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Abstract

Wear metal monitoring is an important component of lubricant condition monitoring but
commonly relies on elemental techniques such as inductively coupled plasma optical emis-
sion spectroscopy (ICP-OES), which require dedicated laboratory infrastructure and sample
preparation. This study evaluates whether Fourier-transform infrared (FT-IR) spectra of
used engine oils can be combined with partial least squares (PLS) regression to provide a
rapid screening estimate of iron (Fe) concentration. Used petrol and diesel engine oil sam-
ples were analyzed by FI-IR spectroscopy and ICP-OES. PLS models were developed using
processed FI-IR spectra as predictor variables and ICP-OES-derived Fe concentrations as
response variables. For petrol used oil samples, the optimized model employing 18 latent
variables achieved a root mean squared error of 5.02 ppm and a coefficient of determination
of 0.97 between measured and predicted Fe concentrations. Model loadings indicated
contributions from spectral features associated with soot, oxidation, nitration, antioxidant
(AO) depletion, and zinc dialkyldithiophosphate depletion. Combining petrol and diesel
samples in a single model reduced predictive performance and increased uncertainty, in-
dicating that their differing degradation pathways cannot be adequately represented by
one common latent variable model. The approach does not directly measure Fe and is
not intended to replace elemental analysis. Instead, it provides a rapid, low-cost screen-
ing tool for identifying samples with potentially elevated wear metal concentrations and
prioritizing them for confirmatory analysis.

Keywords: engine oil; internal combustion engine (ICE); wear; Fourier-transformed
infrared spectroscopy (FI-IR); partial least squares (PLS) regression

1. Introduction

Lubricants fulfil several key roles in technical systems, such as cooling, transport of
additives and degradation products, and corrosion protection, just to name a few, but wear
reduction is their primary purpose. Wear—the unwanted loss of material from component
surfaces—shortens the service life of individual machine elements and, consequently, of
the overall system. This increases the need for maintenance, component replacement,
or, in severe cases, remanufacturing of the entire part group. These activities all require
financial resources and contribute to material and energy use and, hence, to harmful
pollutant emissions.

Lubricants are unique amongst the machine elements—they have a comparatively
short service life and are in contact with all the moving parts simultaneously. Thus, their
performance is critical. Over the lifetime of an engine oil, additives, such as phenolic
and aminic antioxidants, zinc dialkyldithiophosphate (ZDDP) or boron ester antiwears,
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or the calcium carbonate base reserve depletes [1,2], while degradation products, such as
oxidation and nitration species, soot, or organic acids, originate and accumulate [1]. These
chemical changes negatively impact engine wear—most notably ZDDP depletion [3,4] and
soot accumulation [5-7] largely increase wear rates.

Research on engine oil performance has placed particular emphasis on antiwear
additives, especially ZDDP, and friction modifiers such as molybdenum dialkyldithiocarba-
mates (MoDTC). The central role of ZDDP is reflected in several dedicated reviews [8-10].
Parallel research has evaluated modified or alternative antiwear chemistries, including
low-sulfur and low-phosphorus or metal-free additives [11,12], ionic liquids [13,14], and
glycerol mono-oleate [15]. Studies on MoDTC have likewise focused on the formation of
MoS, and its interactions with ZDDP [16-21].

ZDDP reacts with metal surfaces to form protective boundary layers, commonly
referred to as tribofilms, which reduce wear under lubricated contact conditions. Their
formation is a complex process that generally initiates within the wear track at moderate
temperatures and is followed by progressive film growth [22-27]. Several mechanistic
models have been proposed to describe both the formation and removal of ZDDP-derived
tribofilms [28-32]. A broad range of surface-sensitive techniques have been used to char-
acterize their morphology, elemental and chemical composition, structure, and thickness,
including SEM [30], AFM [33,34], EDX [30,34], XPS [29,34], XANES [23], and cross-sectional
TEM combined with FIB preparation [35].

In addition to antiwear additive degradation, interactions with particulate contam-
inants such as soot are an important topic in wear-related research. Several competing
mechanisms have been proposed to explain soot-induced wear. One hypothesis is mechan-
ical abrasion, in which soot particles remove tribofilm and substrate material through a
three-body wear process [7,36,37] or restrict lubricant replenishment within the contact [38].
A second mechanism involves adsorption of antiwear additives, particularly ZDDP, onto
soot particles, thereby reducing their availability for tribofilm formation [39,40]. A third
explanation is tribocorrosive wear, in which the sulfide-rich base layer commonly present
in ZDDP-derived tribofilms forms but is continuously removed by soot particles [5,6,41,42].

These studies demonstrate that lubricant wear results from complex interactions
among additive chemistry, degradation products, particulate contaminants, and surface
film formation. Consequently, rapid monitoring methods can provide useful wear screening
information, although detailed surface or wear debris analysis remains necessary to identify
the underlying wear mechanism.

FT-IR is very commonly used for oil condition monitoring. Standards such as ASTM
E2412 [43] and DIN 51453 [44] describe the determination of oxidation, nitration, antiwear
additives and soot in detail, amongst other parameters, and additive-specific in-house
methods are also available [1]. FI-IR is especially popular, since other determinations,
such as total acid number (TAN) [45] or total base number (TBN) [46], require complex
infrastructure and chemicals; meanwhile FT-IR is a quick, non-destructive measurement
requiring no sample preparation. This is also the case for mass spectrometry (MS), which
is a very potent tool in condition monitoring and describing reaction products on the
molecular level [47], but is very demanding on the instrumentalization. Other common oil
condition monitoring methods include viscometry [48], fuel dilution [49], water content [50]
and rust prevention characteristics [51]. Furthermore, mobile FT-IR spectrometers are also
available for measurements in the field [52].

The most common methods for determining wear metals in in-service lubricants are
inductively coupled plasma optical emission or mass spectrometry (ICP-OES or ICP-MS)
and X-ray fluorescence spectroscopy (XRF). Both require comparatively expensive instru-
mentation and laboratory infrastructure. ICP-based methods either dilute the oil samples in
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organic solvents [53] or require microwave-assisted digestion, usually with nitric acid [54],
which are time-intensive and make analysis turnaround times longer. XRF requires no
sample preparation and, hence, is comparatively faster, but X-ray equipment is usually
associated with stronger legal oversight due to radiation safety, which makes these systems
more complex in the acquisition. Wear monitoring is possible online for example via
radio nucleid technique (RNT) [55] or radio isotope concentration (RIC) methods [56], both
involving radiologically activated machine elements. These techniques are highly accu-
rate, but once again the required hardware and preparations are complex and expensive.
Complementary wear monitoring approaches include wear sensors, which can be electrical
(inductive, capacitive, resistive) [57,58], optical [57,59], or ultrasonic [57] regarding their op-
erating principle. Filter debris analysis and microscopy-based wear debris analysis are also
commonly utilized [60]. These methods can provide information on particle size, morphol-
ogy, or wear mechanisms but generally require specialized instrumentation, interpretation,
or system-specific integration.

The aim of this study is the development of a rapid wear screening technique based on
the in-service oils FT-IR spectra and modern data science—namely PLS regression. PLS is a
multivariate modelling technique that relates a predictor matrix (X) to one or more response
variables (y) [61,62]. In the case of a single response variable the method is referred to as
PLS1, whereas models involving multiple responses are termed PLS2. In the presented
study, PLS1 was performed where X contains the processed FT-IR spectra of the individual
oil samples and y corresponds to the Fe content measured via ICP-OES in the engine oil
samples. PLS constructs latent variables that maximize the covariance between predictors
and response variables, which are subsequently used in a linear regression model.

PLS is conceptually related to principal component analysis (PCA), as both methods
produce scores and loadings describing the structure of the predictor space. PCA is already
routinely used for the classification of in-service engine oil samples [61,63]. However,
PCA identifies directions of maximum variance in X only, whereas PLS incorporates the
relationship between predictors and response variables during component extraction. Con-
sequently, the resulting latent variables are optimized for predictive modelling rather than
purely for dimensionality reduction. This makes PLS particularly suitable for datasets with
large numbers of strongly correlated variables, such as FI-IR spectra, where conventional
ordinary least squares regression becomes unstable. Several studies used the combination
of FI-IR data with PLS to estimate lubricant parameters. Zho et al. applied PLS on FT-IR at-
tenuated total reflection (ATR) data with various preprocessing methods to model the acid
number (AN) in in-service lubricants [64]. Sejkorova et al. used a similar FI-IR ATR/PLS
method to model kinematic viscosity [65] and TBN [66]. Macian et al. applied PLS on FT-IR
and UV-VIS data of used oils to determine fuel dilution [67]. This shows that the FT-IR
PLS approach is very flexible and very potent in lubricant condition monitoring, especially
since the infrared spectrum contains a wide variety of information about the chemical
composition, contaminations and additives involved. Additionally, machine learning via
neural networks can also be applied to multi-parameter oil analysis reports to classify
samples and potentially flag critical conditions [68].

To the authors’” knowledge, quantitative prediction of elemental wear indicators from
used oil FT-IR spectra has received limited attention compared with the established spec-
troscopic estimation of lubricant condition parameters such as oxidation, acid number, base
number, viscosity, soot, or fuel dilution. Unlike these molecular or bulk physicochemical
properties, iron is not directly measured by mid-infrared spectroscopy. Any predictive
relationship must therefore arise from the multivariate co-evolution of wear with lubricant
degradation, additive depletion, contamination, and vehicle operating history. This also
defines an important limitation of the approach: model performance depends on the rep-
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resentativeness of the calibration dataset and may be influenced by the oil formulation,
engine type, service interval, and operating conditions represented therein. The aim of this
study was therefore to develop and evaluate a rapid screening approach for estimating Fe
concentrations in used engine oils from FT-IR spectra using partial least squares regression.
The specific contribution of the present work is the direct prediction of ICP-OES-derived
Fe concentrations from full FI-IR spectra, combined with an assessment of how lubricant
degradation affects wear rates through the detailed analysis of the derived PLS loadings.
To the best of our knowledge, this quick and relatively simple approach to estimating
wear from easily accessible spectroscopic data has not yet been presented in the publicly
available literature. The proposed method is not intended to replace ICP-OES as a reference
technique for elemental analysis. Instead, it is intended to provide a rapid and cost-efficient
preliminary assessment that can classify samples according to their expected wear level
and identify samples requiring confirmatory elemental or wear debris analysis. Fe was
selected as the target wear element because it is commonly associated with the wear of
ferrous engine components, including cylinder liners, piston rings, valve train components,
bearings, gears, and other steel-containing parts. In used engine oils, increasing Fe con-
centrations can therefore serve as a broad indicator of metallic component wear. Although
elemental analysis alone cannot identify the precise wear source or mechanism, Fe is a
highly relevant screening parameter because it is typically among the most abundant wear
metals observed in in-service engine oils.

2. Materials and Methods
2.1. Vehicle Field Test Under Real Driving Conditions

Field testing was conducted in prior studies [1,2,54,69] under normal on-road op-
eration of passenger vehicles to obtain lubricant samples representative of real-world
service conditions. This involved regular everyday utilization in normal traffic condi-
tions, including both summer and winter operation. Oil samples were collected via the
dipstick tube after approximately 5 min of engine idling to ensure adequate mixing and
sample homogeneity.

In total, 64 spark ignition (SI or petrol) used oil samples originating from 4 fresh oils
and 12 vehicles as well as 12 compression ignition (CI or diesel) used oil samples from
2 fresh oils and 4 vehicles were collected. Vehicle-lubricant combinations are denoted
P1-P12 for petrol and D1-D4 for diesel. The dataset includes multiple engine power classes,
engine aspirations and service intervals, providing a representative overview of typical
European passenger vehicle operating conditions. In total, fresh oils from 4 lubricant
manufacturers were considered. All fresh oils contain phenolic and aminic antioxidants,
as well as ZDDP antiwear additives. Despite the similar general formulations, several
differences are visible between the products. TBN is in the range 6.0-8.4 mgKOH/g, and
the corresponding calcium content is between 1100 ppm and 2100 ppm. The applied
level of ZDDP is also different between the oil formulations; sulfur content ranges from
1620 ppm to 2230 ppm, phosphor content from 700 ppm to 790 ppm, and zinc content from
830 ppm to 920 ppm. Additionally, boron content, corresponding to boron ester antiwear
additives [70], ranges from 0 ppm to 480 ppm. Accordingly, the considered oil chemistries
span a representative range of commercially relevant additive strategies, although they do
not cover all possible lubricant formulations.

An overview of the vehicles and lubricants investigated is provided in Table 1.

As visible, diesel vehicles are underrepresented compared to their petrol counterparts
in the dataset. This is due to the shifting EU passenger vehicle market (see Figure 1), where
diesel drivetrains have been losing popularity for multiple years, reaching an all-time-
low market share of 8.4% in 2025 according to the European Automobile Manufacturers’
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Association (ACEA) [71-73]. Comparatively, pure petrol drivetrains remained relatively
popular (26.6% in 2025), and the current dominant technology became hybrid electric
vehicles (HEV—34.5%), which mostly contain a petrol ICE. It is also noteworthy that
battery electric (BEV) and plug-in hybrid (PHEV) vehicles have only slowly gained further
popularity in the EU market since 2023 and seem to stabilize as less common drivetrain
configurations. Accordingly, this research is focused more on petrol engines due to both
their better availability for studies as well as their higher passenger market relevance.
Nevertheless, the limitation on the available number of diesel oil samples greatly affects
model building capabilities. Any statistical approach requires an adequate number of
observations, which is not given for the diesel population in this case. This is especially
problematic, as diesel drivetrains are still dominate the heavy-duty market, e.g., 80.7%
of the new van and 93.2% of new truck registrations in 2025 had a diesel drivetrain [73],
highlighting that this technology still has its applications—just not in the passenger sector.
Accordingly, further data collection, specifically for diesel vehicles, should be carried out.

Table 1. Parameters of utilized vehicles and engine oils for field testing under real driving conditions.

. SAE . . . .
. . Engine Power . . . Displacement . Maximum Compression Total Oil
Designation ® (KW) Vléiosﬂy Engine Type ’ (L) Aspiration Torque (Nm) RaI;io ) Mileage (km)
ass
D1 130 0W-30 diesel 2.0 Turbocharged 380 16.5:1 12,692
D2 140 0W-30 diesel 2.0 Turbocharged 400 15.5:1 7519
D3 140 OW-30 diesel 2.0 Turbocharged 400 15.5:1 9343
D4 84.5 5W-30 diesel 1.6 Turbocharged 270 16.0:1 4296
P1 51 5W-40 petrol 1.2 Naturally 112 10.5:1 4556
aspirated
P2 95 5W-30 petrol 2.0 Naturally 180 105:1 30,000
aspirated
P3 221 O0W-30 petrol 2.0 Turbocharged 380 9.3:1 8036
P4 185 O0W-30 petrol 2.0 Turbocharged 370 9.6:1 14,694
P5 185 0W-30 petrol 2.0 Turbocharged 370 9.6:1 17,107
P6 185 0W-30 petrol 2.0 Turbocharged 370 9.6:1 6852
p7 221 0W-30 petrol 2.0 Turbocharged 380 9.3:1 5094
P8 221 O0W-30 petrol 2.0 Turbocharged 380 9.3:1 2552
P9 155 O0W-30 petrol 2.0 Turbocharged 350 9.6:1 1689
P10 155 0W-30 petrol 2.0 Turbocharged 350 9.6:1 1149
P11 155 0W-30 petrol 2.0 Turbocharged 350 9.6:1 1760
P12 88 5W-30 petrol 14 Turbocharged 200 9.5:1 19,800
80
OPetrol ODiesel HEV APHEV XBEV
80
SRR
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Figure 1. Market share of various drivetrain technologies in the EU amongst new vehicle registrations
in 2019-2025, according to the ACEA [71-73].
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2.2. Lubricant Analysis

FT-IR measurements were performed using a Tensor Il spectrometer (Bruker, Ettlingen,
Germany), and the spectra were evaluated with OPUS software (version 8.7.31, Bruker, Et-
tlingen, Germany). The spectra were recorded over a wavenumber range of 500-4000 cm !
at a spectral resolution of approximately 1.5 cm~!. A dual-channel sample holder was
used, with 32 background scans and 32 sample scans collected for each measurement. The
oil samples were analyzed in transmission mode using a ZnSe cell with an optical path
length of 100 pm.

Elemental concentrations were determined by ICP-OES using a 5800 VDV ICP-OES
spectrometer (Agilent Technologies, Santa Clara, CA, USA). Prior to analysis, approximately
0.1 g of each oil sample was subjected to microwave-assisted digestion with nitric acid and
hydrogen peroxide in closed vessels. The digested samples were subsequently diluted to a
defined volume with ultrapure water.

Quantification was based on external calibration using multi-element standards pre-
pared from commercially available 1000 ppm single-element stock solutions (Carl Roth
GmbH, Karlsruhe, Germany). The analyzed elements comprised Al, B, Ba, Ca, Co, Cr, Cu,
Fe, K, Li, Mg, Mn, Mo, Na, Ni, P, Pb, S, Sb, Si, Sn, Ti, V, W, and Zn. Calibration solutions
were prepared in matrices matched to the respective analytical conditions.

Measurements were conducted in argon plasma using both axial and radial obser-
vation modes to accommodate the broad concentration range of the analytes. Multiple
emission lines were monitored for each element to reduce the influence of spectral inter-
ferences. All samples were measured in triplicate, and the reported concentrations were
calculated from the mean responses obtained from the valid emission lines.

Analytical performance was verified using independent multi-element quality control
standards measured at the beginning and end of each analytical sequence. Only emission
lines yielding concentrations within +10% of the respective reference values were included
in the final evaluation.

2.3. FT-IR Interpretation and Data Preprocessing

FT-IR spectroscopy provides access to a wide range of wear-relevant physicochemical
information, including indicators such as ZDDP depletion and soot content. In addition to
these established parameters, the spectra contain further information that is not directly
evaluated by conventional methods but can be captured through multivariate techniques
such as PLS via latent variables.

A model based on FI-IR data therefore offers significant advantages for condition
monitoring in terms of both time and cost, as elemental analysis methods such as ICP-OES
are comparatively complex and resource-intensive. Moreover, FT-IR measurements can
be readily implemented in online monitoring systems, further increasing their practical
applicability [43]. For PLS modelling, the measured FT-IR absorbance spectra were used
as predictor variables. No baseline correction was applied because the broad increase
in absorbance caused by soot represents relevant physical information rather than an
instrumental artefact. In used engine oils, soot is conventionally evaluated from the base-
line displacement in a feature-free region around 2000 cm ! [43]. Baseline correction or
derivative preprocessing would suppress this contribution and was therefore considered un-
suitable for the present objective. Spectral regions dominated by complete or near-complete
hydrocarbon absorption, namely 2755-3100 cm ! and 1363-1496 cm ™!, were excluded.
These regions contain limited information on the investigated degradation processes and
exhibit comparatively high noise because of the strong absorbance of the hydrocarbon
matrix [54]. No further spectral smoothing or derivative transformation was applied. Fol-
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lowing the exclusion of these regions, each spectrum comprised 1573 absorbance values
for subsequent PLS modelling [54].

Several spectral regions are considered during the model interpretation which corre-
spond to various lubricant degradation mechanisms. Detailed information is available in
Table 2.

Table 2. Lubricant specific FT-IR evaluation ranges.

Chemical Species

Evaluation

Details Source

Phenol AOs
(depletion)
Amine AOs
(depletion)
ZDDP antiwear
(depletion)
Oxidation products
(accumulation)
Nitration products
(accumulation)
Soot
(accumulation)
Water
(accumulation)

Diesel contamination

(accumulation)

Petrol contamination

(accumulation)

Peak height at 3650 cm ™!
over global baseline
Peak height at 1515 cm ™!
over local baseline
Highest peak between 927 and 1019 cm ™!
over local baseline
Peak height at 1710 cm !
over global baseline
Peak height at 1630 cm !
over local baseline

In-house method [1]
In-house method [1]
In-house method [1]
In-house method [1]
DIN 51453 [44]
Baseline shift at 2000 cm ! ASTM E2412 [43]
Area 3150-3500 cm ! ASTM E2412 [43]
Area 805-815 cm ™! ASTM E2412 [43]

Area 745-755 cm ™! ASTM E2412 [43]

Finally, the processed spectra were exported from OPUS and converted into numerical
format for subsequent multivariate analysis.

2.4. Partial Least Squares Regression

Initial investigations on modelling engine wear based on FI-IR spectral data were
previously reported in [54], focusing on a petrol-only dataset. The present work extends this
approach to mixed petrol and diesel samples. PLS models were implemented in Python®
(version 3.13.2) using the scikit-learn library (version 1.7) [74]. The dataset was divided into
training (80%) and test (20%) subsets using a stratified sampling approach based on the re-
sponse variable (Fe content) to ensure representation across the full measured concentration
range. This approach ensures that low, medium and high Fe content samples are repre-
sented in the test data; hence, the model evaluation considers the whole available response
variable range. In doing so, a fixed random seed was used to ensure reproducibility.

Hyperparameter tuning was performed on the training dataset using the Grid-
SearchCV function of SciKit learn, with five-fold cross-validation. The training data were
divided into five subsets of approximately equal size. For each candidate number of latent
variables, the model was fitted five times, using four folds for training and the remaining
fold for validation in each iteration, so that every fold served once as the validation set.
The resulting validation errors were averaged across the five iterations and recorded.

The optimal number of latent variables was determined by minimizing the cross-
validated root mean squared error (RMSE) [61,62]. Selecting the number of components
based on the validation error provides an effective safeguard against both underfitting
and overfitting [62]. Models employing too few components are unable to adequately
capture the underlying covariance structure of the data, whereas excessively complex
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models tend to incorporate noise rather than chemically meaningful information, resulting
in increased validation errors. Selecting the number of components based on the minimum
cross-validated RMSE provides an objective and quantitative criterion for model selection,
thereby reducing the risk of both underfitting and overfitting and promoting an appropriate
model complexity.

Following hyperparameter optimization, the final model was trained on the full train-
ing set and evaluated using the independent test dataset. Model stability was assessed
using bootstrap resampling of the training data (1000 iterations). Here, the training dataset
is repeatedly resampled with replacement, and the complete modelling procedure is re-
peated, resulting in slightly different models for each bootstrap iteration. Predictions
for the original test samples are subsequently aggregated to obtain the median predic-
tion and corresponding confidence bounds. The resulting confidence intervals therefore
reflect the stability of the modelling procedure under resampling rather than analytical
measurement uncertainty.

Confidence intervals (in this case 90%) describe the uncertainty associated with the
model estimate itself, representing the range in which the expected mean prediction would
fall if the modelling procedure were repeated. Figure 2 illustrates the PLS workflow.

Model parameters
Train PLS model
-Quantile bins
-Training and test size -Fit PLS with best number of
-Random state components
-Max components -Predict test set values
-Interval type and significance

Split data Bootstrap confidence

intervals
-Target (y) is binned into quantiles

for stratification > Ensures good y
distribution in test data

-Dataset is randomly split into 80 %

training and 20 % test sets

-Training data resampled to
generate intervals

-Model evaluated based on results

(lower, median, upper bounds)

Hyperparameter tuning
-GridSearchCV tests different
numbers of components
-Optimal number of components
selected for minimal MSE

Figure 2. Illustration of the PLS workflow.

3. Results and Discussion

Figure 3 shows the Fe content of the engine oil samples as a function of the mileage.
It is well visible that Fe increases over the mileage of the oil samples as engine wear
propagates. However, no clear trend is observable between Fe and mileage, since engine
wear is influenced by several parameters, so a simple linear regression is not suitable for
prediction. As petrol and diesel populations are shown separately, it is also visible that
diesel engines tend to produce higher Fe content compared to petrol engines. This is usually
associated with the higher soot loading in diesel engines [5,54].
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Figure 3. Iron content of the used engine oils determined by ICP-OES. Petrol and diesel populations
are shown separately.

3.1. Petrol Used Oil Samples—Petrol Model

Initially, PLS was attempted on the petrol oil samples only, as data availability is better
for this population (64 observations).

Figure 4 summarizes the key parameters of the petrol model. Part (a) presents the
results of the hyperparameter tuning, showing the RMSE as a function of the number of
components. The optimal model complexity was determined by minimizing the RMSE,
thereby balancing underfitting and overfitting. In the present case, 18 components were
selected, resulting in a RMSE of 5.02 ppm, corresponding to approximately 10% of the iron
concentration range investigated.

(b) Explained variance ratio petrol samples
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Figure 4. (a): Hyperparameter tuning of the petrol model—RMSE as a function of number of
components. (b): Explained X and y variance ratios by the components of the final petrol model.

Panel (b) shows the explained variance ratios for both X and y. It should be noted that
PLS maximizes the covariance between predictor and response variables rather than the
variance in X alone. The first two components account for the majority of the explained
variance in both X (94.4%) and y (82.4%) and were therefore considered sufficient for
interpretation of the model loadings. However, it is also noted that component 5 shows a
slightly elevated explained variance ratio.

Figure 5a illustrates the predictive performance of the PLS model by comparing
measured Fe concentrations (ICP-OES) with the median predictions obtained from
1000 bootstrap iterations. The error bars represent 90% confidence intervals derived from
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(a) Actual-vs-predicted petrol samples

60

the bootstrap distributions. As each iteration involves a new randomized train-test split,
individual samples may be included in either the training or test set across different runs.
Accordingly, the reported confidence intervals reflect model stability under resampling
rather than analytical measurement uncertainty.

(b) Resiudals petrol samples
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Figure 5. (a): Actual vs. median predicted Fe values of the petrol model. The green dashed
line represents the linear regression fit. Error bars indicate 90% confidence intervals based on
1000 bootstrap iterations. (b): Residuals of the petrol model based on the median prediction from
1000 bootstrap iterations. The red line indicates zero residuals.

Overall, the model exhibits strong predictive performance within the investigated
concentration range. Linear regression between measured and predicted values yields a
slope of 0.97, indicating minimal systematic bias, and a coefficient of determination (R?) of
0.97, confirming low residual error. The mean prediction error is approximately 5.0 ppm,
while deviations exceeding 10 ppm occur in only two out of 28 evaluations. These results
demonstrate that iron content—and thus a key indicator of tribological performance—can
be reliably estimated from FT-IR spectra. Figure 5b shows the residuals of the petrol
model test set. Residuals are distributed approximately symmetrically around zero, and
no pronounced concentration-dependent trend is observed across the investigated Fe
concentration range. Furthermore, the residual spread does not increase substantially at
higher predicted Fe contents, indicating stable predictive performance over the investigated
range. These findings provide additional evidence that the model does not exhibit obvious
systematic bias or overfitting.

Figure 6 presents the X-loadings of components 1 and 2. As the response variable
(Fe concentration) is univariate, the corresponding y-loadings provide limited additional
insight and are therefore not shown. Instead, the X-loadings are used to identify the spectral
features contributing to the model. For reference, characteristic FI-IR evaluation regions
are indicated, including water, soot, diesel and gasoline, as well as oxidation, nitration,
phenolic and aminic antioxidants, and ZDDP-related signals. Spectral gaps correspond to
excluded hydrocarbon absorption regions (see Table 2 for evaluation details).
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Figure 6. X-loadings of the petrol model (the x-axis is displayed on a base 2 logarithmic scale).
Relevant spectral regions highlighted based on Table 2.

Component 1 exhibits broadly uniform and elevated contributions across the entire
wavenumber range, which is characteristic of soot-related baseline absorption. This charac-
teristic “baseline shift” emerges from the soot particles, as they are absorbing across the
whole wavenumber-range. The reason for the standard evaluation at 2000 cem ! [43] is
simply the absence of other dominant spectral features in this region.

In contrast, component 2 highlights distinct spectral regions associated with lubricant
degradation processes. The large contributions of degradation product accumulation, most
notably oxidation and nitration, are well visible. Additionally, additive depletion, namely
phenolic and aminic antioxidants as well as ZDDP antiwear, also contribute strongly to
the model. In general, component 2 depicts the typical chemical changes associated with
thermo-oxidative oil degradation.

These results indicate that the PLS model captures the key physicochemical infor-
mation governing oil degradation. A key advantage of this approach is that the overall
lubricant condition can be represented by a single predicted variable, thereby avoiding the
need for separate evaluation of multiple individual degradation parameters, hence greatly
reducing the time and effort of the interpretation.

3.2. All Used Oil Samples—Mixed Model

Subsequently, PLS was also attempted on the whole oil sample dataset. Here the
64 petrol and 12 diesel observations were handled together, resulting in a mixed model.

The parameters of the mixed model are shown in Figure 7a and b, respectively. The
hyperparameter tuning (a) indicated a minimal RMSE of 4.59 ppm at 15 components. The
explained variance ratio of the corresponding model is shown in Figure 7b, where the
first two components explain 95.2% of the X and 69.4% of the y variance. Compared to
the petrol model, the number of components and explained X variance ratios are similar,
but the explained y variance ratio decreased considerably from 82.4% once the diesel
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used oil samples are also included. This indicates that the mixed model was less able to
capture the underlying tribochemical processes. Additionally, the explained y variance
ratio contribution of component 5 is high at 23.7%, indicating that this latent variable carries
an elevated weight when diesel used oils are also included in the data.

(b) Explained variance ratio all samples
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Figure 7. (a): Hyperparameter tuning of the mixed model—RMSE as a function of number of
components. (b): Explained X and y variance ratios by the components of the final mixed model.

Figure 8a evaluates the predictive performance of the mixed PLS model, with petrol
and diesel samples in the test set highlighted separately. Overall, the mixed model per-
forms worse than the petrol-only model. A linear regression based on the petrol samples
alone already shows increased systematic bias (slope = 0.91) and reduced goodness of fit
(R? = 0.91), indicating a deterioration in predictive accuracy.
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Figure 8. (a): Actual vs. median predicted Fe values of the mixed model. The blue dashed line repre-
sents the linear regression fit. Error bars indicate 90% confidence intervals based on 1000 bootstrap
iterations. (b): Residuals of the mixed model based on the median prediction from 1000 bootstrap
iterations. The red lines indicate zero residuals.

The diesel samples deviate markedly from the regression line, particularly at higher
Fe concentrations. In addition, substantially broader confidence intervals are observed
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X-Loadings all samples

(up to 25 ppm and 48 ppm), reflecting increased prediction uncertainty. Additionally,
one fresh oil sample exhibited suboptimal predictive performance, resulting in a negative
predicted Fe value. The residual analysis presented in Figure 8b revealed that the residuals
of most petrol observations are distributed closely around zero without a pronounced
concentration-dependent trend. One fresh oil sample exhibited a comparatively large
residual of approximately 19 ppm and a diesel sample 27 ppm, highlighting the general
instability of the prediction for the diesel population and the general limitations of the
mixed model.

These results indicate reduced model stability and suggest that the PLS model is
unable to consistently capture degradation patterns when both fuel types are combined.
This behaviour is partly attributable to the smaller number of diesel observations; however,
it is primarily driven by fundamental differences in degradation mechanisms. Petrol
engine oils are typically dominated by oxidative degradation, nitration, and additive
depletion under relatively lower air—fuel ratios [2,63,69]. In contrast, diesel engines exhibit
limited fuel evaporation due to the higher boiling range of diesel fuel, leading to poorer
mixture homogeneity and increased soot formation [2]. Previous field studies attributed
higher importance to soot-based diesel-typical wear compared to oxidation-based petrol-
typical processes [2,5], where it was also shown that wear returns to levels comparable to
fresh oils once soot is removed by ultracentrifugation [5]. These fundamental differences
in tribochemical pathways explain the reduced performance of the mixed model and
highlight that a single global PLS model is insufficient to describe both petrol and diesel oil
degradation within a unified latent variable framework.

Figure 9 displays the X-loadings of component 1 and 2 for the mixed model, where
similar considerations to the petrol model can be made. Component 1 is mostly capturing
soot (baseline shift); component 2 contains the typical oxidative degradation indicators
such as oxidation, nitration and additive depletion markers (antioxidant and antiwear
additives). In this regard, the mixed model is similar to the petrol version.
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Figure 9. X-loadings of the mixed model (the x-axis is displayed on a base 2 logarithmic scale).
Relevant spectral regions highlighted based on Table 2.
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Figure 10 additionally shows the X-loadings of component 5 due to its relatively high
explained y variance ratio. This phenomenon was also visible in the petrol only model to
a lesser extent (see Figure 4). Here, strong contributions of the gasoline- and diesel fuel-
related regions are visible, indicating that this component could be sensitive to fuel dilution,
hence the elevated weighting once both petrol and diesel engine oils are considered. The
need for higher-order components to adequately cover the y-variance reflects additional
variance introduced by diesel samples, which contributes to reduced model interpretability
and stability. Hence, the mixed model displayed overall inferior predictive performance
compared to the petrol model, indicating that different tribochemical processes are hard to
assess by a single PLS model. An accurate diesel model could very likely be constructed if
a suitable dataset were available.
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Figure 10. Further X-loadings of the mixed model (the x-axis is displayed on a base 2 logarithmic
scale). Relevant spectral regions highlighted based on Table 2.

4. Conclusions and Outlook

PLS regression was applied to FT-IR spectra of 64 petrol and 12 diesel used oil samples
to model Fe content as a wear indicator determined by ICP-OES. The petrol-only model
demonstrated good predictive performance with a RMSE of 5.02 ppm and an R? value
of 0.97. Analysis of the X-loadings indicated that soot-related spectral features, oxidative
degradation, and additive depletion are the dominant contributors associated with wear
prediction. This highlights that cost-efficient analytical techniques such as FT-IR can be
effectively combined with accessible data-driven methods such as PLS to enable rapid
assessment of wear behaviour in internal combustion engines.

When both petrol and diesel samples were included, predictive performance decreased
considerably. In particular, predictions for diesel samples became unreliable, with con-
fidence intervals reaching up to approximately 50 ppm. This indicates a fundamental
limitation of the approach: while similar spectral features are present, the relationship
between these features and wear differs between petrol and diesel systems. As a result,
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a single mixed model cannot adequately capture the underlying tribochemical processes.
Still, the development of a diesel-specific model seems feasible, where the only real limita-
tion is the data availability. Accordingly, further diesel-field studies should be conducted,
especially focusing on heavy-duty applications, to derive the necessary spectroscopic and
elemental composition results.

These findings suggest that tribological modelling using spectroscopic data—although
applicable for various oil chemistries—must remain fuel-specific. With the anticipated
introduction of alternative, carbon-neutral fuels such as hydrogen, ammonia, and methanol,
this distinction is expected to become even more critical, and the development of specific
models for each fuel type and application is expected. As wear is influenced by several
parameters, most notably additive depletion and degradation products which arise from
lubricant—fuel interactions, capturing every aspect for every possible combination of fuels
and lubricant formulations seems overly complex. This, however, is not a major technical
challenge. FT-IR is commonly available and cost-efficient; hence, it is one of the most
applied oil condition monitoring methods. Since the involved calculations of model
training are not resource-intensive and can be performed on free, open-source software
just as in this case, any operator could easily fit equipment and fuel-specific models once
around 50 oil samples are collected in the course of routine oil condition monitoring. Also,
retraining the models once more data becomes available is similarly rapid and can be done
under an hour on any modern office computer.

Nevertheless, data-driven approaches can significantly enhance condition monitoring,
since they offer considerable advantages in analysis time and cost. The presented approach
can return an estimated Fe content within a few minutes without requiring sample di-
gestion, calibration standards or elemental analysis, as both the FT-IR measurement and
the calculations are very rapid. Meanwhile, elemental analysis would take from several
hours to days depending on equipment availability. A further benefit is the prevalence of
mobile FT-IR spectrometer which can be used in the field without any external infrastruc-
ture, hence enabling operators to carry out a quick assessment on wear levels in various
environments directly next to the equipment during routine checks. A possible approach
for fleet operators would be the implementation of a quick regular oil level check combined
with a mobile FT-IR measurement to flag potentially problematic lubricant conditions—not
only considering wear but also other commonly calculated parameters such as oxidation,
viscosity and TBN as well. This would enhance the robustness of vehicle and equipment
operation as problems would be highlighted early, and corrective maintenance action could
be taken before major engine damage occurs. For large engines and stationary applications,
the integration of a FT-IR sensor into the oil circuit is also a possible approach. This would
enable constant monitoring of the oil condition and, coupled with advanced data-driven ap-
proaches, could optimize maintenance planning by a great extent. However, the complexity
and cost of this approach are only justifiable for industrial machinery.

With larger and more diverse datasets, future studies could additionally evaluate
nonlinear and ensemble machine learning approaches and extend the modelling strategy
to further wear metals and various other lubricant parameters; however, rigorous cross-
validation and external validation would be required to determine whether their increased
complexity provides a genuine advantage over the interpretable PLS approach.
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Abbreviations

The following abbreviations are used in this manuscript:

AN Acid number

AO Antioxidant

ASTM ASTM International

ATR Attenuated total reflectance

BEV Battery electric vehicle

ca Compression ignition

DIN Deutsches Institut fiir Normung

Fe Iron

FT-IR Fourier-transform infrared spectroscopy
HEV Hybrid electric vehicle

ICE Internal combustion engine

ICP-MS Inductively coupled plasma mass spectrometry
ICP-OES Inductively coupled plasma optical emission spectroscopy
MS Mass spectrometry

MSE Mean squared error

PCA Principal component analysis

PHEV Plug-in hybrid electric vehicle

PLS or PLSR  Partial least squares

RIC Radio isotope concentration

RMSE Root mean squared error

SAE Society of Automotive Engineers

SI Spark ignition

TAN Total acid number

TBN Total base number

UV-Vis Ultraviolet-visible spectroscopy

XRF X-ray fluorescence

ZnSe Zinc selenide

ZDDP Zinc dialkyldithiophosphate
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