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Abstract: Equipment deteriorates as it is used and its vibration level usually increases 

accordingly. As a result, vibration has been used as an indicator of equipment health 

condition. Effective prediction of equipment deterioration trend can help prevention of 

equipment breakdown. However, little work has been done in machine degradation 

forecasting based on vibration data. Support Vector Machines (SVM) is a new tool for 

solving regression and classification problems. Successful applications of SVM for time 

series predictions reported in the literature motivates this study to use SVM for vibration 

trend prediction. This paper describes applications of SVM in vibration trend prediction. 

We compare the results obtained from time series forecasting methods and SVM. 
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1. Introduction 

Condition monitoring is widely used for critical equipment health monitoring. The 

monitoring techniques used include vibration analysis, oil analysis, and temperature 

analysis. Mechanical faults which gradually worsen with time such as imbalance, 

misalignment, and looseness all result in additional bearing forces which cause increased 

vibration. Vibration levels have been used as an indicator of equipment health condition. 

Current vibration monitoring systems used in the industry can only display vibration levels 

and equipment deterioration trends but have no functions of predicting equipment’s 

remaining life. Different warning levels have been set up to determine whether the 

equipment is in normal condition or not. When the vibration level is above a certain 

warning level, a decision has to be made subjectively on whether to continue operating or 

shutdown the equipment right away.  

    An effective maintenance system is expected to monitor the operating conditions of a 

machine, issue advanced warnings of possible faults, predict the remaining life, and 

schedule appropriate maintenance actions to prevent equipment breakdown [1]. Tse and 

Atherton [1] apply neural networks in machine vibration prediction. They compare the 

prediction results from traditional time series methods and from neural networks and show 

that neural networks provide better predictions. 

    Recently, Support Vector Machines (SVM) has been used for solving pattern 

recognition and regression problems [2]. SVM is a statistical tool but approaches a 

problem similar to that of Neural Networks. SVMs have been shown to perform very well 
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in predicting time series [3,4]. In this paper, we report our applications of SVM to prediction 

of financial trend and machine degradation. The remainder of this paper is organized as 

follows. In Section 2, we briefly outline traditional time series methods. Basic concepts and 

algorithms of SVM are introduced in Section 3. In Section 4, we compare SVM prediction 

with traditional models of time series prediction using the Australian expenditure on financial 

services. Section 5 documents the application of SVM prediction on gearbox vibration data. 

Conclusions are given in Section 6.  

2. Time Series Forecasting Methods 

Traditional time series forecasting methods vary widely in degree of sophistication and 

application. All of them, however, follow one of the two basic approaches to forecasting time 

series: the self-projecting approach (also referred to as univariate methods) or the cause-and-

effect approach (also referred to as multivariate or causal methods). Because the degradation 

prediction based on vibration analysis is regarded as a univariate problem, we will only discuss 

a few commonly used univariate methods in this section. 

2.1 Autoregressive (AR) Models  

An autoregressive model of order p, abbreviated as AR(p) has the following form: 

tptpttt zzzz w...2211 ++++= −−− φφφ ,    (1) 

where wt is white noise, Zt is the measurement at time t, and ϕi is the coefficient to be 

determined. An AR model uses the recent p data points to predict the value of the next data 

point. Equation (1) can be applied only if the mean, µ, of the series zt is zero. If µ is not zero, 

we can replace zt by zt - µ in equation (1). As a result, we have: 

zt = α + φ1zt-1 + φ2zt-2 + …+ φpzt-p+ wt ,    (2) 

where α = µ(1 - φ1 - φ2 -…- φp). Equation (2) can also be expressed compactly in the following 

form 

ttzB w)( =φ ,      (3) 

where 
p

p BBBB φφφφ −−−−= ...1)( 2

21  and B is the backward shift operator such that 

Bzt = zt-1. 

Autoregressive models are created with the idea that any given value zt in the series is 

dependent only on the p immediately preceding values plus some current error wt. A time 

series is said to be stationary if its mean and other statistical properties do not change over 

time. AR models are not satisfactory if the time series is nonstationary. To achieve stationarity, 

a computational process called “regular differencing” (RD) is often used [5]. 

2.2 Moving-Average (MA) Models  

A moving-average model of order q, MA(q), has the following form: 

qtqttttz −−− −−−−= w...www 2211 θθθ ,   (4) 

where q is the number of immediate past data points used, θi (1≤i≤q) are parameters to be 

determined, and wi (t-q ≤ i ≤ t–1) are the residuals from the fitted model. Equation (4) can also 

be expressed in the following compact form: 
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tt Bz w)(θ= ,      (5) 

where B is the backward operator and θ(B) is the moving-average operator of order q with the 

following form 
q

q BBBB θθθθ −−−−= ...1)(
2

21
.    (6) 

An MA model indicates that the value zt in the series is directly dependent on the q 

immediately preceding errors plus some current error wt.  

2.3 Autoregressive Integrated Moving-average (ARIMA) Models  

This class of models is suitable for both stationary and nonstationary data. A general 

autoregressive integrated moving-average model is denoted by the notation ARIMA(p, d, q) 

and is expressed as follows: 

tt

d BzBB w)()1)(( θφ =− ,    (7) 

where B is the backward operator, φ(B) is the autoregressive operator of order p, θ(B) is the 

moving-average operator of order q, and d is the order of the differencing, which is usually 0, 

1, or at most 2. The ARIMA models are often used because they include the AR and MA 

models as special cases. 

3. Support Vector Machines  

Support vector machines result from statistical learning theory and are proposed by Vapnik 

[6]. They are learning machines for pattern recognition and regression analysis. They are 

rigorously studied due to their many attractive features and promising empirical performance. 

The formulation of SVM embodies the structural risk minimization (SRM) principle, as 

opposed to the empirical risk minimization (ERM) approach commonly employed within 

statistical learning methods. SRM minimizes an upper bound on the generalization error, while 

ERM minimizes the error on the training data. It is this difference that equips SVMs with a 

greater potential to generalize or predict.   

    In SVM, the basic idea is to map empirical data into a high dimensional feature space via 

a nonlinear mapping. Consider a data series with n points represented by vector x = (x1, x2, …, 

xn). A function FR
n →Φ :  maps the data to the feature space represented by F, whose 

dimension is usually higher than n. In the feature space, linear regression can then be 

performed: 

bf +Φ⋅= ))(()( xωx .     (8) 

The regularized risk functional Rreg[f] is defined as 

2

1

2
))((][][ ωλωλ +−=+= ∑

=

l

i

iiempreg yxfCfRfR ,  (9) 

where Remp[f] is the empirical risk obtained from training data, l denotes the sample size, C(.) 

is a cost function, and λ is a regularization constant. We can see that to minimize the risk 

function above, we need to get a function as flat as possible [7]. We know that a flat function 

in the feature space is a well-regularized function in the input space. 

    Usually, we can select an ε-insensitive function as the cost function: 
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This cost function punishes only the data points outside the ε tube. There are other cost 

functions such as: Gauss, Laplace (absolute value), Huber, etc. [7; 8]. Quadratic, absolute 

value, and ε-insensitive cost functions are compared in Fig. 1. 
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Fig. 1: Quadratic, absolute value and ε-insensitive cost functions  

When the ε-insensitive cost function is selected and f is selected to be a linear function, the 

objective function of this optimization problem becomes: 

minimize    ∑
=

++
l

i

ii

1
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)( ξξλω     (11) 
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where iξ  and 
*

iξ  are slack variables. The pre-selected constant λ > 0 determines the 

balance between empirical error and the ||ω||
2 
of the obtained model. The combined conjugate 

gradient and projection method and interior point primal-dual path-following algorithms can 

be used to solve the optimization problem above [7]. 

    Determining the proper parameters λ and ε are important to the optimization problem in 

SVM. The parameter ε determines the adaptation to the noise in the data while λ is the weight 

of regularizer ||ω||
2
. When λ is infinity and ε is zero, SVM is equivalent to the traditional 

Laplace method. Obviously, the proper choice of these two parameters is important. However, 

how to obtain the optimal values of λ and ε is still being studied. Cross validation is suggested 

by some researchers to find the optimal λ and ε values. However, no detailed research work is 
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found discussing how to select λ and ε. Cross validation is computation intensive. Meanwhile, 

the model with the smallest generalization error from cross validation may not be the best 

forecasting model. In this paper, we suggest to use split sample validation to find the optimal λ 

and ε values for prediction. Comparison of AR, ARIMA and SVM in Time Series Prediction  

In this section, we apply SVM to data series of Australian expenditure on financial services. 

The prediction results from SVM are compared with the results from AR and ARIMA models. 

3.1 Criterion Used to Evaluate the Prediction Models  

Because we need to predict the future degradation levels based on historical vibration signals, 

we are interested in how accurate the obtained models are in prediction rather than how good 

the models fit to existing data. In this paper, we adopt the criterion for comparing 

generalization errors used in [3]. We term it the generalization criterion:  

Generalization Criterion = Varxfx
M

Ml

ln

nln /)(ˆ1
2

1

1∑
+

+=
+ − ,   (13) 

where l is the number of training points; M is the number of validation points; xn+1 is the 

measured data at point (n + 1);  )(ˆ
nl xf is the prediction value at point (n + 1) based on n 

training data, and Var is the variance of the time series, which is a constant. 
2

1

1 )(ˆ1
∑
+

+=
+ −

Ml

ln

nln xfx
M

represents the average generalization error on the validation set. If it is 

divided by the variance, the result will be a non-unit value. Equation (13) is used to measure 

the prediction abilities of different models. 

3.2 Australian Expenditure on Financial Services  

In this example, we use a set of time series data associated with software ITSM [9]. It is 

Australian expenditure on financial services from September 1969 to March 1990 in millions 

of dollars. The series is quarterly recorded so that all the data points are separated by an equal 

time interval. There are 86 data points all together: x1 ~ x86. The original series is plotted in 

Fig. 2. To compare the prediction abilities of different models, we reserve the last 26 points, 

x61 ~ x86, for validation. Three models: AR, ARIMA, and SVM are compared for one-step 

ahead prediction of the given series.  

To use time series models, the software tool WinASTSA [10] is selected for AR and ARIMA 

model building and prediction. We use AICC as the model order(s) selection criterion [11]. 

Search method is applied to select the smallest AICC value in the range specified. For AR 

model, the search range is selected to be from AR(0) to AR(10). ARIMA search range is p: 0 – 

10, d = 1, and q: 0 – 10. Whenever a new data point is added into the original series, the best 

prediction model order(s) for the new time series might be different from the one before the 

point is added. For example, to series x1 ~ x60, the best AR model suggested by the smallest 

AICC value is AR(3). But to series x1 ~ x61, the best AR model with the smallest AICC is 

AR(4). The same thing may happen when applying ARIMA model to this set of data. In this 

example, we always search for the best model with the smallest AICC value after each new 

point is added in. 
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Fig. 2: Australian expenditure on financial services from 1969 to 1990  

The prediction results from AR and ARIMA models are plotted in Fig. 3. 
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Fig. 3: Actual and one-step predicted values by the three models for x61 ~ x86  

Now, let’s look at SVM prediction. For this set of data, we choose Linear Spline as the kernel 

function. To use SVM, we need to determine the values of parameters λ and ε. Here, we use 

split sample method to determine the best parameters for SVM prediction. In this example, we 

divide the sample into two groups, the latest point as validation point and the rest data points 

as training set. The generalization error calculated from validation point is used as the criterion 

for parameter selection. Consider the series x1 ~ x60, we firstly conduct rough two-dimensional 

search in a wide range of ε: 0 ~ 10 and λ: 1000 ~ 2400. Because of page limitation, only the 

generalization errors in the search range of ε: 0 ~ 10, with step size 2, λ: 1000 ~ 3800 with 

step size 200 are listed in Table 1. In Table 1, we find that generally speaking, the larger the λ 

is, the smaller the generalization error will be. Thus, we choose λ to be infinity. After that, we 

do one-dimensional search for optimal ε value. We set the search range of ε to be 1 ~ 10 with a 

step size of 0.25 because from the wide range search, we find that the optimal ε seems to fall 
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into this range. When ε = 8.25, we will get the smallest generalization error: 22.74. We list 

part of the search results in range 7 ~ 9.5 in Table 2. In Table 2, “GE” denotes the 

generalization error. Based on split sample validation, the optimal parameters for SVM 

regression are found to be ε = 8.25 and λ = infinity. After selecting λ and ε values based on 

series x1 ~ x60, we keep them constant for all predictions on the validation set. This method of 

finding λ and ε values is not ideal. Future work is needed for finding optimal λ and ε values 

for SVM prediction. 

    After selecting λ and ε values, we can conduct SVM prediction. Existing SVM software 

tool based on Matlab environment [12] is revised to obtain SVM prediction. In this paper, we 

use a Pentium-1000 PC with 256 MB SDRAM memory for SVM regression. For easier 

comparison, the actual and predicted values from SVM are also plotted in Fig. 3. The 

generalization errors obtained using equation (13) are listed in Table 3. The computation time 

of different models are also presented in Table 3. From the results, we can see that SVM 

provides the smallest prediction error; ARIMA model comes next, and AR model the worst. 

However, all predictions are pretty close and SVM is more time consuming. 

Table 1: Different λ andε values and the corresponding generalization errors by split sample validation 

for Australian expenditure data  

  0 2 4 6 8 10 

1000 332.7203 272.8139 263.3193 320.6817 148.2284 166.2801 

1200 324.7234 277.7436 262.5996 318.2552 234.8618 161.8865 

1400 319.1619 271.7072 261.5484 317.6412 233.4041 159.0014 

1600 313.6534 248.4431 260.3041 315.3501 233.4399 153.5671 

1800 305.7603 222.5028 258.9776 313.6148 233.4341 163.0286 

2000 306.9746 215.0332 257.9354 312.6698 233.2457 159.7263 

2200 293.7236 225.3643 257.1809 311.8356 232.0489 156.6574 

2400 285.6493 196.7569 256.4277 311.0026 230.1057 154.7586 

Table 2: Generalization errors according to different ε values when λ is infinity   

ε 7 7.25 7.5 7.75 8 8.25 8.5 8.75 9 9.25 9.5 

GE 36.27 39.33 44.60 35.69 26.97 22.74 23.02 27.85 37.22 48.72 61.92 

Table 3: One-step forecasting error and computation time of the three models   

 AR Model ARIMA Model SVM 

Generalization Criterion 0.023727 0.0175915 0.014926 

Computation Time (seconds) 8 12 289 

 

4. Use SVM for Vibration Trend Prediction  

The example studied in Section 4 shows that SVM provides a better prediction than time series 

models. However, no report has been found to apply SVM in vibration trend prediction. In this 

λ 
ε 
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section, we will apply SVM to vibration data series prediction. The evaluation criterion is 

equation (13). 

    With the success of SVM to predict the expenditure on financial services, we then use it 

to predict the vibration trends using vibration data collected from a gearbox. The gearbox 

under monitoring initially has a crack in one of the teeth. The crack develops during the 

experiment, which causes the vibration level to increase. Finally, one tooth is broken at the end 

of the experiment. Accelerometers are used to collect the vibration signals from this 

deteriorating gearbox. The gearbox is monitored periodically. Each time, 4096 data points in 

time domain are sampled and recorded. Altogether, there are 20 sets of 4096 data recordings. 

The obtained signal in time domain at the beginning and the end of the experiment are plotted 

in Fig. 4. Fig. 4 shows that the impact is serious when there is one tooth broken.  

    The energy of the envelope from the original signals is used as the indicator of fault 

appearance and degradation condition of the gearbox. Enveloping method is widely used in 

vibration analysis and condition based monitoring [13; 14]. To obtain the envelope of signal, 

we firstly remove the mean of signal and then take its absolute value. After that, we make fast 

Fourier transformation (FFT) to transform signal from the time domain to the frequency 

domain. In the frequency domain, we filter out the signal above a predetermined cutoff 

frequency to get the envelope spectra. The reason to filter out the high frequency components 

is to enlarge the envelope, which appears at low frequency. But if the cutoff frequency is too 

low, some characteristics of enveloping will be lost. Thus, the cutoff frequency is determined 

by the nature of the signal. With this balance in mind, the cutoff frequency is set to be one 

tenth of the maximum frequency in this experiment. It means only frequency components 

lower than one tenth of the maximum frequency will be left after filtering. In Fig. 5, we plot 

out the signal at the beginning of experiment and its transform after enveloping.  
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Fig. 4: (a) Vibration signals at the beginning and (b) at the end of the experiment  

After filtering, we can calculate the rooted mean square (RMS) value of the obtained set of 

data to represent the energy of envelope. For each set of 4096 recorded data points, we can 

obtain a single energy of the envelope representing the current gearbox working condition. 

Since we have 20 sets of data, we get 20 points after enveloping: (x1, y1) ~ (x20, y20), where yi 

represents the energy of the envelope at a certain time. Because the gearbox is monitored with 

equal time interval, we can simply set xi = i, i = 1 ~ 20. 
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Fig. 5: Original signal and its transform after enveloping 

    We only considered one-step-ahead short-term prediction in this example. The reason 

was that we had only 20 data points altogether. A long term prediction based on such limited 

data points does not make much sense. Meanwhile, in real world application, it is not so 

practical to look too far into the future for on-line monitoring. With such limited number of 

data points, we cannot use AR, ARIMA or other time series models any more because the rule 

of thumb to apply the time series models is that there are at least 50 data points for training. 

Instead, we use linear regression and 2
nd

 order polynomial regression. Both of these two 

methods use time as independent variable as SVM does. To compare the prediction abilities of 

linear regression and 2
nd

 order polynomial regression with SVM, the 20 data points were 

separated into two sets: the training set with 12 data points and the validation set with 8 data 

points. The generalization error is calculated from the validation set for each model obtained 

from the training data points. 

    Firstly, we conduct one-step-ahead prediction using linear regression. We use the training 

data available to build linear regression model and predict one-step-ahead. For example, with 

(x1, y1) ~ (x12, y12), the linear regression model is found to be: 

y = 0.01372x + 18.45066     (14) 

Using this model, we can predict 13ŷ  = 18.629. The observed value at that point is 18.647. 

Using equation (13), we find the generalization error at point x = 13 to be 0.0545. 

When a new data point is added into the old data series, a new series becomes available. Each 

time, we fit the linear regression model again to the new series. Then, we will get different 

linear models to predict the next step. The prediction results from linear regression models are 

plotted in Fig. 6. Secondly, we perform one-step-ahead prediction using the 2
nd

 order 

polynomial regression. Similar to linear regression, we build the 2
nd

 order polynomial model 

and use the obtained model to predict one-step-ahead. For example, with (x1, y1) ~ (x12, y12), the 

2
nd

 order polynomial regression model is found to be: 

y = -0.002146x
2
 + 0.04162x + 18.3856   (15) 
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Fig. 6: Comparison of the three models predicting gearbox vibration data  

Using this model, we can predict 13ŷ  = 18.564. The observed value at that point is 18.647. 

Using equation (13), we can calculate the generalization error at point x = 13 is 1.2138. 

Similar to linear regression, each time we fit the 2
nd

 order polynomial regression model to the 

new series when there is a new data point added in. We have different 2
nd

 order models for the 

next step prediction. The prediction results from 2
nd

 order polynomial regression models are 

also plotted in Fig. 6. 

    Now, let’s look at SVM prediction. To build a SVM model, the linear (dot) kernel is 

selected as kernel function. Linear kernel is selected because preliminary trial and error shows 

it seems to be able to provide a small generalization error. Meanwhile, the original series 

plotted in Fig. 6 seems to roughly follow a straight line. Then, we use split sample method to 

determine the best λ and ε values for SVM prediction. The sample is divided into two groups: 

the latest point as validation point and the rest data points as training set. The generalization 

error calculated from validation point is used as the criterion for parameter selection. Consider 

the series (x1, y1) ~ (x12, y12), we firstly conduct rough two-dimensional search in a wide range 

of ε: 0.03 ~ 0.06 and λ: 100 ~ 5000. The value of ε cannot set to be too big. If it is too big, too 

much deviation will not be punished. Because of page limitation, only the generalization errors 

in the search range of ε: 0.03 ~ 0.06, with step size 0.005, λ: 100 ~ 1100 with step size 200 are 

listed in Table 4. In Table 4, we find that the λ value seems to have little effect to the 

generalization error in this example. Thus, we simply choose λ to be infinity. After that, we do 

one-dimensional search for optimal ε value. We set the search range of ε to be 0.045 ~ 0.055 

with a step size of 0.001 because it seems that the optimal ε falls into this range. The 

generalization errors according to different ε values are listed in Table 5. In Table 5, “GE” 

denotes the generalization error. From Table 5, we can see that when ε = 0.05, we will get the 

minimum generalization error based on split sample validation. Thus, we pick ε = 0.05 and λ 

= infinity for SVM building and next step prediction. When a new data point is added into the 

old data series, a new series will be generated. For different data series, different optimal λ and 
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ε are selected before making a one-step-ahead forecasting. The λ and ε values are updated as 

listed in Table 6. In Table 6, “Inf” represents “Infinity”. 

Table 4: Different λ and ε values and the corresponding generalization errors by split sample validation 

for gearbox vibration data  

  
0.03 0.035 0.04 0.045 0.05 0.055 0.06 

100 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

300 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

500 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

700 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

900 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

1100 0.0038 0.0032 0.0026 0.0022 0.0016 0.0021 0.0025 

After determining the parameters of λ and ε, Gunn’s SVM Matlab toolbox is used for SVM 

model building and one-step-ahead prediction. The one-step-ahead prediction results are also 

plotted in Fig. 6. The generalization errors of the three models calculated from equation (13) 

are listed in Table 7. From Table 7, we find SVM creates the smallest generalization error. It 

means SVM is the best forecasting tool in the three models for this example. More details on 

these comparisons are given in [11].  

Table 5: Generalization errors according to different ε values when λ is infinity  

ε 0.045 0.046 0.047 0.048 0.049 0.05 0.051 0.052 0.053 0.054 0.055 

GE 0.0022 0.0021 0.002 0.0019 0.0018 0.0016 0.0017 0.0018 0.0019 0.002 0.0021 

Table 6: Updated λ and ε values for gearbox vibration data  

Point # 13 14 15 16 17 18 19 20 

λ Inf Inf 10 Inf Inf Inf 10 Inf 

ε 0.05 0.06 0 0.02 0.095 0.02 0.04 0.08 

Table 7: One-step generalization errors of and computation time the three methods for gearbox vibration 

data  

 Linear Regression 2nd order polynomial SVM 

Generalization Criterion 0.9223 1.2461 0.7657 

Computation Time (seconds) 0 0 6 

 

5. Conclusions and Discussions  

This paper applies SVM to future vibration level prediction. The applications on Australian 

expenditure on financial services data and gearbox vibration data show that SVM is able to 

provide a better prediction with smaller generalization error than linear regression, 2
nd

 order 

polynomial models, and time series model. Because SVM attempts to minimize the 

generalization error instead of training error, it is aiming to provide a better forecasting. The 

application on gearbox vibration trend prediction shows that SVM provides a lower 

λ 
ε 
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generalization error than other methods. Further research topics in application of SVM for 

deterioration trend prediction include finding the best parameters of SVM and improving the 

computation efficiency of SVM.   
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