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Summary 

Rotating machinery condition assessment is usually based on vibration spectra and trends 

analysis. They are, however, usually influenced by many factors other than technical condition 

parameters. Analysis of a large number of vibration trends, obtained from large steam turbines, has 

suggested that some other time-dependent parameters might be used as diagnostic symptoms. In 

particular, parameters that describe scatter of measurement results or variations of vibration levels 

between consecutive measurements seem to be quite sensitive to technical condition. The paper 

deals with preliminary results of statistical symptoms application, obtained with a few steam 

turbines in utility power plants. These results seem very promising. In order to formalize this 

approach and develop quantitative measures, a modification of the theoretical model is necessary. 

This work is currently under way and some results obtained so far are also outlined. 

Keywords: rotating machine, vibration, technical condition, diagnostic symptom. 

STATYSTYCZNE SYMPTOMY DRGANIOWE W DIAGNOSTYCE  

MASZYN WIRNIKOWYCH 

Streszczenie

Ocena stanu technicznego maszyn wirnikowych jest zwykle oparta na analizie widm i trendów 

drga . Wp yw na nie wywieraj  jednak zwykle, oprócz parametrów stanu, ró ne inne czynniki. 

Analiza znacznej liczby trendów drga , uzyskanych z bada  turbin parowych du ej mocy, 

wskazuje, e w charakterze symptomów diagnostycznych mog  by  wykorzystane równie  inne 

parametry zale ne od czasu. W szczególno ci parametry opisuj ce rozrzut wyników pomiaru 

wydaj  si  wra liwe na stan techniczny. Artyku  opisuje wst pne wyniki zastosowania 

symptomów statystycznych, uzyskane dla kilku turbin parowych w energetyce zawodowej. 

Wyniki te wydaj  si  bardzo obiecuj ce. Aby sformalizowa  takie podej cie i opracowa  miary 

ilo ciowe, konieczna jest modyfikacja modelu teoretycznego. Prace te s  obecnie w toku  

i zaprezentowano niektóre z dotychczasowych rezultatów. 

S owa kluczowe: maszyna wirnikowa, drgania, stan techniczny, symptom diagnostyczny. 

1. INTRODUCTION

According to [1], damage can be defined as  

a ‘continuous or sudden loss of integrity and/or 

operational feature’. This definition is in a way 

related to the classification given in [2], wherein 

damage can be either ‘natural’, i.e. resulting from 

ageing/ wear, or ‘random’. Natural damage is 

represented by a continuous change of a condition 

parameter with time, while random damage is of  

a stepwise type. Usually it can be assumed that the 

same refers to diagnostic symptoms as functions of 

time.1

Measures of technical diagnostics were initially 

intended to detect and locate a failure. This means 

that they were focused on random damages, which 

are either present or not present. Furthermore, this 

1 This can be understood on the basis of considera-

tions given e.g. in [3]. 

implies a ‘two-state’ classification of damage, of 

the ‘good/ faulty’ type. Such approach is 

satisfactory only for simple objects, which in turn 

do not justify advanced diagnostics. Thus the 

development proceeded to the next stage, which 

included a quantitative damage assessment; of 

course, this meant focusing on natural damage. An 

example of such approach can be found in [4]. 

Currently the issue of technical condition evolution 

forecasting (or predicting) has become very 

important, at least for large, costly and critical 

objects, often operated beyond their design life. 

This puts stress on trends analysis and evolutionary 

symptoms (see e.g. [5]). This approach is, from the 

theoretical point of view, based on the 

representation of machine condition in diagnostic 

symptoms, in the form of the Energy Processor 

(EP) model; detailed treatment can be found e.g. in 

[6]. 
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Turbine T2, bearing 3 vertical, 50 Hz
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Turbine T10, bearing 1 axial, 2500 Hz
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Typically, a diagnostic symptom (i.e. a physical 

quantity covariant with object condition) is 

analyzed as a function of time. This is based on the 

assumption that 

S( ) = F[X( )] ,                   (1) 

where S and X denote diagnostic symptoms and 

condition parameters vectors, respectively, both 

depending on time . In most cases it is, however, 

necessary to assume that [7] 

S( ) = F[X( ), R( ), Z( )] ,          (2) 

where vectors R and Z account for the influences 

of control and external interference, respectively. 

Generally influences of R and Z cannot be 

neglected, which imposes a serious limitation on 

this approach. It is therefore justified to study the 

suitability of other time-dependent parameters in 

condition evolution assessment. 

In the following, Section 2 shall outline some 

limitations of evolutionary symptoms in more 

detail. In Section 3 a new type of symptoms, 

tentatively referred to as statistical ones, shall be 

introduced, and Section 4 shall present a few 

examples. Finally, in Section 5, prospects for 

further development shall be discussed. This paper 

is devoted mainly to vibration-based symptoms, 

which means that components of the vector S are 

vibration levels in frequency bands determined 

from diagnostic models. It seems, however, that 

such approach can be generalized, to include  

a broader class of symptoms. 

2. LIMITATIONS OF EVOLUTIONARY 

SYMPTOMS

Large critical rotating machines are usually 

designed for long service life. Evolution of their 

technical condition is thus in most cases slow.2 In 

[5] it has been shown, on the basis of the EP 

model, that S( )  S can be approximated by  

a straight line, providing that 

/ b << 1  ,                         (3)

where b denotes time to breakdown, determined 

from the EP model [3, 6]. This is equivalent to the 

condition that machine residual life is not too 

small. In such approach, the slope of the 

approximating line and a measure of departure 

from linearity can be employed as diagnostic 

symptoms. 

S( ) plots sometimes reveal considerable 

regularity. An example is shown in Fig. 1. In this 

case, damage evolution is comparatively fast and 

we may infer that in Eq. (2) the influence of 

condition parameter – or parameters – dominates 

2 Large stepwise changes can result from an 

overhaul. In the following we assume that 

influence of overhauls can be normalized;  

see e.g. [8].

over that of control and interference. This is, 

however, seldom the case. Example shown in Fig. 

2 is perhaps more typical, especially for vibration 

components generated by fluid-flow systems in 

turbines or compressors. Here, evolution of 

technical condition is slow, but components of the 

control and/or interference vectors cause large 

fluctuations, which dominate the symptom time 

history.

Fig. 1. Vibration trend: 230 MW unit, rear IP turbine 

bearing, 50 Hz component, vertical direction. 

Arrows indicate rotor balancing. 

Fig. 2. Vibration trend: 200 MW unit, front HP 

turbine bearing, 2500 Hz component, axial direction. 

In general we can conclude that fluctuations are 

superimposed on a symptom vs. time curve 

resulting from technical condition evolution. 

Usually it is reasonable to assume that control and 

interference parameters have no monotonic time 

trend, which means that 

,          (4) 

,         (5) 

where

Zi( ) = Zi(  + ) – Zi( )  ,          (6) 

Ri( ) = Ri(  + ) – Ri( )  .          (7) 

0
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Turbine T3, bearing 2 axial, 3150 Hz
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Turbine T3, bearing 2 axial, 3150 Hz
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This implies that influence of the R and Z 

vectors can be neglected if , or the period 

covered by the trend under consideration, is 

sufficiently long. This condition is obviously of 

qualitative nature only: for a given object and  

a given symptom in real plant environment we 

cannot determine how large should  be. This is 

clear from the example shown in Fig. 3. In this 

case, overall slope for the entire period under 

consideration (over twelve years) is very small, 

close to zero, which is normal for this frequency 

range with long residual life [5]. We can, however, 

see that this value ‘stabilizes’ only after about five 

years, which is a long period. 

Fig. 3. Vibration trend: 230 MW unit, HP/IP turbine 

bearing, 3150 Hz component, axial direction (upper) 

and linear approximation slope plotted against time 

(lower).

It should be kept in mind that, in principle, 

influence of control parameters can be normalized. 

This issue is beyond the scope of this paper; as far 

as control parameters are concerned, only 

approximate normalization procedures can be 

employed in practice, at least for more complex 

objects [8]. Any external interference, even 

measurable, defies normalization. 

Moreover, if the influence of R and Z vectors 

on actual symptom value is dominant, as in the 

case shown in Fig. 2, results of any fitting, either of 

a straight line or any monotonic curve, can be 

highly sensitive to single data points. This feature 

can be also seen in Fig. 3. It can be a serious 

drawback, as evolutionary symptom values are 

determined directly from fitting results. In many 

cases linear approximation even gives negative 

slope, which is not consistent with the EP model, at 

least in its basic form. It thus seems justified to 

study if time-dependent parameters other than the 

symptom value can be employed to trace technical 

condition evolution. 

3. STATISTICAL SYMPTOMS 

As mentioned above, the term ’statistical 

symptom’ is tentative and reflects procedures 

employed to yield symptom value rather than its 

physical origin. 

To begin with, let us consider the EP model in 

its original form [6]. For the i-th symptom Si( ) we 

have

Si( ) = i[V0(1 - / b)
-1]  ,            (8) 

where V0 denotes the power of residual processes 

for  = 0 and i is the i-th symptom operator. In 

practice, Si( ) shall be determined from a set of m
observations:

{Si} = {Si( 1), Si( 2), …, Si( m)}.      (9) 

EP model is deterministic, so for each l = 1, 2, 

... m the value of Si( l) depends only on l, as V0, b

and i for a given object and symptom do not 

change with time.  

If the influence of R and Z vectors is to be 

taken into account, it is reasonable to treat Si as  

a random variable. Si( ) is thus a stochastic process 

and we may assume that parameters of this process 
depend on the object condition. This means that 

they can be employed as diagnostic symptoms. In 

the following, we shall call them statistical 

symptoms.  

It seems possible to support this assumption 

within the framework of the EP model. In order to 

accomplish this, however, the model has to be 

developed. Let us remind here that Eq. (8) has been 

derived from the general equation [9] 

,              (10) 

wherein  and  remain constant throughout the 

entire life of the object. In particular,  refers to the 

object internal structure and physically describes 

proportionality between total dissipation power and 

V, while  describes destructive feedback.

In order to account for the influence of Ri( )

components it is necessary to assume that they 

affect the values of ,  or both. Zi( ) components 

are more problematic, partly due to the fact that the 

very term ‘interference’ is very broad. It seems 

reasonable to assume that external interference 

does not affect the object itself, but acts at the 

‘interface’ between the object and measurable 

symptoms. This can be described either as a modi-

)1(1

)1( V

d

dV
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T

fication of the symptom operator i or by replacing 

Eq.(8) by: 

Si( ) = i[V0(1 - / b)
-1 + VZ( )]  ,      (11) 

where

VZ = f[Z1( ), Z2( ), ..., Zn( )]            (12) 

is the additional power resulting from the Z vector 

components. The second approach seems certainly 

more convenient from the mathematical point of 

view, but cannot be accepted, as VZ does not de-

pend on object condition parameters (an example 

shall be provided in the next section). This problem 

obviously needs further study. Here we may note 

that, if Ri and Zi are treated as random variables, 

then also Si become random variables. Strictly 

speaking, each empirically recorded symptom time 

history Si( ) consists of statistical fluctuations 

superimposed on a monotonic trend. This is 

equivalent to introducing a statistical description 

while retaining the deterministic nature of the EP 

model itself. 

For a given object operated in a given environ-

ment throughout its entire life3 we may assume that 

statistical parameters of Ri and Zi remain constant. 

Let us view the recorded Si( ) time history and 

introduce a moving ‘window’, within which the 

statistical parameters of Si are determined. This is 

shown schematically in Fig. 4. If these parameters 

do change as we move along the time axis, they 

depend on the object condition and can be 

employed as diagnostic symptoms.  

Fig. 4. The idea of determining statistical parameters 

as a function of time (see main text for details). Data 

refer to a real object (230 MW steam turbine). 

Can this approach be validated theoretically and 

given a mathematical description? The question of 

interference still remains open. Influence of the 

control parameters can be most easily represented 

by introducing a dependence of model parameters 

on input power N. Detailed treatment can be found 

3 This refers e.g. to stationary steam or gas turbines 

and many industrial installation, but is open to 

dispute e.g. for marine propulsion turbines. 

in [10], where various possible model modifica-

tions have been analyzed. If it can be shown that 

Si/ N = f( )  ,                    (13) 

then, taking into account that N is a random 

variable with constant parameters, the statistical 

parameters of Si are sensitive to the object condi-

tion.

Model modifications presented in [10] consist 

in various representations of  and , which are 

explicit or implicit functions of time. This leads to 

differential equations, which can be viewed as 

modifications of the original Eq. (10). 

Unfortunately, in most cases they can be solved 

only numerically, so it is not possible to check the 

condition given by Eq. (13). It should be also kept 

in mind that for many large rotating machines the 

function

N = f(R) = f(R1, R2, ..., Rn)             (14) 

is unique, but not single, as various vectors R may 

yield the came value of N [11]. All these 

deficiencies obviously again call for further model 

refinement. 

4. EXAMPLES 

While analytical description still has to be 

developed, it is possible to check the suitability of 

statistical symptoms empirically. For a number of 

large rotating machines, in particular steam 

turbines, sufficient databases are available and 

there are some cases wherein certain malfunctions 

have been detected. It is thus possible to perform  

a study schematically shown in Fig.4. 

Preliminary analysis of a large number of 

vibration-based symptoms defined in Section 1 has 

revealed that their fluctuations do change with 

time. This observation is obviously qualitative, so 

in order to obtain more insight into the problem 

two statistical symptoms have been proposed [12]: 

standard deviation i,

mean difference between two consecutive 

values i = Si+1 - Si ,

both determined within the ‘window’ shown in 

Fig.4, which includes 10 data points. 

The latter of these needs some explanation. 

Assume that we record two values of the symptom 

Si, namely: 

Si1 = F[X( ), R( ), Z( )]  ,          (15) 

Si2 = F[X(  + ), R(  + ), Z(  + )]  .  (16) 

If  is sufficiently small, we may assume that 

X(  + )  X( )  ,               (17) 

so the difference between Si1 and Si2 results from 

the R and Z vectors only and hence is a random 

variable.

Fig. 5 shows an example for a 200 MW steam 

turbine.  = 0 corresponds to about 150,000 hours 
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of operation (the turbine was commissioned in 

early 1960s). After about 2000 days low-pressure 

rotor was replaced during a scheduled overhaul. 

Vibration time history (trend), shown in Fig.5a, 

exhibits only moderate increase during the period 

before rotor replacement, which is to a certain 

degree ‘masked’ by fluctuations. Plots of i( ) and 

i( ) are much easier to interpret, as the increase is 

evident. Of course, both these plots exhibit a ‘lag’, 

caused by the time window: corresponding values 

cannot decrease immediately after repair. This is, 

however, not an important disadvantage, as we are 

certainly more interested with the ‘leading edge’, 

which provides a warning. 

Fig. 5. Vibration velocity (a), standard deviation 

(b) and mean difference  (c) plotted against time: 

200 MW turbine, LP casing front horizontal,

3150 Hz frequency band. 

Another example refers to a similar turbine that 

suffered an IP rotor failure (fracture of some last 

stage blades) and is shown in Fig. 6 Detailed 

description of this very interesting case can be 

found elsewhere [13]; here the attention shall be 

focused on statistical symptoms. Again, vibration 

trend shows an increase, but linear approximation 

slope is not alarming [5, 11] and no substantial 

departure from linearity can be detected. On the 

other hand, plots of standard deviation and mean 

difference clearly reveal the approaching failure, 

with considerable advance of a few hundred days, 

which is exceptionally valuable for planning main-

tenance and repairs. 

Fig. 6. Vibration velocity (a), standard deviation 

(b) and mean difference  (c) plotted against time: 

200 MW turbine, rear IP bearing horizontal,  

4000 Hz frequency band. 
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Figs. 5 and 6 suggest that i( ) plots are more 

useful that i( ), as they seem more regular and 

less sensitive to single ‘peaks’ in vibration time 

histories. However, at present it seems unjustified 

to accept one of these symptoms and discard the 

other, as differences are not large. Further studies 

will possibly clarify this issue. 

An interesting feature of statistical symptoms is 

demonstrated by another example, shown in Fig. 7. 

This example refers to a 230 MW turbine, which 

was commissioned in 2000. Available symptom 

time histories cover the entire period of operation, 

as first measurements were performed only a few 

days after first startup. 

Fig. 7. Vibration velocity (a), standard deviation 

(b) and mean difference  (c) plotted against time: 

230 MW turbine, HP/IP bearing vertical,  

5000 Hz frequency band. 

It is easily seen that both i( ) and i( ) show 

considerable decrease. Most probably this can be 

attributed to the ‘running-in’ effect; in fact, both 

these plots remind a sort of bathtub-type curve, 

well known in terotechnology. It should be noted 

here that the original EP model cannot account for 

this type of a symptom vs. time relation; in [10] 

this was accomplished by introducing negative 

initial value of the destructive feedback factor 

(cf. Eq.(10)). 

All three above examples refer to vibration-

based symptoms from the blade frequency range. 

This range contains vibration components 

generated by interaction between turbine fluid-flow 

system and steam flow. Their amplitudes depend 

on the technical condition of this system [7] and 

therefore provide important diagnostic information. 

As already mentioned, time histories of these 

vibration components usually exhibit large 

fluctuation (see Fig. 2) and we may infer that they 

are more sensitive to the R and Z vectors. In fact, 

this can be directly confirmed. Fig. 8 shows plots 

of normalized standard deviation, defined as n =

/Sav (Sav is the mean value), against frequency, for 

two different turbines. Values have been 

determined from samples of 100 vibration spectra.  

Fig. 8. Normalized standard deviation vs. time; 

upper plot: 120 MW turbine, LP casing rear 

horizontal; lower plot: 200 MW turbine, front LP 

bearing axial. 
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It can be easily seen that for the blade frequency 

range (above 1000 Hz) n is considerably higher; 

moreover, both plots are qualitatively very similar. 

Both turbines have been operated at constant load 

and measurements have covered comparatively 

short periods (about one hour in both cases), during 

it may be inferred that the scatter is due primarily 

to external interference. This example also shows 

that the simple approach suggested in Eq. (12) is 

unacceptable, as interference obviously cannot be 

neglected. It should be noted that large fluctuations 

in the blade frequency range make vibration time 

histories more difficult to interpret, which 

emphasizes the need for better diagnostic 

symptoms. 

All examples presented above refer to the blade 

frequency range. There is no reason for not 

applying such approach to harmonic components. 

Two issues, however, have to be pointed out. First, 

vibration time histories from the harmonic fre-

quency range are usually easier to interpret, so 

there is no particular need for using a more 

sophisticated approach. Second, these components 

are very sensitive even to minor overhauls, repairs 

and adjustments, which result in stepwise changes. 

These changes are not related to long-term evolu-

tion of object condition, but they disturb i and i

time histories. Therefore, in order to employ 

Fig. 9. Raw (upper graph) and normalized (lower 

graph) time histories of the 50 Hz component: 

200 MW turbine, front LP bearing vertical 

(after [12]). 

 statistical symptoms, raw Si( ) plots have to be 

normalized. This issue is beyond the scope of this 

paper; details can be found in references (see e.g. 

[8]). An example is shown in Fig. 9 [12]; we may 

see that  stepwise changes are much larger than 

‘normal’ fluctuations. 

In this particular case, stepwise changes of the 

50 Hz component resulted from IP/LP rotors 

alignment adjustments. Symptom normalization 

reveals that, after the first overhaul, a monotonic 

trend can be seen, most probably resulting from 

some slowly developing malfunction. This is much 

more obvious from statistical symptom time 

histories, which are shown in Fig. 10. 

Fig. 10. Standard deviation  (upper) and mean 

difference  (lower) plotted against time for the 

symptom time history from Fig. 10 (after [12]). 

5. CONCLUSION

Currently it seems reasonable to conclude that 

statistical vibration-based symptoms can be useful 

in interpreting time histories determined by object 

condition evolution. Their application for random-

type faults is perhaps not justified, as symptom 

time history analysis usually yields conclusive 

results. There is, however, a need for methods of 

lifetime consumption and residual life assessment; 

for these purposes, statistical symptoms seem to 

provide a useful tool. It should be kept in mind that 

all examples presented in this paper have been 

based on available data rather than results of  
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a purpose-designed diagnostic experiment. With 

state-of-the-art monitoring systems, often installed 

on large critical rotating machines, data acquisition 

for determining statistical symptom values should 

not be a particular problem. 

At present the most important task is to develop 

a suitable model. This has already been stressed in 

the above considerations. While it may be 

intuitively understood that statistical parameters 

proposed in this paper can be employed as diag-

nostic symptoms, a strict treatment is obviously 

necessary. Work in this field is currently under 

way.
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