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Abstract. Intelligent lubricating oil analysis is a procedure in condition-
based maintenance (CBM) of diesel vehicle fleets. Together with diag-
nostic and failure prediction processes, it composes a data-driven vehicle
maintenance structure that helps a fleet manager making decisions on
a particular breakdown. The monitoring or control of lubricating oils in
diesel engines can be carried out in different ways and following different
methodologies. However, the list of studies related to automatic lubricant
analysis as methods for determining the degradation rate of automotive
diesel engines is short. In this paper we present an intelligent data anal-
ysis from 5 different vehicles to evaluate whether the variables collected
make it possible to determine the operating condition of lubricants. The
results presented show that the selected variables have the potential to
determine the operating condition, and that they are highly related with
the lubricant condition. We also evaluate the inclusion of new variables
engineered from raw data for a better determination of the operating con-
dition. One of such variables is the kinematic viscosity which we show to
have a relevant role in characterizing the lubricant condition. Moreover,
3 of the 4 variables that explaining 90% of the variance in the original
data resulted from our feature engineering.

Keywords: Condition-Based Maintenance (CBM) · Lubricating Oils ·
Diesel Vehicle · Intelligent Data Analysis.

1 Introduction

Fleets of vehicles are critical elements for the operations of companies acting in
the transportation sector. Thus, identifying vehicles breakdown signatures and
building models to predict them before they occur is of major importance and
has been an object of study for practitioners involved in the maintenance area [8].
Based on maintenance techniques and methodologies used in failure prediction,
modern industries are increasingly using lube oil testing as a crucial factor in
maintaining the condition of vehicles. In recent years, efforts have been invested
in the development and research of diagnostic and failure prediction systems
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based on lubricant testing, with the aim of providing early warning of machine
failure and to extend the operational life of lubricating oil, avoiding unneces-
sary oil change costs, waste, or environmental pollution [14] [3]. Following this
growing body of research in the maintenance field, with a focus on diesel engine
lubricants, we developed a series of analysis on data acquired from five vehicles
used in passenger transportation of different brands and models to determine
performance patterns of these variables, identify anomalies in vehicle behavior
and showing that the selected parameters can be used to develop a failure pre-
diction model for vehicle lubrication systems. The paper is subdivided into four
sections. Section two is dedicated to a literature survey, in the third section there
is an evaluation and modeling of the lubricant data from the vehicles and finally
the fourth section contains results and discussion.

2 Literature Review

Condition-Based Maintenance (CBM) is a strategy that monitors the current
condition of an asset, helping to decide when a given maintenance operation is
required, considering the evolution pattern of certain indicators. Checking these
indicators on a machine can include non-intrusive measurements for example:
visual inspection, analysis at performance data of the vehicles, and scheduled
tests like temperature and vibration analysis [13]. Condition data can be col-
lected at certain intervals or continuously (embedded internal sensors). Some
studies present maintenance decision guidelines for improving CBM using de-
tailed analysis of used oil data as a source of information to determine whether
the fluid in the system is healthy and suitable for further service, in addition
to observing the condition of the equipment through this analysis. Case stud-
ies present models for monitoring the condition of diesel engine oil in urban
buses, which, by monitoring the evolution of its degradation, aim to implement
a predictive maintenance policy or a CBM [8]. Based on lubrication condition
monitoring (LCM), the intervals for oil replacement can be increased, which
directly implies an increase in availability and a reduction in the costs associ-
ated with maintenance [8]. [14] presents a detailed approach to recent research
trends in the development of LCM-based approaches applied for maintenance
decision support and applications in equipment diagnosis and prognosis. This
study reviews and classifies LCM tests and parameters into several categories,
which include physicochemical, elemental, contamination, and additive analy-
ses. These studies show that building data-driven models accurately identify the
state of wear and tear in a component or system, and make the condition-based
maintenance methodology more effective and reliable. Furthermore the study
of lubricants can determine the rate of equipment degradation, and the results
of lubricant analysis to determine the behavior of wear levels as a function of
operating time and operating typology are important tools for developing a pre-
dictive maintenance methodology [8]. [6] presents the physicochemical tests in
the analysis of oils that are used for the evaluation of their condition and re-
ports that the interpretation of waste oil analysis is very complex because the
individual analyses are interdependent. For this reason it is necessary to know
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the whole oil analysis and make conclusions based on results of individual anal-
yses. According to [3], the analysis of oil aging or degradation have continually
evolved to provide a more accurate diagnosis of the remaining life of lubricants
or any latent or impending failure in the equipment or processes in which they
are being used. To analyze lubricating oils, it is necessary to collect samples dur-
ing and after operation, and to take into consideration the parameters that will
determine the quality of the lubricant and the condition of the equipment [11].
According to [5], the main parameters related to oil degradation are: oxidation,
nitration, viscosity, depletion of antioxidant additives, anti-wear, TAN, TBN
and RUL. Another important parameter besides those mentioned above is the
so-called Oil Stress Factor, which has been used as an estimator of the potential
stress suffered by the oil and allows some correlation with its possible degrada-
tion, considering the relationship between the specific power per displacement,
the oil change period and the oil sump volume [5]. Another important variable
is the oil viscosity considering perfect operating conditions which represents the
fluidity of the oil at given temperature. In this sense the more viscous oils are
thicker, while the less viscous ones are more fluid. [12] explains that the influence
of operating conditions on the wear of both the equipment and the lubricants
occurs because, due to many short trips and including a cold start, automotive
engines often run without reaching their nominal temperature. The relationship
between oil temperature and viscosity is known to have a strong effect on en-
gine friction. The Oil stress factor (OSF) is a method for quantifying the stress
under which engine oil is placed and allows for the prediction of oil degradation
as a function of engine conditions. For this study, 2 different ways will be used
to determine OSF to verify the relationship between them and determine the
most appropriate for the problem at hand: Oil z: described in [7] and OSFv3
described in [2] According to [1], in the maintenance of internal combustion en-
gines, different lubricant analysis techniques are used to determine the condition
of the oil and the system. A rapid method of analysing the condition of the
lubricant is the so-called oil slick test, which allow to estimate the degradation
of the lubricant and the presence of contaminants and it was used in this study
to provide the prediction model labels. Figure 1 presents an example of an oil
slick test. The central zone of the spot is identified, characterized by its dark
and uniform intensity, and the intermediate or diffusion zone of the slick that
indicates the degree of dispersion of the carbon particles and presence of con-
taminants. With these parameters defined, information about the dispersion and
detergency conditions of a lubricant can be obtained by making an oil stain on
filter paper. After applying the oil drop to the test paper, it is possible to see an
image with up to 4 circles based on the chromatographic effect. Although the
slick test provides results on a scale of 0 to 9 for solid particle contamination
and for condition. We convert this scale to a binary problem: 0 indicates that
the oil is good for operating conditions, and 1 indicates that the oil is not good
for operating conditions.
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Fig. 1: Example of an oil slick text

3 Data Analysis

The five vehicles considered in this study have a set of sensors which combined
with an acquisition hardware, developed by Stratio Automotive [9], were used
to collect the required data. The collected variables are: Engine Oil Tempera-
ture (°C), Coolant Temperature (°C), Engine Oil Pressure (mbar), Vehicle speed
(km/h) and Engine speed (rpm). Missing value analysis helps to address several
concerns caused by incomplete data, since they can lead to misleading interpre-
tations. A descriptive analysis was initially performed on the collected variables
to check the percentage of missing values and we observed a negligible percentage
(inferior to 5%).

A visual analysis of the variables behaviour allowed to determine that the
behavior of the variables was similar among the selected cars despite being of
different brands, models and years of manufacture (see Fig. 2). From the analysis

Fig. 2: A histogram grouped into frequency of values

of the histograms it can be seen that the data is asymmetrical. The asymmetry
indicates that the data may not be normally distributed, but indicates the range
of values at which these parameters work most of the time and confirms the
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limits and optimal operating values. To Confirm confirm whether there was a
strong or weak relationship between the distribution of values over the months
and the vehicles, we applied use the Kolmogorov-Smirnov test (K-S test). This
test confirmed that there is no plausible difference in the data distribution to
creating a failures alerts.

Principal Component Analysis (PCA) is a mathematical procedure for con-
verting a set of observations of possibly correlated variables into a set of values
of linearly uncorrelated variables called principal components[10]. The Fig. 3
show the PCA analysis from the one vehicle data and determine the lubricant’s
operating condition(0) or not(1) based on the two most important variables
identified (Engine oil temperature x kinematic viscosity). From the analysis of

(a) PCA analysis for two principal compo-
nents

(b) the cumulative explained vari-
ance ratio as a function of the num-
ber of components

Fig. 3: PCA Analysis

the Fig. 3 (a), we can identifier clear zones of differentiation between labels 0
and 1, it is possible to visualize in the zone between -4 and -2 of the x-axis
the non-operational condition of the lubricant. However, attention should be
paid to overlapping zones when developing future models. It is worth noting
that the PCA analysis was performed for all vehicles and the results were cross-
sectional, with no plausible distinction between models and brands that would
justify changing the variables. Another important point that is drawn from the
PCA analysis is the cumulative variance of the parameters, which determines
the loss of information with the simplification of variables. According to Fig. 3
(b), the blue bars show the percent variance explained by each principal compo-
nent and the red line shows the cumulative sum. From the graph, we can read
the percentage of the variance in the data explained as we add the principal
components. So the first principal component explains 35% of the variance in
the data set, the first 2 principal components explain 63%, and so on. This chart
shows that we need only 4 (Engine oil temperature, kinematic viscosity, dynamic
viscosity and Oil z) of the 9 principal components to explain 90% of the variance
in the original data. A correlation analysis was performed to better understand
the relationships among variables. In statistics, dependence or association is any
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statistical relationship, causal or otherwise, between two random variables or
bivariate data (see Fig. 4).

(a) Correlation for the lubricant operation
condition (Label 0)

(b) Correlation for the non-operational con-
dition of the lubricant (Label 1)

Fig. 4: Variables Correlation

In this way we can see, when analyzing the correlation graphs of the vari-
ables, several types of relationships, whether they indicate a positive operating
condition or a negative operating condition: 1. Oil z in relation to all the other
variables, has correlation values for label 0, something that is almost not identi-
fied for Label 1. This information determines that the calculated variable oil z is
an important and decisive variable for determining the oil’s non-operating condi-
tion, since it is related to all the variables selected for solving the problem. 2. Oil
pressure in relation to oil and liquid temperature, decreases its correlation value
when it transitions from label 0 to label 1. This information indicates that the
control for the relation of the amount of oil necessary for complete lubrication of
the engine, according to its operating temperature, is no longer fully function-
ing and may not be sufficient. 3. Oil pressure versus engine speed increases its
correlation value when it transitions from label 0 to label 1. This information
determines that the engine needs to rotate faster to try to meet the lubrication
demand. 4. The viscosities in relation to the engine speed decrease their correla-
tion values when transiting from label 0 to label 1. This information determines
that the film required for optimal engine lubrication at that speed is no longer
being achieved. 5. Oil pressure versus viscosities increase their correlation values
when transitioning from label 0 to label 1. This information determines the need
for greater lubricant pressure to meet lubrication needs, since oil degradation
causes it to lose its properties, viscosity being one of the most important oil
properties.

We are also interested in looking into which variables may or may not be
relevant as input to develop a model(see Fig. 5). Thus, we can extract from this
correlation graph that the variables oil temperature and liquid temperature have
a high correlation value with the target, which is identified because the operating
temperatures are directly linked to the calculations made by the Centralina for
the engine’s lubrication needs, and the higher the engine’s operating tempera-
ture, the lower the kinematic viscosity and the worse the oil’s lubrication power.
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Fig. 5: Correlation between the input variables with the output variable.

Another important point to mention is that due to the high temperature rela-
tionship, there is consequently a correlation value of the kinematic and dynamic
viscosity with the target, even if to a lesser extent. These viscosity correlation
values are due to the lubricant properties, and viscosity control is one of the
most important factors in determining the lubricant’s operating condition.

4 Conclusion

An important component of engine maintenance is to establish the most cost-
effective oil change and overhaul intervals in terms of cost, wear, and failure
diagnosis efficiency. From the present study, some conclusions can be drawn and
could be subdivided into: Response time: it is undeniable that lubricant anal-
ysis is of utmost importance to determine the wear of the equipment and present
better thresholds for equipment replacement. Real-time data analysis techniques
are capable of high-throughput analysis with typical analysis times of less than
two minutes compared to laboratory analyses that face both large sample vol-
umes and the constraint of fast turnaround times; Evaluation parameters: It
is common knowledge in the analyses performed, the influence of temperature
on the viscosity of lubricating oils, however as already mentioned in other parts
of this object of study, this despite being an important parameter is not the
only one that should be analyzed, [4] concludes in his study that to obtain a
complete picture of the changes occurring in the oil, it is advisable to interpret
the kinematic viscosity values together with the dynamic viscosity, as well as
the degree of oxidation and acidity; Analysis performed: Through the PCA
analysis, it was confirmed that the selected variables can determine the answer
to the stated problem, but it is necessary to have at least 4 variables so that
the variance of the data is not lost. The kinematic viscosity variable proved to
be preponderant for characterizing the lubricant condition or not, and 3 of the
4 variables that explaining 90% of the variance in the original data were new
calculated variables, proving that necessary calculate other variables based on
the original data to the improvement of the analysis. In addition, the correlation
analysis identified relationships that confirm the theory described in this study
and consequently pave the way for the development of a model for identifying
the operating conditions of lubricants in diesel vehicles.
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