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Abstract 

Today, health monitoring systems for turbine engines have become a vital requirement in the aviation industry. In this paper, different 

fault detection methods of turbine engines are reviewed based on previous research to reveal the importance of the problem and existing 

challenges. The existing methods use the engine signals for diagnostics, which are heavily affected by operating conditions and 

disturbances. The faults effect on the performance charts of the F100-PW-220 engine is detected by neural network technique to 

alleviate the signal variation problem. Some common faults in this type of engine are modeled, including compressor fouling, turbine 

blade corrosion, and fuel injection problems. The proposed method is effective in a wide range of engine working conditions such as 

first moments of take-off with afterburner, take-off at 0.1 M, subsonic cruise flight at 0.8 M without afterburner in 10000, 20000, and 

40000 feet altitude, supersonic cruise flight at 1.6 M with afterburner in the same altitudes. The cascade neural network with 

probabilistic transfer functions is used in this paper and shows satisfactory fault detection, while the required training dataset is much 

less than the previous works. This method facilitates the fast implementation of the system due to the small training dataset and 

improves the diagnostics accuracy over operational time.  

Keywords: Cascade Neural Network; EHMS; Fault detection; Health monitoring; Turbine engine.  

Nomenclature 

CFNN Cascade Feedforward Neural Network  

EHMS Engine Health Monitoring System 

FD Fault Detection 

(H)LPC (High) Low Pressure Compressor 

(H)LPT (High) Low-Pressure Turbine 

1. Introduction 

The aircraft turbine engine consists of many complex 

components and subsystems that are working together. A 

fault in one of these components can engage the other 

subsystems and result in subsequent performance 

degradation and possible loss of propulsion.  

The propulsion in aircraft is the most important 

system, and many operation abortions, accidents, and 

crashes are related to the malfunctions in engines. 

Maintenance costs in the lifecycle of air vehicles are 

higher than the purchase price. In addition, the costs and 

downtimes of unscheduled repairs are higher than those 

of the scheduled ones. Thus, the performance monitoring 

of engines has emerged to increase the safety level and 

reliability [1]. The failure of different engine stages 

results in reliability degradation due to the interaction of 

these coupled systems [2]. 

The aircraft engine control and health monitoring 

system (EHMS), performance monitoring system, and 

structural health monitoring are developed to cope with 

this problem [2] and [3]. EHMS provides many 

advantages for aircraft operators, such as cost reduction, 

hazardous mission prevention, fuel efficiency, increased 

safety level, and lower maintenance costs compared to 

traditional troubleshooting approaches [4]. 

1.1 Literature Review 

The researchers utilized different methods for engine 

performance monitoring. In the late 1960s, Urban 
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introduced the gas path analysis method [5], which made 

significant progress in gas turbine fault detection. The 

initial applications of expert systems started in 1980, and 

they remain and are developing as one of the best tools 

for turbine diagnostics [6]. The gas path analysis is a 

linear method introduced by urban and subsequent 

derivatives, which are proposed based on optimal 

estimation [7]. Stamatis et al. consider the nonlinear 

behavior of the engine, a method based on nonlinear 

models and traditional optimization for the first time [8]. 

Dietz et al. propose the neural network (NN) for gas 

turbine fault detection for the first time [9]. NNs are used 

frequently due to the data-driven development that can be 

obtained from experimental tests and fast fault detection 

time after training. Fuster et al. utilize the fuzzy rule-based 

expert system for engine fault diagnostics [6]. Li studies 

the technological advancement of fault detection based on 

gas turbine performance analysis, such as data validation 

and error identification [10]. The main methods for fault 

diagnostics use linear models, nonlinear models, neural 

networks, genetic algorithms, expert systems, fuzzy logic, 

and transient measurement techniques.  

Verma et al. propose an algorithm with an 

assumption on the variation of input parameters WF, N1, 

N2, and EGT to diagnose faults in HPC, LPC, HPT, LPT, 

and fan using fuzzy rules [11]. NASA conducts a major 

research program on performance health monitoring of 

gas turbines through measurement of the main fluctuation 

[12]. Demirci et al. developed the Automatic Engine 

Health Monitoring System (AEHMS) based on a fuzzy 

inference system [1]. Ebrahimi and Mollazade investigate 

the intelligent method for EHMS reactor engine faults 

that uses oscillation signals and an adaptive neural-fuzzy 

inference system [13]. Farsi develops a convolutional 

neural network (CNN) based on the experimental 

vibration data recorded from a bearing fault setup. The 

proposed CNN determines the location and size of the 

damage with high accuracy [15]. Abdul-Aziz et al. 

develop an engine monitoring approach based on the 

semi-experimental equations [14]. 

Mohamadi et al. present a new technology for 

technical faults of gas turbine engines using a dynamic 

neural network [15]. Pinelli et al. introduce engine health 

monitoring through gas path analysis (GPA), which relies 

on field measurements [16]. Puggina and Venturini 

research different elements and approaches for diagnostic 

and prognostic systems [17]. The advantages are 

components’ costs, scheduled repair activities, and 

optimization of spare parts for efficient maintenance and 

performance improvement of gas turbines. 

Tahan et al. thoroughly review and evaluate the 

engine performance monitoring detection techniques and 

their evolution over time [18]. They consider the 

performance diagnostic methods first and then the 

techniques for high-quality data generation, which are 

based on engine model fidelity and intelligent 

computation algorithms. The predictive maintenance 

decision-making structure in accordance with the 

identified disruption in the engine performance is studied. 

Adamowicz and Żywica concentrate on the Brayton 

thermodynamic cycle in which a radial or centrifugal 

compressor delivers the air to add fuel to the combustion 

chamber. The power turbine drives the shaft using the 

expanding combustion products. The faults are 

considered as the variation of process efficiency [19]. 

Jianzhong et al. emphasize the importance of prognostics 

and health management in commercial airplanes. Due to 

the limitations of the sensors in the old aircraft, one of the 

key challenges for EHMS is to find the appropriate health 

index with sufficient correlation with real failure [20]. 

Balakrishnan et al. analyze thirteen engine parameters 

from different flight conditions with an aircraft EHMS based 

on a whale optimization algorithm and artificial neural 

network technique. The metrics are accuracy, error, and false 

alarms for comparison with other methods [21]. Szrama 

combines NN pattern recognition and automated feature 

engineering to make a turbofan engine monitoring algorithm 

[22]. Due to the use of diverse predictors in NN, the accuracy 

of this method compared with machine learning is 

satisfactory, and it has lower processing costs. 

Aditya et al. try to go beyond the physical model of 

the engine for condition monitoring and life extension, 

using CFM 56 engine characteristic parameters, e.g., 

margins of the surge and EGT, to train the deep learning 

models for diagnostics [23]. The dataset is augmented 

with simulation in some steady-state cruise flight 

conditions. In addition, degradation is considered by 

variations in the fan's mass flow capacity and efficiency. 

Thakkar and Chaoui study engine degradation as the fault 

to be diagnosed. The remaining useful life is estimated 

through a deep-layer recurrent NN model for dynamic 

maintenance planning with an extensive semi-

experimental dataset [24]. 

Some challenges in the previous works slowed down 

the adoption of EHMS despite their achievement. The 

main problem is that the training dataset is not available 

for many aircraft turbofan engines due to limited sensors 

and variations in flight routes and conditions. Thus, the 

aircraft owners and airlines could not afford the initial 

costs to make the required dataset. To cope with this 

problem, the present paper is devoted to developing a 

fault detection algorithm that does not require much 

training data and has a simple and fast structure. 

The next section addresses the engine fault modeling 

to make the simulated dataset. Section 4 introduces the 

fault detection method based on a cascade feedforward 

neural network. The results are presented in section 5, 

which discusses the results. The last section concludes the 

research with respect to the defined contribution. 

2. Engine Fault Modeling 

The engine modeling is conducted using comprehensive 

thermodynamic software that covers the design and off-
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design points. The following faults are modeled in this 

paper to be used for diagnostics. 

2.1 Compressor fouling 

The fouling is the adhesion of air impurities to the surface 

of compressor blades, which results in a change in the 

entrance angle, airfoil form, and roughness. This is the 

most frequent reason for compressor failure and causes 

75 to 85% performance reduction in turbine engines. 

Fortunately, this fault can be reduced with the cleansing 

of depositions to fix the gas path near the initial form. 

 

Figure 1. Salt fouling on the compressor blades at 18000 working 

hours [25] 

Figure 1 shows a sample of the compressor in which 

the blades are affected by fouling with salt spot marking. 

These fouling are removable and more probable on the 

outer sides of the blade. The modeling of fouling in the 

present research is considered for low-pressure 

compressor blades, as depicted in Table 1 for different 

levels of fault. 

Table 1. Values for modeling of compressor fouling 

Delta flow 

capacity 

Delta isentropic 

efficiency 
Fault intensity 

-1 -0.5 Very Low Fouling 

-2 -1 Low Fouling 
-3 -1.5 Medium Fouling 
-4 -2 High Fouling 
-5 -2.5 Very High Fouling 

Based on these values, the compressor fouling is 

done per [26] through the isentropic efficiency and flow 

capacity. To consider this fault in the off-design points of 

the F100-PW-220 engine model, the parameters variation 

are from -5 to 0% on flow capacity and -2.5 to 0% on 

isentropic efficiency for different flight conditions. 

2.2 Fault in the fuel system  

The interruption in the fuel system is another frequent 

fault that is modeled based on Table 2 [26]. The fuel 

interruption could not be modeled with an isentropic 

efficiency drop, which is not available at the off-design 

points. Thus, the input parameters should be used to 

change this parameter to reflect the fault. The pressure 

ratio of the combustion chamber is one of the parameters 

that directly affect isentropic efficiency, EGT, and thrust. 

So, this parameter is used to model the fuel faults.  

Table 2. Values for modeling of fuel system malfunctions 

Delta Burner P/P 

% 
Fault intensity 

2 
Very Low malfunction of fuel delivery 

system 

3 
Low malfunction of fuel delivery 

system 

4 
Medium malfunction of fuel delivery 

system 

5 
High malfunction of fuel delivery 

system 

6 
Very High malfunction of fuel delivery 

system 

2.3 Turbine blade erosion  

The erosion is the material removal of flow components 

by abrasive particles such as sand, fly ash, and water. 

Balan and Tabakoff explain how erosion reduces the 

performance due to surface roughness increase, tip 

clearance increase, leading-edge breakage, trailing edge 

thickness reduction, and shortened blade chords [27]. 

Hamed et al. investigate the major reasons that affect 

turbine erosion, including particle properties, gas flow 

path, blade geometry, operational conditions, and blade 

material [28]. 

In the turbine section, the effect of the abrasive 

particles, which enter with fuel products, is more severe, 

as shown in Figure 2. If the cooling holes are blocked or 

destructed, excessive heating, failure, and creep of the 

blade will occur. Industrial filters can eliminate a major 

portion of particles, while aircraft engines are susceptible 

to them [29]. 

 

Figure 2. Erosion of turbine blades [29] 

Table 3 shows the modeling parameters for erosion 

fault in high-pressure turbine blades in five levels of 

occurrence. 
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Table 3. Values for modeling of turbine blade erosion 

Delta flow 

capacity (%) 

Delta isentropic 

efficiency (%) 
Fault intensity 

1 -0.5 Very Low Erosion 

2 -1 Low Erosion 

3 -1.5 Medium Erosion 

4 -2 High Erosion 

5 -2.5 Very High Erosion 

To model the turbine erosion, two effective 

parameters, i.e., isentropic efficiency and flow capacity, 

are changed for the off-design points of the F100-PW-220 

engine. The variations in the flow capacity are 0 to 5%, 

and the isentropic efficiency is from -2.5 to 0% for eight 

different flight phases, as shown below. 

- Take-off @ Mach 0 with afterburner on 

- Take-off @ Mach 0.1 with afterburner on 

- Subsonic cruise @ M 0.8 without afterburner in 

10000, 20000, 40000 feet altitude 

- Supersonic cruise @ M 1.6 with afterburner in 

10000, 20000, 40000 feet altitude 

2.4 Turbine engine model and data  

In the real case, all parameters of the engine could not be 

measured. Therefore, the required parameters should be 

derived from the model per available sensors on the 

mentioned turbofan engine, as shown in Table 4. 

Table 4. Available sensors on turbofan engines [30] 

Parameter Measurement description 

N l Speed of low-pressure shaft 

N2 Speed of low-pressure shaft 

PO Environment pressure 

PS13 Bypass static pressure 

P2 Fan inlet pressure 

P2S 
High-pressure compressor (HPC) inlet 

pressure 

PS3 Outlet static pressure of HPC 

P41 Inlet pressure of high-pressure turbine (HPT) 

Parameter Measurement description 

P4S Inlet pressure of low-pressure turbine (LPT) 

PS Outlet pressure of LPT 

TO Ambient temperature 

Tl 2 Fan inlet temperature 

T13 Bypass outlet temperature 

T2S HPC inlet temperature 

T3 HPC outlet temperature 

T41 HPT inlet temperature 

T4S LPT inlet temperature 

TS LPT outlet temperature 

WF Fuel flow rate 

W2S HPC inlet flow rate 

W3 HPC outlet flow rate 

W41 HPT inlet flow rate 

W4S LPT inlet flow rate 

W2 Fan inlet flow rate 

WS LPT outlet flow rate 

 

The engine performance is modeled as a twin-spool 

low bypass ratio engine per the following assumptions. The 

sections and calculation points are shown in Figure 3. 

- The environment condition for the design point is 

SLS (seal level static). 

-  The performance variables, such as efficiencies 

and pressure loss, are constant, i.e., constant 

polytrophic efficiency is assumed for the fan, 

compressor, and turbine. 

- The cooling flows’ percent are constant. 

- The nozzle is converging for subsonic flight and 

converging-diverging for supersonic regimes. 

- The thrust analysis is done with active and inactive 

afterburners. 

 

 

Figure 3. Thermodynamic model of twin-spool turbofan engine with mixing flow 
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The available specifications from the F100-PW-220 

verify the model, and some of the engine characteristics 

maps are shown as follows, e.g., the thrust-SFC map in 

Figure 4 for different bypass ratios and range of 

afterburner temperatures. 

 

Figure 4. Thrust and specific fuel consumption vs. bypass ratio and 

afterburner temperature 

 

Figure 5. Thrust and SFC sensitivity analysis to polytrophic 

efficiency on and specific fuel consumption vs bypass ratio and 

afterburner temperature 

 
Figure 6. Thrust, SFC, HPT, and isentropic efficiency sensitivity 

analysis to HPT tip clearance 

The faults are modeled, as mentioned in Section 3, 

through variations on the relevant performance 

characteristics or geometric parameters. The variations 

are incorporated in the model with a similar method for 

sensitivity analysis, as depicted in Figures 5 and 6. 

3. Fault Detection Algorithm 

The cascade forward neural network (CFNN) is used to 

develop the turbofan engine fault detection algorithm. In 

this type of network model, the input and output are 

connected through indirect relations. The hidden layers 

are nonlinear, with an activation function that can be 

combined with perceptron networks. This network 

structure includes the direct and indirect connections 

from input to output. The governing equations of CFNN 

can be written as below. 

(1) 𝑦 = ∑ 𝑓𝑖𝜔𝑖
𝑖𝑥𝑖

𝑛

𝑖=1
+ 𝑓𝑜 (∑ 𝜔𝑗

𝑜𝑓𝑗
ℎ (∑ 𝜔𝑗𝑖

ℎ 𝑥𝑖

𝑛

𝑖=1
)

𝑘

𝑗=1
) 

where 𝑓𝑖 is the activation function between the input and 

output layers and 𝜔𝑖
𝑖 is the weight of this connection. If 

any bias is added to the input and the activation function 

of each neuron is in the hidden layer 𝑓ℎ, the above 

equation becomes as follows. 

(2) 
𝑦 = ∑ 𝑓𝑖𝜔𝑖

𝑖𝑥𝑖

𝑛

𝑖=1
+ 

         𝑓𝑜 (𝜔𝑏 + ∑ 𝜔𝑗
𝑜𝑓ℎ (𝜔𝑗

𝑏 + ∑ 𝜔𝑗𝑖
ℎ 𝑥𝑖

𝑛

𝑖=1
)

𝑘

𝑗=1
) 

In this research, CFNN is trained on the simulation 

dataset for the mentioned turbofan engine. Therefore, the 

neurons of the input layer 𝑥𝑡−1, … , 𝑥𝑡−𝑝 are the obtained 

characteristics from the engine models in different 

healthy conditions. The CFNN model architecture is 

shown in Figure 7 for the identification of one condition. 

 

Figure 7. CFNN model architecture for prediction of time-series 

The direct relation between input and output is clear 

in Figure 7, which needs the network weight to be 

estimated, and the neurons of the input layer increase the 

number of characteristics for identification. Similar to 

Feedforward NN, the back-propagation algorithm in 

CFNN consists of three steps. 

- Input feedforward pattern 

- Error counting 

- Weight tuning 

Assuming that 𝜔 is a weight vector with a length of 

𝑠, which belongs to a set of network weights with cost 

function 𝑒 =
1

2
(𝑋𝑡 − 𝑋̂𝑡). It is assumed that 𝑄 is a 𝑛 × 𝑛 

positive symmetric matrix. Then, the conjugate gradient 
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optimization algorithm can be applied as follows with an 

initial 𝑄(0). The initial weight gradient is calculated as 

below. 

(3) g(𝑜) =
𝜕𝑒

𝜕𝜔(0)
=

𝜕𝑒

𝜕𝜔
|𝜔=𝜔(0) = [

𝜕𝑒

𝜕𝜔1
(0)

 ⋯ 
𝜕𝑒

𝜕𝜔𝑠
(0)]

𝑇

 

If g(𝑜) = 0, then the process will be terminated, and 

the optimal weight is obtained. Else, the process will 

continue with d(𝑜) = g(𝑜). 

4. Results of the FD Algorithm 

4.1 Dataset Description  

The dataset for the healthy or faulty engine in different 

flight regimes is simulated using the thermodynamic 

model per section 3 for the F100-PW-220 turbofan 

engine. The database is briefly described in Appendix A. 

4.2 Fault Detection Results 

The proposed algorithm is implemented as a cascade 

feedforward neural network with three layers in the first 

and second layers; the radbas transform function or 

probabilistic is used along with the softmax transform 

function in the output layer. This network is very fast and 

accurate for the three mentioned faults, but it needs much 

less data. This model, which requires only 20% of the 

whole dataset, is shown in Figure 8. 
 

 

Figure 8. Proposed CFNN model structure for EHMS 

The performance graph demonstrates the trend of 

cross-energy variation in the training, validation, and test 

processes, as shown in Figure 9. The best validation 

performance is achieved at epoch 89.  

 

 

Figure 9. Performance graph of CFNN training, validation, and 

testing on the F100-PW-220 simulated dataset 

Table 5 explains the cells of the confusion matrix for 

engine fault detection. This matrix demonstrates the 

capability and validity of the NN in the detection of 

different conditions of the system. The values in diagonal 

cells are the number of correct detections for each fault. 

The last cell is the overall detection accuracy. The off-

diagonal cells represent the incorrect detection of faults. 

The definition of each cell based on the considered faults 

in section 3 for aircraft turbine engines is clarified in the 

following table.   

Table 5. Definition of a confusion matrix for engine fault detection 

H* 

H 

classified 

as TE 

H 

classified 

as CF 

H 

classified 

as IB 

H 
accuracy 

TE is 

classified 

as H 

TE+ 

TE 

classified 

as CF 

TE is 

classified 

as IB 

TE 
accuracy 

CF is 
classified 

as H 

CF is 
classified 

as TE 

CF† 

CF is 
classified 

as IB 

CF 

accuracy 

IB is 
classified 

as H 

IB is 
classified 

as TE 

IB is 
classified 

as CF 

IB‡ 
IB 

accuracy 

H 
sensitivity 

TE 
sensitivity 

CF 
sensitivity 

IB 
sensitivity 

Detection 
Accuracy 

* H: Healthy condition. 
+ TE: Turbine erosion 

† CF: Compressor fouling 

‡ IB: Injector blocking  

The last row shows the sensitivity of the classifier 

with respect to each fault. The last column shows the 

detection accuracy for each healthy or faulty condition, 

which gives the confidence of the classifier for each class. 

The accuracy of the proposed FD algorithm is tested, 

as shown in Figure 10. The achieved accuracy is 

satisfactory with respect to the accuracy of the simulated 

dataset, but there is just one incorrect classification.  
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Figure 10. Confusion matrix of the proposed algorithm on test dataset 

As it can be perceived from the confusion matrix on 

all datasets in Figure 11, the acceptable fault detection 

accuracy of the algorithm is training with less data (20% 

instead of 70%), validation, and testing is evaluated at 

99.4%.    

 

Figure 11. Confusion matrix of the proposed algorithm on all dataset 

5. Conclusion 

The literature review determines that the main goals were 

finding the proper fault detection and remaining useful 

life of components through diagnostic methods, 

modeling, data analysis, and identification techniques. 

The main challenges are the lack of hazardous, expensive 

flight tests and effective performance characteristics. 

Therefore, first, the simulation and diagnostics methods 

should be selected and verified, and then the dependency 

on the accuracy should be reduced to the amount of 

training data. 

This paper makes a simulated dataset at 160 points 

for three frequent faults (compressor fouling, turbine 

erosion, injector blockage) with five severity levels in 

turbofan engines in different flight conditions, including 

takeoff, subsonic, and supersonic cruise.  

The 25 mentioned parameters are directly 

measurable in most turbofan engines and registered in the 

dataset. The variation of these parameters has been 

studied, but it is not enough for training. The cascade 

networks are used because the input vector is fed in two 

steps and increases the hidden layer weights to fit on 

system behavior. This architecture helps to handle the 

different clusters of data for healthy and faulty conditions 

over various flight conditions. 

Future works based on the achievement of this paper 

will focus on reducing the required data for machine 

learning algorithms and robustness to data loss, trend, 

bias, and noise that are inevitable in aircraft engines. 
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Appendix 

The simulation results extensively cover different 

operational conditions, and two examples of on-design 

and off-design points are shown in Figures A1 and A2. 

Appendix A. Database introduction 

The engine dataset for fault detection is made using the 

simulations of the prescribed performance model and 

fault models in section 3. The fault severity is considered 

at five levels for the compressor fouling, fuel injection, 

and turbine blade erosion. In addition to faulty conditions, 

the healthy engine is simulated on design and off-design 

points to cover the effect of variations due to flight and 

environmental conditions. The performance data for the 

combination of health/faults is derived in eight different 

flight phases, as shown below. 

- Take-off @ Mach 0 with afterburner on 

- Take-off @ Mach 0.1 with afterburner on 

- Subsonic cruise @ M 0.8 without afterburner in 

10000, 20000, 40000 feet altitude 

- Supersonic cruise @ M 1.6 with afterburner in 

10000, 20000, 40000 feet altitude 

The simulation contains many parameters (183 

values) which are not available for measurement on the 

real engine. Thus, the parameters which are measurable 

and can be estimated directly are used as the input of fault 

detection algorithm per Table 4. Among these 

parameters, 25 parameters and their deviations from 

healthy condition are selected based on sensitivity 

analysis and used for training of fault detection model. 
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Figure A1. Engine simulation on-design point with active afterburner 

 

Figure A2. Engine simulation off-design point at 40,000 feet and Mach 2 with active afterburner
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