
 

 

INSTITUTO POLITÉCNICO NACIONAL 

 

ESCUELA SUPERIOR DE  

INGENIERÍA MECÁNICA Y ELÉCTRICA 

 

SECCIÓN DE ESTUDIOS DE POSGRADO E INVESTIGACIÓN 

UNIDAD PROFESIONAL ADOLFO LOPEZ MATEOS 

 

 

 

 

“DEVELOPMENT AND OPTIMIZATION OF THE 

ALGORITHMS FOR AN ON-LINE GAS TURBINE ENGINE 

MONITORING SYSTEM” 
 

 

 

 

T  E  S  I  S 
 

PARA OBTENER EL GRADO DE: 

 

 

DOCTOR EN CIENCIAS EN INGENIERÍA MECÁNICA 

 

 

P R E S E N T A 

 

 

M. EN C. LUIS ANGEL MIRÓ ZÁRATE 

 

 

DIRECTORES DE TESIS:  

DR. IGOR LOBODA  

DR. GEORGIY POLUPAN  

 

 

 

CDMX, AGOSTO 2017



 

 

 

 

 
 



 

 

 



 

 

  
  

AGRADECIMIENTOS 
 

 

A mi padre Jose Luis Gustavo Miró y Ortiz 

 
Por ser siempre el motivo más grande para dar lo mejor de mi en todos los aspectos de mi vida. 

¡Te recordaré por siempre Pa! 

 

 

A mi madre Angela Zárate Blando 

 
Por ser el pilar más fuerte en mi vida y darme siempre tú apoyo incondicional. ¡Todo esto es 

gracias a ti, te adoro Ma! 

 

 

A mi prometida Karen 

 
Por aparecer en mi vida y darle un nuevo sentido a toda mi existencia. Gracias por ser quien 

eres, por siempre estar conmigo al pie del cañon y por darme la oportunidad de recorrer a tu 

lado este camino. ¡Te amo hermosa! 

 

 

A mi hermano Jorge 

 
Por ser el mejor hermano y mejor amigo que pude haber tenido. Sigamos siempre unidos y 

compartiendo nuestras vidas hasta que seamos viejitos. ¡Eres el mejor Bro! 

 

 

A mis hijos Ian y María Fernanda 

 
Por darme tantos momentos felices, por tener la oportunidad de verlos crecer y tener la 

oportunidad que me digan papá. ¡Los amo enanos! 

 

 

A mis asesores Dr. Igor Loboda y Dr. Georgiy Polupan 

 
Por ser los guías más experimentados que pude haber encontrado, por sus grandes consejos, 

infinita paciencia y por compartir conmigo su enorme sabiduría.  

 

 

 

 

Y gracias a la vida por darme la oportunidad de estar en este camino y de disfrutar de tantas 

experiencias y momentos geniales. 



 

 

  
  

 

 

 

 

 CONTENT 
 

Abstract ................................................................................................................................... I 

Resumen ................................................................................................................................ II 

Motivation ........................................................................................................................... III 

Chapter 1                         Condition Based Maintenance and Condition Monitoring ........ 1 

1.1 Maintenance Programs ............................................................................................ 1 

1.2 Practical Factors Influencing the Benefits of CBM ................................................. 3 

1.2.1 Planning Time ................................................................................................... 3 

1.2.2 Imperfect Condition Information ....................................................................... 4 

1.2.3 Uncertain Failure Level .................................................................................... 4 

1.3 Condition-Based Maintenance Program ................................................................. 4 

1.3.1 Data Acquisition ................................................................................................ 6 

1.3.2 Data Processing ................................................................................................ 6 

1.3.3 Multiple Sensor Data Fusion ............................................................................. 9 

1.3.4 Maintenance Decision Support ....................................................................... 10 

Chapter 2                         Gas Turbine Engine Diagnostics ............................................... 19 

2.1 Gas Turbine Diagnostics Methods ......................................................................... 20 

2.2 Model Based Diagnostic Methods ......................................................................... 23 

2.2.1 Nonlinear Static Model .................................................................................... 23 

2.2.2 Linear Static Model ......................................................................................... 24 

2.2.3 Nonlinear Dynamic Model .............................................................................. 25 

2.3 Data Driven Diagnostic Methods .......................................................................... 25 

2.3.1 Artifical Neural Network (ANN) ...................................................................... 26 

2.3.2 Fuzzy Logic (FL) ............................................................................................. 28 

2.3.3 Genetic Algorithm (GA) .................................................................................. 29 

2.3.4 Expert Systems (ES) ......................................................................................... 29 



 

 

  
  

2.3.5 Least Square Method (LSM) ............................................................................ 30 

2.3.6 Comparison of the Methods: Advantages and Limitations ............................. 31 

2.4 Conclusions ............................................................................................................ 34 

Chapter 3                         Gas Turbine Engine On-Line Monitoring System .................... 35 

3.1 Test Case Engines .................................................................................................. 36 

3.2 Data Validation and Preliminary Processing ........................................................ 38 

3.2.1 Deviations ........................................................................................................ 38 

3.2.2 Sensor Malfunction Detection ......................................................................... 40 

3.2.3 Baseline Model Improvement .......................................................................... 43 

3.3 Diagnosis by Pattern Recognition Methods ........................................................... 47 

3.3.1 Technical Approach to Diagnosis at Steady States ......................................... 47 

3.3.2 Comparison of Recognition Techniques .......................................................... 50 

3.4 Integrated Monitoring and Diagnosis .................................................................... 51 

3.5 Diagnosis by System Identification Methods ......................................................... 53 

3.6 Demand of On-line Diagnostic Algorithm ............................................................. 53 

3.7 Conclusions ............................................................................................................ 54 

Chapter 4                           First Problem: Diagnostic Feature Noise At Variable 

Operating Points .................................................................................................................. 55 

4.1 Diagnostic Feature Noise ...................................................................................... 56 

4.2 Hypotheses Accepted .............................................................................................. 56 

4.3 Analysis Using Simulated Data .............................................................................. 57 

4.4 Analysis Using Real Data ...................................................................................... 58 

4.5 Conclusions ............................................................................................................ 60 

Chapter 5                         Second Problem: Unmeasured Variables Estimation and 

Monitoring ............................................................................................................................ 61 

5.1 Estimation of Unmeasured Variables and their Deviations .................................. 61 

5.2 First Stage: Use of Known Equations .................................................................... 63 

5.3 Second Stage: Universal Algorithm for Unmeasured Variables and their 

Deviations: Verification on Simulated Data ................................................................ 68 

5.3.1 Simulated Data of Engine 1 ............................................................................. 69 

5.3.2 Determination of Unmeasured Quantities: Algorithm 1 ................................. 70 

5.3.3 Determination of Unmeasured Quantities: Algorithm 2 ................................. 78 

5.3.4 Determination of Unmeasured Quantities: Algorithm 3 ................................. 80 



 

 

  
  

5.4 Third Stage: Algorithm Validation on Real Data .................................................. 81 

5.4.1 Engine 1 ........................................................................................................... 81 

5.4.2 Engine 2 ........................................................................................................... 86 

5.5 Conclusions ............................................................................................................ 88 

General Conclusions ............................................................................................................ 90 

References ............................................................................................................................ 92 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

  
  

 

 

FIGURE INDEX  
 

           Pp 

CHAPTER 1 

Figure 1.1 Three steps in a CBM program       5 

Figure 1.2 The CBM/PHM cycle        5 

Figure 1.3 General flowchart of a model-based approach     11 

 

CHAPTER 2 

Figure 2.1 Gas Turbine Diagnostic Classification      22 

Figure 2.2 Compressor map shifting       24 

Figure 2.3 Neural network structure       26 

Figure 2.4 MLP structure         27 

Figure 2.5 Framework of a rule based fuzzy system      29 

Figure 2.6 Configuration of an expert system      30 

Figure 2.7 Best fitting curve for LSM       30 

 

CHAPTER 3 

Figure 3.1 Structure of GTE on-line monitoring system     36 

Figure 3.2 Industrial gas turbine        37 

Figure 3.3 Real GTE deviations characteristics      39 

Figure 3.4 Inlet temperature sensor faulty operation      41 

Figure 3.5 Fuel consumption deviations vs time (a – unit 1, b – unit 2, c – unit 3)  42 

Figure 3.6 EGT probes errors: (a) – single gross errors, unit 1; (b) single gross errors, unit 3 43 

Figure 3.7 Learning set points; (a) – real data, (b) – thermodynamic model data  44 

Figure 3.8 EGT deviations, (a) – real data; (b) – model based learning set   45 

Figure 3.9 Unit 1 power turbine temperature deviations     46 

Figure 3.10 Fault identification classification presented by patterns    48 

Figure 3.11 Fault detection classification presented by patterns    49 

Figure 3.12 Schematic class representation for integrated monitoring and diagnosis  52 

 

CHAPTER 4 

Figure 4.1 Hypotheses accepted: a) constant relative error 휀𝛿𝑌, b) constant absolute error ∆휀 57 

Figure 4.2 Probabilities �̅� of correct diagnosis for both hypotheses    58 



 

 

  
  

Figure 4.3 Real engine deviations        59 

Figure 4.4 Errors of the exhaust gas temperature deviation (whole time interval)  59 

Figure 4.5 Deviation errors vs. measured variable      60 

 

CHAPTER 5 

Figure 5.1 Operating points simulated       64 

Figure 5.2 Efficiency deviation for simulated faults      66 

Figure 5.3 Efficiency deviation for simulated faults and measurement errors   68 

Figure 5.4 Baseline estimate �̂�02 (combustion chamber discharge temperature)   71 

Figure 5.5 True baseline variable 𝑍02 (combustion chamber discharge temperature)  71 

Figure 5.6 Baseline estimation errors 휀𝑍02
       72 

Figure 5.7 Estimate �̂�2 vs operation points (faulty condition: ∆𝜃1 = −0.03)   74 

Figure 5.8 Errors of the estimate �̂�2 vs operation points     74 

Figure 5.9 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red)     76 

Figure 5.10 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red) (Algorithm 2)    79 

Figure 5.11 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red) (Algorithm 3)    81 

Figure 5.12 Compressor turbine temperature deviations (Engine 1)    83 

Figure 5.13 Deviations variables (Engine 1)      84 

Figure 5.14 Compressor turbine temperature estimation errors (Engine 1)   85 

Figure 5.15 Compressor turbine temperature deviations (Engine 2)    86 

Figure 5.16 Deviations variables (Engine 2)      87 

Figure 5.17 Compressor turbine temperature estimation errors (Engine 2)   88 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

  
  

 

 

TABLE INDEX 
 

           Pp 

CHAPTER 1 

Table 1.1 List of prognosis methods, their advantages and disadvantages   15 

 

CHAPTER 2 

Table 2.1 Summary of advantages and limitations of the diagnostics methods   32 

 

CHAPTER 3 

Table 3.1 Recorded parameters        38 

Table 3.2 Deviation errors for different arguments      47 

Table 3.3 Diagnosis matrix        50 

Table 3.4 False diagnosis probabilities       50 

 

CHAPTER 4 

Table 4.1 Probabilities �̅� of correct diagnosis for both hypotheses    58 

 

CHAPTER 5 

Table 5.1 Unmeasured variables 𝑍        62 

Table 5.2 Component efficiency errors       64 

Table 5.3 Simulated faults         65 

Table 5.4 Efficiency deviations induced by simulated faults     67 

Table 5.5 Standard deviations of relative measurement errors     67 

Table 5.6 Simulated faults         70 

Table 5.7 Baseline RSME  휀𝑍0
        72 

Table 5.8 RMSE of the model �̂⃗� = 𝑓(�⃗⃗⃗�, �⃗⃗�) ("Filtered noise" scheme)    75 

Table 5.9 RMSE of the model �̂⃗� = 𝑓(�⃗⃗⃗�, �⃗⃗�) (all noise schemes)    

 75 

Table 5.10 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  ("Filtered noise" scheme)    77 

Table 5.11 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes)     78 



 

 

  
  

Table 5.12 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes, Algorithm 2)   80 

Table 5.13 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes, Algorithm 3)   81 

Table 5.14 Averaged estimation errors (Engine 1)      86 

Table 5.15 Averaged estimation errors (Engine 2)      88 

 

 



 

 I 
 

 

 

 

 

ABSTRACT 
 

 

 

Modern gas turbine health monitoring systems and diagnostic algorithms may be 

considered as essential due to their capacity for identification of faults and degradations 

mechanisms of gas turbine engine main components. Within all the purposes of gas 

turbine diagnostics, a very important one is the estimation and monitoring of 

unmeasured variables. However, existing estimation methods are too complex for use 

them in an online monitoring system. Moreover, they do not extract diagnostic features 

from the estimated unmeasured variables making them useless for fault detection and 

identification. For this reason, in this research, a methodology for simplified estimation 

and extraction of diagnostic features of unmeasured variables is proposed.  

 

To this end, large amount of unmeasured and measured data was simulated using a 

nonlinear physics-based thermodynamic model. On the data generated by this model, 

algorithms based on less complex data-driven techniques that relate the unmeasured 

quantities with measured variables were created and developed. These algorithms have 

the great advantage that they are light and swift, they do not need robust computational 

systems and are free of the instrinsic errors and long development times of physics based 

models.  

 

For validation purposes, these algorithms are examined on the real data of two different 

engines. The results prove a high accuracy of the proposed approach even under 

deteriorated engine conditions. Because of this last, and the characteristics mentioned 

above, it can be ensured that these algorithms can be applied in on-line monitoring 

systems.  
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RESUMEN 
 

 

 

Dada la capacidad para identificar fallas y mecanismos de degradación en los principales 

componentes del motor de turbina de gas, los sistemas modernos de monitoreo de las 

condiciones de operación y los algoritmos de diagnóstico de dicho motor pueden ser 

considerados como esenciales. De los distintos propósitos del diagnóstico de turbinas de 

gas, uno muy importante es la estimación y monitoreo de variables no medidas. Sin 

embargo, los sistemas existentes de estimación de estas variables son muy complejos 

para usarlos en sistemas de monitoreo en línea. Además, estos sistemas no extraen 

características de diagnóstico de las estimaciones de variables no medidas haciéndolos 

inservibles para detectar o identificar fallas. Por esta razón, en esta investigación se 

propone la metodología para simplificar la estimación y extracción de las características 

de diagnóstico de variables no medidas.  

 

Para este fin, una gran cantidad de datos medidos y no medidos fueron simulados 

mediante el uso de un modelo termodinámico no lineal basado en física. Estos datos son 

usados como datos de entrada en algoritmos que relacionan las variables no medidas con 

las medidas. Estos algoritmos fueron creados y desarrollados bajo el sustento de técnicas 

basadas en datos, las cuales son menos complejas; y tienen la gran ventaja que son 

ligeros, rápidos, no necesitan de sistemas computacionales pesados, además están libres 

de los errores intrínsecos y los largos periodos de desarrollo de los modelos basados en 

física.  

 

Para validar el enfoque, estos algoritmos son analizados mediante el uso de datos reales 

de dos motores de turbina de gas. Los resultados demuestran que el enfoque propuesto 

tiene una alta precisión aún bajo condiciones de deterioro de los motores. Debido a esto 

último y a las características arriba mencionadas, se puede afirmar que estos algoritmos 

pueden ser aplicados en sistemas de monitoreo en línea.  
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MOTIVATION 
 

 

 

Nowadays, monitoring algorithms are widely employed in gas turbine engine 

maintenance policies. These algorithms are developed and used by big gas turbine 

engine manufactures like General Electric, Siemens, Rolls Royce, Pratt & Whitney, 

Alstom, Honeywell, etc, for monitoring and diagnostics purposes. But these companies 

have their own research and development centers, and for this reason, these algorithms 

are not available for researchers or the public due to copyright policies  

 

If it is considered that around the world several industries purchase and use gas turbine 

engines and those engines need maintenance, the field of the application of monitoring 

algorithms is vast. Many of these industries do not purchase the usage licenses of the 

algorithms developed by the manufacturers, and the maintenance they give to their 

engines is limited to preventive maintenance.  

 

For this reason, the motivation to carry out studies on algorithms for an on-line 

monitoring system emerged. Unlike existing algorithms, the proposed algorithms are 

quick, light and swift data-driven models that do not need large investments and do not 

need large computational resources. These algorithms are intented for an on-line 

monitoring system. This system will make a simple and express diagnosis and will 

provide designers, maintenance staff and diagnosticians with valuable information about 

the gas turbine engine health condition.  

 

 

 

 



CHAPTER 1. CONDITION BASED MAINTENANCE AND CONDITION 

MONITORING 

 

 1 
 

 

 

 

 

 

 

CHAPTER 1                         
CONDITION BASED MAINTENANCE 

AND CONDITION MONITORING 
 

 

 

 

1.1 Maintenance Programs 
 

Significant increase of industrial accidents and disasters has been observed in the last 

decades. Mechanical failures cause a considerable percentage of such accidents. Various 

deterioration factors can be responsible for these failures. Among them, the most 

common factors that degrade a healthy condition of machines are vibration, shock, 

noise, heat, cold, dust, corrosion, humidity, rain, oil, debris, flow, pressure, and speed. In 

these conditions, condition monitoring has become an important and rapidly developing 

discipline which allows effective machines maintenance. In the two last decades, the 

development of monitoring tools has been accelerated by advances in information 

technology, particularly, in instrumentation, communication techniques, and computer 

technology.  

 

A failure in industrial equipment results in not only the loss of productivity but also 

timely services to customers, and may even lead to safety and environmental problems. 

This emphasizes the need of maintenance in manufacturing operations of organizations. 

Maintenance is of great importance in keeping availability and reliability levels of 

production facilities, product quality, etc. Relibility has always been an important aspect 

in the assessment of industrial products and/or equipments. Good product design is 

essential for products with high reliability. However, no matter how good the product 

design is, products deteriorate over time since they are operating under certain stress or 
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load in the real environment, often involving randomness. Unfortunately, compared with 

production and manufacturing problems which have received great interest from 

researchers and practitioners, maintenance gained much less attention in the past. This 

might be one of the reasons that lead to low maintenance efficiency in industry at 

present. Serious investigations claim that one-third of all maintenance costs are wasted 

as the result of unnecessary or improper maintenance activities. Furthermore, 

maintenance cost is one of the main expenditure items rising to 15-40% of production 

costs, varying depending on the type of industry. Additionally, with the augment of 

mechanization and automation of production processes and increasing reliance on 

expensive production equipment, the importance of effectively planned and performed 

maintenance activities is growing and many modern plants have installed flexible 

computer-controlled automatic and unmanned equipments and therefore, the 

maintenance cost has been increased substantially. Therefore, maintenance has been 

historically regarded as a necessary evil by the various management functions. Today, 

the role of maintenance is changing from a “necessary evil” to a “profit contributor” and 

toward a “partner” of organizations to achieve world-class competitiveness. 

Maintenance has, thus, been introduced as an efficient way to assure a satisfactory level 

of reliability during the useful life of a physical asset.  

 

The earliest maintenance technique is basically breakdown maintenance (BDM), also 

called unplanned maintenance, or run-to-failure maintenance, where no actions are taken 

to maintain the equipment until it breaks. It can restore the functional operation of failed 

components by repairing the defect or replacing them with new ones. However, random 

stoppage of equipment can limit the machine usage capacity and has serious impacts on 

productivity and product quality. Consequently, BDM often results in high equipment 

downtime, high cost of restoring equipment, high penalties associated with the loss 

production, high spare part inventory level, and extensive unscheduled repair time.  

 

To prevent catastrophic failures and emergency shutdowns, preventive maintenance was 

introduced in the 1950s. This maintenance technique is also called time-based 

maintenance (TBM) and sets a periodic interval to perform preventive maintenance 

regardless of the health status of a physical asset. With the fast development of modern 

technology, products have become more and more complex while better quality and 

higher reliability are required. This makes the cost of preventive maintenance higher and 

higher. Many firms still apply traditional TBM strategies, which are easy to implement 

as only the time that a unit is in service must be recorded. However, substancial 

remaining useful life is wasted if the machine is still in reasonable condition when 

preventive maintenance is performed, and a breakdown might occur if it happens to 

deteriorate faster than expected. Eventually, preventive maintenance has become a major 

expense of many industrial companies. Therefore, more efficient maintenance 
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approaches such as condition-based maintenance (CBM) are being implemented to 

handle the situation.  

 

CBM generally results in more effectively scheduled preventive maintenance, and, in the 

ideal case, preventive maintenance that is performed just before failure. CBM is a 

maintenance program that recommends maintenance actions based on the information 

collected through condition monitoring. It attempts to avoid unnecessary maintenance 

tasks by taking maintenance actions only when there is evidence of unusual or abnormal 

behaviors of a physical asset. A CBM program, if properly established and effectively 

implemented, can significantly reduce maintenance cost by reducing the number of 

unnecessary scheduled preventive maintenance operations. The relative benefit of CBM, 

however, strongly depends on the behavior of the deterioration process and the severity 

of failures. Furthermore, it is affected by various practical factors that are often present 

in practice, for example, required planning time, imperfect condition monitoring, and 

variation in the deterioration level at which failure occurs. CBM should only be applied 

if this relative benefit outweighs the efforts and costs during the entire life cycle that are 

required to apply CBM. The requisites to switch from TBM to CBM include condition 

monitoring equipment and software to store, analyze, and initiate maintenance actions. 

Companies that are interested in implementing CBM must also consider the risks related 

to the lack of experience. Furthermore, they should realize that CBM requires a dynamic 

scheduling of maintenance activities, whereas they might not have the capability for 

such flexible planning.  

 

 

 

1.2 Practical Factors Influencing the Benefits of CBM 
 

The main practical factors are required planning time, imperfect condition monitoring, 

and uncertainty in the deterioration level at which failure occurs.  

 

 

1.2.1 Planning Time 

In many practical situations, repairmen are not continuously available, and spare parts 

may not be on stock and must be ordered. If so, certain planning time is required 

between initiating and performing a maintenance action.  

 

A required planning time to perform preventive maintenance in combination with a 

continuously monitored unit that deteriorates according to a gamma process is 

considered in the literature. The maintenance is scheduled in the level of deterioration 
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exceeds an alarm level, and that failure occurs if the level of deterioration exceeds a 

fixed failure level. The alarm level can be specified and is the decision variable of the 

considered models.  

 

 

1.2.2 Imperfect Condition Information 

Condition information may contain noise due to errors of measurement and 

interpretation, and due to the limited accuracy of the measurement’s instruments. 

Typical condition monitoring techniques like vibration and oil debris monitoring, which 

are widely applied in industry, generally result in such inaccuracies. These techniques 

can therefore be considered as imperfect. Also, when considering the crack growth of a 

mechanical component subject to fatigue degradation, observations of the crack depth at 

inspections are just estimations of the true values.  

 

The simplest models that include imperfect condition monitoring contain two or three 

deterioration states, and inspections reveal the true system state with specific given 

probabilities. These basic models are extended with inspections that might induce 

failures, a distinction between minor and major inspections and aperiodic inspections.  

 

 

1.2.3 Uncertain Failure Level 

Uncertainty in the failure level is especially relevant if the deterioration process is 

represented by several condition variables that are combined into a composite condition 

variable.  

 

 

 

1.3 Condition-Based Maintenance Program 
 

Illustrated in Figure 1.1, a CBM program consists of three key steps: 

 

1. Data acquisition step, to obtain data relevant to system health. 

2. Data processing step, to handle and analyse the data or signals collected in step 1 

for better understanding and interpretation of the data. 

3. Maintenance decision-making step, to recommend efficient maintenance 

programs. 
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Figure 1.1 Three steps in a CBM program 

 

Diagnostics and prognostics are two important aspects in a CBM program. Diagnostics 

deals with fault detection, isolation and identification when it occurs. Fault detection is a 

task to indicate whether something if going wrong in the monitored system; fault 

isolation is a task to locate the component that is faulty; and fault identification is a task 

to determine the nature of the fault when it is detected. Illustrated in Figure 1.2, 

Prognostics and Health Management (PHM) refers specifically to the phase involved 

with predicting future behavior, including remaining useful life (RUL), in terms of 

current operating state and the scheduling of required maintenance actions to maintain 

system health and deals with fault prediction before it occurs. Fault prediction is a task 

to determine whether a fault is impending and estimate how soon and how likely a fault 

will occur. Diagnostics is posterior event analysis and prognostic is prior event analysis. 

Prognostic is much more efficient than diagnostics to achieve zero-downtime 

performance. Diagnostics, however, is required when fault prediction of prognostics 

fails and a fault occurs. A CBM program can be used to do diagnostics or prognostics, or 

both. No matter what the objective of a CBM program is, however, the above three 

CBM steps are followed.  

 

 
Figure 1.2 The CBM/PHM cycle 
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1.3.1 Data Acquisition 

Data acquisition is a process of collecting and storing useful data from targeted physical 

assets for the purpose of CBM. This process is an essential step in implementing CBM 

program for machinery fault diagnostics and prognostics. Data collected in a CBM 

program can be categorized into two main types: the so-called event data and condition 

monitoring data. Event data include the information on what happened (e.g., installation, 

breakdown, overhaul, etc., and what the causes were) and/or what was done (e.g., minor 

repair, preventive maintenance, oil change, etc.) to the targeted physical asset. Condition 

monitoring data are the measurements related to the health condition of the physical 

asset. 

 

Condition monitoring data are very versatile. It can be vibration data, acoustic data, oil 

analysis data, temperature, moisture, humidity, pressure, environment data, etc. Various 

sensors have been designed to collect different types of data. Maintenance informations 

systems, such as computerized maintenance management systems, enterprise resourse 

planning systems, etc., have been developed for data storage and handling. Collection of 

event data usually requires manual data entr to the information systems. With the fast 

development of computer and advanced sensor technologies, data acquisition facilities 

and technologies have become more powerful and less expensive, making data 

acquisition for CBM implementation more affordable and feasible. 

 

It is important to note that event data and condition monitoring data are equally 

important in CBM. In CMB practice, however, people tend to put more emphasis on the 

collection of the condition monitoring data and sometimes neglect the collection of 

event data. The overlooking of event data may result from the erroneous belief that event 

data are not valuable as long as the condition indicators or features seem to be working 

well in reducing equipment failures. This belief is incorrect since the event data are at 

least helpful in assessing the performance of current condition indicators, and can even 

be used either as feedback to the system designer for consideration of system redesign or 

improvement of condition indicators. The overlooking may also result from the fact that 

event data collection usually requires manual data entry. Once a human is involved, 

everything becomes more complicated and error-prone. A solution might be to 

implement and automate event data collection and reporting in the maintenance 

information system.  

 

 

1.3.2 Data Processing 

The first step of data processing is data cleaning. This is an important step since data, 

especially event data, which is usually entered manually, always contain errors. Data 
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cleaning ensures that clean (error-free) data are used for futher analysis and modelling. 

Without the data cleaning step, one may get into the so-called “garbage in garbage out” 

situation. Data errors are caused by many factors including human factor mentioned 

above. For condition monitoring data, data errors may be caused by sensor faults. In this 

case, sensor fault isolation is the right way to go. In general, however, there is no simple 

way to clean data. Sometimes it requires manual examination of data. Graphical tools 

would be very helpful to finding and removing data errors. Data cleaning is, indeed, a 

big area, and it is beyond the scope of this investigation.  

 

The next step of data processing is data analysis. A variety of models, algorithms and 

tools are available in the literature to analyse data for better understanding and 

interpretation of data. The models, algorithms and tools used for data analysis depend 

mainly on the types of data collected.  

 

As mentioned above, condition monitoring data collected from the data acquisition step 

is versatile. It falls into three categories: 

 

a) Value type: Data collected at a specific time epoch for a condition monitoring 

variable are a single value. For example, oil analysis data, temperature, pressure 

and humidity are all value type data. 

 

b) Waveform type: Data collected at a specific time epoch for a condition 

monitoring variable are a time series, which is often called time waveform. For 

example, vibration data and acoustic data are waveform type. 

 

c) Multidimension type: Data collected at a specific time epoch for a condition 

monitoring variable are multidimensional. The most common multidimensional 

data are image data such as infrared thermographs, X-ray images, visual images, 

etc.  

 

Data processing for waveform and multidimensional data is also called signal 

processing. Various signal processing techniques have been developed to analyse and 

interpret waveform and multidimensional data to extract useful information for further 

diagnostic and prognostic purpose. The procedure of extracting useful information from 

raw signals is the so-called feature extraction. 

 

Signal processing for multidimensional data such as image processing is similar to but 

more complicated than waveform signal processing due to one more dimension 

involved. In practice, raw images are usually very complicated and immediate 

information for fault detection is unavailable. In these cases, image processing 
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techniques are powerful to extract useful features from raw images for fault diagnosis. 

Image processing seems unnecessary when raw images provide sufficient and clear 

information to identify patterns and detect faults. However, image processing can still 

help in extracting features for automatic fault detection in such situations. In addition to 

raw images obtained via data acquisition, some waveform processing techniques such as 

time-frequency analysis also produce images. In these situations, image processing can 

be combined with waveform processing to obtain better results. Usually, low-level 

signal processing is good enough to obtain satisfied results. As such, there is little 

research applying advanced image processing in machinery diagnostics and prognostics.  

 

Some signal processing and data analysis techniques are briefly explained below. 

 

Value type data analysis 

Value type data include both raw data obtained via data acquisition and feature values 

extracted from raw signals via signal processing. Value type data look much simpler 

than waveform and image data. However, complexity lies in the correlation structure 

when the number of variables is large. Multivariate analysis techniques such as principal 

component analysis and independent component analysis are very useful to handle data 

with complicated correlation structure. When the number of variables is large, 

dimension reduction techniques such as principal component analysis and project pursuit 

can be used for data reduction.  

 

Trend analysis techniques such as regression analysis and time series model are 

commonly used techniques for analyzing value type data.  

 

Waveform data analysis 

There are numerous signal processing techniques and algorithms in the literature for 

diagnostics and prognostics of mechanical systems. Case-dependent knowledge and 

investigation are required to select appropriate signal processing tools among a number 

of possibilities.  

 

The most common waveform data in condition monitoring are vibration signals and 

acoustic emissions. Other waveform data are ultrasonic signals, motor current, partial 

discharge, etc. In the literature, there are three main categories of waveform data 

analysis: time-domain analysis, frequency-domain analysis and time-frequency analysis.  

 

Data analysis combining event data and condition monitoring data 

Data analysis for event data only is well known as reliability analysis, which fits the 

event data to a time between events probability distribution and uses the fitted 

distribution for further analysis. In CBM, however, additional information (condition 
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monitoring data) is available. Thus, it is beneficial to analyse event data and condition 

monitoring data together. This combined data analysis can be accomplished by building 

a mathematical model that properly describes the underlying mechanism of a fault or a 

failure. The model built based on both event and condition monitoring data is the basis 

for maintenance decision support (diagnostics and prognostics). 

 

An example of a mathematical model is the proportional hazards model, which is a 

popular model in survival analysis and is suitable for analyzing both event and condition 

monitoring data together. The merit of a time-dependent model is its ability to relate the 

failure probability to both age and condition variables, so that one can assess the failure 

probability with given machine condition at any specified age.  

 

Another example is the Hidden Markov Model (HMM) which consists of two stochastic 

processes: a Markov chain with finite number of states describing and underlying 

mechanism and an observation process depending on the hidden state.  

 

 

1.3.3 Multiple Sensor Data Fusion 

For a complex system, a single sensor is incapable of collecting enough data for accurate 

condition monitoring, fault diagnosis and prognosis. Multiple sensors are needed in 

order to do a better job. With the rapid development of computer science and advanced 

sensor technology, there has been an increasing trend of using multiple sensors for 

condition monitoring, fault diagnosis and prognosis. When mulitiple sensors are used, 

data collected from different sensors may contain different partial information about the 

same machine condition. Now the problem is how to combine all partial information 

obtained from different sensors for more accurate machine diagnosis and prognosis. The 

solution to this problem is known as multisensory data fusion. There are many 

techniques to multisensory data fusion. They can be grouped into three main approaches: 

(1) data-level fusion, (2) feature-level fusion and (3) decision-level fusion. 

 

In a mechanical system with multiple sensors installed, data collected from each sensor 

may be a complicated mixture of data from several sources. But only some of the 

sources are related to a particular machine condition of interest. Now the problem is how 

to separate different sources for better machine diagnosis and prognosis by fusing the 

observed multisensory data. The technique for solving this problem is known as blind 

source separation (BSS). Recently, BSS has received increasing attention in the area of 

machine fault diagnostics and prognostics. 
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1.3.4 Maintenance Decision Support 

The last step of a CBM program is maintenance decision-making. Sufficient and 

efficient decision support would be crucial to maintenance personnel’s decision on 

taking maintenance actions. Techniques for maintenance decision support in a CBM 

program can be divided into two main categories: Diagnostics and Prognostics. As 

mentioned earlier, fault diagnostics focuses on detection, isolation and identification of 

faults when they occur. Prognostics, however, attempts to predict faults or failures 

before they occur. Obviously, prognostics is superior to diagnostics in the sense that 

prognostics can prevent faults or failures, and if impossible, be ready for the problems, 

and thus save extra unplanned maintenance cost. Nevertheless, prognostics cannot 

completely replace diagnostis since in practice there are always some faults and failures 

which are not predictable. Besides, prognostics, like any other prediction techniques, can 

not be 100% sure to predict faults and failures. In the case of unsuccessful prediction, 

diagnostics can be a complementary tool for providing maintenance decision support. In 

addition, diagnostics is also helpful to improving prognostics in the way that diagnostic 

information can be useful for preparing more accurate event data and hence building 

better CBM model for prognostics. Furthermore, diagnostic information can be used as 

useful feedback information for sytem redesign.  

 

1.3.4.1 Diagnostics 

Several methods have been proposed to solve the fault detection and fault diagnosis 

problems. The most commonly employed solution approaches for fault diagnosis system 

include (a) model-based, (b) pattern recognition-based, (c) knowledge-based and (d) 

statical-based approaches. Generally, analytical model-based methods can be designed 

in order to minimize the effect of unknown disturbance and perform the consistent 

sensitivity analysis; knowledge-based methods are used when there is a lot of experience 

but not enough details to develop accurate quantitative models; and pattern recognition 

methods are applicable to a wide variety of systems and exhibit real-time characteristics. 

The applications of these methods to machine fault diagnosis are reviewed as follows: 

 

Model-Based Approaches 

The model-based methods perform fault diagnosis relied on analytical redundancy in 

which the consistency between the measurements and expected behavior of the process 

is checked by analytical models. These analytical models could be physical specific or 

explicit mathematical model of the monitored machine. Based on this explicit model, 

residual generation methods suchs as Kalman filter, system identification, and parity 

relations are used to obtain signals, called residual, which is indicative of fault presence 

in the machine. Finally, the residuals are evaluated to arrive at fault detection, isolation 

and identification. This general procedure is illustrated in Figure 1.3. Model-based 

approaches can be more effective than other model-free approaches if a correct and 
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accurate model is built. However, explicit mathematical modelling may not be feasible 

for complex systems since it would be very difficult or even impossible to build 

mathematical models for such systems. 

 

 
Figure 1.3 General flowchart of a model-based approach 

 

Different approaches for fault detection using mathematical models have been 

developed. A variety of models have been examined including linear system models, 

graph models, process models, component models, and behavioral models. Furthermore, 

model-based methods have been successfully applied for diagnosing the faults of 

components of mechanical system such as gearboxes, bearings, rotors and cutting tools. 

The information provided by these methods is very useful for more precise fault 

identification along with evaluating the confidence of a diagnostic decision.  

 

Recently, model-based techniques for diagnosis have been examined in the artificial 

intelligence (AI) community under the title of model-based reasoning. Furthermore, the 

use of AI techniques or the combination of conventional techniques and AI techniques 

has greatly enhanced the efficiency of model-based approaches in fault diagnosis.  

 

Generally, model-based approaches can be more effective if a correct and accurate 

model is built. However, explicit mathematical models may not be feasible for complex 

systems since it would be very difficult or even could not be established for such 

systems.  

 

Pattern Recognition-Based Approaches 

Pattern recognition is a process of mapping the information obtained from the 

measurement space and/or features from the feature space to machine faults in the fault 

space. Traditionally, pattern recognition is manually done by auxiliary graphical tools 

such as power spectrum graph, phase spectrum graph, cepstrum graph, autoregressive 

spectrum, spectrogram, wavelet phase graph, etc. However, manual pattern recognition 

requires expertise in the specific area of diagnosis application. Thus, highly trained and 

skilled personnel are necessary. Therefore, automatic pattern recognition is exceedingly 

desirable. This can be achieved by classification of signals based on the information and 

feature extracted from the signals.  
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Pattern recognition approaches, which include artificial intelligent (AI) techniques, have 

been increasingly applied to machine diagnosis and have shown improved performance 

over conventional approaches. In practice, however, it is not easy to apply AI techniques 

due to the lack of efficient procedures for obtain training data and specific knowledge 

that are necessary for training the models. Thus far, most of the application in the 

literature just used experimental data for model training. In the literature, two popular AI 

techniques for machine diagnosis are Artificial Neural Networks (ANN) and expert 

systems (ESs). Other AI techniques used include fuzzy logic systems, fuzzy-neural 

networks (FNNs), neural-fuzzy systems and evolutionary algorithms (EAs).  

 

ANNs mimics the human brain structure which consists of simple processing elements 

connected to complex layer architecture. They are capable of representing highly 

nonlinear functions and performing multi-input, multi-output mapping. The ANNs learn 

the unknown function by adjusting its weights with observations of input and output. 

This process is usually called training of an ANN.  

 

There have been various neural network models applied to pattern recognition. Feed 

forward neural network (FFNN) structure is the most widely used neural network 

structure in machine fault diagnosis. Multilayer perceptron with the backpropagation 

training algorithm, which is a special FFNN, is the most commonly used neural network 

model for pattern recognition and classification, and hence machine fault diagnositics as 

well. The backpropagation neural networks, however, have two main limitations: (1) 

difficulty of determining the network structure and the number of nodes; (2) slow 

convergence of the training process. A cascade correlation neural network (CCNN) does 

not require initial determination of the network structure and the number of nodes. 

CCNN can be used in cases where on-line training is preferable. Other neural network 

models applied in machine diagnostics are radial basis function neural networks, 

recurrent neural networks and counter propagation neural networks.  

 

The above ANN models usually use supervised learning algorithms which require 

external input such as the a priori knowledge about the target or desired output. For 

example, a common practice is to utilize a set of experimental data with known faults to 

generate a neural network model. Conversely, unsupervised learning does not require the 

external input. The unsupervised neural network learns itself by using the new available 

information. 

 

Knowledge-Based Approaches 

Knowlegde-based system (KBS) or expert system (ES) for fault diagnosis is performed 

based upon the evaluation of on-line monitored data according to a rule set which is 

determined by expert knowledge. This knowledge includes locations of input and output 
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process variables, patterns of abnormal process conditions, fault symptom, operational 

constraints, and performance criteria. The operators and engineer’s intelligence related 

to the specific process systems can be implemented into this approach. Their knowledge 

can help to recognize the potential faults based on previous experiences. This approach 

can reduce the difficulties on exact numeric information and automates the human 

intelligence for process supervision.  

 

Compared with model-based approaches, knowledge-based approaches are particularly 

suitable for large industrial plants since those non-linear real plants are extremely 

difficult to be modeled and the linear approximation of the model results in large errors. 

In addition, knowledge-based approaches can reduce the complexity when implementing 

the corresponding safety system and make it flexible, easy to understand and follow. 

Combining knowledge-based fault diagnosis methods with real-time process variables 

monitoring will improve the efficiency and reliability of detecting fault behavior and 

overall effectiveness of the system.  

 

In contrast to neural networks, which learn knowledge by training on observed data with 

known inputs and outputs, ESs utilize domain expert knowledge in a computer program 

with an automated inference engine to perform reasoning for problem solving. Three 

main reasoning methods for ES used in the area of machinery diagnostics are rule-based 

reasoning, case-based reasoning and model-based reasoning.  

 

ESs and neural networks have their own limitations. One main limitation for rule-based 

ESs is combinatorial explosion, which refers to the computational problem caused when 

the number rule increases exponentially as the number of variables increases. Another 

main limitation is consistency maintenance, which refers to the process by which the 

sytem decides when some of the variables need to be recomputed in response to changes 

in other values. Two main limitations of neural networks are the difficulty to have 

physical explanations of the trained model and the difficulty in the training process. 

Obviously, combination of both techniques would significantly improve the 

performance.  

 

In condition monitoring practice, knowledge from domain specific experts is usually 

inexact and reasoning on knowledge is often imprecise. Therefore, measures of the 

uncertainties in knowledge and reasoning are required for ES to provide more robust 

problem solving. Commonly used uncertainty measures are probability, fuzzy member 

functions in fuzzy logic theory and belief functions in belief networks theory.  
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Statical-Based Approaches 

A common method of fault diagnostics is to detect whether a specific fault is present or 

not based on the available condition monitoring information without intrusive inspection 

of the machine. This fault detection problem can be described as a hypothesis test 

problem with null hypothesis 𝐻0: Fault A is present, against alternative hypothesis 𝐻1: 

Fault A is not present. In a concrete fault diagnostic problem, hypotheses 𝐻0 and 𝐻1 are 

interpreted into an expression using specific models or distributions, or the parameters of 

a specific model or distribution. Test statistics are then constructed to summarise the 

condition monitoring information so as to be able to decide whether to accept the null 

hypothesis  𝐻0 or reject it. Recently, a framework for fault diagnosis, called structured 

hypothesis test, was proposed for conveniently handling complicated multiple faults of 

different types.  

 

A conventional approach, Statical Process Control (SPC), which was originally 

developed in quality control theory, has been well developed and widely used in fault 

detection and diagnostics. The principle of SPC is to measure the deviation of the 

current signal from a reference signal representing the normal condition to see whether 

the current signal is within the control limits of not. 

 

Cluster analysis, as a multivariate statistical analysis method, is a statistical classification 

approach that groups signals into different fault categories on the basis of the similarity 

of the characteristics or features they posses. It seeks to minimize within-group variance 

and maximize between-group variance. The result of cluster analysis is a number of 

heterogeneous groups with homogenous contents: There are substantial differences 

between the groups, but the signals within a single group are similar. A natural way of 

signal grouping is based on certain distance measures or similarity measure between two 

signals. These measures are usually derived from certain discriminant functions in 

statistical pattern recognition. Commonly used distance measures are Euclidean 

distance, Mahalanobis distance, Kullback-Leibler distance and Bayesian distance. Many 

clustering algorithms are available for determining the signal groups. A commonly used 

algorithm in machine fault classification is the nearest neighbor algorithm that fuses two 

closests groups into a new group and calculates distance between two groups as the 

distance of the nearest neighbour in the two separate groups. The boundary of two 

adjacent groups is determined by the discriminant function used. A technique called 

Support Vector Machine (SVM) is usually employed to optimize a boundary curve in 

the sense that the distance of the closest point to the boundary curve is maximized. 

 

HMM described earlier can also be used for fault classification. Early applications of 

HMM in fault classification and diagnostics treat the real machine faulty states and the 

machine normal state as the hidden states of the HMM. 
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1.3.4.2 Prognostics 

The literature of prognostics is much smaller in comparison with those of fault 

diagnosis. The most obvious and normally used prognosis is to use the given current and 

past machine condition to predict how much time is left before a failure occurs. The time 

left before observing a failure is usually called remaining useful life (RUL). To predict 

RUL, data of the fault propagation process and/or the data of the failure mechanism 

must be available. The fault propagation process is usually tracked by a trending or 

forecasting model for certain condition variables.  

 

There are two ways in describing the failure mechanism. The first one assumes that 

failure only depends on the condition variables, which reflect the actual fault level, and 

the predetermined boundary. The definition of failure is simply defined that the failure 

occurs when the fault reaches a predetermined level. The second one builds a model for 

the failure mechanism using available historical data. In this case, different definitions of 

failure can be defined as follows: (a) an event that the machine is operating at an 

unsatisfactory level; or (b) it can be a functional failure when the machine cannot 

perform its intended function at all; or (c) it can be just a breakdown when the machine 

stops operating, etc. The approaches to prognosis fall into three main categories: 

statistical-based, model-based, and data-driven based approaches. Table 1.1 lists the 

published methods, their advantages and disadvantages.  

 

Table 1.1 List of prognosis methods, their advantages and disadvantages 

APPROACHES ADVANTAGES DISADVANTAGES 

Statistical-based approaches 

Do not require condition 

monitoring. 

Population characteristics 

information enable longer-range 

forecast. 

Can be trained to recognize the 

types of faults. 

Only provide general, overall 

estimates for the entire 

population of identical units. 

Model-based approaches 

Can be highly accurate. 

Require less data than data-

driven approaches. 

Real-life system physics is often 

too stochastic and complex to 

model. 

Simplifying assumptions need to 

be examined. 

Various physics parameters need 

to be determined. 

Data-driven based 

approaches 

Do not require assumption or 

empirical estimation of physics 

parameters. 

Do not require a priori 

knowledge. 

Generally required a large 

amount of data to be accurate. 
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Statistical Approaches 

Statistical approaches, which are the simplest form of prognosis techniques, collect 

statistical information from many component samples to indicate the survival duration of 

component before failure occurs and uses the statistics to predict the RUL of individual 

components. The proportional hazards models (PHM) and proportional intensity model 

(PIM), which are two statistical models in survival analysis, are useful tools for RUL 

estimation in combination with a trending model for the fault propagation process. 

 

Model-Based Approaches 

Model-based prognostics approaches are applicable to where accurate mathematical 

models can be constructed from physical system. These methods use residuals as 

features, which are the outcomes of consistency checks between the sensed 

measurements of system and the outputs of a mathematical model. However, model-

based techniques are merely applied for some specific components and each requires a 

different mathematical model. Changes in structural dynamics and operating conditions 

can affect the mathematical model as it is impossible to model all real-life conditons. 

Furthermore, it is difficult to establish the suitable model to mimic the real life.  

 

Data-Driven Based Approaches 

Data-driven techniques are also known as data mining techniques or machine learning 

techniques. They utilize and require large amount of historical failure data to build a 

prognostic model that learns the system behavior. Among these techniques, AI was 

regularly used because of its flexibility in generating appropriate model. Several of the 

existing approaches used ANNs to model the system and estimate the RUL. Most of 

ANN approaches were time series forecasting models in which single-step ahead was 

considered. However, further work is essential to extend from single-step to multi-step-

ahead. This assists the RUL estimation to be easier. Altogether, multi-step-ahead 

prediction is still a difficult and challenging task in time series prediction domain due to 

the growing uncertainties arising from unrelated sources, such as, accumulation errors 

and insufficient information. Generally speaking, the data-driven techniques are the 

promising and effective techniques for machine condition prognosis.  

 

Recently, with the advance of internet and tether-free technologies, a new method for 

machine maintenance, namely e-maintenance, appears. E-maintenance, which is based 

on intelligent prognosis, addresses the fundamental needs of predictive intelligence tools 

to monitor the degradation rather than to detect the faults in a network environment and, 

ultimately to optimize the asset utilization in the facility.  
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Prognostics Incorporating Maintenance Policies 

The aim of machine prognosis is to provide decision support for maintenance actions. 

As such, it is natural to include maintenance policies in the consideration of the machine 

prognostic process. This makes the situation more complicated since extra effort is 

needed to describe the nature of maintenance policies. Maintenance in this situation is 

the so-called CBM. Compared to conventional maintenance, mathematical models 

applicable to the CBM scenario are much fewer.  

 

The main idea of prognostics incorporating maintenance policies is to optimize the 

maintenance policies according to certain criteria such as risk, cost, reliability and 

availability. Risk is defined as the combination of probability and consequence. Usually, 

consequence can be measured by cost. In this case, risk criterion is equivalent to the cost 

criterion. However, there are some cases in which consequences cannot be estimated by 

cost. In these scenarios, probability or reliability criterion would be more appropriate. 

Since cost criterion applies to most situations, literature is dominated by cost-based 

CBM optimization.  

 

In condition monitoring, no matter what machines are monitored, they fall into two 

categories: completely observable systems and partially observable systems. For a 

completely observable system, the machine state can be completely observed or 

identified. The information collected from this system is called direct information. For a 

partially observable system, the machine condition cannot be fully observed or 

identified. The information obtained from this system is called indirect information, 

which is somehow related to the real machine state. 

 

Condition Monitoring Interval 

There are two types of condition monitoring: continuous and periodic. By continuous 

monitoring, one continuously monitors a machine and triggers a warning alarm 

whenever something wrong is detected. Two limitations of continuous monitoring are: 

(1) it is often expensive; (2) to continuously monitor raw signal with noise produces 

inaccurate diagnostic information. Periodic monitoring is, therefore, used due to it being 

more cost effective and providing more accurate diagnosis using filtered and/or 

processed data. Of course, the risk of using periodic monitoring is the possibility of 

missing some failure events which occur between successive inspections.  

 

The main issue relevant to periodic monitoring is the determination of the condition 

monitoring interval. Optimal design of the condition monitoring interval has been 

studied together with optimal threshold desing. 
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Challenges and Opportunities of Machine Prognosis 

Obviously, machine fault prognosis plays a crucial role for the foreseeable future of 

CBM. However, further researches in several aspects on machine fault prognosis 

involved statistical-based, driven-based, and model-based are necessary to be 

considered. Even though prognosis techniques based data-driven devote their flexibility 

to generate the prediction model, the improvement of predicting accuracy is the issue 

needed to pursue so that these techniques can be employed for real industrial 

applications.  

 

As mentioned in several published approaches, the model-based techniques give the 

high potential for fault prognosis even though they are challenging to obtain the precise 

mathematic model for mimicking the dynamic system behavior. The hybridization of 

model-based and data-driven based techniques is a novel approach to fault prognosis 

area. This hybrid technique will inherit the advantages from each technique so that the 

reliability and accuracy of prediction model is significantly gained.  

 

Furthermore, there have been some issues to be considered before the machine prognosis 

system can be reliably applied to real-life situations. Real-life machines are often 

subjected to variable operating patterns, which include repairs and change of operating 

parameters. The effect of these operational complexities may greatly reduce the 

accuracy of prognosis output. Additionally, the inherent structure complexity of real-life 

machine also hinders practical applications of many prognosis models, which are only 

designed to predict a specific failure mode of a component.  
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Gas turbine monitoring and diagnostics belong to a common area of condition 

monitoring of machinery and mechanical equipment such as spacecrafts, aircrafts, 

shipboard systems, various power plants and industrial and manufacturing processes. 

They can be considered as complex engineering systems and become more sophisticated 

during their further development that results in potential degradation of system 

reliability. A gas turbine engine (GTE) is a very complex and expensive machine. Up to 

20,000 is the total number of pieces in principal engine components and subsystems, and 

heavy-duty turbines cost many millions of dollars. This price can be considered only as 

potential direct losses due to a possible GTE failure. Indirect losses will be much 

greater. To keep high reliability levels, various diagnostic tools, in particular, parametric 

monitoring and diagnostics system are applied. Being capable to detect and identify 

incipient faults, they reduce the rate of gross failures.  

 

GTE monitoring systems are based on measured and recorded variables and signals. 

Such systems do not need engine shutdown and disassembly. They operate in real-time 

and provide diagnostic, on-line analysis and recording data in special diagnostic 

databases. With these data, more exhaustive off-line analysis is possible to be 

performed. 

 

The system should use all information available for a diagnosed gas turbine and cover a 

maximal number of its subsystems. Although, theoretical bases for diagnosis of different 

engine systems can be common, each of them requires its own diagnostic algorithms 

taking into account system peculiarities. Nowaday, parametric diagnostics encompasses 

all main gas turbine subsystems such as gas path, transmission, hot part constructional 
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elements, measurement system, fuel system, oil system, control system, starting system 

and compressor variable geometry system. To perform complete and effective diagnosis, 

different approaches are used for these systems. In particular, the application of such 

different approaches of rotating machinery monitoring such as vibration analysis and oil 

debris monitoring has become a standard practice for GTE. 

 

However, the monitoring system always includes another technique, which is specific 

for gas turbines, namely gas path analysis (GPA). Its algorithms are based on a well-

developed gas turbine theory and gas path measurements (pressures, temperatures, 

rotation speeds and fuel consumption, among others). The GPA can be considered as a 

principal part of a gas turbine monitoring system.  

 

GPA provides a deep insight into gas turbine components’ performances, revealing 

gradual degradation mechanisms and abrupt faults. Besides these gas path defects, 

malfunctions of measurement and control systems can also be detected and identified. 

Additionally, GPA allows estimating main engine performances that are not measured 

like shaft power, thrust, overall engine efficiency, specific fuel consumption, and 

compressor surge margin. Important engine health indicators, the deviations in measured 

variables induced by engine deterioration and faults, can be computed as well.  

 

Gas turbine simulation is an integral part of the diagnostic process. The models in this 

area fulfill two general functions. The first one is to give a gas turbine performance 

baseline in order to calculate differences between current measurements and the given 

baseline. These differences also known as deviations, serve as reliable degradation 

indices. The second function is related to fault simulation. Recorded data rarely suffice 

to form a representative classification because of the rare and occasional appearance of 

real faults and very high costs of real fault simulation on a test bed. For this reason, 

mathematical models are necessary. These models relate degradation mechanisms with 

gas path variables serving as a tool for fault classification, necessary for fault diagnosis.  

 

 

 

2.1 Gas Turbine Diagnostics Methods 

 

A total diagnostic process can be divided into three general and interrelated stages (see 

Figure 2.1): (1) common engine health monitoring (fault detection), (2) detailed 

diagnostics (fault identification), and (3) prognostics (prediction of remaining engine 

life). Since input data should be as exact as possible, an important preliminary stage of 

data validation precedes these principal diagnostic stages. In addition to data filtration 
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and averaging, it also includes a procedure of computing the deviations, which are used 

practically in all methods of monitoring, diagnostics, and prognostics.  

 

Gas turbine diagnostic methods can be divided into two general approaches. The first 

approach employs system identification techniques and, in general, so called 

thermodynamic model. The used models relate measured gas path variables with special 

fault parameters that allow simulating engine components degradation. The goal of gas 

turbine identification is to find such fault parameters that minimize the difference 

between the model-generated and measured variables. The simplification of the 

diagnostic process is achieved because the determined parameters contain information 

on the current technical state of each component. The main limitation of this approach is 

that model inaccuracy causes elevated errors in estimated fault parameters. The second 

approach is based on the pattern recognition theory and mostly uses data-driven models. 

The necessary fault classification can be composed in the form of patterns obtained for 

every fault class from real data. Since patterns of each fault class are available, a data-

driven recognition technique, for example, neural networks, can be easily trained 

without detailed knowledge of the system. For this reason, this approach has the 

theoretical possibility to exclude the model and its inherent inaccuracy from the 

diagnostic process.  

 

The models used in condition monitoring and, in particular, in the GPA can be divided 

into two categories: physics-based and data-driven. The physics-based model (for 

instance, thermodynamic model) requires detailed knowledge of the system under 

analysis (GTE) and generally presents complex software. The data-driven model gives a 

relantionship between input and output variables that can be obtained based on available 

real data without the need of system knowledge. Diagnostic techniques can be classified 

in the same way as physics-based or model-based and data-driven or empirical.  

 

Illustrating all these observations, Figure 2.1 presents a classification of GPA methods. 
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   Figure 2.1 Gas Turbine Diagnostic Classification 
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2.2 Model Based Diagnostic Methods  

 

2.2.1 Nonlinear Static Model 

In the GPA, the physics-based models are presented by thermodynamic models for 

simulating gas turbine steady states and transients. Since 1983, application of the 

thermodynamic model for steady states has become a common practice and nowadays 

this model holds a central position in the GPA. Such a model includes full successive 

description of all gas path components such as input device, compressor, combustion 

chamber, turbine and output device. Such models can also be classified as non-linear, 

one-dimensional, and component-based.  

 

The mentioned thermodynamic model can afford a lot of useful information that can 

hardly be obtained from a real engine. This model calculates the variables in the gas path 

and determines a (𝑚𝑥1)-vector �⃗⃗� of gas path measured variables as a function of a 

vector �⃗⃗⃗� of steady state operational conditions (control variables and ambient 

conditions).  

 

There are various types of real gas turbine deterioration and faults such as fouling, tip 

rubs, seal wear, erosion and foreign object damage. Since such real defects occur rarely 

during maintenance, the thermodynamic model is a unique technique to create necessary 

class descriptions. To take into accout the engine component performance degradation 

induced by real gradual deterioration mechanisms and abrupt faults, the model includes 

a (𝑟𝑥1)-vector �⃗� of fault parameters that shifts slightly the performance maps of GTE 

components and therefore, enables simulating mentioned deterioration mechanism and 

faults, as shown in Figure 2.2. The thermodynamic model has the following structure: 

 

                    �⃗⃗� = 𝑓(�⃗⃗⃗�, �⃗�) (2.1) 

 

From a mathematical standpoint, the thermodynamic model is a result of solving a 

system of nonlinear algebraic equations reflecting a mass, heat, and mechanical energy 

balance for all the components operating under stationary conditions. The number of 

algebraic equations can reach fifteen and more and the software includes dozens of 

subprograms. Most of the subprograms can be designed as universal modules 

independent of a simulated GTE, thus, simplifying model creation for new engines. This 

thermodynamic model has been validated against the engine manufacturer information 

and identified with real engine data. 
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Figure 2.2 Compressor map shifting 

 

System identification techniques can significantly enhance mode accuracy. The 

dependency �⃗⃗� = 𝑓1(�⃗⃗⃗�) realized by the model can be well fitted and simulation errors 

can be lowered up to a half per cent. Unfortunately, it is much more difficult to make 

more accurate the dependency �⃗⃗� = 𝑓2(�⃗�) because faults rarely occur.  

 

The themodynamic model for steady states has wide application in GTE diagnostics. 

First, this model is used to describe particular faults or complete fault classification. 

Second, this model is an integral part of numerous diagnostic algorithms based on 

system identification. Third, this non-linear model allows computing simpler models, 

like a linear model described below.  

 

 

2.2.2 Linear Static Model 

The linear static model present linearization of a nonlinear dependency �⃗⃗� = 𝑓2(�⃗�) 

between gas path variables and fault parameters determined for a fixed operating 

condition �⃗⃗⃗�. The model is given by a vectorial expression: 

 

                    𝛿�⃗⃗� = 𝐻𝛿�⃗� (2.2) 

 

It connects a vector 𝛿�⃗� of small relative changes of the fault parameters with a vector 𝛿�⃗⃗� 

of the corresponding relative deviations of the measured variables by a matrix 𝐻 of 

influence coefficients (influence matrix). 

 

Since linearization errors are not too great, the linear model can be successfully applied 

for fault simulation at any fixed operating point. However, when it is used for estimating 

fault parameters by system identification methods, estimation errors can be significant. 
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Given the simplicity of the linear model and its utility for analytical analysis of complex 

diagnostic issues, this model will remain important in gas turbine diagnostics.  

 

The matrix 𝐻 can be easifly computed by means of the thermodynamic model. The gas 

path variables �⃗⃗� are firstly calculated by the model for nominal fault parameters �⃗�0. 

Then, small variations are introduced by turns in fault parameters and the calculation of 

the variables �⃗⃗� is repeated for each corrected parameter. Finally, for each pair 𝑌𝑖 and 𝜃𝑗  

the corresponding influence coefficient is obtained by the following expression: 

 

                  𝐻𝑖𝑗 =
𝛿𝑌𝑖

𝛿𝜃𝑗
=

𝑌𝑖(�⃗�𝑗) − 𝑌𝑖(�⃗�0)

𝑌𝑖(�⃗�0)

𝜃𝑗 − 𝜃0𝑗

𝜃0𝑗
⁄  (2.3) 

 

 

2.2.3 Nonlinear Dynamic Model 

Although methods to diagnose at steady states are more developed and numerous than 

the methods for transients, current studies demonstrate growing interest in the gas 

turbine during dynamic operation. A dynamic thermodynamic gas path model is 

therefore in increasing demand. The main difference from the static model (2.1), in the 

dynamic model a time variable 𝑡 is added to the argument set of the function �⃗⃗� and the 

vector �⃗⃗⃗� is given as a time function. It has the following structure: 

 

                 �⃗⃗� = 𝑓(�⃗⃗⃗�(𝑡), �⃗�, 𝑡) (2.4) 

 

A separate influence of time variable 𝑡 is explained by inertia nature of gas turbine 

dynamic processes, in particular, by inertia moments of gas turbine rotors. The gas path 

parameters �⃗⃗� of model (2.4) are computed numerically as a solution of the system of 

differential equations in which the right parts are calculated form a system of algebraic 

equations reflecting the conditions of the components combined work at transients. 

These algebraic equations differ a little from the static model equations, for this reason, 

numeric procedure of the algebraic equation system solution is conserved in the dynamic 

model. Therefore, the nonlinear dynamic model includes the most of static model 

subprograms. Thus, the nonlinear static and dynamic models tend to be united in a 

common complex program.  

 

 

2.3 Data Driven Diagnostic Methods 

 

In this group of methods, in order to develop the diagnostic tool, operational data with 

an appropriate quality, quantity, and type or performance data from model simulation, 
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when operational data is not available, is required. In the field of gas turbine diagnostics, 

data-driven methods are severely utilized by many researchers in the past three decades. 

They are categorized into two groups, namely, Artificial Intelligence (AI) and statiscal 

methods. There are different AI methods used to develop diagnostic techniques. They 

are, Artificial Neural Networks (ANNs), Fuzzy Logic (FL), Expert Systems, Genetic 

Algorithm (GA) and their combinations. As far as statistical methods are concerned, 

engine faults are diagnosed by applying fundamental principles of statistics based on the 

condition monitoring information (historical data). Even though, so far, both techniques 

have been extensively studied but the most powerful and popular types of gas turbine 

diagnostic algorithms are from AI methods. 

 

 

2.3.1 Artifical Neural Network (ANN) 

Artificial Neural Networks present a fast-growing computing technique in many fields 

of application, such as pattern recognition, identification, control systems, and condition 

monitoring. The ANN can be classified as a typical data-driven model because it is 

viewed solely in terms of its input and output without any knowledge of internal 

operation. During network supervised learning on the known pairs of input and output 

vectors, weights between the neurons change in a in a manner that ensures decreasing a 

mean difference (error) between the target and the network output. In addition to the 

input and output layers of neurons, a network may incorporate one or more hidden layers 

of nodes when high network flexibility is necessary as shown in Figure 2.3. 

 

 
Figure 2.3 Neural network structure 
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The multilayer perceptron (MLP) has emerged as the most widely used network in gas 

turbine diagnostics. It is a feed-forward network in which signals propagate through the 

network from its input to the output with no feedback as shown in Figure 2.4. The 

presented network includes input, hidden and output layers of neurons. For each hidden 

layer neuron, the sum of inputs of a vector �⃗� multiplied by waiting coefficients of a 

matrix 𝑊1 is firstly computed. The corresponding bias from a vector �⃗⃗�1 is adden then, 

forming a neuron input. Finally, inputs of all neurons are transformed by a hidden layer 

transfer function 𝑓2 into an output vector �⃗�1. The described procedure can be written by 

the following expression: 

 

                  �⃗�1 = 𝑓1(𝑊1�⃗� + �⃗⃗�1) (2.5) 

 

 

 
Figure 2.4 MLP structure 

 

The same procedure is then repeated for the output layer considering �⃗�1 as an input 

vector. Similarly to (2.5), the output layer is given by 

 

                  �⃗� = �⃗�2 = 𝑓2(𝑊2�⃗�1 + �⃗⃗�2) (2.6) 

 

The network should be trained on known pairs of the input vector and the output vector 

in order to determine unknown waiting coefficients and biases. The MLP has been 

successfully applied to solve difficult pattern recognition problems since a back-

propagation algorithm had been proposed for the training. It is a variation of so called 

incremental or adaptive training mode that changes unknown coefficients after 

presentation of every individual input vector. In the back-propagation algorithm, the 
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error between the target and actual output vectors is propagated backwards to correct 

weights and biases. The correction is repeated successively for all available inputs and 

targets united in a training set. Usually, it is not sufficient to reach a global minimum 

between all targets and network outputs and a cycle of calculations with learning set data 

is repeated several times. To apply the back-propagation algorithm, a layer transfer 

function should be differentiable. Generally, it is the tan-sigmoid, log-sigmoid or linear 

type.  

 

Though the trained network is ready for practical use in a gas turbine diagnosis, an 

additional stage of network verification is mandatory. There is a common statistical rule 

that a function determined on one portion of the random data should be tested on 

another. Consequently, to verify the MLP determined on the training set, one more data 

portion called validation set is needed. If the neural network describes adequately 

training data but loses its accuracy on validation data, this is a clear indicator of an 

overlearning effect. The network begins to take into account training set random 

peculiarities and therefore loses its capability to generalize data.  

 

In addition to ANNs, other and simpler data-driven models like polynomials can be 

successfully applied to simulate GTE performances.  

 

 

2.3.2 Fuzzy Logic (FL) 

Fuzzy logic is one of the most commonly used AI methods to approximate the 

relationship between dependent and independent parameter vector values based on a set 

of if/then statements. Fuzzy logic approach for diagnostics application consists of four 

basic components: fuzzy rules (sets of if/then statements), fuzzifier (the mechanism 

which maps number of input signals into the fuzzy set), inference engine (the technique 

used to determine the ways in which the fuzzy sets are combined with each other) and 

defuzzifier (the mechanism used to calculate the output values). The schematic 

representation of rule based fuzzy logic system is shown in Figure 2.5. Thus, for the gas 

turbine diagnostics sets of measurement parameters deltas are given as input to the fuzzy 

logic algorithm to calculate the performance parameter deltas. 

 

However, the available fuzzy logic based diagnostic algorithms has limitations regarding 

multiple fault diagnostics and their effectiveness and performance needs more 

improvements.  
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Figure 2.5 Framework of a rule based fuzzy system 

 

 

2.3.3 Genetic Algorithm (GA) 

GA is a method which mimics nature based on Darwin’s evolutionary theory of 

‘survival of the fittest’. The GA is applied as an effective optimization tool to obtain a 

set of component parameters that produce a set of predicted dependant parameters, 

through a nonlinear gas turbine model that leads to predictions that best match the 

measurements. The solution is obtained when an objective function, which is the 

measure of the difference between predicted values and measured values, achieves the 

minimum value.  

 

 

2.3.4 Expert Systems (ES) 

An expert system is a computer program that is used to capture human expert knowledge 

in the form of facts and rules to solve a problem or giving an advice. The architecture of 

expert systems consists of four basic elements, user interface (used to acquire 

information and displays results), inference engine (deals with all the reasoning 

operations of the system based on known facts and rules), knowledge base (contains 

facts and rules about the problem to offer the appropriate decision) and developer (stores 

information about current education). The configuration is shown in Figure 2.6. Expert 

systems for engine diagnostics application can be classified as knowledge base and rule 

base. Several expert systems based gas turbine diagnostic techniques are available in 

open literature; however, these systems require precise inputs and rely entirely on 

knowledge of experts and extensive database of rules.  
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Figure 2.6 Configuration of an expert system 

 

 

2.3.5 Least Square Method (LSM) 

Field data is generally accompanied by the noise. The resultant (dependant variables) 

may vary even though all independent variables are constant. The method of estimating 

the trend of outcomes quantitatively is known as curve fitting or regression. The process 

of regression is an essential one since it fits the equations of approximating the curves to 

raw fiel data. The fitting curve of a type for a given set of data is usually not unique. 

Therefore, a curve is required which has minimal deviation from all the data points by 

minimizing the sum of squares of the deviation between observed and expected value, as 

shown in Figure 2.7. 

 

 
Figure 2.7 Best fitting curve for LSM 

 

Polynomials fitted by LSM, present a typical statistical data-driven model because only 

input and output data are used to compute polynomials’ coefficients. According to recent 

studies, a complete second order polynomial gives sufficient approximation for healthy 

engine performances. The necessity of reference model 𝑌0(�⃗⃗⃗�) is explained because this 
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model reflects the engine at a healthy state (after mayor maintenance of after compressor 

wash for eliminating compressor fouling process). This model will be compared to a 

vector of measured variables with displacement due to engine faults processes. The 

relative difference between these two quantities will give important information about 

engine actual health condition. For this reason, it is of utmost importance the correct 

calculation of this reference model. For one measured gas path variable 𝑌 as a function 

of four arguments 𝑈, such polynomial has the following structure: 

 

                 𝑌0(�⃗⃗⃗�) = 𝑎0 + 𝑎1𝑢1 + 𝑎2𝑢2 + 𝑎3𝑢3 + 𝑎4𝑢4 + 𝑎5𝑢1𝑢2 + 𝑎6𝑢1𝑢3 + 𝑎7𝑢1𝑢4 (2.7) 

                      +𝑎8𝑢2𝑢3 + 𝑎9𝑢2𝑢4 + 𝑎10𝑢3𝑢4 + 𝑎11𝑢1
2 + 𝑎12𝑢2

2 + 𝑎13𝑢3
2 + 𝑎14𝑢4

2 

 

The polynomials for all measured variables can be given in a generalized form as 

follows: 

 

                   �⃗⃗�0
𝑇 = �⃗⃗�𝑇𝐴 (2.8) 

 

where �⃗⃗�0
𝑇 is a (1𝑥𝑚)-vector of measured variables, �⃗⃗�𝑇 is a (1𝑥𝑘)-vector of components 

1, 𝑢1, 𝑢2, … 𝑢3
2, 𝑢4

2, and 𝐴 presents a (𝑘𝑥𝑚)-matrix of unknown coefficients 𝑎𝑖 for all 𝑚 

measured variables. Since measurements at one steady-state operating point are not 

sufficient to compute the coefficients, data collected at 𝑛 different points are included 

into the training set and involved into calculations. With new matrixes 𝑌(𝑛𝑥𝑚) and 

𝑉(𝑛𝑥𝑘) formed from these data, equation (2.8) becames a linear system: 

 

                    𝑌 = 𝑉𝐴 (2.9) 

 

To enhance estimations �̂�𝑖, large volume 𝑛 ≫ 𝑘 of input data is involved and the least 

squares method is applied to solve system (2.9), resulting in the well-known solution: 

 

                     �̂� =
𝑉𝑇𝑌

(𝑉𝑇𝑉)
  (2.10) 

 

 

2.3.6 Comparison of the Methods: Advantages and Limitations 

In general, AI methods have advantages over GPA methods. For example, they are 

capable to correlate input and output parameters efficiently even in the existence of 

limited data, they are efficient for complex systems with large amount of equations and 

unknown variables, once they are developed, they have faster diagnosis time, and they 

can handle stochastic problems very efficiently. In addition, all AI based methods are 

capable to diagnose engine faults in the presence of noise and bias and are 

computationally more efficient. On the other hand, GPA based techniques have more 
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advantages in terms of onboard implementation considerations that AI based methods. 

Also, they apply the real physics of the gas path and have low model complexity than AI 

based methods. Furthermore, during development, GPA based algoritms take less time 

than AI based systems.  

 

As far as limitation is concerned, most of AI based techniques cannot give confidence 

limits on the output. In addition, pre-processing is required to limit the number of data 

inputs and unable to diagnose faults outside the range of data to which they have been 

exposed during the training time. Likewise, GPA based engine diagnostic methods have 

different problems including model uncertainties, model noise, model mismatch, need 

for more sensors, the existence of a very limited information in the public domain, and 

modelling difficulties at various operational conditions. 

 

To have clear view of the pros and cons of the aforementioned diagnostic methods, a 

comparison summary of major attributes of these methods is delineated in Table 2.1.  

 

Table 2.1 Summary of advantages and limitations of the diagnostics methods 

METHODS ADVANTAGES DISADVANTAGES 

ANN 

- Complex, multi-dimensional, non-

linear systems can be modeled 

efficiently 

- If there is operational data, system 

knowledge is no more required 

- Computer software is avaible for 

ANN modeling 

- Diagnostics is possible with only a 

few measurements (but with large 

data) 

- Can isolate multiple sensor and 

component faults partially 

- Can isolate concurrent faults 

- Capable to solve complex gas path 

diagnostics problems 

- Able to deal with noise and bias 

- Preferable than others when large 

amount of noise is occurred 

- Preferable when an accurate 

diagnosis result is required with 

limited system knowledge or 

lacking totally. 

- No standard (fixed optimal) data 

set for training and testing 

- Long training time is required 

- Selecting the most suitable model 

is trial and error and time since 

unable to perform outside the 

range of data to which the 

network has been trained for, a 

large amount of training and test 

data sets are required 

- Retraining is required to 

recognize, new data sets, sensor 

noise level changes, and even 

operating conditions changes 

after engine overhaul 

- The process inside the network is 

a “black box” 

- A unique model is required to 

take care of only a particular 

issue.  

FL 

- Few numbers of rules are required 

compared to other rule based ESs 

- Some fuzzy models can provide 

confidence limits for their outputs 

- Can manage diagnostics with only 

- Rules depend on the knowledge 

of subject expert and diagnosis 

accuracy depends on the 

available rules 

- Large quantities of rules and 
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limited numbers of measurements 

- Relative to ANNs, they are much 

simpler to translate and realize 

- Can isolate single, dual and triple 

sensor and component faults 

concurrently 

- Can tackle high levels of 

measurements uncertainties and 

sensor biases 

- Able to dea with the non-linear 

nature of gas turbine performance 

- Can provide an approximate 

solution to a diagnostic process 

- Easy to set-up and fast 

computational capability 

training data sets are required  

- They cannot recognize new data 

sets that the model doesn’t see in 

the training process 

- Are inefficient in diagnostics 

with a very limited number of 

data 

- Does not admit model robustness 

- Difficult to define exact queries 

that identify specific faults 

GA 

- Able to deal with noise and bias 

- Preferable than other model based 

methods 

- Long computation time model 

complexity 

ES 

- Simple to develop and easy to 

understand 

- Preferable when the diagnostic 

problem is well understood, stable, 

and human experts are available to 

develop the knowledge base (rule) 

- More suitable technique for stable 

and predictable engine operating 

conditions, if potential faults can be 

defined easily 

- Model accuracy highly depends 

on the up to date knowledge of 

the human expert 

- Significant number of 

comprehensive set of rules are 

required 

- Precise inputs required 

- Give approximate results are not 

effective for highly variable 

operating condition cases 

GPA 

- More suitable for on-board 

application 

- The algorithm has direct 

relationship with the gas path 

physics 

- Fairly high computational speed 

- Capable to handle abrupt changes 

in measurements due to operational 

damage 

- Capable to multiple components 

faults isolation 

- Has a limitation on clear 

component fault isolation 

- For better prediction, large 

number of sensors are required 

- Face a problem when N>M 

- Can diagnose engine faults if and 

only if noise and bias doesn’t 

exist 

- Modeling difficulties due to the 

existence of limited information 

in the open domain 

- For lage variations in component 

faults the programme has 

convergence problem 
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2.4 Conclusions 

 

The condition monitoring systems should use all the available information of a 

diagnosed GTE to cover most of its components and systems. Nowadays, the parametric 

diagnostics techniques embrace all the primary systems of GTE, such as gas path, 

transmission, measurement system, fuel system, oil system, starting system, variable 

geometry systems, etc. Among all these techniques, the algorithms of parametric 

diagnostics that analyze different variables of the gas path can be considered as 

essential. They provide a deeper vision about the performance of the engine 

components; they reveal different mechanisms of degradation and can also detect 

malfunctioning in the measurement systems of the engine. 

 

Actual condition monitoring systems are very robust, slow and expensive. For this 

reason, the algorithms for a light and swift on-line monitoring system for GTE’s are 

proposed. This system will be explained in Chapter 3. This chapter also describes the 

test case engines chosen for the current research, as well as the known developments in 

GTE diagnostics for the proposed algorithms.  

 

In the present research, the diagnostic method chosen is Gas Path Analysis with a 

nonlinear data-driven model to generate input data and the Least Square Method to form 

light polynomial-based models. With these techniques, the full methodology for on-line 

engine monitoring system’s algorithms is explained in chapters 4 and 5.  
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CHAPTER 3                         

GAS TURBINE ENGINE ON-LINE 

MONITORING SYSTEM 
 

 

 

 

Before gas turbine diagnosis itself, actual monitoring systems filter, average and record 

important engine information. To achieve this, the real data obtained from engine 

measurements systems is needed. When these data are obtained from an engine without 

fault (for example, after mayor maintenance), they function as a reference of a good 

engine status. But it must be considered, that after a certain time of engine operation, 

possible faults in measurement systems or incipient failures in engine components will 

result in data influenced by such faults. A monitoring system should be able to detect the 

differences between an engine in good status and one with failure, and identify engine 

fault condition in order to give the appropriate information so that the engine’s operator 

can make informed decisions. 

 

A total monitoring system usually consists of two subsystems, on-line and off-line. On-

line gas turbine monitoring systems are intended for data collection and simple and 

express diagnosis. Operating in real time, the online diagnostic system usually uses 

quick data-driven models. Such a system does not need a sound investment, can be 

developed in a short time and will provide engine designers, maintenance staff and 

diagnosticians with valuable information about gas turbine health condition. The present 

research proposes the structure of the On-line Gas Turbine Monitoring System.  

 

The on-line system illustrated by Figure 3.1 filters, averages, and records steady state 

data and performs simple express diagnosis. Using currently measured steady state data, 

the on-line system diagnosis engine health at three following stages: feature extraction, 
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fault detection and fault identification. These stages need some clarifications. First, we 

need to extract useful diagnostic information from measured variables because the 

influence of an engine operating mode on these variables is much more significant than 

the fault influence. A diagnostic feature is usually determined as a difference between 

current measurement and engine base-line. If properly calculated, these differences 

(deviations) are almost free of the influence of the operating conditions and are good 

indicators of an engine health condition. Second, in addition to the feature extraction 

from the measured variables, the on-line system has a function of estimating important 

unmeasured engine performances (for instance, thrust, turbine inlet temperature, and the 

efficiency of engine components). For drawing diagnostic information and better 

monitoring, deviation calculation should also be applied to these quantities. Third, the 

tasks of fault detection and identification can be considered as a common pattern 

recognition problem. For this reason, these tasks are placed in the same block in Figure 

3.1. Fourth, since the on-line system operates in real time, it cannot use complex 

physics-based models for gas turbine diagnosis, and the above diagnostic algorithms 

usually involve simpler data-driven models, for example, polynomials and neural 

networks. 

 

 

Figure 3.1 Structure of GTE on-line monitoring system 

 

Although many diagnostic online systems developed by gas turbine manufactures, 

special laboratories, and universities are known, the use of these systems is not a 

standard practice for production engines. A probable explication is that engine owners 

and operators do not completely rely upon diagnostic decisions, do not believe in 

system’s effectiveness, and, as a result, do not want to invest. On the other hand, a wider 

application of diagnostic systems would allow acquisition of new data about engine 

degradation and sensor malfunctions and, in this way, further enhancement of diagnostic 

software. Given the above reasoning, an easy to develop and reliable online system 

seems to be a relevant option.  

 

 

 

3.1 Test Case Engines 

 

The methodology used is based on swift and light diagnostic algorithms that can be 

considered as data-driven techniques. In contrast to actual heavy diagnostic technics 
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such as physics-based models with intrinsic errors and unavailability, the proposed 

algorithms are not exigent to computer resources and have a simple construction and 

operation, thus, they can be very useful for an on-line monitoring system. 

 

To realize and better examine the proposed approach, two different engines, Engine 1 

and Engine 2, have been chosen. They have the same structure illustrated by Figure 3.2; 

both are aeroderivative two-shaft free power turbine engines. However, their 

manufacturers and applications are different. Engine 1 is intended for driving a natural 

gas centrifugal compressor and Engine 2 is used for electricity generation. 

 

Field measurements of both engines were used in this study. These data known as 

"snapshots" present filtered and averaged steady state parameters recorded hourly over 

one year of operation of each engine. It is worth to mention that both engines have 

deterioration periods because of gradual compressor fouling.  

 

 
Figure 3.2 Industrial gas turbine 

(ID – input device, C – compressor, CC – combustion chamber, CT – compressor turbine, PT – power 

turbine, OD – output device) 

 

The gas path and ambient variables measured in these engines are listed in Table 3.1. 

This table presents the operating conditions �⃗⃗⃗� chosen as baseline model input 

parameters for each engine. The other measured gas path quantities are included in the 

table as measured variables �⃗⃗�. Gas turbine components pressures and temperatures given 

in this table correspond to the discharge section of the corresponding component. 
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Table 3.1 Recorded parameters 

 Parameter Unit Engine 1 Engine 2 

1 Ambient pressure, PH kPa U1 - 

2 Ambient temperature, TH K - U1 

3 Inlet pressure, Pin kPa - U2 

4 Inlet temperature, Tin K U2 - 

5 Fuel mass flow, Gf kg/hour U3 Y1 

6 Power turbine rotation speed, nPT 1/min U4 - 

7 Compressor rotation speed, nC 1/min Y1 Y2 

8 Gas turbine shaft power, W kW Y2 U3 

9 Compressor pressure, PC kPa Y3 Y3 

10 Compressor temperature, TC K Y4 Y4 

11 Compressor turbine pressure, PCT kPa Y5 Y5 

12 Compressor turbine temperature, TCT  K Y6 Y6 

13 Power turbine pressure, PPT kPa - Y7 

14 Power turbine temperature, TPT K Y7 Y8 

 

 

 

3.2 Data Validation and Preliminary Processing 

 

3.2.1 Deviations 

Modern instrumentation and data recording tools allow collecting great volumes of test 

bed and field data. Typically, historical engine sensor data are used in diagnostics that 

were previously filtered, averaged and periodically recorded at steady states. Every 

measurement section includes engine operational conditions �⃗⃗⃗�, which set an engine 

operating point, and measured variables �⃗⃗�. When recorded over long periods of time, 

these measurement sections can provide valuable information about deterioration 

mechanisms and faults. The most common cause of stationary gas turbines deterioration 

is compressor fouling and the data with fouling and washing cycles are widely used to 

verify diagnostic techniques.  

 

By direct analysis of the variables themselves it is difficult to discriminate performance 

degradation effects from great changes due to different operating modes. To draw useful 

diagnostic information from raw recorded data, a total gas turbine diagnostic process 

usually includes a preliminary procedure of computing deviations. The deviations, also 

known as deltas and residuals, are defined as differences between measured and engine 

baseline values. As the baseline depends on an engine operating condition, it can be 
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written as function �⃗⃗�0(�⃗⃗⃗�)usually called a baseline function. With this baseline function 

the deviations for each measured variables 𝑌𝑖,𝑖=1,𝑚 is computed in a relative form: 

 

                 𝛿𝑌𝑖
∗ =

𝑌𝑖
∗ − 𝑌0𝑖(�⃗⃗⃗�)

𝑌0𝑖(�⃗⃗⃗�)
 (3.1) 

 

where 𝑌𝑖
∗ denotes a measured value. 

 

The deviation consists of the systematic influence induced by engine degradation or 

faults and a noise component, which is explained by sensor errors and a baseline model 

inadequacy. When properly computed, the deviations can have relatively high-quality 

signal-to-noise ratio and can potentially be good indicators of engine overall health. 

Since success of all principal diagnostic stages directly depends on the deviations 

quality, best efforts should be applied to keep deviations errors to a minimum. 

 

Figure 3.3 presents the exhaust gas temperature deviations (EGT) of a gas turbine for 

natural gas pumping stations. The deviations are plotted against an operation time 𝑡 

(given in hours). As can be seen, the presented data covers 4.5 thousand hours 

approximately. The deviations 𝛿𝑌∗ computed on real measurements with noise are 

marked by a grey color while a black line denotes ideal deviations 𝛿𝑌 without noise. A 

compressor washing at the time point 𝑡 = 7970 as well as fouling periods before and 

after the washing process are well-distinguishable.  

 

 
Figure 3.3 Real GTE deviations characteristics 

 

A difference 휀𝛴 = 𝛿𝑌∗ − 𝛿𝑌 can be considered as an error. If we assign the maximum 

deviation 𝛿𝑌 as 𝛿0, the signal-to-noise ratio is: 
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                   𝛿0̅ =
𝛿0

𝜎(휀𝛴)
 (3.2) 

 

where 𝜎(휀𝛴) is a standard deviation of errors, and is an index of diagnostic quality 

deviations 𝛿𝑌∗. To enhance this quality, errors 휀𝛴 should be reduced. As shown, there 

are three elemental errors given here by error intervals 𝛿1, 𝛿2 and 𝛿3. Total error 휀𝛴 

consists correspondingly of three components and can be given by the expression: 

 

                   휀𝛴 = 휀1 + 휀2 + 휀3 (3.3) 

 

where 휀1 is a normal noise smaller than 0.2% that is observed at every time point, 

 휀2 presents slower fluctuations of the amplitude limited by 0.8%, and 

 휀3 means single outliers with amplitude greater than 0.8%. 

 

The errors can be induced by both sensor malfunctions and baseline model inadequacy.  

 

 

3.2.2 Sensor Malfunction Detection 

Successful exploration of abnormal behavior is encouraged by modern graphical tools 

implemented for monitoring systems. Different deviations graphics can be used in the 

mentioned tools because deviations are very sensitive to sensor errors. However, in 

some cases, these graphics can not explain the true cause of detected abnormal 

fluctuations in the analyzed deviations. Additonal graphics (e.g. time graphics for some 

parallel measurements of the same variable) assist to identify the problem. For special 

cases, theoretical analysis can also be applied to make clear the origin of the 

fluctuations. Three examples of sensor malfunction revealed by the described graphical 

tools are given below. 

 

In reference to Figure 3.3, for the first example, it was found that outliers 𝛿3, are related 

with wrong measurements of a gas turbine inlet temperature 𝑡𝑖𝑛. As a result of numerical 

analysis, inlet temperature error influences the deviations according to the following 

sequence: [increasing values of 𝑡𝑖𝑛 due to the errors]→[drop of the calculated value of a 

corrected rotation speed]→[reducing an inlet guide vane angle by the control 

system]→[gas flow decreasing and the corresponding power drop below the setting 

level]→[feeding the additional fuel by the control system to reach the power 

setting]→[the increase of gas path variables due to the compressor condition change and 

the regime raising]→[deviation increase]. Thus, the input temperature errors resulted in 

wrong control system operation and undesirable EGT increase.  
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The second example of input temperature sensor errors was found in the data recorded in 

a gas turbine driver for an electric generator. Illustrating this case, Figure 3.4 presents 

the plots of the variables 𝑇𝑖𝑛 and 𝑇𝐻 and EGT deviations 𝑑𝑇𝑡. As can be seen, the 𝑇𝐻 

curve changes a little but the 𝑇𝑖𝑛 curve shows frequent spikes that are synchronous with 

anomalies in the 𝑑𝑇𝑡 curve. This is because an abnormal increase in the variable 𝑇𝑖𝑛, 

which is a baseline function argument, results in a function increment for all measured 

temperatures and the corresponding fall in the deviations 𝑑𝑇𝑡, which is about -5%. Such 

errors are capable to hide degradation and fault effects completely and in consequence, 

to render useless gas turbine monitoring.  

 

 
Figure 3.4 Inlet temperature sensor faulty operation 

 

Third example of sensor data anomales is related with engine fuel consumption, which 

can be regarded as one of the most important variables for control and monitoring 

systems. In fuel consumption deviations 𝑑𝐺𝑓 computed for one of the units of the GTE 

of example two, an unusual decrease of approximately 7% over a prolonged period of 

time was found. Analyzing data from two other units, similar prolonged shifts in the 

comsumption deviations were also revealed. The idea arose about a possible common 

cause of the consumption deviation shifts in different gas turbine units. Figure 3.5 helps 

to verify this idea. The deviations 𝑑𝐺𝑓 are plotted vs time for all three units. The 

deviations shifts are well visible form the end of January to the beginning of April and 

they begin and end at the same time for different units. What reasonable explanation can 

there be to the puzzling fact that independent fuel consumption sensors have a common 

source of errors? The answer was related with a variable chemical structure of fuel gas 



CHAPTER 3. GTE ON-LINE MONITORING SYSTEM 

 

 42 
 

supplied from a common source that produces synchronous fluctuations of a gas 

calorific value in the units.  

 

 

 
Figure 3.5 Fuel consumption deviations vs time (a – unit 1, b – unit 2, c – unit 3) 

 

The described above cases of sensor abnormal behavior were found with the use of 

deviations plots. Nevertheless, parallel measurements of the same variable, for example, 

a suite of thermocouple probes installed in a high-pressure turbine discharge station of 

the same GTE, can also be useful to detect sensor problems. Although the thermocouple 

data were filtered and averaged before recording, some cases of single thermocouple 

probe faults have been found. Graphs (a) and (b), in Figure 3.6 illustrate them. 

Observing two 25% spikes in graph (a) and 50% spike in graph (b), it can be concluded 

that they are results of probe faults. Opposite spike directions in the graphs probably 

indicate different thermocouple fault origins. The outliers are well visible in the figure 

and the used filtering algorithm should be modified to exclude them.  
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Figure 3.6 EGT probes errors: (a) – single gross errors, unit 1; (b) single gross errors, unit 3 

 

In this way, the deviations quality can be enhanced by the sensor malfunction detection 

and data cleaning from wrong data. The next mode to improve deviations is to make the 

baseline model as adequate as possible.  

 

 

3.2.3 Baseline Model Improvement 

The baseline model adequacy considerably depends on the learning set but the problem 

to compose a proper set for model determination seems to be challenging. On one hand, 

to satisfy approximation requirements, the learning set must incorporate extensive data 

collected at all possible operating conditions. On the other hand, a technological process 

requires certain gas turbine power and does not allow arbitrary changes of an operating 

point. Moreover, data collection period is limited by a short time when a gas turbine 

condition can be considered as healthy and invariable. Thus, the baseline model is not 

adequate at the operating conditions not presented in the learing set. Two methods to 

overcome mentioned difficulties are described below. 
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To demonstate the possibility and advantages of the baseline model created based on the 

thermodynamic model, two learning set variations are formed. 

 

Variation 1. The learning set is created from 694 consecutive recorded operating points 

of a GTE. As can be seen in Figure 3.7a, the learning set points occupy only two limited 

zones of the operating space "𝐺𝑓 − 𝑛𝑃𝑇 − 𝑇𝐻" (𝑛𝑃𝑇 denotes power turbine rotation 

speed). To overcome this obstacle, it is suggested to apply the thermodynamic model for 

learning set generation.  

 

Variation 2. The learning sample includes 270 operating points generated by the 

thermodynamic model. With the help of Figure 3.7b, one can see the advantages of such 

a model based learning set: the points are uniformly distributed in a much greater zone 

than in the case of real data.  

 

 
Figure 3.7 Learning set points; (a) – real data, (b) – thermodynamic model data 

 

Based on the described data sets, two polynomial baseline models have been calculated. 

The deviations were computed then for each model and with the same real data that are 

shown in Figure 3.3. Figure 3.8 illustrates these two series of the EGT deviations and 

helps to compare two concerned modes to calculate the baseline model. As can be seen, 

the model based learning set allow computing the deviations with notably lower errors. 

Thus, the use of the thermodynamic model can be recommended.  
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Figure 3.8 EGT deviations, (a) – real data; (b) – model based learning set  

 

The second method overcoming the learning set difficulties is related with a degraded 

engine model, from which the necessary baseline model can be derived. Since a 

compressor fouling severity depends on the engine operation time 𝑡̅ after the last 

washing, it is natural to add this variable to the arguments of the baseline function to 

describe a degraded engine. Consequently, the degraded engine model can be given by: 

 

                     𝑌(�⃗⃗⃗�𝑚, 𝑡) = 𝑌0(�⃗⃗⃗�𝑚) + 𝑐15𝑡̅ + 𝑐16𝑡̅2 (3.4) 

 

Once computed, such model can be easily transformed into the necessary baseline model 

by putting 𝑡̅ equal to zero. Since model (3.4) takes into consideration a varying 

deterioration level, all recorded data could be used to compute unknown coefficients.  

 

To examine the idea, the data recorded in unit 1 of the second GTE during the second 

and third periods of fouling (1800 points in total) have been included in the learning set. 

With the baseline model found in this way, the deviations were computed then for all 

available data of unit 1 and considerable deviation enhancement was achieved.  

 

The method can be further improved by analyzing each fouling period with a particular 

computed model of a degraded engine using all data recorded during the period. The 

resulting baseline model is then determined by averaging the particular baseline 

functions. Traditional and new methods for baseline models are illustrated in Figure 3.9. 

One can see significant deviation improvement provided by the new method, thus, the 

idea of a degraded engine model seems to be promising for computing deviations in 

practice.  
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Figure 3.9 Unit 1 power turbine temperature deviations 

(a) – model determined with 200 succesive operating points, (b) – averaged model with the use of a time 

variable 

 

Choosing the best baseline function arguments can also improve the deviations. Unlike a 

real engine, the baseline model allows to change parameters setting an operating point. 

This gives the possibility to examine all measured variables as such parameters. The 

numeric experiment conducted in the studied GTE includes real data at 2608 operating 

points. The results are given in Table 3.2, which contains averaged errors of each 

deviation and their mean number presented for all possible arguments and ranged 

according to his mean number. At the first glance, the variable 𝑛ℎ𝑝 of high pressure rotor 

speed measured with high accuracy could be the best argument. However, it can be seen 

from the table that the parameters 𝑛ℎ𝑝 and 𝐺𝑓 are situated in the lower part of the table 

while the parameter 𝑇𝑇 occupies the first place. The explanation is that argument quality 

not only depends on its measurement accuracy, but also is defined by its influence on the 

GTE behavior which is great for the parameter 𝑛ℎ𝑝. 
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Table 3.2 Deviation errors for different arguments 

Arguments 
Deviations 

𝑇𝑇 𝑇𝑃𝑇 𝑃𝐶 𝑃𝑇 𝐺𝐹 𝑇𝐶 𝑛ℎ𝑝 𝑁𝑒 Mean 

𝑻𝑻 - 0.12 0.07 0.08 0.13 0.12 0.39 0.17 0.108 

𝑻𝑷𝑻 0.18 - 0.11 0.11 0.17 0.11 0.13 0.15 0.127 

𝑷𝑪 0.08 0.08 - 0.66 0.18 0.45 0.17 1.20 0.141 

𝑷𝑻 0.09 0.08 0.74 - 0.16 0.92 0.19 6.11 0.143 

𝑮𝑭 0.12 0.10 0.15 0.16 - 0.67 0.31 0.51 0.157 

𝑻𝑪 0.12 0.08 0.36 0.33 0.86 - 0.27 1.10 0.167 

𝒏𝒉𝒑 0.35 0.14 0.19 0.21 0.36 0.26 - 0.29 0.216 

𝑵𝒆 0.17 0.11 1.42 1.69 1.01 1.41 0.25 - 0.224 

 

 

In all described above methods, polynomials and the least square method have 

successfully been applied. The resulting model adequacy is sufficient for reliable 

monitoring gas turbine deterioration effects. Nevertheless, ANNs are good function 

approximators in many fields including gas turbine monitoring. However, there is no 

evidence of ANNs superiority, thus, a polynomial baseline model can be successfully 

used in real monitoring systems.  

 

 

 

3.3 Diagnosis by Pattern Recognition Methods 

 

3.3.1 Technical Approach to Diagnosis at Steady States 

Models are used in gas turbine diagnostics to describe engine performance degradation 

and faults and the deviations are employed to reveal the degradation influence. For this 

reason, a fault classification is constructed to apply pattern recognition methods in a 

deviation space using nonlinear or linear static models.  

 

Employing the nonlinear model, the normalized deviations induced by a change ∆�⃗� in 

fault parameters is expressed as: 

 

                     𝑁𝑖 =
𝑌𝑖(�⃗⃗⃗�, �⃗�0 + ∆�⃗�) − 𝑌𝑖(�⃗⃗⃗�, �⃗�0)

𝑌𝑖(�⃗⃗⃗�, �⃗�0)𝛼𝑌𝑖

+ 휀𝑖, 𝑖 = 1, 𝑚 (3.5) 

 

where coefficients 𝛼𝑌𝑖 are employed to normalize deviatons. In expression (3.5), 

amplitudes of random errors 휀𝑖 are equal to one for all monitored variables 𝑌𝑖. Such 

normalization simplifies fault class description and enhances diagnosis reliability. The 
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deviation vector �⃗⃗⃗�∗ is considered a pattern to be recognized and a fault classification is 

presented as a set of such patterns. 

 

Engine faults vary considerably. Hence, for the purposes of engine diagnostics, this 

variety must be broken down into a limited number of classes. In the pattern recognition 

theory, it is often supposed that an object state 𝐷 can belong only to one of 𝑞 preset 

classes: 

 

                 𝐷1, 𝐷2, … , 𝐷𝑞 (3.6) 

 

This hypothesis is accepted for gas turbine fault classification. It is also assumed that 

each class corresponds to one engine component and is described by the correction 

factors of this component. Two types of classes are simulated: a single fault class and a 

multiple one. The single fault class is formed by changing one fault parameter. The 

multiple fault class has two independently changed parameters for the same component. 

 

Each class is given by a representative sample of the devation vectors �⃗⃗⃗�∗ computed per 

expression (3.5). During the calculations, a variable fault severity is determined by a 

uniform distribution and errors are generated per a normal distribution. The whole 

classification is a composition of these examples 𝑁1 called a learning set. Figure 3.10 

illustrates a pattern-based fault classification. 

 

 
Figure 3.10 Fault identification classification presented by patterns 

 

If the patterns for the described above fault identification stage are available, it is 

possible to build from them two new classes for the fault detection stage: healthy engine 
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class and faulty engine class as shown in Figure 3.11. In this way, the fault detection is 

also presented as a pattern recognition problem and probabilistic indicators of detection 

accuracy can be determined. 

 

 
Figure 3.11 Fault detection classification presented by patterns 

 

A nomenclature of possible diagnoses 𝑑1, 𝑑2, … , 𝑑𝑞 corresponds to the accepted 

classification (3.6). To make diagnosis 𝑑, a method-dependent criterion 𝑅𝐽 = 𝑅(�⃗⃗⃗�∗, 𝐷𝑗) 

is introduced as a measure of membership of a current pattern �⃗⃗⃗�∗ to class 𝐷𝑗 . To 

determine the functions 𝑅𝐽 = 𝑅(�⃗⃗⃗�∗, 𝐷𝑗), the learning set is used. After calculating all 

values 𝑅𝐽, 𝑗 = 1, 𝑞, a decision rule illustrated in expression (3.7) is applied: 

 

                    𝑑 = 𝑑𝑙    𝑖𝑓    𝑅𝑙 = 𝑚𝑎𝑥(𝑅1, 𝑅2, … , 𝑅𝑞) (3.7) 

 

To verify a diagnostic algorithm determined with the help of the learning set, one more 

set is required. The necessary set 𝑁𝑣, called validation set, is created in the same way as 

the set 𝑁1. The only difference is that other series of random numbers are generated to 

simulate fault severity and errors in deviations. Every pattern in the validation set 

pertains to a known class. That is why, comparing this class 𝐷𝑗  with the diagnosis 𝑑𝑙, 

probabilities 𝑃𝑑𝑙𝑗 = 𝑃(𝑑𝑙 𝐷𝑗⁄ ) can be computed and they compose a known diagnosis 

matrix 𝑃𝑑 illustrated in Table 3.3. Its diagonal elements 𝑃𝑑𝑙𝑙 form a vector �⃗⃗� of true 

diagnosis probabilities that are indices of classes’ distinguishability. Mean number of 

these elements characterizes total engine diagnosability. No diagonal elements help to 

identify the causes of bad class distinguishability. These elements make up probabilities 

of false diagnosis 𝑃𝑒𝑗 = 1 − 𝑃𝑗  and �̅�𝑒 = 1 −  �̅�. 
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Table 3.3 Diagnosis matrix 

Diagnosis 
Classes 

𝐷1 𝐷2 … 𝐷𝑞 

𝒅𝟏 𝐷𝑑11 𝐷𝑑12 … 𝐷𝑑1𝑞  

𝒅𝟐 𝐷𝑑21 𝐷𝑑22 … 𝐷𝑑2𝑞  

… … … … … 

𝒅𝒒 𝐷𝑑𝑞1 𝐷𝑑𝑞2 … 𝐷𝑑𝑞𝑞  

 

Thus, the described approach to gas turbine diagnosis under stationary conditions 

includes the fault classification stages, formation of a diagnostic algorithm, and 

estimation of diagnosis reliability indices.  

 

 

3.3.2 Comparison of Recognition Techniques 

Three recognition techniques that present different approaches in a recognition theory 

have been chosen for diagnosing. The first techniques are based on the Bayesian 

approach, in which each fault class 𝐷𝑗  should be described by its probability density 

function 𝑓(�̅�∗ 𝐷𝑗⁄ ) and a posteriori probability 𝑃(𝐷𝑗 �̅�∗⁄ ) is employed as a decision 

criterion. Complexity of this method is related with the function 𝑓(�̅�∗ 𝐷𝑗⁄ ) as far as 

density function assessment is a principal problem of mathematical statistics, thus, this 

function can be determined only for a simplified class description. The second technique 

operates with the Euclidian distance to recognize gas turbine fault classes. The criterion 

𝑅𝑗 for this technique is an inverse averaged distance between an actual pattern and all 

patterns of a fault class 𝐷𝑗 . The third technique applies the neural networks, in particular, 

multilayer perceptron. The resulting diagnosis reliability indices – the probabilities of 

false diagnosis 𝑃𝑒𝑗 and �̅�𝑒 for multiple faults – are shown in Table 3.4. 

 

Table 3.4 False diagnosis probabilities 

Indices 
Methods 

1 2 3 

�̅⃗⃗⃗�𝒆 𝑑1 0.109 0.237 0.104 

𝑑2 0.216 0.373 0.214 

𝑑3 0.060 0.051 0.072 

𝑑4 0.117 0.051 0.127 

�̅�𝒆 0.1256 0.1790 0.1293 
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3.4 Integrated Monitoring and Diagnosis 

 

Detection algorithms deal with two classes, a class of healthy engines and a class of 

faulty engines. In multidimensional space of the deviations they are divided by a healthy 

class boundary (internal boundary). The healthy class implies that small deviations due 

to usual engine performance degradation can certainly take place, although they are not 

well distinguishable against a background of random measurement and registration 

errors. The faulty class requires one more boundary, namely, faulty class boundary 

(external boundary) that means an engine failure or unacceptable maintenance cost.  

 

Classification (3.6), created for diagnosis and presented by the learning set, corresponds 

to a hypothetical fleet of engines with different faults of variable severity. To form a 

new classification necessary for monitoring, it is supposed that the engine fleet, the 

distributions of faults and their severity are the same. Hence, patterns of the existing 

learning set can be used for a new classification but the classes should be reconstructed.  

 

Each former class 𝐷𝑗  is divided into two subclasses 𝐷𝑀1𝑗  and 𝐷𝑀2𝑗  by the healthy class 

boundary. There is an intersection between the patterns �⃗⃗⃗�∗ of these subclasses because 

of the errors 휀 in patterns. A totality of subclasses  

 

                 𝐷𝑀11, 𝐷𝑀12, … , 𝐷𝑀1𝑞 (3.8) 

 

Constitutes the classification of incipient faults for the diagnosis of healthy engines, 

while subclasses  

 

                𝐷𝑀21, 𝐷𝑀22, … , 𝐷𝑀2𝑞 (3.9) 

 

form the classification of developed faults for the diagnosis of faulty engines.  

 

To perform the monitoring, the subclasses 𝐷𝑀11, 𝐷𝑀12, … , 𝐷𝑀1𝑞 compose a healthy 

engine class 𝑀1, while the subclasses 𝐷𝑀21, 𝐷𝑀22, … , 𝐷𝑀2𝑞 make up a faulty engine 

class 𝑀2. Thus, the classification for monitoring takes the form of: 

 

                    𝑀1, 𝑀2 (3.10) 

 

The patterns of these two classes are intersected, resulting in 𝛼 −and 𝛽 −errors. Figure 

3.12 provides a geometrical interpretation of the preceding explanations. The former and 

new classfications are presented here in the space of deviations class 𝑁1 and class 𝑁2. A 

point 𝑂 means a baseline engine; lines class 𝑂𝐷1, 𝑂𝐷2, … , 𝑂𝐷𝑞 are trajectories of fault 
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severity growth for the corresponding single classes; closed lines 𝐵1 and 𝐵2 present 

boundaries of a healthy class class 𝑀1 and faulty class class 𝑀2. 

 

 
Figure 3.12 Schematic class representation for integrated monitoring and diagnosis 

 

With these three classifications, monitoring accuracy and diagnosis accuracy were 

estimated separately for healthy and faulty classes and some useful results are obtained. 

First, the recognition of incipient faults was found to be possible and advisable before a 

gas turbine is recognized as faulty by fault detection algorithms. Second, the influence of 

the boundary on the monitoring and diagnosis accuracy was also investigated. Third, it 

has been shown that the introduction of an additional threshold, which is different from 

the boundary, can reduce monitoring errors. Fourth, it is demonstrated that a geometrical 

criterion, which is much simpler in application than neural networks, can provide the 

same results and thus, can also be used in real monitoring systems.  

 

The pattern recognition-based approach considered has its own limitations. The 

diagnoses made are limited by a rigid classification and fault severity is not estimated. 

The second approach maintained in gas turbine diagnostics and based on system 

identification techniques can overcome these difficulties.  
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3.5 Diagnosis by System Identification Methods 

 

This approach is based on the identification techniques of the models (2.1), (2.2) or 

(2.4). These techniques compute estimates �⃗�
̂
 as a result of distance minimization 

between simulated and measured gas path variables. In the case of model (2.1), this 

minimization problem can be expressed as: 

 

                 �⃗�
̂

= arg min‖�⃗⃗�∗ − �⃗⃗�(�⃗⃗⃗�, �⃗�)‖ (3.11) 

 

It is an inverse problem since the direct problem is to compute �⃗⃗� with use of known �⃗�. 

The estimates contain information on the current technical state of each engine 

component therefore further diagnostic actions will be simple. Furthermore, the 

diagnosis will not be constrained by a limited number of determined beforehand classes.  

 

Among system identification methods applied to gas turbine diagnostics, the Kalmar 

filter, basic, extended, or hybrid is the most used. However, this method uses a linear 

model that result in considerable estimation errors. Moreover, every Kalman filter 

estimation depends on previous ones. That is why abrupt faults are detected with a 

delay. 

 

 

 

3.6 Demand of On-line Diagnostic Algorithms 
 

Diagnostic algorithms based on gas path measurements (e.g., temperatures, pressures, 

rotation speeds, and fuel consumption) constitute an important subsystem in gas turbine 

engine monitoring systems. These algorithms can diagnose a gas path itself, sensors, and 

control system. Some measurements (ambient and power set parameters) determine an 

engine’s operation point and are typically called operating conditions. The rest of the 

measurements known as monitored parameters are sensitive to engine deterioration and 

faults and are involved in engine diagnosis. 

 

As explained in this chapter, deviations are essencial for the diagnostic process, but they 

are computed with random errors (noise) and measurement inaccuracy is one of their 

sources. Diagnosis reliability is highly dependent on the accuracy of deviations so any 

improvement in the calculation of the deviations will be of great help to increase the 

overall reliability of the process. In this sense, the correct noise scheme must be 

correctly chosen to improve the deviation’s calculation process.  
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Nowadays, gas turbine engine data abound, but data where faults manifest are missing. 

The evident solution to this problem is obtaing more data and these data are obtained 

from systems, and then more systems in GTE are needed. In this sense, the systems 

developed by the turbine engine manufacturers are not enough. These manufacturers 

have their own diagnostics algorithms and development programs, which are not in the 

public domain. Moreover, actual GTE costumer’s maintenance programs, the licenses 

for these diagnostic algorithms are very costly and are not purchased.  

 

Many diagnostic algorithms already exist and analyze measured and unmeasured 

variables. The methodology for analysis of measured variables is well known but a 

problem appears when unmeasured variables are considered. The actual diagnostic 

algorithms for unmeasured variables are very complex and only deal with one 

unmeasured variable at a time for a specific engine. If another unmeasured variable has 

to be analyzed or another GTE is considered, another diagnostic algorithm should be 

developed. The latter takes a lot of time and effort, and reduces reliability of the 

diagnostic process. This explains the necessity of light and swift diagnostic algoritms 

that will result in more reliable monitoring systems as the one proposed in the current 

investigation.  

 

 

 

3.7 Conclusions 

 

During a long period of time, the topic of optimization of the on-line system algorithms 

based on data-driven models has been discussed. In previous studies, significant efforts 

have been made to enhance deviation quality and another investigation objective was to 

develop the best fault recognition technique. To this end, many recognition techniques 

were adjusted to the problem of gas turbine fault identification and detection and then 

thoroughly compared and will be the basis for the proposed on-line monitoring system.  

 

In this chapter, two test case engines were described as well as the known methodology 

for GPA for measured variables. Based on the known developments, two problems to 

solve appear. The first problem will be discussed in Chapter 4 and is the noise problem 

in deviations for quality enhancement. The second problem consist in the analysis of 

unmeasured variables and their deviations, and will be discussed in Chapter 5.  
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CHAPTER 4                           

FIRST PROBLEM: DIAGNOSTIC 

FEATURE NOISE AT VARIABLE 

OPERATING POINTS 
 

 

 

 

The gas path diagnostics involves three mayor components: monitoring of the engine 

conditions, detailed diagnostics and prognostic of the remaining life of the engine. The 

possible faults alter the monitored gas path variables but engine operating conditions 

have a higher impact. For this reason, the analysis of the three components is preceded 

by a preliminary phase where deviations, between actual and baseline values of the 

monitored variables are computed.  

 

The deviations are computed with random errors and measurement inaccuracy is one of 

their sources. Since final diagnostic reliability depends on the deviation accuracy and a 

gas turbine engine should be diagnosed at varying operating conditions, it is of practical 

interest to reveal how these conditions influence the deviation accuracy. Some 

investigations accept the hypothesis that the measurement random errors are constant for 

all engine operating points. In this case, as deviations themselves and their errors have a 

relative form, the deviation errors increase when the engine descends and all variables 

go down.  

 

In contrast, in basis of the analysis of real data-based deviations, we consider that their 

errors do not practically depend on operating points. This is partly explained by the fact 

that, apart from measurement errors, the deviations have other and greater error 

components that will be explained further in this chapter.  
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Based on a gas path model, this chapter analyzes the influence of operating points on 

diagnostic reliability for both described error hypotheses and analyze real data to choose 

the most probable hypothesis.  

 

 

 

4.1 Diagnostic Feature Noise 
 

As shown in previous studies, there exist four main error sources affecting the 

deviations: measurement errors, measured operating variables error, errors due to the 

absence of some variables in baseline model arguments and errors due to the inadequacy 

of baseline models. In this part of the investigation, it will be considered a total deviation 

error induced by all four error sources and analyzes its effect on gas turbine diagnosis 

reliability under variable operating points. Let us consider eleven operating points fixed 

by the compressor rotational speed going from 10700 rpm to 9700 rpm. In order to make 

the diagnostic process more realistic, random errors 휀𝛿𝑌𝑖 are added to the deviations 𝛿𝑌𝑖 

resulting in a total deviation as: 

 

                   𝛿𝑌𝑖
∗ = 𝛿𝑌𝑖 + 휀𝛿𝑌𝑖 (4.1) 

 

To ease the analysis, the deviation error 휀𝛿𝑌𝑖 has a relative form: 

 

                   휀𝛿𝑌 = ∆휀 𝑌0⁄  (4.2) 

 

where ∆휀 is an absolute error. Using this last equation, two alternative hypotheses are 

accepted and compared.  

 

 

 

4.2 Hypotheses Accepted 

 

Hypothesis 1: Constant relative errors  

The first hypothesis considers that the relative errors 휀𝛿�⃗⃗� are constant despite the 

variation of different operating points. This means that they do not depend on any 

operating point. Figure 4.1(a) displays the behavior of a measured variable 𝑌∗ and the 

errors ∆휀 and 휀𝛿𝑌 for eleven operating points. While the magnitude of the measured 

variable and the absolute error ∆휀 decrease together, the relative errors 휀𝛿𝑌 remain 

constant. 
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Hypothesis 2: Constant absolute errors  

The second hypothesis illustrated by Figure 4.1(b), states that the absolute errors ∆휀 are 

constant while the relative errors 휀𝛿𝑌 increase. 

 

 
Figure 4.1 Hypotheses accepted: a) constant relative error 휀𝛿𝑌, b) constant absolute error ∆휀 

 

 

 

4.3 Analysis Using Simulated Data 

 

Since the inadequate selection of one of the two schemes shown above can negatively 

affect the deviation computation and diagnosis accuracy, a comparative analysis was 

performed in using simulated data. The mean probability of correct diagnosis �̅� is 

calculated for both hypotheses two variations of fault classification: learning and 

validation sets. The computation is based on the diagnosis methodology presented in 

Chapter 3 and neural networks used for fault diagnosis. Figure 4.2 shows these 

probabilities against the operating points. As can be seen, there is a clear difference 

between both hypotheses. The curves of probabilities corresponding the constant 

absolute error change drastically from the operating points 1 to 11 (a difference of 

approximately 5% for both sets) whilst the probabilities using constant relative errors are 

more consistent though all the interval of operating points (an approximate change of 

1.2% for both sets). The results for both hypotheses are reported in Table 4.1. 
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Figure 4.2 Probabilities �̅� of correct diagnosis for both hypotheses 

PD1o – Constant relative errors, learning set; PD2o – Constant relative errors, validation set; PD1m – 

Constant absolute errors, learning set; PD2m – Constant absolute errors, validation set 

 

Table 4.1 Probabilities �̅� of correct diagnosis for both hypotheses 

Operation  

Points 

Probabilities �̅� 

Hypothesis 1 Hypothesis 2 

1 0.820 0.856 

2 0823 0.844 

3 0.816 0.843 

4 0.817 0.842 

5 0.816 0.839 

6 0.815 0.838 

7 0.814 0.834 

8 0.815 0.831 

9 0.813 0.827 

10 0.808 0.815 

11 0.807 0.808 

 

 

 

4.4 Analysis Using Real Data 

 

To verify two above hypotheses, an analysis with real gas turbine data is performed. The 

real deviations are computed for the Engine 1 described in Chapter 3. For all measured 

variables, filtered and averaged hourly snapshots were recorded under field conditions. 
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Figure 4.3 shows the real engine deviations for one measured variable (EGT) and all 

operating points considered. Here, it is observable an increasing temperature trend due 

to a compressor fouling after the washing point (temperature recovery). However, 

random errors are also seen in the deviation plot presented. 

 

 
Figure 4.3 Real engine deviations 

 

Figure 4.4 shows the deviation errors of the same variable versus the operation time. 

 

 
Figure 4.4 Errors of the exhaust gas temperature deviation (whole time interval) 

 

The aforementioned degraded engine model was identified by the least square method 

using first 2608 data points. For this reason, errors computed in this interval are 

minimum and more accurate. Next step is analyzing errors within this interval. Figure 

4.5 illustrates the deviation errors for EGT against the measured variable itself. When an 

engine operating point descends, there is a decrease in all the measured variables as 

well. However, it is observable that the error spread remains almost equal through the 

entire temperature interval. Therefore, the increase or decrease in EGT does not affect 

the deviation error and they do not depend on each other. Thus, the hypothesis of a 

constant relative error seems to be more acceptable.  
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Figure 4.5 Deviation errors vs. measured variable 

(1-constant relative error, 2- constant absolute error) 

 

 

 

4.5 Conclusions 
 

Analyzing the correct noise scheme in deviations is indispensable in the diagnostic 

process because correct diagnosis probabilities are a direct result of calculated 

deviations. If we can assure that deviations contain the least amount of noise, then the 

accuracy of the preliminary feature extraction stage will increase and as a direct 

consequence, the whole diagnostic process reliability is guaranteed.  

 

In this chapter, the problem of noise in deviations was addressed. For this end, two 

hypotheses were examined and compared. The analysis was made with simulated data 

and validated with real data. The results prove that hypothesis 1 (constant relative errors) 

is more acceptable.  

 

With these results, the first problem is solved, but the second problem is yet to be 

addressed. The next chapter will analyze the methodology for estimation and monitoring 

of unmeasured variables in two stages. First stage deals with known efficiency equations 

for three unmeasured variables and second stage set the methodology for a universal 

diagnostic algorithm for all the unmeasured variables selected.  
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CHAPTER 5                         

SECOND PROBLEM: UNMEASURED 

VARIABLES ESTIMATION AND 

MONITORING 
 

 

 

 

5.1 Estimation of Unmeasured Variables and their Deviations 
 

Meanwhile the use of measured and monitored variables in gas path analysis is well 

known, unmeasured variables are less considered. Unmeasured variables such as engine 

power or thrust, turbine inlet temperature and engine component efficiencies are 

extremely important to characterize overall engine performance. These unmeasured 

variables can be very handful for detecting some degradation mechanisms and engine 

faults that can be hidden for the analysis of normally measured variable. Also, the 

analysis of the unmeasured variable can improve the diagnostic accuracy by considering 

some new variables that are not usually taken into account and so, making the diagnostic 

process more reliable.  

 

Therefore, the present approach firstly proposes to compute unmeasured variables by 

means of “light algorithms”. Although the data are generated by the thermodynamic 

model, this model is not directly used in the algorithms. Instead, surrogate polynomial 

models are built and used. The unmeasured variables chosen for the present study are 

listed in Table 5.1. 
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Table 5.1 Unmeasured variables 𝑍 

�⃗⃗⃗� Variable 

𝒁𝟏 Combustion chamber discharge pressure  

𝒁𝟐 Combustion chamber discharge temperature 

𝒁𝟑 Compressor efficiency 

𝒁𝟒 Compressor turbine efficiency 

𝒁𝟓 Power turbine efficiency 

𝒁𝟔 Power turbine output 

 

 

As in the case of measured variables, baseline values of unmeasured variables only 

depend on operating conditions �⃗⃗⃗�. Consequently, a baseline function can be presented 

by 

 

                     �⃗�0(�⃗⃗⃗�) (5.1) 

 

Under faulty conditions, unmeasured variables also depend on fault parameters �⃗�. Since 

the latter are not measurable, the use of measured quantities 𝑌(�⃗�, �⃗⃗⃗�) is proposed instead. 

Thus, the function to compute unmeasured variables is given by 

 

                    �⃗�(�⃗⃗�, �⃗⃗⃗�) (5.2) 

 

Since unmeasured variables 𝑍 are strongly influcened by operating conditions (such as 

variables �⃗⃗�), they are not good indicators of overall engine health condition. For this 

reason, the present study also proposes to extend the deviation calculation and 

monitoring to them by applying “light” data-driven algorithms that are not exigent for 

computational resources and can be used in on-line monitoring systems. 

 

To draw diagnostic information from unmeasured variables, it is secondly proposed to 

compute deviations 

 

                 𝛿𝑍 =
𝑍(�⃗⃗�, �⃗⃗⃗�) − 𝑍0(�⃗⃗⃗�)

𝑍0(�⃗⃗⃗�)
 (5.3) 

 

Because the variables �⃗� determine principle engine performances and the integrity of 

engine components, their deviations will be valuable diagnostic features.  
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Thirdly, we propose a universal algorithm. Within the implemented methodology, three 

stages for unmeasured variables analysis were developed to establish the basis of 

unmeasured variables research.  

 

 

 

5.2 First Stage: Use of Known Equations 

 

In this analysis, a preliminary selection of unmeasured variables was considered. 

Efficiencies of compressor and turbine are the unmeasured variables chosen. This is 

explained by two reasons. First, it is a challenge for an on-line monitoring system to 

identify compressor and turbine faults without the use of a physics-based engine model. 

The chosen efficiencies and their deviations allow addressing with this problem. Second, 

the equations for component efficiencies are simple and can be computed using gas path 

measured variables. Equations for combustion chamber discharge temperature are also 

available. The compressor and turbine isentropic efficiencies for a GTE are given by 

 

                 𝜂𝐶 = [(
𝑃𝐶

𝑃0𝐶
)

𝛾−1
𝛾

− 1] [
𝑇𝐶

𝑇0𝐶
− 1]⁄  (5.4) 

 

                  𝜂𝑇 = [1 −
𝑇𝑇

𝑇0𝑇
] [1 − (

𝑃𝑇

𝑃0𝑇
)

𝛾−1
𝛾

]⁄  (5.5) 

 

where 𝑃0𝐶, 𝑃0𝑇 and 𝑃𝐶,  𝑃𝑇 are the total input and output pressures; 𝑇0𝐶, 𝑇0𝑇 and 𝑇𝐶, TT 

are the total input and output temperatures, respectively, while 𝛾 = 𝐶𝑃 𝐶𝑉⁄  is the ratio of 

the specific heats.  

When a monitoring system already has the procedure for computing deviations 𝛿�⃗⃗�, 

corresponding deviations 𝛿�⃗� are easily calculated.  We only need to determine variables 

�⃗� (specifically, 𝜂𝐶  and 𝜂𝑇) with equations (5.4) and (5.5) and unite them with a vector �⃗⃗�. 

In this way, a baseline function and corresponding deviations 𝛿𝜂𝐶, 𝛿𝜂𝑇 are determined. 

Computational resources to achieve this are minimal. As shown, efficiency deviation 

calculations will not be difficult. However, before recommending these features for 

practical use in monitoring systems, two issues must be addressed.  

 

First, two different efficiency changes that have its origin from a component fault must 

be distinguishable. Efficiency reduction is a primary change and takes place in the same 

component as its overall health condition degrades. Second change occurs in all 

component efficiencies because the faults shift an engine operating point. It is important 
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to ensure that the primary change is far greater than the secondary one; otherwise, the 

proposed efficiency deviations will be useless for fault identification.  

 

Using data of Engine 1, efficiency and deviations are computed and examined for the 

three engine mayor components: compressor (C), high pressure turbine (HPT), and 

power turbine (PT). These variables are denoted as 𝜂𝐶 , 𝛿𝜂𝐶, 𝜂𝐻𝑃𝑇, 𝛿𝜂𝐻𝑃𝑇, 𝜂𝑃𝑇 and 𝛿𝜂𝑃𝑇. 

For a complete analysis, 270 operating points are set as shown in Figure 5.1. They are 

uniformly distributed within intervals of possible change of variables �⃗⃗⃗�. 

 

 
Figure 5.1 Operating points simulated 

 

To determine the accuracy of the estimated efficiencies, the differences between 

equations (5.4) and (5.5) and the thermodynamic model were calculated. These 

differences can be considered equation errors and are reported in Table 5.2. It is clearly 

visible that efficiency errors are small at all operating points. Because of the systematic 

nature of these errors, the values 𝑍 and 𝑍0 in equation (5.3) possess the same error, thus, 

deviation 𝛿𝑍 will have no error. Therefore, the considered computational errors will not 

affect GTE diagnosis.  

 

Table 5.2 Component efficiency errors 

Error 

Type 
𝜼𝑪 𝜼𝑯𝑷𝑻 𝜼𝑷𝑻 

Min -0.0035 0.0023 0.0022 

Max -0.0011 0.0040 0.0047 

Mean -0.0022 0.0032 0.0034 
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In addition to the above error analysis, sensitivity of component efficiency deviations to 

engine component faults have been assessed using the thermodynamic model. Faults of 

the three analyzed components (C, HPT and PT) were embedded by turn in the model. 

For each component, fault simulation consisted in shifting an efficiency map of the 

corresponding component by -3%, as shown in Table 5.3. Then, for each fault, and for 

all 270 operating points, pressures and temperatures were computed. Finally, for each 

faulty condition, component efficiencies were calculated. With the efficiencies 

previously calculated under a healthy condition and these fault-affected efficiencies, 

efficiency deviations 𝛿𝜂𝐶, 𝛿𝜂𝐻𝑃𝑇, and 𝛿𝜂𝑃𝑇 are now available 

 

Table 5.3 Simulated faults 

Fault Parameter Fault Description 

�⃗� = 0.0 No fault 

∆𝜃1 = −0.03 Compressor air consumption displacement 

∆𝜃2 = −0.03 Compressor efficiency displacement 

∆𝜃3 = −0.03 High pressure turbine gas consumption displacement 

∆𝜃4 = −0.03 High pressure turbine efficiency displacement 

∆𝜃5 = −0.03 Power turbine gas consumption displacement 

∆𝜃6 = −0.03 Power turbine efficiency displacement 

 

 

These deviations are reported in Figure 5.2. It is noticeable, that each fault primarily 

influences the component efficiency where the fault takes place. Hence, the efficiency 

deviations can be successively used to localize component faults. The noise observed in 

some deviation curves is related with the influence of varying operating points addressed 

in Section 4.1. In Figure 5.2(c) all curves are free of perturbations and the deviations are 

constant because the power turbine efficiency influences only the shaft power and no 

other gas path variables.  
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Figure 5.2 Efficiency deviation for simulated faults 

(a) compressor fault, (b) high pressure turbine fault, (c) power turbine fault 

 

Because compressor and turbine faults are described by two fault parameters (efficiency 

parameter and flow parameter), the shifting of component flow maps and computing the 

corresponding deviations were also performed at 270 operating points. Mean values of 

these deviations and the deviations induced by the previous shifting of efficiency maps, 

are reported in Table 5.4. It can be seen that an efficiency deviation of each component 

is only sensitive to the shifting efficiency map of the same component (bold font 

numbers). The influence of shifting flow maps and the efficiency and flow maps of other 

components is found to be significantly smaller. Thus, the efficiency deviation of any 

component, depend primarily on the changes of efficiency performance of this 

component. Hence, proposed deviations 𝛿𝜂𝐶, 𝛿𝜂𝐻𝑃𝑇, and 𝛿𝜂𝑃𝑇 allows us to identify 

component faults.  
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Table 5.4 Efficiency deviations induced by simulated faults 

Simulated Faults 𝜹𝜼𝑪 𝜹𝜼𝑯𝑷𝑻 𝜹𝜼𝑷𝑻 

C  = -0.03 -0.028 -0.00054 -0.0017 

HPT = -0.03 0.0024 -0.031 -0.0024 

PT = -0.03 0 0 -0.030 

CG  = -0.03 -0.0043 -0.000084 -0.00027 

HPTA = -0.03 -0.00016 0.0021 0.00052 

PTA = -0.03 0.00016 -0.00046 -0.0018 

 

 

An analysis for fault simulation was also performed considering measurement errors. 

Normally distributed random errors were added to all pressure and temperature variables 

necessary to compute the components efficiencies. The error level for these variables is 

presented in Table 5.5. Using the noisy variables, the calculations of deviations for the 

three component faults was done.  

 

Table 5.5 Standard deviations of relative measurement errors 

Compressor 
𝑷𝟎𝑪 𝑷𝑪 𝑻𝟎𝑪 𝑻𝑪 

0.001 0.002 0.002 0.002 

High Pressure 

Turbine 

𝑷𝟎𝑯𝑷𝑻 𝑷𝑯𝑷𝑻 𝑻𝟎𝑯𝑷𝑻 𝑻𝑯𝑷𝑻 

0.0025 0.003 0.0025 0.0025 

Power 

Turbine 

𝑷𝟎𝑷𝑻 𝑷𝑷𝑻 𝑻𝟎𝑷𝑻 𝑻𝑷𝑻 

0.003 0.003 0.002 0.002 

 

 

The resulting deviations are plotted in Figure 5.3. It is noticeable that measurement 

uncertainties cause considerable error in all efficiency deviations; they are greater than 

errors of any pressure or temperature used to compute efficiency. However, for each 

fault, the deviation of the efficiency of a fault-affected component is still 

distinguishable. Accordingly, the possibility to use the component efficiency deviation 

for diagnostics is conserved. Real data was used to validate these results.  
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Figure 5.3 Efficiency deviation for simulated faults and measurement errors 

(a) compressor fault, (b) high pressure turbine fault, (c) power turbine fault 

 

 

 

5.3 Second Stage: Universal Algorithm for Unmeasured Variables and 

their Deviations: Verification on Simulated Data 
 

Nowadays, complex and sophisticated methodologies are needed to estimate only one 

specific unmeasured variable such as a Kalman Filter approach or thermodynamic 
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relations between unmeasured and measured variables. For example, equations (5.4) and 

(5.5) are applicable only for compressor and turbine efficiencies respectively. Moreover, 

they cannot be applied for all compressor and turbine components because the necessary 

input variables are not always measured. In the case of Kalmar Filter, an extensive 

investigation is needed to develop the best model for each unmeasured variable. 

 

A nonlinear physics-based model (thermodynamic model) can estimate unmeasured 

variables and their deviations, but it is too complex for real-time use. To solve this 

problem, this section proposes to extend the deviation calculation and monitoring to the 

unmeasured variables using “light” algorithms that are not exigent for computational 

resources and can be used in on-line monitoring systems.  

 

Each of the unmeasured variables 𝑍 determined in previous section can be expressed 

through measurements �⃗⃗⃗� and �⃗⃗� in a general form 𝑍 = 𝐹(�⃗⃗⃗�, �⃗⃗�). To verify this hypothesis 

and describe unmeasured variables, the second order full polynomials and the least 

square method (LSM) have been chosen to build the necessary models �⃗�0(�⃗⃗⃗�) and 

�⃗�(�⃗⃗�, �⃗⃗⃗�) because they were successfully used earlier for describing measured gas path 

parameters. In this way, the algorithms to estimate unmeasured variables and their 

deviations become completely data-driven and can be used for any necessary set of gas 

path variables.  

 

Evidently, to determine data-driven models, in addition to measured quantities the 

magnitudes of unmeasured variables are needed. Since they are not included in standard 

engine instrumentation, simulated or test-bed data can be employed. In the sequel within 

the current section, the data generated by the thermodynamic model of Engine 1 are 

employed to realize and verify the algorithms.  

 

 

5.3.1 Simulated Data of Engine 1 

All measured parameters listed in Table 3.1, and unmeasured variables Z listed in Table 

5.1, were simulated at 270 steady state operating modes. One data sample from the 

quantities �⃗⃗⃗�, �⃗⃗� and �⃗� at all these modes was formed under healthy engine conditions. 

Then six faults �⃗� were by turn embedded in the model and six samples of the same 

structure were generated as reported in Table 5.6. Three faults were given by efficiency 

fault parameters of the three engine components, while the other three faults are related 

to air and gas flow fault paramaters of the same components. All fault parameters had 

the magnitude of -3%. 
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Table 5.6 Simulated faults 

Sample Fault Parameter Fault Description 

0 �⃗� = 0.0 No fault 

1 ∆𝜃1 = −0.03 Compressor air consumption displacement 

2 ∆𝜃2 = −0.03 Compressor efficiency displacement 

3 ∆𝜃3 = −0.03 Compressor turbine gas consumption displacement 

4 ∆𝜃4 = −0.03 Compressor turbine efficiency displacement 

5 ∆𝜃5 = −0.03 Power turbine gas consumption displacement 

6 ∆𝜃6 = −0.03 Power turbine efficiency displacement 

 

 

To determine the influence of measurement noise on the results, three variations of all 

the samples are used. They differ by noise schemes: 

 

- “No noise”: original samples of simulated data with no noise added; 

- “Filtered noise”: the noise filtered by averaging 20 successive measurements is added; 

- “Full noise”: measurement noise without filtering is added. 

 

An individual level of measurement noise is chosen for each variable according to 

recommendations made in previous studies. Using the data described above, the 

unmeasured variables and their deviations are determined. To ensure the most accurate 

results, four algorithms are proposed and compared.  

 

 

5.3.2 Determination of Unmeasured Quantities: Algorithm 1 

Baseline model �⃗⃗⃗̂�𝟎 = 𝒇(�⃗⃗⃗�) 

As mentioned, the full second order polynomials are chosen to build the necessary 

models �⃗�0(�⃗⃗⃗�) and �⃗�(�⃗⃗�, �⃗⃗⃗�). Unknown polynomial coefficients are determined by the 

LSM. The polynomial for one unmeasured variable and four operating conditions has 

the same structure as equation (2.9) with the same methodology described in Section 

2.3.5., thus, equation (2.9) has the following structure 

 

                   𝑍0 = 𝑉𝐴 (5.6) 

 

Once the baseline function estimate �⃗̂�0(�⃗⃗⃗�) is determined, a comparison between the 

estimates �⃗̂�0(�⃗⃗⃗�) and true values �⃗�0 is available. Figure 5.4 shows estimates Ẑ02 of an 

important unmeasured variable Z2 (combustion chamber temperature), while Figure 5.5 

shows true values Z02 from Sample 0. The estimates were computed using the input data 

determined with the "Filtered noise" scheme. 
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Figure 5.4 Baseline estimate �̂�02 (combustion chamber discharge temperature) 

 

 
Figure 5.5 True baseline variable 𝑍02 (combustion chamber discharge temperature) 

 

A cyclic behavior of the plotted variables is explained by a mode to change operating 

conditions in the data samples used. As can be seen in the figures, the estimates and true 

values seem to be equal. To show better the difference between them (estimation error) a 

relative change (휀𝑍02
=

�̂�02−𝑍02

𝑍02
) is plotted in Figure 5.6. It is visible that most of errors 

are smaller than 0.1%, and the maximum error 0.5% takes place only in one point.  
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Figure 5.6 Baseline estimation errors 휀𝑍02

 

 

Table 5.7 shows the Root-Mean Square Errors (RMSE) 휀Z0
 for all the unmeasured 

variables and three noise schemes. For the "No noise" scheme, the input data is ideally 

accurate, and 휀Z0
 is an approximation error. It varies for different variables, but its level 

is comparable to the errors of the baseline for measured variables. The error 휀𝑍04
 is very 

small (corresponds to a computer error) because the variable 𝑍4 (compressor turbine 

efficiency) is constant at baseline conditions. Comparing the results for the three 

schemes, it can be stated that the filtered noise influences a little, but if the 

measurements are not averaged ("Full noise" scheme), the baseline errors double (on 

average, from 0.0014 to 0.0027). 

 

Table 5.7 Baseline RSME  휀𝑍0
 

Noise 

schemes 
𝜺𝒁𝟎𝟏

 𝜺𝒁𝟎𝟐
 𝜺𝒁𝟎𝟑

 𝜺𝒁𝟎𝟒
 𝜺𝒁𝟎𝟓

 𝜺𝒁𝟎𝟔
 Mean 

No noise 0.0011 8.6995e-04 0.0011 1.8684e-15 0.0028 0.0011 0.0014 

Filtered 

noise 
0.0012 9.7631e-04 0.0011 2.4357e-16 0.0028 0.0014 0.0015 

Full 

noise 
0.0033 0.0023 0.0012 1.6543e-16 0.0029 0.0041 0.0027 
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Model �⃗⃗⃗̂� = 𝒇(�⃗⃗⃗�, �⃗⃗⃗�) for faulty conditions 

The second model to determine is �⃗̂� = 𝑓(�⃗⃗⃗�, �⃗⃗�). In this case, the function's arguments are 

not only parameters �⃗⃗⃗�, but parameters �⃗⃗� as well. For each unmeasured variable, the 

polynomial now needs 66 coefficients and the function has the following structure 

 

          �̂�(�⃗⃗⃗�, �⃗⃗�) =  𝑎0 + 𝑎1𝑢1 + 𝑎2𝑢2 + ⋯ + 𝑎10𝑦6 + 𝑎11𝑢1𝑢2 + 𝑎12𝑢1𝑢3 + ⋯ (5.7) 

                +𝑎55𝑦5𝑦6 + 𝑎56𝑢1
2 + 𝑎57𝑢2

2 + 𝑎58𝑢3
2 + 𝑎59𝑢4

2 + 𝑎60𝑦1
2 + 𝑎61𝑦2

2 

                                            +𝑎62𝑦3
2 + 𝑎63𝑦4

2 + 𝑎64𝑦5
2 + 𝑎65𝑦6

2 

 

The coefficients for all variables are determined by the LSM in the same mode as for the 

baseline model �⃗̂�0(�⃗⃗⃗�). As an example of the results, the plot of estimate �̂�2 (the same 

variable of combustion chamber discharge temperature as in last section) is shown in 

Figure 5.7. The faulty condition corresponds here to the same first fault parameter 

(compressor air consumption 𝜃1) displacement; the random errors in input data are 

simulated according the scheme "Filtered noise". One can see that the behavior of 

estimate �̂�2 is similar to the behavior of the baseline estimate �̂�02 shown in Figure 5.4. 

In other words, the fault introduced does not have any visible influence on the 

unmeasured variables. This is one more illustration that unmeasured variables 

themselves are not good fault indicators, and it is necessary to calculate their deviations.  

 

To have accurate deviations, not only the baseline model must be adequate, but the 

current values �⃗� should be precisely estimated. Estimation errors for the unmeasured 

variable 𝑍2 are shown in Figure 5.8. It is shown that the estimating accuracy is 

sufficiently high: a mean error of about 0.04% and a maximum error of 0.13%. 
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Figure 5.7 Estimate �̂�2 vs operation points (faulty condition: ∆𝜃1 = −0.03) 

 

 

Figure 5.8 Errors of the estimate �̂�2 vs operation points 
 

Table 5.8 shows the mean square estimation errors computed for the same "Filtered 

noise" scheme and for all combinations of unmeasured variables �⃗� and fault parameters 

�⃗�. As appreciated, the mean square error is considerably small for all the variables 

excepting the variable 𝑍5 of power turbine efficiency. 
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Table 5.8 RMSE of the model �̂⃗� = 𝑓(�⃗⃗⃗�, �⃗⃗�) ("Filtered noise" scheme) 

Faults 𝒁𝟏 𝒁𝟐 𝒁𝟑 𝒁𝟒 𝒁𝟓 𝒁𝟔 Mean 

No faults 4.404e-04 4.858e-04 9.925e-04 5.658e-04 0.0025 8.066e-04 0.0012 

𝜽𝟏 4.283e-04 5.544e-04 0.0012 7.748e-04 0.0027 8.29e-04 0.0013 

𝜽𝟐 4.636e-04 4.785e-04 0.0013 5.391e-04 0.0023 8.507e-04 0.0012 

𝜽𝟑 5.198e-04 4.411 e-04 9.876e-04 4.517e-04 0.0023 0.0012 0.0012 

𝜽𝟒 4.693e-04 4.221e-04 0.0015 0.0016 0.0027 0.0018 0.0016 

𝜽𝟓 4.012e-04 4.775e-04 9.06e-04 5.476e-04 0.0025 0.0014 0.0013 

𝜽𝟔 4.789e-04 4.543e-04 9.796e-04 4.925e-04 0.0031 8.374e-04 0.0014 

 

 

For the three noise schemes, Table 5.9 presents the errors averaged for all faults, 

conserving the format of Table 5.7 for the purpose of comparison. As observed in Table 

5.9 for the "No noise" scheme, approximation errors decrease significantly. The 

explanation is a greater flexibility of the function �⃗̂� = 𝑓(�⃗⃗⃗�, �⃗⃗�) (66 unknown parameters 

in one polynomial against 15 parameters in the baseline function). Nevertheless, the 

impact of measurement noise on the accuracy of unmeasured variables is notable. On 

average, the errors εZ result in 0.0038 for the "Full noise" scheme and 0.0027 for the 

baseline. However, the scheme "Filtered noise" provides more acceptable results. As 

before, the variable 𝑍5 has the highest errors. 

 

Table 5.9 RMSE of the model �̂⃗� = 𝑓(�⃗⃗⃗�, �⃗⃗�) (all noise schemes) 

Noise 

schemes 
𝜺𝒁𝟏

 𝜺𝒁𝟐
 𝜺𝒁𝟑

 𝜺𝒁𝟒
 𝜺𝒁𝟓

 𝜺𝒁𝟔
 Mean 

No noise 3.881e-05 2.026e-04 5.96e-04 3.817e-04 8.152e-04 4.133e-04 4.7939e-04 

Filtered 

noise 4.587e-04 4.75e-04 0.0011 8.134e-04 0.0025 0.0011 0.0013 

Full 

noise 0.0019 0.0015 0.0034 0.0024 0.0072 0.0036 0.0038 

 

 

Once the models for unmeasured variables under healthy and faulty conditions have 

been determined, the final step consists in calculating the deviations. 
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Fault induced deviations 𝜹�̂�⃗⃗⃗⃗⃗⃗  

As mentioned before, deviations of gas path variables are essential for diagnostics. They 

provide important information of GTE actual and future conditions. Once the baseline 

model �⃗̂�0(�⃗⃗⃗�) and the model �⃗̂�(�⃗⃗�, �⃗⃗⃗�) have been calculated, the computation of fault 

induced deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  is now available. The deviation estimate is given by: 

 

                 𝛿�̂� =
�̂�(�⃗⃗�, �⃗⃗⃗�) − �̂�0(�⃗⃗⃗�)

�̂�0(�⃗⃗⃗�)
 (5.8) 

 

The final set of experiments in this section consists in the comparison of these estimates 

𝛿�̂� with true deviations 𝛿𝑍 obtained by direct use of the thermodynamic model data. To 

this end, estimated and true deviations for all the six unmeasured variables 𝑍 were 

computed under six faulty conditions (six fault parameters 𝜃 changed by turn). To 

illustrate the results, the deviation 𝛿�̂�2 induced by the fault ∆𝜃1 = −0.03 and the 

deviation error 휀𝛿𝑍2 are plotted in Figure 5.9. These results correspond to the “Filtered 

noise” scheme. The plots show that the fault induced deviations are by far greater than 

their errors. Thus, despite the errors in actual and baseline values of unmeasured 

variables, their deviations have acceptable accuracy and carry important diagnostic 

information. 

 

 

Figure 5.9 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red) 
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Table 5.10 presents the RMSE for all combinations of unmeasured variables 𝛿�⃗� and 

fault parameters �⃗�, but for the same “Filtered noise” scheme. Observing these data, one 

can see that the errors are acceptably low for all variables (excepting the variable 𝑍5), 

and the deviations of unmeasured variables can be used to diagnose real GTE. 

 

 

Table 5.10 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  ("Filtered noise" scheme) 

 

 

 

For the three noise schemes, Table 5.11 contains the deviation errors averaged for all 

faults. This table conserves the format of the previous similar tables (Table 5.7 and 

Table 5.9). The presented deviation errors allow drawing the following conclusions that 

are in accordance with the results of the errors of unmeasured variables themselves. 

Total errors for the “Full noise” scheme (0.0039 on average) seem to be too great; 

however, the scheme “Filtered noise” results in acceptable total deviation errors (0.0018 

on average). Thus, if a diagnostic system filters (average) raw input data, the deviations 

computed for important unmeasured variables can be used in the system to extend its 

capabilities. Once more, the variable 𝑍5 of power turbine efficiency has the highest 

errors. The point is that this mayor element is a relatively independent component, and 

under given operating conditions gas path variables excepting the power turbine output 

do not depend on the power turbine efficiency. 

 

 

 

 

 

Faults 𝜺𝜹𝒁𝟏
 𝜺𝜹𝒁𝟐

 𝜺𝜹𝒁𝟑
 𝜺𝜹𝒁𝟒

 𝜺𝜹𝒁𝟓
 𝜺𝜹𝒁𝟔

 Mean 

No 

faults 
0.0012 0.0010 0.0016 5.6589e-04 0.0037 0.0012 0.0018 

𝜽𝟏 0.0012 0.0010 0.0017 7.7482e-04 0.0037 0.0013 0.0019 

𝜽𝟐 0.0012 0.0010 0.0017 5.3919e-04 0.0035 0.0011 0.0018 

𝜽𝟑 0.0013 9.4205e-04 0.0015 4.5174e-04 0.0035 
9.8323e-

04 
0.0017 

𝜽𝟒 0.0011 9.5001e-04 0.0020 0.0016 0.0038 0.0020 0.0021 

𝜽𝟓 0.0011 0.0010 0.0016 5.4767e-04 0.0038 0.0020 0.0020 

𝜽𝟔 0.0012 9.8818e-04 0.0016 4.9254e-04 0.0039 0.0011 0.0019 
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Table 5.11 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes) 

Noise 

schemes 
𝜺𝜹𝒁𝟏

 𝜺𝜹𝒁𝟐
 𝜺𝜹𝒁𝟑

 𝜺𝜹𝒁𝟒
 𝜺𝜹𝒁𝟓

 𝜺𝜹𝒁𝟔
 Mean 

No noise 0.0011 9.0857e-04 0.0013 3.8031e-04 0.0029 0.0011 0.0015 

Filtered 

noise 0.0011 9.9572e-04 0.0016 7.9948e-04 0.0036 0.0014 0.0018 

Full 

noise 0.0022 0.0017 0.0035 0.0024 0.0073 0.0037 0.0039 

 

 

Trying to reduce the errors of estimated unmeasured quantities, in the following section 

another algorithm (Algorithm 2) for the estimates �⃗̂� and  𝛿�̂�⃗⃗⃗⃗⃗⃗  is proposed and analized. 

 

 

5.3.3 Determination of Unmeasured Quantities: Algorithm 2 

In Algorithm 1, the function �⃗̂� = 𝑓(�⃗⃗⃗�, �⃗⃗�) may have elevated errors because it includes 

10 arguments, the most of them are interrelated, and their magnitudes are very differing. 

To avoid these difficulties, we propose Algorithm 2 that is based on a simplified 

function 𝛿�̂�⃗⃗ ⃗⃗⃗ = 𝑓(𝛿𝑌⃗⃗ ⃗⃗ ⃗). The new function has only six arguments, and they do not depend 

on operating conditions. The algorithm includes four steps. 

 

Step 1. On the data of a healthy engine (Sample 0), polynomial functions 

 

                     �⃗⃗̂�0 = 𝑓(�⃗⃗⃗�)  and  �⃗̂�0 = 𝑓(�⃗⃗⃗�) (5.9) 

 

are determined in the same manner as explained before. The former is a typical baseline 

model, pretty accurate and widely used in gas turbine diagnostics. The latter has the 

same structure and should also possess a high accuracy, which is confirmed by data of 

Table 5.2. 

 

Step 2. Using the functions (5.9) and all the data of faulty engine (samples 1 to 6), 

deviations are computed by the following simple expressions  

 

                       𝛿𝑌 =
𝑌−�̂�0(�⃗⃗⃗�)

�̂�0(�⃗⃗⃗�)
  and  𝛿𝑍 =

𝑍−�̂�0(�⃗⃗⃗�)

�̂�0(�⃗⃗⃗�)
 (5.10) 
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Step 3. By approximating the deviations obtained at the previous step, deviations of 

unmeasured variables are determined as the following polynomial function of measured 

variable deviations 

 

                    𝛿�̂�⃗⃗ ⃗⃗ ⃗ = 𝑓(𝛿𝑌⃗⃗ ⃗⃗ ⃗) (5.11) 

 

Step 4. Finally, unmeasured variables themselves are calculated by a simple equation 

 

                  �̂� = �̂�0(1 +  𝛿𝑍)̂ (5.12) 

 

Figure 5.10 and Table 5.12 present the resulting errors of the deviations computed by 

Algorithm 2 in the same format as in last section. Comparing Figure 5.9 and Figure 5.10, 

we can note some reduction of the errors 휀𝛿𝑍2 (combustion chamber discharge 

temperature). According to Table 5.11 and Table 5.12, this positive effect is about 10% 

on average for all noise schemes. In the terms of mean error for all variables, the error 

reduction is even more considerable, about 18%. Thus, Algorithm 2 certainly yields 

more accurate estimates of unmeasured variables. 

 

 

Figure 5.10 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red) (Algorithm 2) 
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Table 5.12 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes, Algorithm 2) 

Noise 

schemes 
𝜺𝜹𝒁𝟏

 𝜺𝜹𝒁𝟐
 𝜺𝜹𝒁𝟑

 𝜺𝜹𝒁𝟒
 𝜺𝜹𝒁𝟓

 𝜺𝜹𝒁𝟔
 Mean 

No noise 0.0011 8.7563e-04 0.0013 2.5686e-04 0.0020 0.0012 0.0012 

Filtered 

noise 
0.0012 8.7412e-04 0.0015 5.8956e-04 0.0025 0.0014 0.0015 

Full 

noise 
0.0025 0.0015 0.0030 0.0018 0.0055 0.0033 0.0032 

 

 

Since deviations of both measured and unmeasured variables are induced by faults, the 

variability of faults conditions affects the accuracy of the model (5.11) used in 

Algorithm 2. The next section describes Algorithm 3 that copes with this problem. 

 

 

5.3.4 Determination of Unmeasured Quantities: Algorithm 3 

Gas turbine faults occur rarely and an engine is usually maintained under the conditions 

of normal deterioration. For stationary power plants like the engine under analysis, 

compressor fouling presents a principal deterioration mechanism. The fouling can be 

presented through a thermodynamic model by two fault parameters ∆θ1 and ∆θ2 that 

change compressor air flow and efficiency performances. Considering the above 

reasoning, Algorithm 3 repeats all the steps of Algorithm 2 but with the input data of 

Sample 1 and Sample 2 only. Like in the previous section, the resulting errors are 

presented through plots for a combustion chamber discharge temperature (Figure 5.11) 

and in a table form (Table 5.13) for all variables and noise schemes. It follows from the 

figure and the second column of Table 5.13 that the level of errors has not changed for 

the combustion chamber discharge temperature. However, the table also shows that 

mean errors have reduced considerably: by 20% for the filtered noise and by 56% for the 

full noise. Thus, the deviations computed for unmeasured variables are pretty accurate 

not only for filtered input data, but also for raw measured variables, and, from the point 

of accuracy; there are no limitations to use Algorithm 3 for computing important 

unmeasured variables and their deviations in real diagnostic systems.  
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Figure 5.11 Deviations 𝛿�̂�2 (blue) and errors 휀𝛿𝑍2 (red) (Algorithm 3) 

 

Table 5.13 RMSE of the deviations 𝛿�̂�⃗⃗⃗⃗⃗⃗  (All noise schemes, Algorithm 3) 

Noise 

schemes 
𝜺𝜹𝒁𝟏

 𝜺𝜹𝒁𝟐
 𝜺𝜹𝒁𝟑

 𝜺𝜹𝒁𝟒
 𝜺𝜹𝒁𝟓

 𝜺𝜹𝒁𝟔
 Mean 

No noise 0.0011 8.7467e-04 0.0012 1.7786 e-15 0.0019 0.0011 0.0012 

Filtered 

noise 
0.0011 8.7837e-04 0.0013 1.1558e-04 0.0012 0.0010 0.0010 

Full 

noise 
0.0017 0.0014 0.0022 4.2291e-04 

9.3095e-

04 
0.0013 0.0014 

 

 

 

5.4 Third Stage: Algorithm Validation on Real Data 

 

5.4.1 Engine 1 

As described in Chapter 3, real data available for Engine 1 present continuous field 

recordings collected during a long period of time. Thus, applying the algorithm of 

estimating unmeasured variables to these data, we can validate it under the same 
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conditions that are expected in a future application. The fact that the engine experienced 

compressor fouling of varying severity will help us with better tracking the deviations of 

unmeasured variables.  

 

The data were recorded by a standard measurement system, and the recorded parameters 

correspond to Table 3.1. Since one time to realize our data-driven algorithm, the data are 

required for each unmeasured variable, the recordings of Engine 1 cannot be used to 

estimate the variables not enlisted in Table 3.1, such as component efficiencies or 

combustion chamber discharge temperature. To solve this contradiction, the following 

procedure is proposed and employed. First, one parameter is chosen from the vector �⃗⃗� 

and is considered as an unmeasured variable 𝑍. The rest of the parameters are united in a 

new vector �⃗⃗�−1. Second, the algorithm is realized using known data of the quantities 𝑍, 

�⃗⃗�−1 and �⃗⃗⃗�. Third, the estimates of the variables 𝑍 and 𝛿𝑍 are compared with their true 

values (measurements and their deviations) and estimations errors are computed to be 

used in an accuracy analysis. Forth, the above steps are repeated for each of the other 

parameters of the vector �⃗⃗�. Successful approbation of the algorithm for these pseudo 

unmeasured variables will allow recommending it for estimating another real 

unmeasured variables.  

 

Before the realization of our data-driven algorithm we needed to form two reference data 

sets. The first set for determining baseline models (5.9) includes operating points 1-300 

and 1561-1860 that have practically the same fixed fouling severity. The second set 

required to form deviation model (5.11) is not restricted by a constant deterioration level 

and embraces operating points 501-1700. Points 1-500 and 1701-2100 form a validation 

set. Using these reference data sets, models (5.9) and (5.11) were built and the deviation 

δZ and variable Z itself were then estimated for both reference and validation sets. By 

this manner, the algorithm {equations (5.9) through (5.12)} was realized subsequently 

for each monitored variable according to the above-described procedure.  

 

Figure 5.12 illustrates the resulting deviations using as an example the compressor 

turbine temperature. A “true” plot means here the deviation based on real measurement 

while an “estimate” plot presents the deviations computed by model (5.11). One can see 

in this figure that the estimate follows practically all changes in the true deviation 

excepting the last 230 operating points. However, a greater discrepancy here cannot be 

interpreted as an error because the estimate better complies with common deviation 

behavior than the true deviation does.  
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Figure 5.12 Compressor turbine temperature deviations (Engine 1) 

 

The same plots for the other six monitored variables (Table 3.1) are joined in Figure 

5.13. By comparing the new plots with the plots in Figure 5.12, we can arrive to the 

following particular statements. For the compressor rotation speed nC, first variable in 

Figure 5.13, the coincidence of estimated and true values is approximately the same that 

the compressor turbine temperature TCT has in Figure 5.12. For the power W, the second 

variable, the coincidence is worse. For the last four variables in Figure 5.13, the 

coincidence is better. It is also worth to mention that there is no significant worsening of 

estimates obtained on the validation data in comparison with the reference data. 

 

Despite the mentioned differences in deviation coincidence, all the estimates reflect 

engine degradation not worse than the true deviations do. The point is that according to 

(5.11) the estimate 𝛿𝑍 depends on six deviations 𝛿𝑌 with independent random 

fluctuations. As a result, a random component in 𝛿𝑍 is reduced, that is, the algorithm to 

compute the estimates works like a filter for a set of dependent random quantities. In 

such a situation when the errors of the estimates are probably smaller than the errors of 

true deviations, the difference between estimated and true values cannot be employed as 

an estimation accuracy criterion. 

 

To analyze the estimation accuracy, let us use a relative error of an unmeasured variable  

 

               휀𝑍 =
(𝑍 − 𝑍∗)

𝑍∗
 (5.13) 
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Figure 5.13 Deviations variables (Engine 1) 
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Plot (a) of Figure 5.14 illustrates these errors for the variable of compressor turbine 

temperature TCT. We can see that, in general, they are within the interval [-0.002, 

+0.002] with local increasing for the last 230 operating points. The first row of Table 

5.14 presents errors εZ averaged for each variable under analysis and a mean error value 

for all variables. As can be seen, the averaged error of the variable TCT is 0.00087 only. 

The other variables excepting the power variable W have the same level of accuracy. 

The gross errors in the variable W explain the increasing of the mean value up to 

0.00265. To evaluate a negative influence of W, the mean value was also computed 

without this variable (see the second row of Table 5.14). Comparing the first and second 

rows, we can see almost 75% decreasing of the mean error when the power variable is 

excluded. 

 

 
Figure 5.14 Compressor turbine temperature estimation errors (Engine 1) 

a) Deviation function with 6 arguments, b) Deviation function with 5 arguments 

 

The above difficulties of estimating the shaft power W are related with inaccurate 

measurement of this variable. Since it was employed as an input variable for computing 

the other estimates, they could be affected as well. Because of these doubts, we excluded 

the power variable from the consideration and repeated the estimation process for the 

other six monitored variables. That is, the deviation each chosen unmeasured variable 

was expressed a function of the five other deviations. The results illustrated by Figure 

5.14b for the compressor turbine temperature show some reduction of errors. The 

averaged errors presented in third row of Table 5.14 also confirm enhancement of 

accuracy. In particular, the mean error lessened by 3% (from 0.0071 to 0.0069).  
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Table 5.14 Averaged estimation errors (Engine 1) 

Number of 

arguments 
𝒏𝑪 𝑾 𝑷𝑪 𝑻𝑪 𝑷𝑪𝑻 𝑻𝑪𝑻 𝑷𝑷𝑻 Mean 

6 
0.00091 0.01430 0.00054 0.00084 0.00056 0.00087 0.00055 0.00265 

0.00091 - 0.00054 0.00084 0.00056 0.00087 0.00055 0.00071 

5 0.00081 - 0.00054 0.00091 0.00055 0.00081 0.00055 0.00069 

 

 

Thus, the algorithm proposed for estimating unmeasured gas path variables has been 

successfully validated on the data of Engine 1. For six of the seven parameters under 

analysis the estimation errors are low and the deviations correctly reflect engine 

deterioration. To draw more sound conclusions on the applicability of this algorithm, in 

the next section it is validated on real data of Engine 2.  

 

 

5.4.2 Engine 2 

Considering the experience of the previous section, from the total list of eight monitored 

parameters (Table 3.1), only four parameters the deviations of which correctly represent 

engine deterioration have been selected. They are compressor temperature 𝑇𝐶, 

compressor turbine pressure 𝑃𝐶𝑇, compressor turbine temperature 𝑇𝐶𝑇, and power turbine 

temperature 𝑇𝑃𝑇. Thus, each deviation 𝛿𝑍 is determined according to (5.11) as a function 

of three deviations 𝛿𝑍. In the same manner, through the analysis of deviation quality, the 

first two fouling intervals (operating points 1-1838) were selected as reference data and 

the third interval (points 1839-3018) - for validation. 

 

As in the case of Engine 1, the results are illustrated for the variable of compressor 

turbine temperature TCT. Its deviations, true and estimated, are plotted in Figure 5.15. 

Comparing it with Figure 5.12, we can see that the deviation estimates are now spikier 

however in general they follow the true deviations very well. It is also important to state 

that the estimates made on the validation data are not worse those of reference data. 

 

 

Figure 5.15 Compressor turbine temperature deviations (Engine 2) 
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The deviations of the other three variables are plotted in Figure 5.16. One can see that 

the deviation estimates of these variables in general behave in the same manner as the 

estimate 𝛿𝑇𝐶𝑇 in Figure 5.15: the estimates are spiky but all of them correctly reflect 

engine deterioration. Filtering effect is also observed here and in many occasions the 

estimates are more predictable then true deviations.  

 

 
Figure 5.16 Deviations variables (Engine 2) 
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Figure 5.17 Compressor turbine temperature estimation errors (Engine 2) 

 

Figure 5.17 illustrates the estimation errors for the variable TCT. The spikes are also 

observable here. Comparing this figure with Figure 5.16, we can state that these spikes 

coincide with the peaks in true deviations that are the arguments to compute the 

deviation 𝛿𝑇𝐶𝑇 according to equation (5.11). Thus, the spikes are not the result of the 

methodology used but they proceed from perturbations in input deviations 𝛿𝑌. Table 

5.15 presents the estimation errors averaged for each variable under analysis. In spite of 

the spikes, these errors only two ti mes greater than in the case of Engine 1 (Table 5.14). 

Thus, once the problem of great spikes is solved, we can hope for error reduction to the 

level reached on Engine 1 data. 

 
Table 5.15 Averaged estimation errors (Engine 2) 

𝑻𝑪 𝑷𝑪𝑻 𝑻𝑪𝑻 𝑻𝑷𝑻 Mean 

0.0018 0.0019 0.0016 0.0019 0.0018 

 

 

 

5.5 Conclusions 
 

As shown on simulated and real data, the algorithm proposed for estimating unmeasured 

variables has high accuracy under healthy and faulty engine conditions, and the 

deviations of these variables are good diagnostic features. This was a result of 

algorithm's adjustment, in particular, proper choosing algorithm variation, monitored 

variables and reference data. Additionally, it was necessary sometimes to select a 

structure of polynomials.  

The validation of the algorithm has revealed some difficulties, in particular, spiky 

estimation errors for Engine 2 and inability to accurately estimate some variables. 

However, all the results show that these residual difficulties proceed from a common 

problem of the computing the deviations of measured parameters rather than from any 

limitation of our methodology proposed for estimating unmeasured variables. Along 
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with solving this problem, the accuracy of the estimating unmeasured variables will 

enhance accordingly. 

An important issue to realize the methodology is availability of data of variables not 

included in standard engine instrumentation but necessary for engine diagnostics. These 

data are required for the initial determination of data-driven models. If physics-based 

(thermodynamic) model is available, the option is to use it for generating the necessary 

data. In this case, simple and fast surrogate data-driven models obtained on these data 

will better meet the requirements of online application than the original thermodynamic 

model. However, we need to keep in mind that the latter model has its intrinsic errors 

and the resulting data-driven model will not be too accurate. From the standpoint of 

accuracy, a better option is the data from a gas turbine test bed equipped with the 

necessary additional sensors. A similar option is to equip a pilot engine with additional 

sensors.  
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GENERAL CONCLUSIONS 
 

 

 

 

This research presents the development of the algorithms for an on-line gas turbine 

monitoring system. The development embraces two stages. At the first stage, the noise 

problem that affects deviations was analyzed and the hypotheses of constant relative 

errors versus constant absolut errors were compared. The comparison was made on 

simulated data and on real data and the respective results indicates that hypothesis 1 is 

more acceptable. When considering the correct hypothesis, it is guaranteed that 

deviation accuracy will be increased, resulting in a more reliable diagnostic process.  

 

The second stage includes materials that present the main contribution of this research. 

In a first step, the calculation and monitoring of deviations of unmeasured variables was 

proposed. Encouraged by the promising results obtained at the first step, it was then 

proposed a universal data-driven algorithm for estimating unmeasured variables and 

their deviations. In contrast to the individual algorithms used at the first step for 

particular variables, the universal algorithm is intended for any unmeasured variable 

useful for engine monitoring.  

 

The algorithm was applied in the data of two GTE. After tuning it, it was verified on 

simulated data of one engine and further validated on real data of both engines. All the 

results of qualitative and quantitative analysis of the algorithm show that the estimated 

variables have high accuracy under healthy and faulty engine conditons and their 

deviations are good diagnostic features. For Engine 1, on simulated data, the baseline 

model accuracy compared with true values obtained from the thermodynamic model is 

of 0.0015. The accuracy of the model for faulty conditions compared with true values in 

the filtered noise scheme is of 0.0013. By last, the accuracy for the fault induced 

deviations is of 0.0018 in algorithm 1, 0.0015 in algorithm 2 and 0.0010 in algorithm 3. 

For Engine 1, verified on real data, the deviation accuracy with six arguments is of 

0.00071 and with five arguments it was of 0.00069. For Engine 2, verified on real data, 

the deviation accuracy is 0.0018.  
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The results for simulated and real data have a high accuracy under healthy and faulty 

engine conditions and it can be affirmed that the proposed deviations for unmeasured 

variables are good diagnostic features. The last and given that the algorithms developed 

are simple and fast, it can now be recommended for its application in real gas turbine on-

line monitoring systems.  

 

 

 



 

 92 
 

REFERENCES 
 

[1] V.T. Tran, B.S. Yang. Machine Fault Diagnosis and Prognosis: The State of the Art. 

International Journal of Fluid Machinery and Systems. Vol. 2 (2009) 61-71. 

[2] A.D. Fentaye, S.I.U.H., Gilani, A.T. Baheta. Gas Turbine Gas Path Diagnostics: A 

Review. MATEC Web of Conferences 74, 00005 (2016). 

[3] A.K.S. Jardine, D. Lin, D. Banjevic. A Review on Machinery Diagnostics and 

Prognostics Implementing Condition-Based Maintenance. Mechanical Systems and 

Signal Processing 20 (2006) 1483-1510. 

[4] B. Jonge, R. Teunter, T. Tinga. The Influence of Practical Factors on the Benefits of 

Condition-Based Maintenance over Time-Based Maintenance. Reliability Engineering 

and System Safety 158 (2017) 21-30. 

[5] C.B. Meher-Homji, M.A. Chaker, H.M. Motiwala, Gas Turbine Performance 

Deterioration, 30th Turbomachinery Symposium, Texas A&M University, Texas (2001) 

139–176. 

[6] C.B. Meher-Homji, A. Bromley, J.P. Stalder, Gas Turbine Performance 

Deterioration and Compressor Washing, 30th Proceedings of the 2nd Middle East 

Turbomachinery Symposium, March 17-20, Doha, Qatar (2013) 43 p. 

[7] B.K.N. Rao, Handbook of Condition Monitoring, 1st ed., Elsevier Advanced 

Technology, Oxford, UK, (1996). 

[8] Kurz, R., and Brun, K., 2000, “Degradation in Gas Turbine Systems”, ASME 

International Gas Turbine and Aeroengine Congress, Munich, Germany, May 8- 11, 

2000, ASME Paper No: 2000-GT-345 

[9] I. Loboda, “Gas Turbine Diagnostic Model Identification on Maintenance Data of 

Great Volume”, Aerospace Technic and Technology Journal. (2007) 198–204. 

[10] I. Loboda, Ya. Feldshteyn, S. Yepifanov, “Gas Turbine Diagnostics under Variable 

Operating Conditions”, International Journal of Turbo & Jet Engines. – 2007. – Vol. 24, 

Issue 3-4.– P. 231-244 (ASME Paper No. GT2007-28085). 

[11] I. Loboda, S. Yepifanov, Ya. Feldshteyn, “A More Realistic Scheme of Deviation 

Error Representation for Gas Turbine Diagnostics”, International Journal of Turbo & Jet 

Engines. – 2013. – Vol. 30, Issue 1. − P. 179-190 (ASME Paper No. GT2012-69368). 



 

 93 
 

[12] Loboda, I., Miró-Zárate, L.A., “Gas Turbine Diagnosability at Varying Operating 

Points”, Aerosp Tech Technol J 2014 (2): 77-85. 

[13] S. V. Yepifanov, I. Loboda, “Gas Path Model Identification as an Instrument of Gas 

Turbine Diagnosing”, ASME Turbo Expo 2003, Atlanta, Georgia, USA, 2003: pp. 371–

376. doi:10.1115 (ASME Paper No. GT2003-38365). 

[14] Loboda, I., Yepifanov, S., Feldshteyn, Y., “A Generalized Fault Classification for 

Gas Turbine Diagnostics at Steady States and Transients”, J Eng Gas Turbines Power 

2007;129(4):977–85. 

[15] Pinelli M, Spina PR., “Gas Turbine Field Performance Determination: Sources of 

Uncertainties”, ASME Turbo Expo 2000; Munich, Germany; 2000. p. V003T03. 

[16] Perez-Ruiz, J.L., Loboda I., “A Flexible Fault Classification for Gas Turbine 

Diagnosis”, Aerosp Tech Technol J 2014;(6): 94–102. 

[17] Jiang X., Mendoza E., Lin T.P., “Bayesian Calibration for Power Splitting in Single 

Shaft Combined Cycle Plant Diagnostics”, IGTI/ASME Turbo Expo 2015, June 15-19, 

2015, Montreal, Canada, 11p., ASME Paper No. GT2015-43878. 

[18] Miró Zárate, L.A., Loboda, I., Torres, E., “Mejoramiento en la Simulación de Fallas 

de Turbinas de Gas”, Proceedings of the XII National Congress of Electromechanical 

and Systems Engineering (CNIES 2010), Mexico City, Mexico, Nov. 2010. 

[19] I. Loboda, S. Yepifanov, Y. Feldshteyn, “Diagnostic Analysis of Maintenance Data 

of a Gas Turbine for Driving an Electric Generator”, Proc. IGTI/ASME Turbo Expo 

2009, Orlando, USA, June 8-12, 2009. − 12 p. 

[20] DeCastro Jonathan A, Frederick Dean K, Tang Liang. Engine Parameter Estimation 

in Test Cells Using Hybrid Physics/Empirical Models. ASME Turbo Expo 2011; 

Vancouver, British Columbia, Canada; 2011. p. 169–76. 

[21] M. Shevchenko, S. Yepifanov, I. Loboda, “Ridge Estimation and Principal 

Component Analysis to Solve an Ill-Conditioned Problem of Estimating Unmeasured 

Gas Turbine Parameters”, ASME Turbo Expo 2013; San Antonio, Texas, USA; 2013, 

ASME Paper No. GT2013-94496. 

[22] Agrawal RK, MacIsaac BD, Saravanamuttoo HIH. “An Analysis Procedure for the 

Validation of On-Site Performance Measurements of Gas Turbines”, J Eng Power 

1979;101(3):405–14.  

[23] Kacprzynski G.J., Gumina M., Roemer M.J., Caguiat D.E., Galie T.R., McGroarty 

J.J., “A Prognostic Modeling Approach for Predicting Recurring Maintenance for 

Shipboard Propulsion Systems”, ASME Turbo Expo 2001; New Orleans, Louisiana, 

USA,; 2001. p. V001T02A003. 



 

 94 
 

[24] Miró-Zárate, L.A., Loboda, I., “Computation and Monitoring of the Deviations of 

Gas Turbine Unmeasured Parameters”, ASME Turbo Expo 2015; Montreal, Quebec, 

Canada; 2015. p. V006T05A028. 

[25] Boyce, M.P., “Gas Turbine Engineering Handbook”, Third Edition. Elsevier Inc., 

Oxford, 2006, 936p. 

[26] Saravanamuttoo, H.I.H., Rogers, G.F.C., Cohen, H., 2001, “Gas Turbine Theory”, 

5th edition, Person Education Limited, England. 

[27] L. J. Kangas, F. L. Greitzer, “Automated Health Monitoring of the M1A1/A2 Battle 

Tank”, USAF Inaugural Engine Condition Monitoring (ECM) Workshop, October 21–

23, 1997, San Diego, CA. 

[28] Lo Gatto E, Li YG, Pilidis P, “Gas Turbine Off-Design Performance Adaptation 

Using a Genetic Algorithm”, ASME Turbo Expo 2006 Power Land, Sea, Air; Barcelona, 

Spain; 2006. p. 551–60. 

[29] Joly RB, Ogaji SOT, Singh R, Probert SD., “Gas-Turbine Diagnostics Using 

Artificial Neural-Networks for a High Bypass Ratio Military Turbofan Engine”, Appl 

Energy 2004;78(4):397–418. 

[30] Li YG. Performance-analysis-based gas turbine diagnostics: a review. Proc Inst 

Mech Eng Part A J Power Energy 2002;216(5):363–77. 

[31] Loboda I., Feldshteyn Y., “Polynomials and Neural Networks for Gas Turbine 

Monitoring: A Comparative Study”, Int J Turbo Jet Engines 2011;28(3):227–36.  
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