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Abstract: The presented system monitors a turbofan start sequence using indicators and 
operating conditions to detect abnormal behavior. It is based on the analysis of the 
residuals between the measured indicator values and the corresponding estimated values 
assuming healthy state. Estimation uses regression models trained on a database. 
However, as in many monitoring problems, the amount of data is limited due to 
application issues and covers only a limited region of the feature space. Thus, the models 
are trained in a limited domain defined implicitly by the available learning data and their 
efficiency is not controlled outside this implicit domain. This paper deals with the 
definition and the extension of the models validity region while keeping the extension 
effect on the monitoring process under control. A methodology based on one-class SVM 
is proposed and is applied to the presented monitoring system. Practical and 
methodological conclusions are drawn from the proposed experiments. 
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1. Introduction 

     When designing a monitoring system, one may rely on analytical relations between 
observed features to identify the state of the system. But in many cases such a model does 
not exist or would be too difficult, too long or too expensive to find. To overcome this 
problem, different strategies can be chosen. A first one consists to define an imprecise 
model [5, 6]. A second one is to design a monitoring system using a database and machine 
learning methods. In industrial applications, one of the main drawbacks of this approach is 
the lack of data, or, most of the time, the fact that the available data are not representing 
all the functioning situations of the system. A possible solution to this problem is to limit 
the use of the system to cases that are similar to the training samples. This leads to a 
monitoring system that is operational only in a limited number of situations but with 
performances that can be precisely estimated. Then it requires determining precisely when 
the monitoring system can be used or in other words we need to determine if each in 
operation sample is close enough of the training samples to be processed. The answer to 
this problem is far from being simple and is most of the time ignored.  

This paper presents a methodology that enables to define and extend as much as 
possible the feature space regions where a trained monitoring system can operate safely 
and precisely according to performance requirement. When the system experiences a 
situation which is characterized by features outside the trained region, the monitoring 
system is simply disabled and data may be recorded to update the monitoring system later.
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The proposed methodology is applied to turbine start capability monitoring. The 
section 2 introduces the application context and the general principle of the proposed 
monitoring system. The key monitoring issues are pointed out and the monitoring system 
scheme is presented. Section 3 expounds the application: the starting sequence of a 
turbine, the feature space, the effects of main degradations and the impact of operational 
conditions. Section 4 describes the available database, its limitations and the 
consequences on the monitoring system design. The complete decision procedure is 
explained in section 5. Section 6 presents the proposed methodology to determine the 
extent of the feature space in which the monitoring system can operate and experiments 
on the application are carried out. Finally results are discussed and commented in the 
concluding section. 

2. Context and Monitoring System Outline 

Monitoring the engine start capability is an important issue for airline companies in order 
to decrease delays and flight cancellations and optimize maintenance operations. Early 
detection of degradations enables to set up predictive maintenance [6]. The awaited 
benefits are the reduction of flight delays and cancellations, an improved costumers’ 
satisfaction level and a reduced operational cost. 

A study of turbine starting stage and its failures led to the definition of a set of 
indicators representing the health status of components involved in the engine start 
process [2]. Basically damage detection is performed by comparing the actual measured 
values with the healthy state nominal values. However, the nominal values that 
characterize the healthy state depend on environmental operating conditions. To take into 
account this dependence there are mainly two possible approaches. The first one is to train 
the decision system using both indicators and operating condition measurements to 
describe the system. The dependence is taken into account while training the decision 
rule. To be effective this approach necessitates a large amount of data to cover jointly all 
functioning situations and all operational conditions. The second approach is to divide the 
problem in two smaller sub-problems. The first one consists to learn the effect of 
operational conditions on indicators in order to estimate indicators value with respect to 
operational conditions. The second sub-problem is to train a decision system based on the 
residual between actual measures and estimated nominal ones. 

In our case, the amount of available data is limited so that the second solution has 
been preferred.  

To learn the effect of operating conditions we use a data set and non-linear regression 
methods. The main drawback of this approach is that the obtained model depends on the 
data set. In particular, the quality of the model is only controlled on the operating 
condition domain covered by the learning data set. When available data set covers only a 
small part of the entire domain it limits the applicability of the designed monitoring 
system. However in the case of the starting process, expert knowledge lets us infer that the 
influence of operating conditions on indicator values is continuous and smooth. Thus, the 
deviation from the learned model probably evolves slowly with operating conditions and 
it is reasonable to assume that the region where the model is valid can be slightly 
extended. 

This paper proposes a general approach to deal with the determination of the validity 
domain limit. It is based on the study of the model error when operating conditions are 
outside the domain covered by the learning set.  

The global scheme of the monitoring system is shown by figure 1. A test checks if 
the operating conditions are within the validity domain before the estimation of the 
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nominal values. If it is the case, the estimation is done according to trained regression 
rules that model the effect of operating conditions on indicators. Then, the difference 
between relevant indicators and their estimated nominal values is used to take the 
decision. In the contrary case, no notice is given and the relevant indicators and the 
operating conditions are stored in a database for a future update of the regression rules. 
Update is performed when outlier measures are assessed as corresponding to healthy state, 
done after a delay according to a specific procedure which is beyond the scope of this 
paper. 

 
Figure 1: Monitoring System 

3. Starting Sequence Measures and Health Status 

Before defining the indicators used to detect and locate faults in section 3.3, some widely 
used acronyms in the aviation industry and in machine learning are introduced by table 1. 
A brief description of a turbine start process is given in section 3.1 and the most frequent 
failures that prevent engine start are presented in section 3.2. The influence of the 
operating conditions on the indicators is discussed in section 3.4.  

Table 1: Important Acronyms. 

HMU Hydro Mechanical Unit 
CoHP High Pressure compressor 
EGT Temperature of Exhaust Gas  
MSE Mean Squared Error  
FADEC Full Authority Digital Engine Control 
OEM Original Equipment Manufacturing 
SVM Support Vector Machine  

3.1 Starting Sequence Description 

Starting an aircraft engine involves a sequence of operations that requires the participation 
of several systems which are under the responsibility of different operators:  

- the aircraft manufacturer (Boeing, Airbus…), 
- the engine manufacturer (Snecma, General Electric, Pratt &Whitney, Rolls-Royce), 
- the OEMs (Hispano-Suiza,...).  
Therefore knowledge about the components involved in the start process is spread 

among several companies. Collecting all relevant information and proper understanding of 
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the process requires a long and delicate work which is essential to identify the relevant 
indicators. This work is summarized below.  

The main steps of a standard start sequence are listed and for each major step the 
involved systems are specified within parentheses:  

- supply the air pressure to the starter air valve (air system),  
- open the starter air valve (start system), 
- check the High Pressure compressor, called CoHP, speed rise (engine system), 
- inject fuel flow when CoHP exceeds a low speed limit (fuel system), 
- check chamber ignition using temperature variation of exhaust gas (ignition 

system), 
- check sensors in order to ensure a safe progress of the start (pilot action), 
- close automatically the starter air valve at the Cut Out speed (control system, called 

FADEC for Full Authority Digital Engine Control), 
- confirm the idle regime is reached and assess the stabilization of the engine sensors 

value (pilot action).  
Figure 2 illustrates evolutions during a start sequence by showing jointly the high pressure 
turbine (CoHP) speed variation from 0 rpm (rotations per minute) to idle and its exhaust 
gas temperature evolution.  

Due to the number of involved systems, the localization of an engine start failure may 
be very difficult. Therefore, the study was focused on major "no start" causes. 
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Figure 2: Evolution of CoHP Regime and Exhaust Gas Temperature (EGT) during Turbine Start. 

3.2 Major Failure Causes 

     Thanks to the experts’ knowledge of SNECMA, to the operating experience 
feedback and to publications [1, 9], it was possible to identify the most frequent no-start 
causes. They are summarized in Table 2 and the failing components are cited. 
     The effects of these failures on engine performance have been studied in order to 
determine meaningful indicators of the start-up condition.  

Table 2: Major "No Start" Root Causes. 
 

Failing component Failure causes 
C1 Hydro Mechanical Unit (HMU)  Fuel low problem 
C2 Starter Air Valve  Opening or closing problem 
C3 Air Turbine Starter Shaft break, clutch problem, oil leakage, wear 
C4 Ignition No spark on igniter 
C5 Nozzle Clogged 
C6 Air pressure supplier Low pressure 
C7 Main fuel pump Efficiency loss 



Extension of the Learning Domain in Monitoring Turbofan Start Capability System 

 
269 

3.3 Indicators and Fault Localization 

     This section describes briefly the effects of three failures to explain the choice of 
indicators and the definition of signatures to be used for fault localization. 

 A fuel flow problem caused by the HMU (C1 in table 2) may disrupt the ignition 
phase so that the acceleration of the engine after the ignition and the temperature of 
exhaust gas (EGT) are impacted. This type of failure has consequences on the ignition 
time, time to finish the start (respectively t2 and t3 on figure 2) and the change rate of 
EGT (EGT gradient).  

A starter air valve (C2 in table 2) which remains open may fasten the turbine 
acceleration at the end of the start and thus shorten the time of the last stage so that time t3 
is shorter than usual.  

A worn starter (C3 in table 2) transmits less torque to the engine. So the turbine 
acceleration is slower, especially during the first few seconds. This degradation causes a 
shift of the maximum acceleration time (time t1) and changes the EGT dynamic.  

This work has been done for all the failures in table 2. Thus it was possible to define 
the most appropriate indicators to monitor the ability to start. A list of eight indicators, 
denoted I1 to I8, was selected: 

- the maximum level of acceleration of high-pressure compressor (I1, I2),   
- the duration of three specific start steps, denoted t1, t2, t3 in figure 2 (I3, I7, I8),  
- the total ignition time (I4),  
- the average gradient and maximum value of exhaust gas temperature (I5, I6). 

Table 3: Effects of C1, C2 and C3 Failures on Indicators 

 I1 I2 I3 I4 I5 I6 I7 I8 
C1  0 0 0 -1 +3 +3 -2 -1 
C2  0 0 0 0 0 0 0 -1 
C3  +2 -2 +1 0 -1 -1 +1 0 

     The effects of failures or degradations premise have been characterized 
individually, thanks to the knowledge obtained from experts, simulations and bench tests. 
For each failure, the awaited direction of variation of each indicator has been identified 
and its magnitude has been characterized. Results are reported in table 3 with the 
following convention: 0 means that the failure has no impact on the indicator. If it has an 
impact, the effect magnitude is rated from 1 (low) to 3 (high) and the sign indicates the 
variation direction (+ increase, - decrease). A matrix identifying the failures has been built 
[3]. Each degradation and defect has its own single signature. Thus, assuming a good 
signal to noise ratio, the proposed variables enable the diagnosis of all known situations. 

3.4 Influence of Operating Conditions 

     The difficulty to monitor the start sequence with indicators is due to the fact that 
their values depend not only on degradations but also on operating conditions such as 
outside temperature, air pressure or oil temperature. Not taking into account these 
nuisance parameters would have a significant effect on monitoring performance. 

 For example, turbine resistant torque increases when the oil cools. Thus, a start with 
cold oil is slower than a start with hot oil. Excluding this temperature, it is unclear 
whether an abnormally long starting time is due to degradation or due to cold oil. Figure 3 
shows the time of the first starting stage, i.e., the indicator t1, depending on oil 
temperature for healthy start (due to confidentiality, constraints scales are not given on 
figures). As a first approximation, the relation between these two measures is linear up to 
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a certain value over which oil temperature has no more influence on time t1. The large 
scatter observed on this figure can be explained by other operating conditions.  

 
Figure 3: Values of t1 Indicator in Function of Oil Temperature for Healthy Start 

Complementary tests on benches with an engine have confirmed the importance of 
operating conditions influence on the measured indicator values. In order to get good 
performances of detection and localisation, the indicators should depend only on the 
health status of the starting system. So it is necessary to remove the contribution of these 
nuisance parameters.  

4. Available Database 

     Bench data supplied by SNECMA were used to apply the proposed methods. 
 The database gathers 300 start sequences measures without failure. The measures 

were obtained with two similar engines. All the variables were normalized (to have zero 
mean and unit variance). This avoids to overweight some operating condition variables 
compared to others and to introduce a dependency between the model and measures units. 
In addition, this makes regression results easier to compare and to analyse (section 6).  

The database contains also some samples that correspond to atypical starts. They 
were obtained by supplying an especially high air pressure to the starter during engine 
start (about 3.5 bars compared to 2.1 to 2.3 bars for usual starts). These singular samples 
have not been used to estimate normalization parameters. 

The main problem with these data is that tests operating conditions did not change as 
much as possible in real operation. Especially, no data were available for extreme outdoor 
temperatures, atmospheric pressure was almost constant and the air pressure sent to the 
starter did not change much. Thus, the samples of the database cover only a limited 
operating condition region compared to the overall operating condition space. This is 
typical of many industrial monitoring problems. Mainly due to cost and time issues, the 
amount of collected data available to design a first monitoring tool on a system is, most of 
the time, restricted and covers only a limited domain compared to the system overall 
functioning domain. Precisely, the proposed solution, sketched by figure 1, enables to use 
in operation measures to incrementally enlarge the monitored domain.  

To implement the proposed solution we need to set up an estimation model to 
estimate the nominal values of indicators based on operating conditions before taking a 
decision and we need a tool to determine the monitored domain limit. These sub-systems 
are presented in the two following sections.  

5. Decision rule and Estimation Models 

     This section presents the decision rule which is based on a residual magnitude. A 
residual for each indicator is obtained by subtracting the estimated nominal value using 
operating conditions to the observed value. Thus nominal indicator estimators have to be 
designed based on operating conditions.  
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In section 5.1, a decision rule based on the use of residuals is introduced. Section 5.2 
describes the model that is used to determine the nominal values of the indicators using 
operating conditions. The chosen model consists in a regression, based on the support 
vector machines (SVM) [10]. To select the best regression parameters a criterion is 
presented in section 5.3, and finally experimental results are given in section 5.4. 

5.1 Decision Principle 

     Let assume that the d indicators TI  determined for one start form a vector 
d

RI ∈ . The effect of operating conditions on I is assumed to be additive with 
degradation effect and governed by a function g of K operating condition parameters opk. 
For a healthy start, it is assumed that eopopopgI K += )...,( 21  where e is an error. The 

error may be due to the noise of the acquisition chain or to some parameters not taken into 
account in the function g such as the fuel characteristics. Finally the detection problem is 
to perform the following hypothesis testing: 
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210                   (1) 

It is proposed to estimate each indicator TI  for (T=1 to d) by a function 

)(xgT (x=[op1, op2,…opK]) and to take the decision according to residuals )(ˆ xrT  which 

are the differences between the measured values TI  and the estimated values )(ˆ xgT : 

                          ( ) )(ˆˆ xgIxr TTT −=                 (2) 

For a healthy start, there is no degradation effect thus the value of the residual is only 
influenced by the inaccuracy of the estimated model and the noise. The detection is done 
by comparing residual modulus to a threshold estimated using a parametric distribution 
model and the set of residuals obtained with the learning data [8].  

Due to the database limitation, the localization problem is not tackled by this 
decision rule. This question is considered only after detection, by comparing residual 
values )(ˆ xrT  and degradation signatures (table 3).  

5.2 Estimation Models 

      The estimators of )(xgT have a great influence on detection performances (first 

and second order errors).  
Support vector regression methods [4] have been chosen because they provide a 

precise control on the generalization capability of the estimated function.  
These methods consist in learning a non-linear function by solving a linear learning 

problem in a feature space HR [11]. The feature space is defined by a non-linear 

transform φ that maps the data from the observation space into the feature space. The 

regressed value for an observation x is given by: 

TTTT bxwxg +>=< )(,)(ˆ φ where HT Rw ∈ and RbT ∈ .   (3) 

The vector Tw  and the bias Tb are solution of the minimization of the functional: 
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under the constraints: 
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and 0* ≥iiξξ     

where i is the sample index and the constant 0>C determines the trade-off between 
the flatness of Tĝ and the amount up to which deviations larger than ε are tolerated (this 
corresponds to dealing with a so called ε–insensitive loss function).  

Using Lagrangian, this problem can be rewritten as the optimization of a quadratic 
function which depends only on scalar products between transformation functions ( )xφ . 
It can be shown that, under Mercer’s condition, the calculation of these products do not 
require the analytical expression of the transformation function φ and can be directly 
determined by using a kernel K  so that 〉〈=〉〈 )(),(, ii xxxxK φφ

, 
[11]. The kernel 

depends usually on a parameter h . The two commonly used kernels are polynomial 
kernel ( h  is the degree) and Gaussian radial basis function ( h controls the spread of the 
function).  

Since Tw  and Tb are solutions of the optimization problem, the model is only 

parameterized by ε,C and the kernel parameter h .  

5.3 Model Selection 

      For each parameter set ( ε,C and h ) a regression function can be defined. To 

select one model a criterion is needed. We choose the classic mean squared error (MSE) 

between the measured values )..1(, NiI iT =  and the estimated values )(ˆ
iT xg  calculated 

using the data set containing N observations: 

                         

∑
=

−=
N

i

iTiTT xgI
N
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1

2
, ))(ˆ(

1
         (6) 

Since variables of the database have been normalized, if MSET is larger than one it 

shows that the indicator TI  is degraded by the proposed estimator )(ˆ
iT xg  while an 

improvement of that indicator is assessed when MSET is smaller than 1. 
The selected parameter set has to correspond to a model complex enough to adapt to 

the data while keeping good generalization ability. To avoid overfitting, the database was 
divided into two equal parts, one used to learn the model and the other one used to test the 
generalization ability. The optimal parameters set was chosen as the one minimizing the 
MSE on the test set. 

5.4 Experimental Results 

     Training was repeated 10 times using different partitions of the database to train and 
test. For each indicator TI , the mean and the standard deviation of MSET for the test data 

set were computed for four different parameter settings (two Gaussian kernels and two 
polynomial kernels). Values of C  and ε  were respectively 10 and 0.05. Results are 
given in Table 4. In bold italic type are the values corresponding to the less efficient 
settings, not considered for further study. Complementary results and the explanation of 
the final choice are given in [3].  

The indicator 1 is estimated with a very low precision, since the MSE1 mean value is 
close to 1 which means that it cannot be predicted using the proposed operating condition 
variables. Thus indicator 1 has not been considered in the following study. This result is 
not too problematic because indicator 2 has similar response to defects. 
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Table 4: MSE and Standard Deviation for each Indicator according to the Parameter Values 

 MSET Standard Deviation 
Kernel � Polynomial Gaussian Polynomial Gaussian 
Indicator ↓ h= 1 h= 2 h= 4 h= 10 h= 1 h= 2 h= 4 h= 10 

1 1.04 1.07 1.06 1.05 2.56 2.67 2.66 2.56 
2 0.36 0.36 0.34 0.34 0.54 0.57 0.53 0.52 
3 0.14 0.07 0.08 0.10 0.23 0.12 0.14 0.18 

4 0.12 0.11 0.12 0.13 0.31 0.29 0.30 0.31 
5 0.30 0.11 0.11 0.22 0.42 0.22 0.19 0.29 

6 0.30 0.07 0.07 0.19 0.46 0.13 0.10 0.24 

7 0.32 0.16 0.16 0.27 0.64 0.34 0.38 0.61 

8 0.54 0.32 0.32 0.49 1.03 0.65 0.65 1.00 

6. Validity Domain Determination 

     We have shown that for all indicators, except indicator 1, regression succeeds to 
reduce significantly nuisance power and thus to improve signal to noise ratio. But this 
conclusion is only valid in the operating condition region covered by the database used to 
train the regression models. Outside this area, regression performances are not known and 
decision performances are no longer controlled. 

 Knowledge about the starting process lets us infer that the influence of operating 
conditions on indicators actual values is a smooth function. The deviation from the 
learned model should also be smooth if the regression function is not too complex. Thus it 
should be possible to apply the model to a slightly extended domain compared to the 
domain covered by the learning data set. The error obtained using the model is expected to 
increase steadily as the observed data move away from the domain covered by the 
learning data set. Then a trade-off has to be determined between the tolerated error and the 
extension size. This trade-off depends on decision performances which decrease as error 
increases. 

 Using the model in a slightly extended domain allows taking a decision for data 
outside the domain initially covered by the learning data set. These outliers can be used 
later to train a new model which is valid on a larger domain. By this way, the operating 
condition domain of the designed model can be progressively enlarged.  

6.1 Methodology 

     To collect data with new operating conditions, it is necessary to implement a 
specific recording device on in-use turbine which takes time and costs a lot. So, in order to 
study the error increase using the available database, the approach was to voluntarily 
restrict the learning data set to a fraction of all available data chosen to limit the trained 
area. The rest of the data are then considered as outliers. The targeted fraction is half the 
database samples to keep enough outliers for the study. The outliers were grouped 
according to their distance from the limited area used for learning and MSET of each group 
were computed. 

6.2 Determination of the Restricted Learning Region 

     In order to select the data so that it limits the operating conditions area used for the 
learning stage, the one class support vector machine (1C-SVM) method [12] was used. 

The 1C-SVM method consists in learning the minimum volume contour that encloses 
most of the data in a dataset. A training data set is used to learn a boundary function 
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such that a controlled proportion of the training set data belongs to the set 

defined by 0)( >xf  while the volume of this set is minimal. Similarly with the 

regression method, non-linear boundary function can be obtained by a linear learning 
machine in a kernel-induced feature space HR . Using a radial basis function kernel, the 

result depends on two parameters: one that controls the amount of smoothing and thus the 
flatness of the domain boundary, and one that defines an upper bound on the fraction of 
outliers in the dataset. 

The 1C-SVM method was used to determine the area of the operating conditions 
space that contains the denser half part of the available data. The data enclosed in this area 
was afterwards considered as the initial learning data set. 

Figure 4 illustrates the selected area of the operating conditions space projected on its 
two first eigenvectors. 

          
                     (a)                         (b) 

Figure 4: (a) Projection of the data base on the 2 first eigenvectors, and selected area 
using 1C-SVM (b) Zoom 

6.3 Regression Performance in the Restricted Learning Region  

     Since the aim is to estimate the MSET evolution of a built model associated to an 
indicator, it is necessary to have a reference value. The retained reference value is the 
corresponding MSET in the restricted area used to train the model. In order to get an 
unbiased estimate it is necessary to use samples which are not used to learn the model. 
Thus, a cross validation method was used [7]. The restricted database selected as 
described in section 6.2 was randomly divided into ten sub-sets; nine were used to train 
the regressions model and the last one for testing and computing the squared errors on this 
set. This operation was repeated 10 times, changing the tested sub-set. The mean of all the 
squared errors values obtained was used as the reference MSET associated to the reduced 
area. The values were also used to compute the standard deviation. This experiment was 
carried out for four different models for each indicator. The results are given in table 5.  

Table 5: MSE and Standard Deviation of the Squared Errors in the Limited Area 

 MSET Standard Deviation 
Kernel � Polynomial Gaussian Polynomial Gaussian 
Indicator ↓ h= 1 h= 2 h= 4 h=10 h= 1 h= 2 h= 4 h=10 

2 0.33 0.36 0.33 0.33 0.47 0.51 0.46 0.47 
3  0.05 0.06   0.08 0.10  
4 0.14 0.12 0.13 0.15 0.35 0.29 0.34 0.37 
5  0.13 0.11   0.20 0.17  
6  0.07 0.06   0.14 0.10  
7  0.10 0.12   0.30 0.35  
8  0.29 0.29   0.71 0.77  
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6.4 Definition of Outlier Groups 

     The 1C-SVM determined to bind the restricted area was also used to define the 

distance to the learning area. The absolute value of the 1C-SVM output )(xf  defines an 

order which is a function of the distance from one sample x  to the boundary in the 
feature space. Thus it is possible to order the outliers according to the 1C-SVM output. To 
carry out population analysis, groups formed by samples having approximately the same 
distances were defined by fixing arbitrarily thresholds on the 1C-SVM output value. On 
figure 6 the ordered output values and the defined groups are reported. The outlying data 
observed on figure 4 correspond to the samples with large output values (group 6). Table 
6 gives the range and the average absolute values of each group outputs. 

 
Figure 6: Distance Measure to the Learning Area and 

Outlier Groups Dfinition 

Table 6 : Group Definition and 
Properties  

Group 
number 

Sup. 
value 

Group 
size 

Average 
|f(x)| 

1 0.025 53 0.012 
2 0.05 27 0.036 
3 0.10 32 0.073 
4 0.15 21 0.123 
5 0.25 14 0.173 
6 0.65 5 0.584  

6.5 Evolution of Model Error Outside the Learning Region  

     The model determined using the entire set corresponding to the limited area was 
used to compute the MSET for each outlier group. It was computed for each regression 
model and for each of the seven indicators (indicator 1 was discarded). For each indicator 
and for the Gaussian and the polynomial kernels the best regression model was selected. 

 Figures 7 to 13 represent MSET according to the groups. For each group, the value 
used as its abscissa is the average absolute values of the outputs (given in Table 6) of the 
considered group except for the reference MSET which abscissa has been arbitrarily set to 
0.  The vertical bars represent standard deviations of MSET obtained for each group. The 
results for the Gaussian and polynomial kernels are respectively represented by triangles 
and rings. A small shift on the abscissa groups between the polynomial kernel and 
Gaussian kernel is used to improve readability.  

For an easier reading of the charts, it was decided to remove the group 6. Indeed the 
MSET for this group, obtained with the two kernels, is much larger than for other groups, 
in the case of indicators 2, 3, 5 and 6. In the case of indicators 4, 7 and 8 only the 
Gaussian kernel provides MSET magnitudes of the same order to the other groups, 
respectively, 0.39, 1.04, and 1.23.  

In average, the results of estimation using the polynomial kernel are much worse than 
using the Gaussian kernel.  

For indicator 2, the results obtained with the 2 kernel types are identical. The 
regression performance for this indicator, using the reduced learning area, is one of the 
worse (see tables 3 and 4). The estimation error is about 0.5 for the first four groups. It 
can be noticed that this is the only indicator for which the MSE2 of group 6 is lower with a 
polynomial kernel than for a Gaussian kernel (22 against 185).  
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Figure 7 : Indicator 2 Estimation Error Evolution 

(Gaussien h=10 Poly h=1) 

 
Figure 8 : Indicator 3 Estimation Error Evolution 

(Gaussien h=4 Poly h=2) 

 
Figure 9 : Indicator 4 Estimation Error Evolution 

(Gaussien h=4 Poly h=1) 

 
Figure 10 : Indicator 5 Estimation Error Evolution 

(Gaussien h=4 Poly h=2) 

Figure 11 : Indicator 7 Estimation Error Evolution 
(Gaussien h=4 Poly h=2) 

 
Figure 12 : Indicator 8 Estimation Error Evolution 

(Gaussien h=4 Poly h=2) 

For indicator 3, the error evolution seems linear. This indicator is one of the best 
predicted which allows to extend the domain. The prediction is slightly better with the 
polynomial kernel than with the Gaussian kernel for the first five groups, but it is much 
worse for group 6 (28000 against 70). So the Gaussian kernel is more efficient to estimate 
points which are very distant from the learning area.  

Indicator 4 seems not to be very sensitive to the extension of the area. As for the 
previous indicator, up to the group 5, the regression performance using a polynomial 
kernel is better than using a Gaussian kernel except for the group 6 (0.39 against 4.4). 

Indicator 5 is very well estimated and the error does not increase for the first groups. 
Then the Gaussian kernel gives better results.  

Indicator 6 represents a physical quantity similar to Indicator 5: one is the maximum 
temperature gradient, and the other one is the average gradient (see § 3.3). The remarks 
are then similar. 

Indicators 7 and 8 represent durations of specific engine start steps. Therefore, 
similarities are observed in the results. The MSE7 and MSE8 values obtained with the 
polynomial kernel increase quite fast but remain almost constant for the first four groups. 
For the group 5, the values are very dispersed and large. Thus, it has been chosen to not 
report MSE8 on the chart to obtain a good reading for the first groups. The MSET values 
obtained with the Gaussian kernel are lower and less dispersed. However the prediction is 
worse for the first group than for the three following ones. Maybe an explanation could be 
found in the physical principle of the engine start-up as it is observed for both indicators. 

This study has shown that the estimation error remains small at least up to group 4. It 
also highlights the performance differences between the two kernels when the data are far 
from the area covered by the learning data. Finally, when the input data is far from the 
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learning area the Gaussian kernel allows a better prediction than the polynomial kernel 
except for indicator 2. This property will have to be considered in selecting the final 
model according to the extension of the learning monitored domain. The acceptable 
extension width will depend on the results of a current on-going study about detection 
performances in case of degradation that can prevent the next starts. 

7. Conclusion 

     A device that monitors the ability to start of an aircraft engine has been described. It 
enables to consider a database in which all the possible situations are not present. Thus it 
includes a step for deciding if a measured data can be analyzed or not. 

  Relevant indicators of the health status of components that can disrupt the start have 
been defined based on the analysis of the start process failure modes. However, these 
indicators are sensitive to operating conditions. The monitoring methodology proposes to 
reduce the effect of operating conditions, and thus improve the signal to noise ratio. It is 
based on the analysis of residuals. The residuals are the difference between the indicators 
values in operation and their estimated values assuming healthy state obtained using a 
regression model whose input parameters characterize operating conditions. But models 
are not perfect and their predictive power varies according to the indicators. Moreover, the 
performance achieved for each indicator is controlled only for estimates that take place 
within the learning operating condition space. The available data sample a small region of 
that space compared to all possible operating conditions in use. It introduces a limitation 
of the proposed system which is shared by many industrial problems. Thus, it has been 
proposed to study the evolution of the prediction error when models input data move away 
from the learning operating condition space. It was observed that the mean square error, 
which has been chosen to measure regression model performances does not increase at the 
same rate for all indicators. However the error evolution is moderate for short distances to 
the learning operating condition area. When this distance increases, the mean and standard 
deviation squared error estimation may raise sharply, especially for models based on 
polynomial kernels.  
     Obviously enlargement of the validity region of the model reduces performances of 
detection and localization. So a trade-off between performances and the extension of the 
validity domain has to be determined. An on-going study evaluates the performance of 
detection using data from simulated degraded start. It shows that the distributions of the 
healthy and degraded state are sufficiently far apart to accept a loss of model precision. It 
is therefore possible to extend the validity region while maintaining the false alarm and 
the good detection rates to a level that satisfies the operator requirements. The final tuning 
of the tolerated enlargement depends on the outcome of the current study. 
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