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Abstract  

Engine condition monitoring is playing an increasing-
ly important role for aero engine maintenance, since it 
may permit a transition from unscheduled to sched-
uled maintenance in case of unforeseeable engine 
failures like, e.g. foreign object damage. This may 
lead to positive effects, both in terms of costs and 
operations. This paper presents a condition monitor-
ing tool that diagnosis faults related to the engine gas- 
path. The approach relies on an engine performance 
synthesis model and the weighed least square method 
with inequality constraints. A combinatorial algorithm 
is integrated to control the analysis process enabling 
diagnosis of multiple engine faults. In addition, the 
approach provides for a method to update the 
synthesis model with the actually diagnosed results, 
improving its actuality as engine ageing progresses. 
The approach also possesses the capability of conjoint 
analysis of several snapshots. The tool is tested and 
validated, considering today’s common flight instru-
mentation configurations, on simulated as well as on 
real measured data. 

Nomenclature  

ALT flight altitude 
C confidence level 
E influence matrix 
EGT exhaust gas temperature 
EPR engine pressure ration 
f function of 
G measurement weight matrix 
N number of fault combinations 
NL low-pressure spool speed 
NH high-pressure spool speed 
Ma flight Mach number 
p pressure 
r residual vector 
u ambient & flight condition parameter vector 
wf fuel flow 
x fault indicator vector 
y measured parameter vector 

∆, ∂ delta, changes 
Φ function of 

Subscripts  

i, m number of fault indicators 
j, n number of measured parameters 
2 engine inlet station 
125 fan exit station 
25 HPC inlet station 
3 HPC exit station 
49 LPT exit station  

Abbreviations 

ACC active clearance control 
ECM engine condition monitoring 
FOD foreign object damage 
HPC high-pressure compressor 
HPT high-pressure turbine 
LPC low-pressure compressor 
LPT low-pressure turbine 
WLS weighted least square 

1. INTRODUCTION  

Engine condition monitoring (ECM) becomes more 
important due to the increasing cost pressure on 
airlines and other turbofan engine operators. So, 
reductions of maintenance costs are crucial. Early 
detection of engine faults and performance 
degradations can lead to more effective maintenance 
planning and to operating cost reductions, e.g. fuel 
cost savings.  

This paper mainly focuses on the research of model-
based ECM, where the model represents the engine 
thermodynamic cycle. Cycle calculations require the 
knowledge of the engine component characteristics, 
e.g. flow capacity and efficiency, here called fault 
indicators to determine the gas flow and engine global 
parameters, e.g. gas mass flow, temperature and 
pressure at engine stations, as well as the spool 
rotational speeds and fuel flow, here called measured 
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parameters. The ECM uses an inverse cycle calcula-
tion, where the fault indicators are derived from the 
measured parameters. This condition of the engine is 
then compared with a reference condition.  

A major problem of ECM is that not all of the 
required measurements are available and that the 
obtainable values may include stochastic and system-
atic errors. The limited availability of measurements 
is mainly caused by the fact that probes cannot be 
located at particular measurement points of the 
engine. Cost, weight and system complexity issues 
may play a role here. Furthermore, instrumentation 
located in the engine flow path may also cause 
performance penalties. The success of an ECM 
depends on how the problem of the unavailable 
measurements can be solved, and if measurement 
errors exist, how they can be eliminated. Since the 
beginning of the 1970s big efforts have been made, 
though most of the research work is theoretical in 
nature. Hence, a significant breakthrough that would 
permit fleet management to be optimized is not yet 
recognizable. Some representative publications of gas 
path analyses are listed under “References” ([1] to 
[8]). Paper [7] gives a detailed review of current 
developments and achievements.  

This paper presents a new approach to ECM. It 
describes the approach and also documents the results 
of testing and validation using extensive simulated 
and flight test data of different engine configurations. 

2. THE ENGINE CONDITION MONITORING 
APPROACH 

The ECM is based on a non-linearized engine 
performance synthesis model that continuously gener-
ates a linear model for every operational condition. 
An engine is a complex structure that consists of 
many components having their specific characteris-
tics. Thus the matching of these characteristics 
determines the engine operational behavior at given 
ambient and flight conditions. The engine operational 
behavior can generally be presented by the following 
equations 
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The vector x includes the characteristics of the engine 
components and the vector u stands for the ambient 
and flight conditions, whereas the vector y represents 
the flow parameters of the working medium and the 
engine global parameters. The term t is the time scale 
and ��  is the derivative of x with respect to t. If the 
steady-state condition of the engine at ambient and 
flight conditions is considered, Eq. (1) and (2) provide 
a direct relationship between faults in x and measured 

y parameters. Using the Taylor series and neglecting 
their higher order members, the relative deviation of 
the engine actual condition from the reference 
condition (xi,0, yj,0) may be expressed as  
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For simplicity ∆x stands for a vector with the 

elements 
∆��
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 and ∆y for 
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 . E is the influence matrix 

with the elements 
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�. The indices i and j may 

take values of 1,2,..m and 1,2,..n respectively. An 
ECM provides the status of the engine components ∆x 
(fault indicators), i.e. the solution of Eq. (3) with 
respect to ∆x. If the equation system (3) is quadratic, 
i.e. m= n, it generally has a unique solution. The 
reliability of the solution depends on the uncertainties 
of the measurements. To increase the reliability, Eq. 
(3) can be transformed to a probabilistic system by 
making m greater than n. It becomes then overdeter-
mined which may provide a better estimate of ∆x 
when using, for example, the weighted least square 
(WLS) method. This converts the problem of solving 
a system of equations into an optimization problem, 
where the squared Euclidean norm of the residual 
vector r is iteratively minimized to get the best 
possible values of ∆x. 
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Figure 1: Schematic illustration of the engine 
condition monitoring (ECM) process 
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The implementation of weights G, that are inverse 
proportion to the variance σ2 of the corresponding 
measured parameters, transforms Eq. (4) to: 

�� � ��$ ∗ % ∗ �
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In a conventional way Eq. (5) has a predefined 
constant number of fault indicators depending on the 
available measurements, but there is the risk that the 
actual fault is not one of these predefined indicators. 
As a consequence the solution may, unrealistically, 
show a significant deviation in multiple of the ∆x, that 
are defined. This is called a smeared solution. In the 
current ECM approach an algorithm controls Eq. (3) 
by differently combining the fault indicators in a pool. 
Therefore, it is possible to use a number of fault 
indicators greater than that of the measured 
parameters available. Of course, there must be an 
interrelationship between the fault indicators in the 
pool and the measurements. The combinatorial 
algorithm supplies at an engine with n measurement 
parameters and m fault indicators allowing a 
maximum combination of n-1 faults N equation 
systems for one measurement snapshot. This number 
may be calculated according to 
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The WLS solver in turn provides N results which go 
through a filter that lets pass only those results with 
high confidence level C calculated by  
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The result with the highest C value is seen as the 
quantitative answer of the ECM tool. In addition, the 
tool is capable of providing more robust but only 
qualitative answers in the form of a Pareto diagram. 
In this case, the ECM accumulates the solutions of 
each equation system whose confidence level exceeds 
a given limit. The Pareto idea bases on the assumption 
that in many cases a large number of all existing 
problems can be attributed to comparatively few 
causes. A statement often used in this context is the 
80/20 rule saying that 80% of all failures are related 
to only 20% of the causes. In the case of the 
interpretation method it can be assumed that 80% of 
the relative cumulated fault indicators indicate 
components with severe deterioration. 

Furthermore, the ECM permits conjoint analysis of up 
to ten snapshots simultaneously to be carried out 
aiming to reduce the influence of measurement uncer-
tainties and increase the reliability of the diagnosis 
results. Also, the solver of the ECM allows the use of 
inequality constraints to eliminate nonsensical results. 

A feedback of the results to update the engine 
component characteristics of the synthesis model is 
implemented. This improves the accuracy of the 
model as engine degradation progresses.  

3. MEASUREMENT DATA CONDITIONING 

The problems of measurements are manifold, with 
representativeness, systematic and stochastic errors, 
as well as repeatability of the measurements from one 
engine build to another being the most important of 
these. If the ECM tracks only one engine build and 
always with the same instrumentation at fixed 
locations, the stochastic errors are the major concern. 
In this research work various methods of dealing with 
measurement errors, like linear filters, a filter based 
on Bayesian forecasting, as described in [9], and the 
median filter were investigated. 

Figure 2: EGT flight data trace – raw versus 
median filtered data 

In order to define a requirement for a practical filter, it 
may be interesting to see the behavior of in-flight 
measured data. Figure 2 shows a typical trend of the 
measurement parameter ∆:9. It is the EGT residual, 
which is the difference of the measured EGT and that 
of the reference synthesis model at corresponding 
engine ambient and operating conditions. The trend 
shift indicates an occurrence of damage to an engine 
component. A filter method for such measurements 
should be capable of eliminating measurement 
outliers and let structures intact, i.e. by recognizing 
abrupt trend changes without delay. It has been 
established that a simple median filter algorithm as 
defined in Eq. 8 meets these requirements best. The 
median filter sorts a defined number n of sequentially 
measured values in ascending order :0 < :0=/ , the 
median value being calculated as follows:  
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Figure 2 illustrates the effect of the median filter. It 
has eliminated the measurement outliers and the 
smoothed values follow the trend shift without any 
time delay. In this example case, the median filter was 
fed with seven snapshots, the one to be smoothed and 
three pre- and post-snapshots each. On the one hand, 
consideration of more snapshots may improve the 
smoothing effect but on the other increases the 
registration time of the snapshots required. It has been 
found that for n=7 the achievable smoothing result is 
sufficient and the corresponding registration time of 
the snapshots is acceptable in most cases. Due to 
specific requirements for the application discussed in 
this paper, the authors found the median filter to be 
superior compared to more complex approaches, e.g. 
the Kalman filter.  

4. CASE STUDIES AND DISCUSSIONS 

A turbofan engine for a medium-range aircraft is used 
for functionality demonstration and validation of the 
approach. The engine is fitted with instrumentation 
for the measurement of fifteen relevant values, as 
illustrated in figure 3. Three of them indicate the 
ambient conditions: flight altitude, Mach number and 
total air temperature. The operational condition is set 
by the engine pressure ratio (EPR), measured as the 
ratio of the total pressure at the exit of the low-
pressure turbine divided by the total pressure at the 
engine inlet. The temperature measurement at the 
engine inlet is redundant so that only nine measured 
parameters are available for analysis of the engine 
state condition. 

 

Figure 3: Available measurements and their 
positions in the engine, encircled ones are indica-
tions for operational and ambient conditions, not 

encircled ones are for the diagnosis 

Compared to the measured parameters the number of 
fault indicators to be detected is much larger. In this 
paper it is assumed that the turbo components fan, 
LPC, HPC, HPT and LPT are susceptible to deteriora-
tion. For each of these the efficiency and flow 

capacity are indicators of deterioration. This means 
that ten fault indicators are to be detected. Further-
more, this paper considers two additional fault 
indicators for the detection of gas leakages in the LPC 
and HPC areas. In total, there are twelve fault indica-
tors, as shown in Table 1, versus nine measured para-
meters. This leads to an underdetermined equation 
system. To transform this into an overdetermined one 
it is further assumed that maximally eight multiple 
faults may occur simultaneously. The combinatorial 
algorithm of ECM considers all possible fault 
indicator combinations and the best combination, i.e. 
smallest norm of the residual vector r, is seen as the 
most probable solution. With nine measurements and 
twelve fault indicators, but with a maximum combina-
tion of eight faults 3,796 combinations are necessary. 
In the following, the functionality, accuracy and the 
reliability of the approach are shown and discussed 
based on simulated and flight test data. 

Engine fault indicators 

∆x1 Fan Efficiency  

∆x2 Booster Efficiency 

∆x3 High-Pressure Compressor Efficiency 

∆x4 High-Pressure Turbine Efficiency 

∆x5 High-Pressure Turbine Efficiency 

∆x6 Fan Capacity  

∆x7 Booster Capacity 

∆x8 High-Pressure Compressor Capacity 

∆x9 High-Pressure Turbine Capacity 

∆x10 Low-Pressure Turbine Capacity 

∆x11 Leakage Mass Flow Booster 

∆x12 Leakage Mass Flow HP Compressor 

Table 1: Engine gas path relevant fault indicators 

4.1 Validation with simulated data 

In contrast to real measured data, simulated test data 
is more appropriate for validation purposes. The fact 
that the level of the change in the fault indicators and 
the grade of fault combinations can be determined and 
that the expected validation results are known makes 
simulated data beneficial. The simulated faults are 
created with a performance synthesis model that 
represents the engine described in the previous 
section. Specified changes in efficiency and capacity 
of the turbo components are input into the synthesis 
model which calculates simulated values for the 
measured parameters. These are then superimposed 
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with measurement noise with variable amplitudes. 
Subsequently the simulated noise measured param-
eters are filtered, cf. section 3, as it is done when 
analyzing real flight data. The simulated measure-
ments used for validation represent cases with 
thousand snapshots for each single fault and multiple 
(up to eight) faults.  

The simulated and filtered measurement data is now 
used as the input parameters for the engine condition 
analysis approach. The results in quantitative form are 
compared with the simulated input values of the 
synthesis model. The smaller the difference between 
simulated data and results of the diagnostic method, 
the better the analysis approach. Most of the cases 
studied have provided encouraging results. Figure 4 
shows a comparison between simulated (original) and 
diagnosed (result) fault values for HPT efficiency and 
capacity. The case study here represents the 
simulation and detection of multiple faults, with eight 
faults being allowed to vary. It became clear that even 
with multiple faults the results of the analysis method 
are close to the input values. Hence, the method is 
well suited to trend continuous deteriorations. 
Oscillations of low amplitudes can be attributed to 
simulated measurement noise. The HPT is used here 
as an example because of its assumed higher 
magnitude of deterioration. As can be seen from 
figure 5, the other turbo component faults show 
similar traces, e.g. the LPC with a smaller extent of 
simulated deterioration.  

Figure 4: Multiple faults – HPT degradation 
diagnosis (result) versus simulation (original) 

The satisfactory accuracy of the method is achieved 
through three main measures: Firstly, the combinato-
rial algorithm that allows the right combination of 
faults to be determined. Secondly, the recreation of 
the influence matrix of the linear model for every 
snapshot guarantees an appropriate analysis. Lastly, 
the recursive procedure feeds back the diagnosis 
result of a snapshot to the non-linear performance 
model, which then linearized at the operating condi-

tions of the subsequent snapshot and thus always 
generates the most accurate linear model possible. 

Figure 5: Multiple faults – LPC degradation 
diagnosis (result) versus simulation (original)  

4.2 Validation with real flight data 

For validation of the ECM tool it makes sense to use 
flight test data representing faults that are identified 
during engine maintenance. In the following, some 
well-known fault cases are analyzed to see if the ECM 
tool comes to the same result as the hardware 
inspections revealed during maintenance. Initially, the 
measured parameters are tested for noticeable 
changes, which would indicate the occurrence of 
faults. A step change in the EGT residual, for 
example, may be best suitable to give such an 
indication. It has to be considered that the perfor-
mance synthesis model requires recalibration data to 
provide a representative reference status before the 
fault. So a sufficient number of snapshots should be 
available immediately before the fault occurs. 
Furthermore, the measured parameters are precondi-
tioned using the median filter. These can then be 
processed in the ECM tool taking the measured 
ambient and operational conditions into account. 
Finally, it should be verified if the qualitative and 
quantitative ECM evaluations yield the same results, 
and if these are also in line with the hardware 
findings.  

4.2.1 Diagnosis of an ACC actuator damage 

In this case, an active clearance control (ACC) fault 
has to be diagnosed. The ACC system serves to keep 
the gap between rotor blade tip and casing of the 
turbines as tight as required. Smaller tip clearances 
mean higher efficiency and eventually smaller 
capacity of the turbine. If the ACC does not function 
properly, this may, on the one hand, lead to rubbing 
between blade and casing resulting in turn in damage 
to the hardware. On the other hand, tip clearances 
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may increase with the consequence of poor engine 
performance. Changing of the tip clearance has an 
influence on the engine matching and thus engine 
operational behavior. In consequence, the measured 
parameters change, as can be seen from figure 6, 
which shows the abrupt increase of the EGT residual 
of an engine with a faulty ACC valve.  

 
Figure 6: ACC actuator damage – flight data trace 
of measured parameters: EGT, wf and NH change 

Figure 7 shows the result of the ECM tool in 
quantitative form, whereas figure 8 presents the 
results qualitatively. According to figure 7, the HPT 
efficiency degrades and the flow capacity remains 
unchanged. This observation explains the change of 
the EGT residual in figure 6. 

Figure 7: ACC actuator damage – trace of HPT 
characteristic change 

The Pareto diagram in figure 8 is intended to provide 
an indication of where the root cause of the engine 
performance degradation is mainly located. The major 
part of the performance deficit comes from the HPT 
efficiency according to the bar chart with the right 
ordinate, whereas the red curve with the left ordinate 
of the diagram indicates the relative contribution of 
each fault indicator to total degradation. The result of 

this case study is clear and shows a distinct root cause 
both quantitatively and qualitatively. This result is in 
line with expectations, i.e. with the findings during 
engine maintenance. 

Figure 8: ACC actuator damage – qualitative 
result showing HPT problems 

4.2.2 Diagnosis of a HPC damage due to FOD 

In the following, the analysis of an HPC damage case 
is described. It deals with a rotor stage damage that 
was traced back to a foreign object (FOD) impact. 
Figure 9 shows typical compressor rotor damage with 
broken blades. The pertinent EGT residuals are 
plotted in figure 10, where in comparison to the last 
case study, the point of occurrence of the fault is not 
so clear on the flight data trace. Though the green line 
shows the suspected starting point of the damage, the 
starting point two snapshots later is also plausible. In 
the median filtered data, the red line, a step change is 
recognizable, that confirms the suspected starting 
point. Furthermore, the median filter eliminates the 
scatter of the raw data significantly. It should be noted 
that the magnitude of EGT changes depending on the 
deteriorating engine component and on the fault 
severity.  

Figure 9: Typical compressor damage, source [10] 
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Figure 10: FOD impact on HPC - flight data trace 
of the EGT residual 

Compressor performance deterioration becomes 
apparent through its efficiency and flow capacity 
decrease. The ECM tool shows the degradation of the 
compressor quantitatively in figure 11. The efficiency 
has deteriorated by about 0.5 to 1 %, the flow 
capacity by 1 to 2.5%. The Pareto diagram in figure 
12 confirms that the compressor performance is the 
main contributor to engine performance degradation. 
This result also confirms the expectation.  

Figure 11: FOD impact – trace of HPC 
characteristic change 

4.2.3 Diagnosis of an engine with more limited 
instrumentation 

In this case, a turbofan engine of the same configura-
tion as previously analyzed but from another 
manufacturer is studied. This engine features an 
operational control of the low-pressure spool speed 
NL. It has fewer measured parameters, pt125, pt25 and 
pt45 are omitted, i.e. apart from the ambient and 
control parameters, only six measured parameters are 
available for diagnosis. As these are insufficient to 
build a representative linear engine model for 
detecting the twelve fault indicators in Table 1, 

observability studies are carried out to choose 
adequate fault indicators. The following seven fault 
indicators in Table 2 are found reliably detectable. If 
faults other than those specified here arise, smearing 
of the diagnosis result may occur. In this case, an 
engineering judgment is required. In the following 
two results of the ECM analysis as example of an 
engine with limited instrumentation are discussed.  

Figure 12: FOD impact – qualitative result 
showing HPC problems 

Engine fault indicators 

∆x3 High-Pressure Compressor Efficiency 

∆x4 High-Pressure Turbine Efficiency 

∆x5 High-Pressure Turbine Efficiency 

∆x7 Booster Capacity 

∆x8 High-Pressure Compressor Capacity 

∆x9 High-Pressure Turbine Capacity 

∆x11 Leakage Mass Flow HP Compressor 

Table 2: Detectable fault indicators at reduced 
measured parameter number 

• Diagnosis of a HPC VSV mechanism defect 

The following figures show the results of the ECM 
tool for detecting failure of the HPC. The Pareto 
diagram in figure 13 indicates that the HPC suffers 
from a flow capacity reduction. If the variable stators 
vanes (VSV) are closed, the flow capacity declines. 
This observation is in line with the findings made 
during engine inspection and maintenance. It was 
found that the variable stator mechanism was defec-
tive. Besides the flow capacity change, an efficiency 
change should also normally occur, but this is not 
indicated by the analyzed data. A typical compressor 
VSV lever arm failure is shown in figure 14.  
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Figure 13: ECM Pareto diagram – HPC VSV 
mechanism defect 

Figure 14: A typical compressor variable stator- 
lever arm failure, source [10] 

Figure 15: ECM Pareto diagram – HPC bleed 
valve leakage 

• Diagnosis of a HPC bleed valve leakage 

Another case study is illustrated in figure 15, which 
deals with HPC bleed valve leakage. Also in this case, 
the ECM tool provides the expected right answer, 
though the perceptible contribution of the leakage to 
the performance degradation only amounts to about 
40%. The Pareto diagram of figure 15 indicates also a 
degradation of the HPT efficiency with a share of 

about 20% and the other fault indicators with less 
significance. Any performance corrective measures 
should first be addressed to the bleed valve leakage.  

5. CONCLUDING REMARKS 

In this paper an approach for an ECM diagnosis tool 
is presented. It is based on an engine performance 
synthesis model and uses an inequality constrained 
weighted least square method. What distinguishes the 
approach from other is the elaborated combinatorial 
algorithm, the capability of conjoint analysis of 
several snapshots and the feedback of the actual fault 
indicator values to update the engine model for the 
analysis of the next snapshot. Investigations relating 
to the treatment of measured flight test data revealed 
that the median filter best suits our purposes. 

Correct answers of the ECM tool are mainly 
dependent on the representativeness of the measured 
parameters regarding the engine operational behavior. 
The larger the number of measurements is and the 
better they are distributed, i.e. at sensible positions 
along the engine gas path, the more reliable results 
can be expected. Because of the intense scatter of 
flight test data, a powerful method for filtering of 
measurement uncertainties, especially stochastic 
noise, is also important for a valid answer. Of course, 
an appropriate engine performance synthesis model is 
indispensable for achieving better diagnosis results. 
The latter seems to be the least problem.  
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