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Abstract

The prediction of remaining useful life is the key to realize the condition-based main-

tenance. However, Existing studies on remaining useful life cannot effectively cope

with the scenarios with extremely high requirement to stability. In this paper, the

conception of anomaly prediction is introduced to solve the problem by expanding

the remaining useful life to healthy stage to describe and predict the equipment con-

dition at this stage. To obtain more reasonable health indicator, inverse number is

firstly introduced into the feature selection. On this basis, a novel method is put for-

ward, which consists of center optimization, boundary adjustment and regressive

analysis, in order to realize the anomaly prediction and fills the gap of the absence

to remaining life research at healthy stage. Two validations are subsequently imple-

mented with the open dataset of XJTU-SY. The experimental results and comparison

analysis demonstrate the feasibility and the superiority of proposed method, respec-

tively. The dissection to the remaining useful life based anomaly prediction indicates

that the related research is essential and of great significant to the condition-based

maintenance.

KEYWORDS:
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1 INTRODUCTION

The development of equipment maintenance method has experienced three main stages so far, including the breakdown mainte-

nance, the time-based preventive maintenance and the condition-based maintenance (CBM), respectively1. CBM, as one of the

predictive maintenance strategy2, is an effective way to the reduction of maintenance cost. The major task for CBM is remaining

useful life (RUL) prediction using data collected during equipment operation, including vibration data, temperature data, load

and speed data, pressure data, etc3. As a key factor to optimize the decision making in CBM strategy, RUL is defined as the

time from current moment to end of life (EoL) moment when the machinery loses its working ability in given condition. The

expression of RUL generally denoted in the form of (1)4:

TRUL = inf(t ∶ x(t + tc) ≥ �|x0∶c), (1)
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where inf(⋅) returns the lower limit value of the variable in the bracket; tc is the time of current moment; x(t+tc) represents the

health state (HS) at the time (t+tc) with the constraint of t≥0; � means the failure threshold which should be described in a form

of the probability distribution and the x0∶c represents the HSs from the time t0 to tc .

For convenient calculation, it could be transformed into a simplified form as follow in many literatures.

TRUL = tEoL − tc , (2)

where tEoL denotes the EoL moment.

According to different emphases and perspectives, the approaches to achieve the RUL prediction can be classified into different

types by various strategies, such as the continuity, mechanism, data source, etc. Intuitively, a typical classification is made

according to the modeling mechanism and method types as shown in Figure 1.

FIGURE 1 Typical classification of RUL methods

This article focuses on the data-driven approach to realize the condition monitoring of mechanical equipment. Thus, the

physics-based approach is not further divided in Figure 1. For data-driven approach, the difference of life-cycle segmentation has

a significant influence on the accuracy of RUL prediction. One of the remarkable examples is the benefit of first predicting time

(FPT) that is generally located at the intersection of different HSs in diminishing the error of the RUL prediction5. Therefore,

this article reclassifies the RUL prediction methods based on the different segmentations to the life-cycle as shown in Figure 2.

The first classification regards the life-cycle as a continuous degradation process with single-stage. Most of the physics-

based models, refers to the mathematical model constructed based on the physical failure mechanism, are generally of this

type. For instance, physical models, utilizing the fatigue degradation mechanism of materials and crack evolution mechanism

to construct the damage propagation and crack size growth model with the increasing of cycles, have been testified in the test

dataset and simulation dataset6,7. Except for the wide application of fatigue damage and crack models, feasibility of the models

from others correlative perspectives has also been verified in degradation tracking, such as contact analysis, stiffness-based

analysis, etc8,9,10. For these models, the FPT lies at the beginning of the lifetime and RUL decreases as time passes, which

demonstrates the effectiveness of physics-based model in describing consecutive degradation in whole lifecycle. However, the

complexity of actual mechanical system and the difficulty of accurate physical modeling restrict its application11. In addition to

physical approach, many statistical-based models were also built without considering the segmentation to life-cycle, including

Bayesian approaches12, Kalman filtering13 and various stochastic processes14,15. The RUL prediction by statistical methods is

a fitting process to the models on the basis of probabilistic method, which makes it possible to analyze the degradation at the

initial stage of lifetime.

The second classification which is also the most common one divides the life-cycle into two phases, the healthy stage and

unhealthy stage, as shown in Figure 2.b4,11. This division based on the assumption that there is no degradation in healthy stage

and the intersection point of the two stages is generally regarded as the FPT. Li et al. applied the exponential model to predict

the RUL in unhealthy stage and made a validation in both simulation data and experiment data16. The comparison to three

stochastic processes algorithms with the improved Kalman particle filtering algorithm has been made to demonstrate the effective
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(a) Single-stage segmentation (b) Two-stage segmentation

(c) Multiple-stage segmentation

FIGURE 2 Typical classification of RUL methods

of degradation description after the healthy status17. Besides, Goode et al. defined the two phases as IP stage and PF stage by

using three key points (the installation point, potential failure point and failure point). Afterward, The Weibull distribution is

fitted by the historical data to realize the RUL prediction18. Except for the statistical models above, artificial intelligence (AI)

approaches are mostly based on the two-stage segmentation in related applications for the rotating equipment. AI approach is

more and more widely applied in RUL prediction with the explosion of AI technology in the past decade, in which artificial

neuron network (ANN) possesses the longest history and most extensive application in this field. Combining vibration data with

ANN was the most common way to trace the degradation in a form of life percentage19,20. Besides, acoustic emission signal is

a promising feature which have obtained an attractive performance21. Except for the traditional ANN, recurrent neural network

(RNN) and long short-term memory (LSTM) neuron network were also widely used in the RUL prediction22,23, because they

are very suitable to dispose the time-series data. Despite experienced a period of silence after support vector machine (SVM)

method rising for its advantage in classification accuracy, neuron network method becomes a hotspot again with the breakthrough

of deep learning. The neuron network method is also very popular in prognostics and health management of equipment. Many

explorations in RUL prediction have been made by correlative methods, such as convolution neural networks (CNN), deep neural

networks, deep belief networks, etc5,24,25,26.

The two-stage segmentation works well for the abnormal status with a single degradation law. However, the law may derivate

as the time increasing and working condition deteriorating. Thus, multiple-stage division was employed to describe this type

of degradation more precision. For example, sutrisno et al. segmented the life-cycle into four portions with an exponential

model27. Cui et al. proposed a switching unscented Kalman filtering method to model and predict the RUL on the basis of three

stages division28. Nie et al. utilized K-means clustering to divide the unhealthy stage into the transition state and the near failure

state29. Liu et al. also segmented the entire life into three HSs and apply the SVM approach to make a RUL prediction30. We

could find that this segmentation has been applied in both the statistical-based methods and AI approaches including unsuper-

vised learning and supervised learning. Furthermore, hybrid or integrated approaches10,11, which are composed by two or more

methods and depicted with the color of orange in Figure 1, have been applied in the RUL prediction by different strategies of

classification17,19,20,31,32.

In summary, a classification has been made to the methods of RUL prediction from the perspective of the segmentation to

life-cycle. The following sections of this article are organized as follows. First of all, the conception and expression of anomaly
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prediction are introduced in Section 2 to describe and predict the equipment condition at healthy stage. In addition, inverse

number is firstly introduced into the feature selection to obtain more reasonable health indicators. Afterwards, we put forward a

novel method to realize the anomaly prediction in Section 3. To testify the feasibility of anomaly prediction and the superiority

of proposed method, two validations to different types of fault data were implemented in Section 4 with discussing and analyzing

to different methods. Finally, we make a summary to the contributions and proposed method of this paper in last portion.

2 THE EXPRESSION AND SIGNIFICANCE OF ANOMALY PREDICTION

With the improvement of equipment on speed and precision, the stability is becoming more and more important. For the devices

that anomalies are not allowed33,34, current RUL prediction methods are no longer applicable. Figure 3 depicts a typical process

of equipment degradation by health indicator HI1, SP, AP, FP are the start point, abnormal point and failure point, respectively,

which segment the whole life cycle into healthy stage and unhealthy stage. If there is a severe restriction on anomalies, as

shown in Figure 3, the whole life cycle of SF segment degenerates to SA segment as the length of AF segment approaches to

0. Accordingly, the threshold of RUL moves forward from the FP to the AP in this situation. To distinguish it from the RUL for

different thresholds, the remaining life at healthy stage is called remaining healthy life and marked as RHL in this paper, which

is expressed as shown in (3).

FIGURE 3 Illustration for the concepts related to RHL

TRHL = inf(t ∶ x(t + tc) ≥  |xt0∶tc), (3)

where  represents the abnormal threshold.

In RUL prediction, a trade-off to features is inevitable for a better depiction to the health condition of whole life cycle. As a

result, the selected HI is always stable at healthy stage, which makes some scholars consider that the RUL prediction of healthy

stage is unrealizable and unnecessary10,11. Is this the truth?

2.1 The necessity of anomaly prediction

In fact, the view of unnecessity is indefensible. Because the RUL research at healthy stage can not only solve the RUL prediction

problem in particular engineering applications which has been elaborated in first beginning of this section, but also has great

significance to the general scene, which will be explained in Section 4.3.3.

In addition, the realization of anomaly prediction has important economic value. As the quantitative assessment and prognostic

to health state at healthy stage have always been a challenge, it was inevitable to choose the time-based preventive maintenance

strategy of regular replacement to the key vulnerable parts in the past. However, the maintenance cost rate of this strategy is
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higher than the condition-based predictive strategy35. Thus, as the key to realize the condition-based maintenance, predictable

anomaly is beneficial for cost-saving.

Considering the anomaly prediction is essentially as the same as the RUL prediction, are their realization the same?

Actually, the realization of anomaly prediction is different from the general RUL prediction. As we known that the prediction

of RUL can utilize the healthy data, abnormal data and failure data. Furthermore, it depends more on the latter two which

are easier to distinguish and predict the state changing. In contrast, only healthy data can be mined for anomaly prediction.

Consequently, the methods applied for RUL prediction may not work well or even invalid in anomaly prediction. Therefore, it

is necessary to explore new solutions to solve the issue of latter one.

The study of anomaly prediction is more likely to obtain an ideal feature to describe the health state at healthy stage. Just

like mentioned ahead, the trade-off to features has always sacrificed the description of healthy stage in RUL issue. For example,

HI1 is a nice choose for RUL in Figure 3. However, it does not describe the condition transformation well at healthy stage.

Fortunately, the trade-off may be unnecessary in anomaly prediction. A new index HI2 can be adopted as the health indicator of

healthy stage as shown in Figure 3.

To summarize, it is necessary to study the anomaly prediction separately.

2.2 Feasibility of anomaly prediction

The conclusion that RUL prediction at healthy stage is unrealizability is also unconvincing as it based on the assumption of no

degradation. However, it does not mean no information is available for RUL. In fact, an inevitable transformation of equipment

condition exits in every stage of lifetime, even though the condition evolution may be at a very slow rate at early stage in

comparation with the latter stages. Since the perfect material with no defection does not exist, the inspection criteria to material

are generally defined as the maximum size of the allowable defection. That means the defects grow and materials deteriorate

with the time during the runtime in micro level. From a macro perspective, the performance of equipment is influenced by the

intricate factors, including the wear, corrosion and deformation of materials, variety of shape and position tolerance, constantly

changing of the operating conditions, etc. Therefore, it is possible to obtain and utilize the transformation information to track

the health state.

Besides, the realization of RUL at healthy stage is technically promising. Refers to the existing literatures, the researches

mainly concentrate on the SF phase and AF phase as shown in Figure 3, whereas the attention is rarely paid to the SA phase. The

absence of related research at healthy stage lies in the deficiency of available information for the degradation evaluation, which

makes the RHL assessment hard and meaningless11. Fortunately, the development and continuous emergence of technologies

make its realization possible.

• The developing and expanding of signal processing technology provides a growing number of features which can exhibit

more useful information and identify the imperceptible changes better during the equipment operation.

• More and more advanced features with a good characteristic have been obtained by introducing new methods to reconstruct

the traditional features, such as genetic programming approach36.

• The emergence and improvement of new machine learning methods provide more and better routes for the realization

of anomaly prediction, one of the typical instances is the deep-learning method. Traditionally, the difficulty of condition

assessment at healthy stage lies in the extraction of useful features. However, the deep-learning method can achieve a

remarkable accuracy of classification and prediction by using an end-to-end strategy to learn the features automatically

without manual extracting37.

2.3 The evaluation to the method of anomaly calculation

The achievement of RUL prediction is based on the measurement of equipment degradation by HI. Therefore, the quality of

HI directly determines the accuracy of RUL prediction. The correlation and monotonicity are the most wildly used metrics to

evaluate the HIs11,38,39.

Correlation often defines as the linearity between the HIs and the time38. In fact, the prediction of RUL is as a complex

nonlinear problem as the degradation20. Although we hope that the result of RUL prediction can approach the actual RUL

which is a declining line after the confirmation of failure time for historical data, it does not mean that the extracted HIs must be
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linear with time. Consequently, linearity correlation does not seem like a rational metric. Spearman coefficient is accordingly

introduced to measure the nonlinearity correlation as the HIs are generally the nonlinear40,41. Apparently, it is a more reasonable

index to depict the HIs and degradation.

The metric of monotonicity is another frequently used indicator. Different from the human who possesses the regenerative

ability, the degradation process of mechanical equipment is theoretically irreversible28. Therefore, we commonly assume that

the true inherent health condition of equipment decreases with time20 and the HIs with a nice monotonicity as well as the small

volatility are considered as good ones for RUL prediction39. Although we don’t know the exact law of degradation, a good

monotonicity helps us approach the truth and make more reasonable RUL predictions. The monotonicity generally defines as

follows.

Mon =

|||||
∑
K−1

�(H(t + 1) −H(t)) −
∑
K−1

�(H(t) −H(t + 1))
|||||

K − 1
, (4)

where K is the total number of samples, �(⋅) represents the simple unit step function and H(t) refers to the value of HI at time t.

However, the calculation method above merely focuses on the local monotonicity, which neglects the influence of each point

to the global monotonicity. For example, it can be concluded that Line2 has a better monotonicity than the other because only

point C in Figure 4.a weakens its monotonicity while both points b and d weaken Line1 according to (4). This is obviously a

contrary conclusion to the fact. The reason of mistake lies in neglecting the affection of points D, E and F to the monotonicity

from a global view. Additionally, the monotonicity evaluation of each point is qualitative in (4), which cannot precisely reflect

the monotonicity. For instance, the monotonicity of two charts in Figure 4.b are the same according to (4). In fact, it is not exactly

the same because of the different influence of two local minimum points R and r to monotonicity.

(a) (b)

FIGURE 4 Two cases to illustrate the deficiency of existing method

To describe the monotonicity more accurately, this paper introduces the reverse number as a replacement of (4). In mathe-

matics, for a nonnegative array A which containing N numbers, if i < j and A[i] > A[j], (A[i], A[j]) is called a reverse pair. The

total number of reverse pairs in an array is called reverse number.

Analyzing the monotonicity by using reverse number, we could find that not only the relationship between adjacent points

is considered, but also the relationship between all points. In Figure 4.a, the points of D, E and F all produces reverse pairs in

Line2 while only the points of c and e in Line1. Thus, we can make a correct judgement as the reverse number take the global

monotonicity into account. In addition, the reverse number provides a quantitative assessment. In Figure 4.b, point R produces

one more reverse pair than point r, which allows us to distinguish the subtle difference of monotonicity in two figures.

Through the analysis above, we could find that the Spearman coefficient and reverse number can evaluate HI well from the

metrics of correlation and monotonicity. Since their assessment are all from the perspective of rank, they are essentially the same
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when describing arrays of time series. The difference of them is the form of result. Spearman coefficient is a relative value in

the form of decimal in range of [0, 1] while the reverse number is an absolute value in the form of positive integer of [0,+∞).

Considering that the performance transformation at healthy stage is essentially the same with the degradation at unhealthy

stage, the two metrics can all be used to evaluate the features in anomaly prediction. In this article, the genetic algorithm (GA) is

utilized to select the optimal HI. As the Spearman coefficient is less sensitive to the change of monotonicity for its disadvantage

in order magnitude, the reverse number is chosen as the metric of HI in our method.

3 PROPOSED METHOD

As one of the popular machine learning methods, support vector data description (SVDD) is widely used in health management

and anomaly monitoring in recent years. It can achieve the classification correctly by projecting the original data to the kernel

space, while the data cannot be classified in original space. The classification is accomplished based on the distances between

projected points and the center of hypersphere. In other words, the distances in the hyperspace which are constructed by SVDD

exhibit a better ability in describing different statuses than the original feature. Inspired by this, the potential ideal HI is explored

by using the distance in kernel space according to the selected metric which have been introduced in subsection 2.3.

Referring to the thought of SVDD, the distances between projected points and the center of hypersphere is regarded as the new

HI to measure the condition at healthy stage. However, the model of original SVDD focus on the envelope that gets a maximum

amount envelope and minimum radius at the meantime. It means that the key parameters of the model, including center a and

the radius R, are supposed to be adjusted jointly and fixed together. As a result, the distances we want at healthy stage seem to

be irregular and cannot be used for tracking the RHL.

Considering the challenge above, we conceive our method through the independent calculation to the center location and

radius value of the hypersphere. The optimal center is firstly determined by utilizing the new introduced index to choose HI. Sub-

sequently, the abnormal boundary is fixed after trade-offs based on the modified SVDD model. The steps above are successively

concluded as center optimization and boundary adjustment.

3.1 Center Optimization

Assuming a data set of
{
xi ∶ i = 1, 2,… , N

}
, where xi is an arbitrary sample and N is the number of the sample in this set.

Here we define the center as follows in (5):

a =
∑
i

i�(xi) s.t.
∑
i

i = 1, (5)

where Φ(xi) is the kernel function to map the sample xi to the kernel space.

The expression of (5) draws on the experience of original SVDD which uses �i to determine R and a at the same time. As

mentioned above, the two key parameters are calculated separately in our method. Consequently, to distinguish it from the �i,

another set of variables i are introduced to determine a. When the center is fixed, the set of distances, from every point to

the center with monotonous time labels, are determined. In other words, the process of center optimization is essentially the

exploration to the optimal HI as the distances relies on the location of center.

Arbitrary element in distance set shows as follows in (6):

di
2 = (�(xi) − a)

2. (6)

Introducing (5) to (6):

di
2 = k(xi, xi) − 2

∑
j

jk(xi, xj) +
∑
ij

ijk(xi, xj), (7)

where k(xi, xj) is the kernel function. In this paper, Gaussian RBF kernel is adopted and its expression shows as follows:

k(xi, xj) = exp(−
∥ xi − xj∥

2

2�2
), � > 0, (8)
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where � is the bandwidth, controlling the radial range of action.

After introducing the evaluation index of reverse number, the center optimization is transformed to the problem of minimiz-

ing reverse number. Considering the difficulty to solve a minimization issue with N variables, GA, a random search heuristic

algorithm based on natural selection and genetic mechanism42, is introduced. The optimization can be achieved by following

processes shown in Figure 5.

FIGURE 5 Flow of center optimization by GA

Step 1. Initialization. As the � affects the distance value greatly43, it is necessary to optimize the � in the meantime. Thus, the

variables to be optimized include a group of i and �. Assuming the initial population is M, we use P to represent the individuals

as follows:

Pj = [1, 2,⋯ , N , �]j = [1j , 2j ,⋯ , Nj , �j], ∀j = 1, 2,⋯ ,M

s.t.

{∑
i

ij = 1

�j> 0
,∀i = 1, 2,⋯ , N

. (9)

Step 2. Use (5) and (7) to calculate the center and distance set in turn.

Step 3. Fitness Calculation. The reverse number is used as the evaluation index of the fitness.

Step 4. Convergence strategy. As the result fluctuates greatly with the �, maximum number of iterations allowed is selected

according to the experience instead of the specific threshold.

Step 5. Survival of the fittest through natural selection. By implementing the operations of selection, crossover and mutation,

a new group of population, who are more adaptable, can be obtained and evaluated for further evolution until meeting the stop

criteria.

3.2 Boundary Adjustment

As the center a have been determined in last section, the original SVDD model has changed and the model is adjusted as follows

in (10).

minF (R) = R2 + C
∑
i

�i

s.t. ∥ �(xi) − a∥2 ≤ R2 + �i, �i ≥ 0,∀i = 1, 2,… , N
, (10)

where C is a trade-off to balance the volume and errors, �i is the slack variables to allow more points been contained in the

hypersphere with the constraint of �i > 0.
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Applying Lagrange multipliers method to incorporated the constraints into the model, the minimization problem to be solved

is transformed to a maximum one which is shown as follows in (11):

maxL(R, �i, �i, �i) = R2 + C
∑
i

�i −
∑
i

�i�i −
∑
i

�i(R
2 + �i− ∥ �(xi) − a∥

2), (11)

where �i and �i are Lagrange multipliers with the constraints of �i ≥ 0 and �i ≥ 0.

Seek the partial derivatives to the variables and set to 0.

⎧⎪⎨⎪⎩

)L

)R
= 0 ⇒

∑
i

�i = 1

)L

)�i
= 0 ⇒ C = �i + �i

. (12)

By introducing (5) and (12) , (11) is converted into (13) .

maxL = k(xi, xi)
⏟⏟⏟
constant

+
∑
ij

ijk(xi, xj)

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
constant

−2
∑
ij

�ijk(xi, xj)

s.t. 0 ≤ �i ≤ C,
∑
i

�i = 1

. (13)

After introducing the Gaussian RBF kernel (8), the first term in (13) equals to one and the second term can be calculated by

training data. Besides, i has also been determined by GA in Section 3.1. Consequently, the group of �i is the only variable of

the last term in the model. It is easy to get a conclusion that the data xi whose �i = 0 has no influence to the result; Only the data

xi whose �i > 0 are describing the boundary. Therefore, the data xi with �i > 0 is called the support vectors of the description

and be expressed as xsv in this paper44. Assuming that the R2 is the radius square of the hypersphere, it could be expressed by

the average square value of radiuses which have been determined by the support vectors (SVs) as follows.

R2 = ∥ �(xsv) − a∥
2. (14)

3.3 Anomaly Prediction

With the center and radius determined in previous subsections, the optimized HI and abnormal threshold have been obtained.

On this basis, the regression method is adopted to realize the anomaly prediction by RHL.

For a group of real-time vibration data collected by the data acquisition system, their distances to the center can be calculated

after mapping the data to the kernel space. Scattering the points to a 2-dimensional space by using distance and point number

as the axes, the trend can be found after applying the regression method and least square method. Afterwards, the prediction of

RHL can be achieved when regression line extrapolates to the threshold.

3.4 Summary

In conclusion, the process of RHL prediction is grouped into three portions, namely the GA-based center optimization, modified

SVDD-based boundary adjustment and RA-based anomaly prediction.

To understand this section more clearly, we rearranged the proposed method as shown in Figure 6. In training phase, the feature

is extracted to construct the training data set first through the data processing method. Subsequently, a group of parameters are

searched to determine the center through the GA-based method in Section 3.1 and a group of SVs are chosen to balance the error

and determine the threshold through the modified SVDD-based method in Section 3.2. On this basis, for a real-time vibration

data, after extracting the same features of the collected data and mapping them to the kernel space, the trend can be found by

making a regression to the distances which are determined by the center. The boundary is further introduced as a threshold to

realize the anomaly prediction by (14).
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FIGURE 6 Framework of the proposed method

4 EXPERIMENT VALIDATION AND DISCUSSIONS

4.1 Experiment and Data Description

To validate feasibility of the proposed method, the open dataset of XJTU-SY bearing dataset45 is adopted for its high sampling

frequency and sufficient data. As shown in Figure 7, the bearing testbed is composed of an alternating current induction motor, a

motor speed controller, a support shaft, two support bearings, and a hydraulic loading system and so on. Two accelerometers are

used to record vibration of horizontal direction and vertical direction. The sampling frequency is 25.6 kHz. For each sampling

period, it records vibration signal for 1.28 seconds, i.e., a total of 32768 points. Besides, the sampling period is 1 minute.

FIGURE 7 Testbed and tested bearings

To avoid the difficulty increasing of state judgement by multiple faults and get as much information as possible, Bearing 3_1

and 3_4 with single fault and a long operating time are selected as the validation data.
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4.2 Experiment Validation for Feasibility

Based on the stationarity of data, the parameter of the root mean square (RMS) is utilized to identify the different health states

first. Accordingly, the whole life cycle data of bearing 3_1 can be divided into healthy stage and unhealthy stage. Subsequently,

another index of standard deviation frequency is introduced as the measurement of healthy state. The standard deviation fre-

quency values of horizontal direction and vertical direction are applied as the components of original feature. Using GA to

search the desired center after mapping the feature to the kernel space, a HI with an optimal monotonicity can be obtained as

shown in Figure 8.a.

(a) Obtained HI by proposed method (b) RHL prediction at the 80th point

FIGURE 8 The prediction result of RHL by proposed method

Bring the optimized center to the model of (6) to get the HIs which can be further utilized to identify the SVs by (10). After

transforming the obtained SVs to the radius value of hypersphere, we achieve all the parameters of model. As a result, the

prediction to the bearing can be realized.

For arbitrary moment, when the liner regression is applied to the collected data, the anomaly prediction can be achieved

after introducing the boundary. A given example at the moment of the 80th point is illustrated in Figure 8.b. The result of

RHL prediction shows that an error exists between the predictive abnormal time and actual abnormal time. Therefore, a further

analysis to the prediction is necessary to check its feasibility. Through the continuous predictions of RHL to all points from

beginning to the end, the relationship between number of points and RHL is shown in Figure 9.a. The dotted line represents the

prediction of RHL and the straight line is the actual value. It can be found from the figure that, except for the good monotonicity

which can effectively reflects the HS decrease of bearing with the time increasing, the result forcasts the occurrence of anomaly

with a small error.

The other validation is made to Bearing 3_4 who lost its working ability for another type of fault. As the same method has

been elaborated in previous proportion, the process of calculation will not be explained again. Apparently, the overall trend of

prediction result is similar to the first verification, which is shown in Figure 9.b.

From the result of validations to the two selected bearing data, the proposed method can effectively extracted a good HI and

achieve the anomaly prediction. Although the initial performance is not desired, the error decreases rapidly afterwards and the

accuracy increases constantly when approaching the abnormal point, which demonstrates feasibility of proposed method.
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(a) Obtained HI by proposed method (b) RHL prediction at the 80th point

FIGURE 9 The prediction result of RHL by proposed method

4.3 Discussion

4.3.1 The influence of the key parameters

In center optimization, it is an interesting thing that the � tends to pick an optional maximum value during the process of

optimization when it is initially limited into a given range. However, a small � is generally thought easier to detect the anomaly43

as it can produce a big kernel function value for the same original feature. Therefore, it is necessary to analyze how � influences

the result. Just like the discussion in previous literature43, the value of kernel function we adopted in (8) shows a minor difference

between two points when they are far apart in original feather space. In this case, a small � value is inapplicable to anomaly

prediction as it would further worsen the situation. Make a further quantitative analysis through the calculation concretely, a

simplified equation of distance square shows as follows after introducing the (8) to (7).

d2 = 1 +
∑
ij

ijk(xi, xj) − 2
∑
ij

jk(xi, xj)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
related to �

. (15)

Apparently, only the variable � can influence the result of (15) and the value of d2 changes in the range of (0,1]. When the

� value approaches 0, the value of kernel function also tends to 0 according to (8). As a result, d2 is nearly equals to 1 and the

value of xi and xj can hardly influence its value. It implies that the obtained distances are not sensitive to the time increasing and

there is no tendency available but a straight line. In contrary, when the � is assigned with a big value, the influence of the long

distance in original space can be partly balanced in kernel function. Consequently, � tends to pick an optional maximum value

to highlight their difference between distances at different time. This interprets the selection preference to � and the influence

of � to the result in optimization. In fact, when � greater than a specific value, it only affects the magnitude of value and have

little impact to the tendency which is what we care about. Thus, a precision upper limit is not necessary.

In boundary adjustment, the main task is to find the support vectors. It can be inferred from (10) that the C value influences

the boundary by controlling the number of SVs. When C is greater than 1, only single support vector is available for determining

the boundary. With the decrease of the C value, the number of SVs increase and jointly influence the boundary. Therefore, the

actual threshold is determined by the C value.

4.3.2 The comparison with existing methods

Although there were not specialized methods to predict the RHL currently, the performance of existing methods can still be

evaluated indirectly when they are used for RHL prediction.



YIN ET AL 13

For the scenarios with only healthy data, anomalous points detection is generally used for condition monitoring. The SVDD

is a common and effective method. As described in Section 3, the distance in kernel space was generally used as the index of

status, which has already been applied for state judgement43. For Bearing 3_1, a comparison between proposed method and

original SVDD method is made and illustrated in Figure 10.

FIGURE 10 Comparison of SVDD and proposed method to Bearing 3_1

We can find that although fluctuations still exist, the HI extracted by proposed method shows an obvious trend to reflecting

the state changing ,which is more conducive to anomaly prediction. In contrast, the result of original SVDD cannot excavate

obvious regularity as the envelope is its focus. Quantitatively, the inverse numbers of the two methods are listed in TABLE 1.

Apparently, the value of proposed method is much less than the other, which demonstrates that the proposed method can obtain

a better HI and has a better predictability than original SVDD method.

TABLE 1 The contrast of inverse number

Method Bearing Inverse number

SVDD
Bearing 3_1 8719

Bearing 3_4 10243

Proposed Method
Bearing 3_1 1408

Bearing 3_4 2614

For the scenarios with both healthy data and unhealthy data, many methods have been applied for the condition monitoring

and elaborated in Section 1. We select two most widely applied methods, exponential model and BP neural network, to compare

their performance of condition monitoring at healthy stage with the proposed method.

The fitting result of exponential model to the RMS value is shown in Figure 11.a. Owing to the unbalance of healthy data and

unhealthy data, there is a serious time lag compared with the actual data. After the data was balanced as shown in Figure 11.b,

the phenomenon of time lag has been greatly improved. However, when it is used for prediction, the result will present a huge



14 YIN ET AL

error as the over-fitting of healthy data caused by the stability of early data. The prediction result of RUL is displayed in Figure

11.c. The RUL for x in range of 100 to 180 is not shown as their value is infinite. Besides, the others prediction results of RUL

are too big to be applied for the remaining life prediction of fault.

(a) (b)

(c)

FIGURE 11 The fitting result of exponential model

To solve the problem of overfitting, the exponential model commonly chooses the point of abnormal occurrence as the FPT,

which cannot be applied in RHL. Thus, the exponential model is unsuitable for RHL prediction.

The method of BP neural network (BPNN) mostly uses the time and RMS value of t and t-1 as the input features, the life

percentage as the output. To achieve the comparison, we choose the RUL as the output. However, as the RUL could be easily

calculated by the time t, the training result of the BPNN only learns the information of time and neglects the information of

vibration feature which is the most valuable. Therefore, the time information should be removed from the input data for RUL.

It should be explained that although the RHL could not be directly obtained from RUL method, the error of RHL prediction

could be achieved because it equals to the error of RUL prediction at healthy stage, which are expressed in (16) and (17). As a

result, the comparison of BPNN and proposed method is depicted in Figure 12.
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(a) Bearing 3_1 (b) Bearing 3_4

FIGURE 12 The fitting result of exponential model

Trough the contrast to the two groups of bearing data, we can find that the overall performance of proposed method exceeds

the BPNN method. Although the error of proposed method is a little high in the initial stage for the data deficiency, the error

decreases rapidly with time and stay at a low level afterwards. That is helpful for predicting the occurrence of anomalies more

accurately. In contrast, BPNN method could not control the error which rebounds after dropped.

To quantify the difference of performance, two metrics are introduced to measure the error between actual RHL TRHL and

predicted RHL T
′

RHL
, including mean absolute error (MAE) and root mean square error (RMSE), which defines as follows.

MAE =
1

N

∑
N

(TRHL − T ′
RHL) =

1

N

∑
N

(TRUL − T ′
RUL), (16)

RMSE =
∑
N

√
1

N
(TRHL − T ′

RHL)
2 =

∑
N

√
1

N
(TRUL − T ′

RUL)
2, (17)

where TRUL and T
′

RUL
represent the actual RUL and predicted RUL, respectively.

As listed in TABLE 2, all the indexes of proposed method outperform the BPNN in either bearing data, which verifies the

analysis above.

TABLE 2 Comparison of BPNN and proposed method

Method Bearing Index Inverse number

BPNN

Bearing 3_1
MAE 8.0954

RMSE 9.4690

Bearing 3_4
MAE 9.7278

RMSE 12.0246

Proposed Method

Bearing 3_1
MAE 3.0059

RMSE 4.4750

Bearing 3_4
MAE 5.25354

RMSE 10.1265
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4.3.3 The significance of anomaly prediction research

The anomaly prediction relies on the RHL which derives from the RUL issue in special scene. However, it is also of great

significance to the common situation. It can be not only regarded as a subdivision of RUL, but also an extension of RUL that

aims to further improve the ability of condition monitoring.

Benefit for the abnormality detection of equipment, especially for the scenarios that the time from abnormal occurrence to

failure is extremely short. For the data-driven approach, most of the methods regard the anomaly detection of equipment as a

problem of anomalous points detection or classification by using the known healthy data to construct the model of safe region.

However, only a discrete result and qualitative analysis can be achieved. The frequently used methods include SVM, k-means

clustering, ANN models, etc. The realization of anomaly prediction can enhance the capacity of monitoring and identification

to the abnormality through the successive quantitative assessment and abnormality prediction to the equipment condition.

Benefit for the excavation of the correlation between stages. Although the analysis of RUL should be separated into different

phases to diminish the error sometimes, it is actually a process of successive evolution from quantitative change to qualitative

change. Thus, the performance of healthy stage inevitably affects the following stages, i.e., different characteristics of data at

healthy stage can influence the degradation rate at unhealthy stage. Certain correlation may exist between the model parameters

of different stages. Consequently, the relationship mining can not only conduce to the optimization of maintenance strategy, but

also enhance both the anomaly early warning ability and accuracy of RUL prediction.

Benefit for the mechanism research. The research to anomaly prediction is essentially the exploration to the law of faults

formation and evolution hidden in the data of healthy stage. The achievement of relevant researches can provide inspiration and

help for the study of physical evolution mechanism.

5 SUMMERY AND CONCLUSION

In this paper,the anomaly prediction is introduced based on the subdivision and extension to RUL to describe and predict the

equipment condition at healthy stage, which fills the gap of remaining life research absence at this stage. Afterwards, we advance

a novel method to realize the anomaly prediction. Two validations are subsequently implemented with the public dataset of

XJTU-SY to demonstrate its feasibility and the superiority of proposed method. The main contributions are exhibited below.

The first contribution is the expansion of RUL to the anomaly prediction. Considering feasibility and necessity of anomaly

prediction, this paper attempts to promote the RUL research at healthy stage while the existing methods can only achieve a

qualitative result and cannot effectively realize the condition-based predictive maintenance at this stage. Besides, the research

of anomaly prediction is of great significance to RUL prediction in both mentioned special scene and general situation.

The second contribution is the introduction of reverse number to improve the HI evaluation. The introduced index not only

overcomes the defect of traditional method that neglects the influence of single point to the global monotonicity, but also quan-

tifies the influence of each point to make the assessment more precisely. In addition, it is more suitable for the proposed method

as its advantage in magnitude for GA.

The third contribution is advancing a novel method to the anomaly prediction. The proposed method not only demonstrates

that the anomaly prediction is feasible, but also verifies that the proposed method is superior to existing RUL methods.
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Figures

Figure 1

Typical classi�cation of RUL methods



Figure 2

Typical classi�cation of RUL methods



Figure 3

Illustration for the concepts related to RHL

Figure 4

Two cases to illustrate the de�ciency of existing method



Figure 5

Flow of center optimization by GA



Figure 6

Framework of the proposed method



Figure 7

Testbed and tested bearings

Figure 8



The prediction result of RHL by proposed method

Figure 9

The prediction result of RHL by proposed method



Figure 10

Comparison of SVDD and proposed method to Bearing 3_1



Figure 11

The �tting result of exponential model



Figure 12

The �tting result of exponential model
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