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ABSTRACT

Antiwear additives formulated for space lubricants are
required to withstand the severe sliding conditions of
mechanisms in lunar machinery. To determine the
appropriate design of antiwear additives for space
lubricants, the anti-evaporation and antiwear
performance of sample oils containing antiwear additives
with phosphorus and/or sulfur were evaluated. The
results were then analysed using machine learning.
Experimental and analytical investigations revealed that
the approoriate chemical design for additives is
phosphate compounds containing hydroxyl groups. The
phosphate exhibits reactivity on the steel surface without
undergoing hydrolysis, due to the presence of hydroxyl
groups, which is suitable under vacuum conditions where
only trace amounts of moisture are present.

1 INTRODUCTION

The driving mechanisms for equipment and facilities
used for lunar explorations, such as lunar rovers,
construction equipment and propellant production plants,
are expected to be larger in scale and operate at higher
speeds to support human lunar activities. For example, a
pressurised lunar rover that astronauts can board without
wearing spacesuits, capable of travelling 10,000 km and
operating for a decade, is under development [1, 2]. Due
to the high transportation costs to the Moon, these
mechanisms must be compact, lightweight, and have a
longer service life. The sliding load in these mechanisms
is high because substantial weight, even under lunar
gravity, is supported by small sliding parts. Therefore,
lubrication technology must be established to enable
human activities on the Moon.

Mechanisms such as attitude control systems and drive
units for observation sensors in Earth-orbit satellites are
lubricated using trace amounts of low-vapour-pressure
lubricants, including multi-alkylated cyclopentane
(MAC) [3-8] and perfluoropolyether (PFPE) [6-8]. These
lubrication methods offer sufficient performance for
driving in a microgravity environment, with the
advantages of reduced contamination by evaporation and
lower viscous resistance. However, these lubrication
methods are inadequate for ensuring a long service life
and withstanding severe sliding conditions in lunar
machinery, due to increased wear from higher sliding
loads, limited cooling capacity for dissipating frictional

heat, and challenges associated with a long service life
due to a limited oil supply.

The lunar roving vehicle (LRV) in the Apollo program
used oil immersion lubrication with fluorinated oil for
harmonic gears of the driving mechanism [9, 10].
However, the driving distance of the LRV was 40 km,
and the duration of operation was a few hours.
Lubrication technologies with higher performance are
essential for achieving longer service life and larger
equipment in future machinery used for lunar
development.

Therefore, this study aims to develop a new lubrication
method that utilises a large volume of oil containing
antiwear additives under immersion conditions within
sealed driving mechanisms. The large amount of oil is
essential for a long service life and high cooling
performance. The antiwear additives enhanced this
performance through the tribochemical reactions.
Lubricants for automobiles and machinery are typically
formulated with antiwear additives containing phosphate
[11-13], organic sulfur compounds [14, 15] and/or
thiophosphate [16-18]. These additives reduce wear by
forming a tribofilm on the sliding surface, which protects
the sliding parts from wear. Numerous studies reported
that these tribofilms contain phosphate, sulfide and/or
sulfate formed through adsorption and tribochemical
reactions at the sliding surface. However, the behaviours
and functions of these additives under vacuum conditions
remain unclear. The influence of atmospheric
components, such as oxygen and moisture, on the
tribochemical functions of antiwear additives has been
investigated in studies using degassed oils [19], inert gas
environments [20-22] and atmosphere controlled oxygen
and/or moisture [15, 23, 24]. Another study has also
suggested that the antiwear function is affected by the
exposure frequency of fresh steel surfaces, caused by the
wear of surface iron oxide layers [25].

As the influence of atmospheric composition on the
function of antiwear additives has been inferred from the
aforementioned literature, it is essential to design
additives that are chemically appropriate for use in
vacuum conditions. However, there is limited research on
the antiwear performance and tribochemical behaviour of
antiwear additives containing phosphorus and sulfur. In
particular, the antiwear performance of phosphate may be
influenced by the presence of trace amounts of moisture
in vacuum conditions, as phosphate has been reported to



react with steel surfaces through a hydrolysis reaction.
Therefore, in this study, the antiwear performance of
additives containing phosphorus and/or sulfur was
evaluated using ball-on-disk tests in both air and vacuum
environments. To identify the optimal chemical design of
antiwear additives for space applications, machine
learning (ML) models employing a deep neural network
(DNN) were developed to predict the wear volume of
each antiwear additive based on its molecular structure.
The DNN model was then analysed using explainable
artificial intelligence (XAI) to determine the chemical
structure in additives likely to affect the wear amount.
Additionally, surface analyses were conducted using
microscopy and the electron probe microanalyser
(EPMA) to investigate the formation state and the
chemical compositions of tribofilms formed on the wear
tracks. The surface chemical analysis results verified the
tribochemical validity of the analyses by XAl

2 CONCEPT OF MACHINE LEARNING
UTILISATION

In this study, machine learning was employed to derive
chemical design guidelines for space lubricant additives.
Machine learning is frequently used to predict lubricant
performance from extensive experimental data obtained
through sliding tests and surface analyses [26-29].
However, previous reports on antiwear additive
performance in a vacuum are scarce, and the number of
feasible sliding tests in our study was limited. To address
this, we developed an analytical method to construct
numerous specialised machine learning models, each
tailored to predict specific sliding test data.

Furthermore, we applied quantitative Structure—Property
Relationships (QSPR) to antiwear performance, using
deep learning to establish a quantitative link between
chemical structure and physical properties. The
Quantitative  Structure  Tribo-ability = Relationship
(QSTR), which utilizes QSPR with newural network to
predict lubricant performance, has been proposed [29],
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and in this study, we attempted to combine this method
with XAL

We believe this approach allowed us to understand the
complex and nonlinear tribochemical phenomenon
involved, which would supply the appropriate chemical
design of additive for space lubricants.

3  EXPERIMENT
3.1 Sample oils

Fig. 1 displays the prepared antiwear additive samples.
These included “P-type” (phosphate and phosphite), “S-
type” (organic sulfur compounds) and “SP-type”
(thiophosphate). Samples were specifically chosen to
vary in ester structure (for phosphates), and in
saturated/unsaturated and aromatic/aliphatic structures
within their hydrocarbon groups. Each additive was
dissolved in poly-a-olefin (PAO) base oil to create
sample oils. The concentration was set at either 0.1
mass% P or 0.1 mass% S. The PAO base oil had
viscosities of 17 mm?/s at 40 °C and 4 mm?/s at 100 °C.

3.2 Outgassing tests

Outgassing tests were conducted to evaluate the anti-
evaporation performance of the sample additives.
Approximately 1 g of each sample oil was placed in a
Petri dish (inner diameter 30 mm), then heated to 80 °C
before being loaded into a vacuum chamber. The samples
were held at 10 Pa for 4 hours.

3.3 Ball-on-disk tests

Ball-on-disk sliding tests were conducted to evaluate
antiwear performance under estimated lunar machinery
conditions. These conditions included a maximum
contact pressure of 1.3 GPa, an oil temperature of 80 °C,
and a sliding speed of 0.5 m/s. Stainless steel specimens
were immersed in approximately 60 mL of sample oil for
tests conducted in air and under a vacuum of 10 Pa.

TEHP THPi TBPi
(Tris(2-ethylhexyl) phosphate)  (Trihexyl phosphite) (Tributyl phosphaite)

R: Ciakas
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Figure 1 Antiwear additibes samples



Following the tests, ball wear was caliculated from the
measured ball wear scar diameter with taking into
account the elastic deformation volume of ball.

4  ANALYSES OF MACHINE LEARNING
4.1  Construction of deep learning models (DNN)

Deep learning models were constructed using leave-one-
out cross-validation (LOOCYV) to predict the amount of
wear from molecular information and test conditions. In
this LOOCV approach, models were trained on the
results of all but one sliding test, then used to predict the
wear amount for the left-out test. The explanatory
variables included:

e 112 descriptors about molecular structure and
electronic state obtained from RDKit.

e The plane of best fit (PBF) descriptor, which
characterises molecular three-dimensionality [30].

e Additive evaporation rates determined by outgassing
tests.

e Test conditions, such as atmospheric state and the
phosphorus and sulfur concentrations of the sample
oils.

Feature selection was performed on the 210 RDKit

descriptors. Descriptors with identical values across all

additive molecules were removed. Additionally,
descriptors that, while differing in value, conveyed the

same meaning for the sample additive molecules (e.g.,

both “NHOHCount” and “HDonor” indicating the

number of hydroxy groups for these specific samples)
were also eliminated. The objective variable was the
wear amount obtained from the sliding tests. All
variables were normalised. For variables with negative
values, the minimum was set to -1 and the maximum to

1. For variables with only positive values, fragment-

counting descriptors were normalised by their maximum

value, while other descriptors were normalised using the

Max-Min method (minimum value of 0, maximum value

of 1).

The deep learning models consisted of three layers. The

input layer had 64 nodes with a Rectified Linear Unit

(ReLU) activation function, the output layer had 20

nodes with a sigmoid activation function, and the hidden

layer had 64 nodes with ReLU. Hyperparameters such as
epochs, batch size, and dropout rate were optimised using

Optuna, an optimisation framework. Additionally, six

models were developed with specific epoch, batch size

and dropout rate combinations: (50, 32, 0), (50, 4, 0),

(100, 2, 0), (300, 4, 0), (100, 32, 0), and (300, 32, 0).

Mean Squared Error (MSE) was used as the training loss

function.

Following this procedure, seven deep learning models

were built for each sliding test result, and the model

exhibiting the highest prediction accuracy was selected.

After constructing these models, the correlation

coefficient between the sliding test results and the

predicted values was calculated. Subsequently, models

realizing a correlation coefficient greater than 0.7 were
chosen. Among these, models with larger MSE were
excluded in descending order, prioritising correctly
trained and highly predictive models to ensure the
validity of obtaining chemical structure information for
high performance in vacuum.

4.2  Analyses of deep learning models by the
explainable artificial intelligence (XAI)

Local Interpretable Model-agnostic ~Explanations
(LIME), a local explainable Al technique, was employed
to analyse the deep learning models and determine the
feature contributions of each explanatory variable. LIME
works by generating a local linear regression model for
specific data points. It achieves this by generating
perturbed data in the vicinity of the original data and then
obtaining prediction results from the deep learning model.
The weights of this local linear regression model are then
used to calculate the degree of influence (feature
contribution) that the original data had on the prediction.
From the LIME analysis, we obtained the feature
contributions of the explanatory variables for each deep
learning model. To extract a comprehensive
understanding of all predictions, these feature
contributions were processed using the following
procedure:
First, to enable quantitative comparison of the same
explanatory variables across different machine learning
models, the feature contributions were normalised so that
the sum of their absolute values for each model equalled
1.
Each feature contribution was categorised as either a
“wear increase score” (correlating with increased wear)
or a “wear decrease score” (correlating with reduced
wear). The categorisation method was as follows:
A feature contribution was assigned as a “wear
decrease score” if:
e The numerical value of the explanatory variable was
0, and the feature contribution was positive, OR
e The numerical value of the explanatory variable was
non-zero, and the feature contribution was negative.
Conversely, a feature contribution was assigned as a
“wear increase score” if:
e The numerical value of the explanatory variable was
0, and the feature contribution was negative, OR
e The numerical value of the explanatory variable was
non-zero, and the feature contribution was positive.
Finally, for each feature contribution, we summed the
absolute values of the “wear decrease scores” and the
absolute values of the “wear increase scores”. The
difference between these two sums was then calculated
as the “wear correlation score”. This score quantifies the
degree to which each explanatory variable relates to wear
decrease.
The “wear correlation score” was calculated separately
for tests conducted in air and in a vacuum. This procedure



allowed us to systematically understand the relationship
between the presence or absence of a feature quantity and
the increase or decrease in wear amount. For instance, in
vacuum sliding test results, which meand the numerial
value of the explanatory variable “atmospheric
compositions” was 0, when the feature contribution to
wear amout of this explanatory variable was negative,
atmospheric compositions indicated a correlation with
wear increase, and when the feature contribution to wear
amout of this explanatory variable was positive,
atmospheric compositions indicated a correlation with
wear reduction.

This methodology was crucial for extracting extensive
information from a limited dataset, even when the
explanatory variable’s value was 0.

5  SURFACE ANALYSES

The wear tracks on the disk specimens were observed
using microscopy and analysed by EPMA. This was done
to investigate the formation and chemical composition of
tribofilms, thereby confirming the tribochemical validity
of the machine learning analysis results. The EPMA
analysis was conducted at an acceleration voltage of 10.0
kV and a beam size of 3 um.

6 RESULTS

6.1  Results of experiments

Fig. 2 illustrates the wear amounts from ball-on-disk tests
and additive evaporation rates from outgassing tests. This
figure reveals that the anti-evaporation performance of
some additives, particularly S-type additives, was low.
This is likely due to the easy cleavage of S-S bonds,
which have low bonding energy, suggesting S-type
additives are unsuitable for space applications. Despite
their anti-evaporation performance, antiwear
performance was still observed, indicating that thermal
films formed by absorption likely played a role.
However, antiwear performance in a vacuum was found
to be reduced compared to that in air.
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Figure 2 Wear amount of balls obtained by sliding tests

and evaporation rate obtained by outgassing tests

6.2 Results of DNN models construction and
analyses by XAI

Deep learning models were constructed, excluding the
result for THPi in vacuum, which was identified as an
outlier using the interquartile range method. Fig. 3 shows
the correlation between the wear amount obtained from
sliding tests and the predicted values. Each plot in this
figure represents the prediction from a deep learning
model specifically built for that particular sliding test
result. After excluding models with large MSEs, as per
the procedure, the correlation coefficient improved to
0.95. This result indicates that a QSPR linking additive
molecular information to antiwear performance was
successfully established using deep learning models.
Fig. 4 presents the LIME analysis results of the
constructed deep learning models. This figure displays
the “wear correlation score”, which indicates the degree
of relationship each explanatory variable has to wear
decrease. Specifically, explanatory variables with a
positive score correlate with reduced wear, while those
with a negative score correlate with increased wear.

This figure indicates that the explanatory variables
“atmospheric compositions”, “NHOHCount”,
“fr allylic_oxid”, and “fr_benzene” correlated with wear
decrease. “Atmospheric compositions”, representing the
presence of air, were quantitatively confirmed as the
most influential factor on antiwear performance.
“NHOHCount”, in this study, denotes the number of
hydroxyl groups (as no amine structures were present),
and its positive correlation with wear decrease was
observed. “fr_allylic_oxid” signifies the number of
allylic oxidation sites (carbon atom next to a double
bond), while “fr benzene” represents the number of
benzenes rings. Both of these latter descriptors are
associated with a large number of m electrons in
unsaturated bonds.

Conversely, “P_conc” (phosphorus concentration in
sample oils) and “fr_ester” (number of ester structures)
correlated with wear increase.

1

Results analysed by
preceeding with LIME, .
R2=0.95 o

< X Excluded results

05 |x in preceeding with LIME

Predicted value by machine learning

0 0.5 1
Normalized wear amouts
obtained by sliding tests
Figure 3 Correlation between sliding test results
and predicted value by machine learning



It is important to note that these results represent
quantitative correlations, not causal relationships. The
tribochemically reasonable causal relationships will be
discussed in the “Discussion” section.

6.3  Results of surface analyses

Fig. 5 displays the wear scars and tracks observed by
microscopy. As representative samples, we have
included results for OP (which has a hydroxyl group) and
TCP (which does not), both from the P-type additives.
For OP, there was little difference in the wear track state
between air and vacuum conditions. However, with TCP,
the coverage of black or brown areas—estimated to be
tribofilm formation—was noticeably reduced in a
vacuum compared to in air.

To confirm this estimation, we conducted an EPMA
analysis for TCP, as shown in Fig. 6. This analysis
revealed a reduction in the amount of phosphorus and
oxygen on the wear tracks under vacuum conditions,
which strongly infers a corresponding reduction in
tribofilm formation when in a vacuum environment.

7  DISCUSSIONS

7.1  Interpretation of results obtained from
machine learning

The LIME analysis provided a quantitative relationship
between explanatory variables (such as additive
molecular structure and atmospheric conditions) and the
objective variable (wear amounts). However, this
relationship does not express causality. Therefore, the
validity of any tribochemically reasonable causal
relationship must be confirmed through experimental
data, including sliding tests and surface analyses.

The most influential explanatory variable was
“atmospheric compositions”, which makes sense given
the role of oxygen and moisture. Oxygen has been shown
to protect against wear by forming an oxide layer and
covering fresh surfaces, as demonstrated in previous
studies using degassed lubricants [19], inert gases [20]
and controlled atmosphere [15]. This protective function
of oxygen in a vacuum was also confirmed in our study.
Additionally, the role of moisture in tribochemical
reactions appeared to be strongly linked to the
“atmospheric compositions” variable and wear amount.
Phosphate antiwear additives are known to react with
steel surfaces through hydrolysis reactions [11],
indicating that moisture is essential for these additives to
function.

This finding aligns well with the strong correlation
between the “NHOHCount” variable and wear reduction.
Phosphates containing hydroxyl groups are known to
react easily with steel surfaces, as these hydroxyl groups
serve as the reactive sites without hydrolysis reactions
[31]. As depicted in Fig. 2, DEHP and OP, which possess
one or two hydroxyl groups, showed a smaller increase
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in wear amount compared to TCP or TEHP, which lack
hydroxyl groups. Furthermore, Fig. 6 illustrates that
tribofilm coverage was reduced in a vacuum for TCP,
despite OP showing little difference in tribofilm
formation between air and vacuum. Considering these
various investigations—including sliding tests, EPMA
analyses, and existing literature—the effectiveness of
atmospheric compositions and the number of hydroxyl
groups has been confirmed.

The correlation observed between the amount of =n
electrons in unsaturated bonds (represented by
“fr allylic oxid” and “fr benzene”) and wear reduction
likely stems from their influence on the exposure
frequency of fresh surfaces. This is because n electrons
are known to react readily with fresh surfaces [32]. The
adsorption of unsaturated bonds or benzenes might
suppress the adsorption of reactive sites such as
phosphate or sulfur on the fresh surfaces, which is a
primary contributor to antiwear performance reduction
and increased wear.

Conversely, both the phosphorus concentration
(“P_conc”) and the number of ester structures
(“fr_ester”) were correlated with increased wear. These
variables appear to be influenced by a single additive,
DTP, which had a phosphorus concentration of 0.05
mass% (unlike others at 0.1 mass% P) and was the only
additive with an ester structure. Fig. 7 shows disk wear
tracks of DTPs and uneven and patchy tribofilm
formation in air were confirmed. In Fig. 2, the wear
amount of DTPs in air tends to be larger than other
samples. While establishing a definitive causal
relationship is challenging, the DTP ’ s chemical
structure may contribute to tribofilm formation state,
antiwear petformance reduction in air and increased wear.
Based on the preceding discussions, the quantitative
correlations derived from LIME were validated by
considering the results of sliding tests, surface analyses,
and previous studies. This confirms the validity of
combining numerous machine learning models with XAl,
a methodology attempted in this study.

Vacuum

DTP with 0.05 mass%P (0.1 mass%S$) o

Figure 7 Wear scars of balls and tracks of disks
in the case of DTP in air and vacuum

7.2  Appropriate chemical design for space
lubricants

Based on experimental and analytical results from
evaluating antiwear additives containing phosphorus
and/or sulfur, phosphate additives with hydroxyl groups
(i.e., mono- or di-ester phosphates) are identified as
appropriate chemical designs for space lubricants.
Mono- or di-ester phosphates appear well-suited to these
environments, as their hydroxyl groups can react directly
with the steel surface, potentially without requiring
hydrolysis.

Additionally, this study revealed the characteristics of S-
type antiwear additives. The “atmospheric compositions”
variable had a strongest correlation with wear reduction,
which inferred that oxygen functions were important in
terms of protecting highly frequent exposure of the fresh
surface in a vacuum. Considering from the Hard and Soft
Acids and Bases (HSAB) principle [33], the fresh surface
as the soft acid is easy reactive with S-type additives as
the soft base. This means that the S-type additives
seemed to be appropriate for use in a vacuum with a trace
amount of oxygen, however, the S-type additives were
confirmed low anti-evaporation performance due to the
low binding energy of sulfur containing bonds. Overall
considerations, the phosphate having hydroxyl groups
were suitable for space lubricants.

8 CONCLUSION

In order to realize a new lubrication method utilizing a
large volume of oils formulated antiwear additives for
severe conditions in space applications, this study
evaluated the anti-evaporation and antiwear performance
of sample oils containing phosphorus and/or sulfur-based
antiwear additives to inform the chemical design of space
lubricants. We also utilised machine learning to identify
chemical structures and test conditions that are strongly
correlated with wear reduction. Our methodology
involved building numerous deep learning models, each
specific to individual sliding test results, and then
analysing these models with explainable Al (XAI).
Additionally, microscope observation and chemical
analysis by EPMA for tribofilms on wear tracks were
conducted to validate tribochemical causality of the
correlation obtained by machine learning.

From these experimental and analytical investigations,
the machine learning results were confirmed to have
tribochemically reasonable validity. Furthermore,
phosphate additives with hydroxyl groups were found to
be the appropriate chemical design. These phosphates are
reactive on steel surfaces, even without hydrolysis, due
to their hydroxyl groups, making them suitable for
vacuum environments with trace moisture.



Acknowledgement

This work was supported by JSPS KAKENHI Grant
Number JP24K07297. The authors would like to thank
ENEOS Corporation and ADEKA CORPORATION for
providing base oil and additives.

References

1.

10.

Yokoyama T., Kenmochi N., Matsumoto K., Obara
S.,Sano T., Tada A., Sumiya M., Takahashi N., Oh-
ishi K. (2023) Antiwear and Antiseizure Properties
of Gearbox Lubricants for Human Pressurized Lu-
nar Rovers. 9 International Tribology Conference,
Fukuoka 2023, 30-F-13

Takenaka K., Funabiki K., Okuni K., Hamabe T.,
Niwa K., Tanaka K., Yoshida K. (2025). Develop-
ment and evaluation of high-speed single-wheel
test for lunar exploration rover. Journal of Terrame-
chanics, 119, 101057

Lu R., Nanao H., Kobayashi K., Kubo T., Mori S.
(2010). Effect of Lubricant Additives on Tri-
bochemical Decomposition of Hydrocarbon Oil on
Nascent Steel Surfaces, Journal of the Japan Petro-
leum Institute, 53, (1), 55-60

Masuko M., Iijjima S., Terawak, T., Suzuki A.,
Aoki S.,Nogi T., Obara S. (2013). Effect of Surface
Layer of Steel on the Tribological Characteristics
of Load-bearing Additives for Multiply-Alkylated
Cycropentane Oil under High Vacuum, Tribol Lett
51:115-125

Marchetti M., Jones W. R. Jr., Street K. W,
Wheeler D., Dixon D., Jansen M. J., Kimura H.
(2022). Tribological Performance of Some
Pennzane Based Greases for Vacuum Applications,
NASA/TM-2002-211373

Buttery M. (2010). An Evaluation of Liquid, Solid,
and Grease Lubricants for Space Mechanisms Us-
ing a Spiral Orbit Tribometer, NASA/CP-2010-
216272

William R. J., Agnieszka K. P., Bradley A. S.; Pilar
H.; Mark J., (1999) Evaluation of several space
lubricants using a vacuum four-ball tribometer, Tri-
bology Transactions 42 2 317

Ohno N., Mia S., Morita S., Obara S., (2010). Fric-
tion and Wear Characteristics of Advanced Space
Lubricants, Tribology Transactions, 53, 2

Morea S. F., (1992). The Lunar Roving Vehicle:
Historical perspective, The Second Conference on
Lunar Bases and Space Activities of the 21st Cen-
tury, Volume 2

Jones C. S. Jr., Nola F. J., (1971). Mobility systems
activity for lunar rovers at MSFC, NASA-TM-X-

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

64623

Osei-Agyemang E., Berkebile S., Martini A.
(2017). Decomposition Mechanisms of Anti-wear
Lubricant Additive Tricresyl Phosphate on Iron
Surfaces Using DFT and Atomistic
Thermodynamic Studies, Tribology Letters, 66 48
Barcroft F. T., Daniel S. G. (1965). The Action of
Neutral Organic Phosphates as EP Additives, J.
Basic Eng. Sep, 87(3): 761-767
Takechi-Takahashi N., Matsushima K., Isomura
N., Kosaka S., Tohyama M., Moritani H., Aoyama
T., Sano T., Maegawa S., Itoigawa F. (2022).
Non-destructive depth analysis of acidic
phosphate ester boundary layers by hard X-ray
photoelectron spectroscopy, Journal of Advanced
Mechanical Design, Systems, and Manufacturing,
Vol. 16, No. 3

Najman M.N., Kasrai M., Bancroft G.M., (2003).
X-ray Absorption Spectroscopy and Atomic Force
Microscopy of Films Generated from Organosulfur
Extreme-Pressure (EP) Oil Additives, Tribology
Letters 14 225-235

Sakai T., Murakami T., Yamamoto Y., (2003). Ef-
fect of dissolved oxygen concentration on the lubri-
cating performance of an oil containing an organic
sulphide, Wear, 156 1 175-187

Kim B., Mourhatch R., Aswath P. B., (2010). Prop-
erties of tribofilms formed with ashless dithiophos-
phate and zinc dialkyl dithiophosphate under ex-
treme pressure conditions, Wear 268 579-591

Parsacian P., Ghanbarxadeh A., Eijk M. C. P. V.,
Nedelcu I., Neville A., Morina A. (2017), A new
insight into the interfacial mechanisms of the tri-
bofilm formed by zinc dialkyl dithiophosphate, Ap-
plied Surface Science 403 472-486

Zhang J., Spikes H. (2016). On the Mechanism of
ZDDP Antiwear Film Formation, Tribol Lett 63:24

Toyoguchi M., Takai Y., (1961). The Extreme
Pressure Lubricating Properties of Some Sulfur
Compounds in Mineral Oil and the Effect of Dis-
solved Oxygen, Bulletin of The Japan Petroleum
Institute, 3 63-68

Nemono M., Watanabe S., Kawaguchi K., (1991).
Tribological behavior of contact surfaces under
high-temperature helium gas environment. (1st re-
port. Fretting friction and wear characteristics),
Transactions of the Japan Society of Mechanical
Engineers Series C, 57 536 1652-1357 (in Japa-
nese)

Tomaru M., Hironaka S., Sakurai T., (1977). Ef-
fects of oxygen on the load-carrying action of some
additives, Wear 41 117-140



22.

23.

24,

25.

26.

27.

28.

Hong H., (1992). Effect of dearation and controlled
environment on the performance of lubricants, Tri-
bology Transaction, 35 2 381-385

Appeldoorn J. K., Goldman I. B, Tao F. F., (1969).
Corrosive Wear by Atmosphere Oxygen and Mois-
ture, ASLE Transactions, 12 2 140-150

Fukuda K., Sugiura J., (2013). Influence of Trace
Water in a Hydrogen Environment on the Tribolog-
ical Properties of Pure Iron, Tribology Online, 8 1
22-27

Masuko M., lijima S., Terawaki T., Suzuki A.,
Aoki S., Nogi T., Obara S., (2013). Effect of Sur-
face Layer of Steel on the Tribological Characteris-
tics of Load-bearing Additives for Multiply-Alkyl-
ated Cycropentane Oil under High Vacuum, Tribol-
ogy Letters, 51 115-125

Marian M., Tremmel S., (2021). Current Trends
and Applications of Machine Learning in Tribol-
ogy—A Review, Lubricants, 9 86

Bhaumik S., Pathak S. D., Dey S., Datta S., (2019).
Artificial intelligence based design of multiple fric-
tion modifiers dispersed castor oil and evaluating
its tribological properties, Tribology International,
140 105813

Noma H., Aoki S., Kobayashi K., (2024). Applica-
tion of a neural network model in estimation of fric-
tional features of tribofilms derived from multiple

29.

30.

31.

32.

33.

lubricant additives, Scientific reports, 14 : 11654

Dai K., Gao X., (2013). Estimating antiwear prop-
erties of lubricant additives using a quantitative
structure tribo-ability relationship model with back
propagation neural network, Wear, 306 (1-2) 242-
247

Firth N. C., Brown N., Blagg J., (2012). Plane of
Best Fit: A Novel Method to Characterize the
Three-Dimensionality of Molecules, Journal of
Chemical Information and Modeling, 52 2516-
2525

Ohmori T., Kawamura M., (1989). Adsorption and
Reaction Mechanism of Phosphorus-Type EP Ad-
ditives on Iron Surface (2nd Report) -Effect of Mo-
lecular Structure, Tribologist 35 3 188-194

Shimotomai N., Nanao H., Mori S., (2012). Tri-
bochemical Reaction of Benzene on Nascent Steel
Surface and Effect of Temperature, Tribology
Online, 7 2 54-59

Pearson R. G., Komoroski L., (1993). Chemical
Hardness, STRUCTURE AND BONDING 80
Springer-Verlag





