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Abstract: Regular lubricating oil change in the gearbox is desirable for improving vehicle reliability
and reducing operating costs. To achieve this objective, evaluating the oil change interval is necessary.
However, due to the complex and dynamic properties of oil degradation, oil change interval evalua-
tion has been a bottleneck in practice. Therefore, a solution strategy is proposed in this paper that
utilizes the oil physicochemical properties derived from oil analysis data to determine the optimal oil
change interval. With a large amount of oil analysis data collected, the iron (Fe) debris, kinematic
viscosity (100 ◦C), and total acid number (TAN) are considered to be the oil change indicators of
lubricating oil. By monitoring the changes in the selected oil change indicators, linear regression is
firstly applied to the original oil analysis data to reveal the dynamic degradation process. Then, the
Wiener-based stochastic process is used to describe the first hitting time and the increasing trends of
the selected oil change indicator. Finally, the oil change interval can be obtained under the concept of
the first hitting time. Compared with the planned maintenance time, the proposed method seems
reasonable considering the dynamic property of oil degradation. The effectiveness of the proposed
method is evaluated using a case study with an oil analysis dataset from an E-axle with a two-shift
gearbox. The results show that the oil change interval increased by approximately 10,000 km (50%)
compared with the planned maintenance interval. This will reduce vehicle maintenance time and
save maintenance costs.

Keywords: oil change interval; gearbox; wiener process; oil analysis; condition monitoring

1. Introduction

Lubricating oil is one of the critical parts of the gearbox that has a significant effect
on proper operation. It is used to reduce wear in friction couplings, improve thermal
conduction with housing, and inhibit corrosion, which is critical to gearbox performance
and longevity [1–3]. As the gearbox operates, the lubricating oil degrades with viscosity
change, acidic substances, insoluble deposits, etc. [4–6]. Therefore, lubricating oil must be
changed in a timely manner so that the gearbox (or the vehicle) will operate in a healthy
state for an extended period of time.

Currently, planned maintenance (PM), which is performed based on scheduled in-
tervals, is always used as the criteria to change the lubricating oil to ensure the gearbox
operating status [7]. However, the oil change interval in such applications is usually ob-
served on service time or operating mileage provided by similar equipment or expert
experience [8]. In recent years, many original equipment manufacturers (OEMs) have
tried to achieve long oil change intervals, and the traditional experience-based oil change
interval can no longer meet their pursuits [9,10]. However, many researchers have tried
to improve the tribological properties of the oil by using new base oils and adding new
additives [11]. On the other hand, seriously degraded oil subsequently leads to severe
wear of friction couplings and gearbox failure afterward [12,13]. Therefore, a reasonable
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oil change interval is necessary for protecting the gearbox, saving lubricant resources, and
reducing maintenance costs.

Recently, condition-based maintenance (CBM) has been used in the industry to better
evaluate oil change intervals [14–16]. Oil analysis data have been used to evaluate the
health state of the lubricating oil. Still, to our knowledge, few works have been performed
concerning oil condition monitoring data in gearbox applications. Kumar et al. [17,18] used
various types of online sensors to investigate the effect of misalignment oil degradation as
well as on wear of spur gears, which provide a new direction for oil condition monitoring.
Zheng et al. [19] utilize a stochastic process in processing the oil analysis data from a
mechanical transmission. The maintenance interval is derived by comparing the oil spectral
data with the limit values. Yan et al. [20] proposed a lubricating oil replacement model in a
Markov decision process framework. The optimal maintenance interval is determined by
considering the oil analysis cost, the preventive maintenance cost, and the machine failure
cost. However, these existing studies tried to evaluate the oil change interval from the wear
debris concentration monitoring perspective, instead of from physicochemical properties,
which may lead to an inaccurate result. Therefore, this paper aims to address an oil change
interval evaluation problem for a gearbox with oil physicochemical analysis data.

In this paper, a linear regression analysis of the selected oil analysis data represent-
ing the oil physiochemical properties is firstly employed to fit a regression model. The
regression coefficients or effects are then obtained, as well as the statistical characteristics
of the dataset, namely, the mean value and the standard deviation. Subsequently, a Wiener
process is applied to build the oil degradation model. Finally, the first hit time (FHT) is
obtained by comparing the predicted degradation value with the predefined oil change
threshold concerning oil physiochemical properties. The FHT represents the failure time
whereby the oil cannot fulfill its functions during the gearbox operation. It is of practical
significance for applying PHM in the field of lubricant to model the oil degradation process
and evaluate the oil change interval of lubricating oil with oil analysis data concerning
the oil physicochemical properties and, thus, is the main contribution of this paper. To
illustrate the proposed approach in this paper, a case study is utilized for lubricating oil in
an E-axle with a two-shift gearbox.

The rest of this paper is arranged as follows. Section 2 introduces the origin of the
oil analysis data. In Section 3, linear regression is used for preprocessing the oil analysis
data. Section 4 shows the degradation modeling, and the evaluation result of the oil change
interval is obtained. Section 5 present the results of this work and some future research area.

2. Origin of the Oil Analysis Data

The oil analysis data were derived from 35,000 km of regular oil monitoring for an
E-axle used in a 6 × 4 test truck, in which the oil change interval was predetermined
as 20,000 km. The E-axle combines a two-speed main reducer system with a differential
mechanism and a wheel-side reduction system, which is newly developed for dump trucks,
sprinklers, and sanitation trucks. The oil analysis data were collected from the reliability
road test on a test gourd located in Chongqing, China. The specification and grade of gear
oil were 75W/90 and J2360, respectively, and 19 sets of lubricating oil were obtained during
the whole test. The sampling location was selected in the middle of the oil pan to obtain
representative oil samples, and detailed principles of the sampling and analysis procedures
can be found in [20].

After the road test, the experimental oil analysis data containing physical and chemical
properties were obtained. The oil analysis data of lubricating oil represent the deterioration
of the base oil, the loss of additives, and the oxidation of the oil. In the automotive industry,
the selected oil change indicators for gear oil monitoring are kinematic viscosity at 40 ◦C
and 100 ◦C, total acid number (TAN), N-pentane insoluble, moisture content, Fe debris,
and Cu debris concentrations [21]. The kinematic viscosity represents the load-carrying
capacity of base oil, where the decrease in kinematic viscosity results in a reduction in
the load-carrying capacity. The measurements of TAN represent additives consumption
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and oil oxidation, where the increase in TAN indicates the acid production of oil. The
measurements of the Fe debris concentrations represent the wear of the transmission gear,
the rolling bearing, and the conflux planetary gear train, so the integral wear level for the
E-axle can be obtained by monitoring the contents of Fe. When the E-axle is in operation,
Fe debris spalling from every friction pair is mixed in the oil uniformly, which will lead to
abrasive wear of the E-axle. On the other hand, the Fe debris in the oil will act as catalysts,
accelerating the oil degradation afterward. So, the Fe debris accumulates in the lubricating
oil, and the concentration increases with the E-axel operating, consequently leading to oil
degradation [22]. Thus, in this paper, the kinematic viscosity at 100 ◦C, TAN, and Fe debris
concentrations data were deployed to assess the oil degradation. Figure 1 shows the curves
of the selected oil change indicator. Moreover, Table 1 shows the statistical characteristics,
mean value, and standard deviation of the dataset.
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Figure 1. Curves of the selected oil change indicators.

Table 1. Mean value and standard deviation.

Oil Change Indicator Mean Value µ Standard Deviation σ

kinematic viscosity at 100 ◦C 13.81 0.43
TAN 2.20 0.52

Fe debris concentration 358.42 152.72

3. Regressive Analysis of the Oil Analysis Data

As described by Liu and Makis [23,24], the oil analysis data are usually considered a
time sequence and are modeled as a regressive process given by

y = ϕ(x, β) = E(Y|X = x), (1)

where y is a scalar dependent variable (oil analysis data) and can be denoted by Y, x is
an explanatory variable and can be denoted by X = (X1, X2, . . . , Xk), and the regression
coefficients or effects are denoted as an m-dimensional coefficient vector that is represented
by β = (β1, β2, . . . , βm).

As mentioned above, the oil physicochemical properties from the oil analysis data can
be measured as y and sampled at various moments in a timely manner f j(x). Then, the
relationship between y and f j(x) can be modeled as

y = ∑m
j=1 β j f j(x), (2)

Let m = 2, f1(x) = 1, and f2(x) = x, then, the formulas can be simplified as

y = β1 + β2x, (3)
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where β1 represents the initial oil physicochemical properties; β2 represents the degradation
rate of the oil, specifically, the change rate of the oil analysis data.

For our real oil analysis data, as many researchers have conducted [19,25], the intro-
duced linear regression analysis is used to estimate the effects of parameters, β1, and β2.
Using the above-mentioned oil analysis data, the parameters in the Wiener process-based
degradation mentioned in the next section can then be initialized. The fitting results are
shown in Figures 2–4.
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4. Wiener Process Modeling and Oil Change Interval Evaluation of Oil

Since the degradation parameters are obtained, the degradation model is preferable
for modeling the degradation process of the lubricating oil. Numerically, the selected oil
change indicator is modeled using the Wiener process, the degradation level is compared
with the corresponding threshold, and then the CBM-based oil change interval is obtained.

4.1. The Wiener Process

The lubricating oil starts working in a healthy state and is subject to oil analysis at
regular monitoring times, providing oil degradation characteristics for oil change interval
evaluation. In engineering practice, the Wiener process is extensively used to model
degradation processes because of its clear concept, in which the drifting parameter models
the degradation rate of the concerned system [26]. Therefore, the relationship between the
oil’s physicochemical properties and the oil health state is described by using the Wiener
process with the oil analysis data. In general, the standard Wiener process has the common
properties [12]:

1. X(0) = 0;
2. For 0 < t1 < t2 . . . < tn, X(tn) − X(tn−1 ) of {X(t), t ≥ 0} is a stationary and

independent increment, which can be represented as an independent continuous
random variable;

3. For t > s > 0, the probability distribution function (PDF) of the increment X(t)− X(s)
is a standard Brownian movement that follows N(0, t− s).

Thus, it can be easily obtained that

E[X(t)] = 0(t ≥ 0), (4)

Var
[

X2 (t)
]
= t (t ≥ 0), (5)

As a special application, the statistical differential function (SDF) for the Wiener
process with positive drift has the following form [20]

dY(t) = µ·dt +
σ·dX(t)√

(t)
, (6)

where µ denotes the drift term, σ denotes the diffusion term, dX(t) is the increment of the
Wiener process, and dt is the time increment.

If the Global Lipchitz condition and linear growth are realized on the diffusion term
σ(·) and the drift term µ(·) [27], a unique and continuous strong solution is used such as

E
{∫ T

0
|Xt|2dt

}
< ∞, (7)

On the basis of Itô′s lemma [28], we assumed that Y(t) = log W(t), then

∂Y
∂W

=
1

W
,

∂2Y
∂2W

= − 1
W2 ,

Accordingly

dY =
∂Y
∂W

dw +
1
2

∂2Y
∂2W

(dWt)
2 =

1
W

(µWdt + σWdX) +
1
2

(
− 1

W2

)
σ2W2dt =

(
µ− 1

2
σ2
)

dt + σdX (8)

Therefore

Y(t) = Y(0) +
(

µ− 1
2

σ2
)
(t− t0) + σ[X(t)− X(t0)], (9)
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For the oil analysis data from the used gear oil samples, the degradation process very
closely follows the random walk process. Therefore, the oil analysis data can be modeled
by using the Wiener process.

4.2. Oil Change Interval Evaluation

The predicted values for the oil physicochemical properties of the iron (Fe) debris,
kinematic viscosity (100 ◦C), and total acid number (TAN) are shown in Figures 5–7,
respectively. In these figures, the vertical dotted line at 20,000 km, which was determined by
comparing it with a similar E-axle from competitive manufacturers, indicates the specified
PM maintenance threshold. Furthermore, to compare the performance of the proposed
method, the FHT of the oil physicochemical properties was also marked out according to
the prediction results of the oil analysis data.
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Using the oil change indicator of the existing national standard of china, GB/T 30034-
2013 [18], the FHT of TAN is 30,000 km, which represents the oil change interval under the
CBM concept, as shown in Table 2. Moreover, the oil change thresholds are also listed in
the table to facilitate comparison. Specifically, if either indicator exceeds the predetermined
threshold value, the lubricating oil needs to be replaced. As for the kinematic viscosity and
Fe debris concentration, it is far from reaching its oil change constraints. Consequently,
the oil change interval of the E-axle is 30,000 km. Compared with the previously specified
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PM-based oil change interval (20,000 km), the evaluated CBM-based oil change interval
is extended by 10,000 km. With the extension of the oil change interval, the oil change
frequency is reduced by 50% and, as a result, will effectively reduce the vehicle’s life cycle
costs [29].
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Table 2. Comparison of the PM and proposed CBM-based oil change intervals.

Oil Change Indicator Threshold FHT (1000 km) CBM Interval
(1000 km)

PM Interval
(1000 km)

kinematic viscosity at 100 ◦C +10%–−15% -
30 20TAN ±1 30

Fe debris concentration 2000 mg/kg -

By analysis, the specified PM-based oil change interval is determined based on a
comparison with other similar gearboxes, which cannot accurately consider the otherness
of the oil types, the transmission configuration, the operation conditions, etc. On the other
hand, the evaluated CBM-based oil change interval in the paper considers the individual
difference between the oil-lubricated gearbox and the random influence of the environment,
which helps in improving the estimation accuracy of oil degradation.

Please note that if maintenance actions have not been performed according to the
scheduled maintenance plan, the oil may degrade seriously, and critical failure may occur
in the gearbox.

5. Conclusions

In this study, the Wiener process was introduced to represent the oil degradation
process for evaluating the oil change interval of the gearbox. The oil degradation was repre-
sented by the oil physicochemical properties derived from oil analysis data, specifically, the
iron (Fe) debris concentration, kinematic viscosity (100 ◦C), and total acid number (TAN).
The linear regression analysis was used to preprocess the oil analysis data to estimate the
effects parameter, β1 and β2, of the Wiener process. By doing this, the oil degradation
model was established, and the FHT of the concerned oil change indicators was estimated
to determine the oil change interval. The results show that the evaluated oil change interval
is 10,000 km longer than the PM interval (20,000 km). In other words, the maintenance
frequency was reduced by 50%, which will benefit the OEMs and customers by reducing
vehicles’ life cycle costs.

Compared with the existing PM-based oil change interval, the interval evaluated in this
paper is accurate by considering the actual health state of the lubricating oil, which is useful
not only for accurate oil changes but also for CBM optimization and further cost reduction.
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The main contribution of this paper has not only established a new direction in evaluating
the oil change interval by using oil analysis data but also established opportunities for
maintenance policy optimization for vehicles. There are some possible directions for future
research. Firstly, a degradation modeling method that can fuse multi-group oil analysis
data may have to be used when dealing with more oil-lubricated gearboxes. Secondly, the
relationship between the oil analysis data with the gearbox’s soft and hard failure should be
specifically built. Thirdly, a method to make effective CBM optimization decisions based on
the proposed method should be investigated. Last but not least, case verifications dealing
with other oil failure modes should be carried out.
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