SMP 3 4.2960 0.6070 0.3990 0.7080  0.0500 5.24 5.72
SMP 4 5.2430 0.6590 0.5320 0.8520  0.0320 5.07 5.00
SMP 5 7.7870 0.8860  0.7410 1.4260 0.0170 4.67 4.31
SMP 7 9.9400 1.3820 0.7280  1.8430  0.0370 4.36 4.02
SMP 8 10.8930  1.6810 0.6760  1.9450  0.0490 2.85 3.89
SMP 9 12.0260 21060 0.6640  2.1590  0.0630 3.10 2.96
SMP 10 145990 24750 0.7480 2.4760  0.1010 2.13 2.04
SMP 11 16.6630 2.6970 0.8130 2.7090 0.1330 1.92 1.64
SMP 12  19.8570 29910 0.9050 29520 0.1670 1.67 1.36
SMP 13 214380 3.3340 09070 3.0740 0.1750 0.58 0.91
SMP 14 224560 3.5520 0.9110 3.1250  0.1840 0.50 0.50
I I I 7/
TBN predicted = 0.0659+0.9815%x; .
(0.95 confidence interval) M

4

TBN measured

5

Figure Al. Measured vs. predicted value of TBN (Model A).
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Figure A2. Measured vs. predicted value of TBN (Model B).
9 [ [ [ [ [ [ [ [ 7
TBN predicted = 0.1207+0.9662*x e
g | (0.95 confidence interval) ,// 1

TBN predicted

0 1 2 3 4 5 6 7 8 9
TBN measured

Figure A3. Measured vs. predicted value of TBN (Model E).
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