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ABSTRACT 
The future of decentralized power production with renewables as the main driver necessitates small-scale units such 

as micro gas turbines (MGTs) that are reliable and flexible in operation. Similar to large-scale gas turbines, MGTs operate 
based on the Brayton cycle, while providing added flexibility by variable rotational speed. To continuously monitor the 
condition of MGTs and maintain a reliable operation, an accurate model of the engine is required which predicts the 
expected operation of the engine in its healthy status.  

This work aims to develop a model for individual MGTs that is fast and accurate enough to be utilized for condition 
monitoring purposes. Due to the role of MGTs in the power generation system as backup for renewables, they operate 
frequently in part-load conditions to provide the remaining required power for the electric grid. Therefore, the model should 
provide accurate predictions for both design and off-design operations. In this paper, the development of an engine model 
and the extensive adaptation process are presented during which the characteristics of the gas turbine components are 
modified in order to meet the experimental data within a range of operational conditions. The adaptive approach is validated 
by the experimental results extracted from a test rig of a MGT unit such that the model can be subsequently used as a 
reliable tool for condition monitoring of that MGT.  

INTRODUCTION 
To guarantee the availability of power generation units such as micro gas turbines, a condition monitoring (CM) system 

for assessing operational health of the engine is required (Tahan et al. 2017). Manufacturers are adopting CM approach to 
optimize maintenance intervals and avoid unwanted shutdowns. A CM system monitors the performance of the engine by 
collecting the sensors’ data and assessing the health status of the components. The core element in a model-based CM 
system is a model of the so-called “healthy engine” that can predict the expected behaviour of the unit in which none of 
the components had endured any deteriorations (Cruz-Manzo et al. 2018). After the model is prepared, it will be 
implemented in the condition monitoring platform and deviations between model predictions and sensors’ data from the 
unit will be investigated to assess the health status of the engine. In this procedure, the healthy-engine model should be 
able to operate by same inputs as the real engine and provide the same information that is available through the sensors. 

Two main approaches are available to provide predictions for the healthy-engine: physics-based, and data-based. In 
physics-based approach, the engine is presented by component models connected to each other by applying the law of 
thermodynamics. Each component is modelled based on the characteristics of the components extracted from experiments 
(such as component maps) together with thermodynamic laws. In data-based approach, the model is constructed exclusively 
based on operational data extracted from the engine. In this approach, artificial intelligence methods will be used to 
construct and train the model, based on the data collected from the healthy engine.  
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Both physics-based and data-based models have their merits and shortcomings: the physics-based models are usually 
more complicated to construct as it is elaborated with models of each individual component. The components require 
characteristic curves or correlations that represents the behaviour of the flow passing through them. Whereas with data-
based model, no information about the components’ behaviour is required since the model is constructed based on black-
box assumption of the whole system. The efforts to build a physics-based model is rewarded by providing insights to engine 
behaviour by providing flow properties at each component’s inlet/outlet. Moreover, since predictions from the model are 
physics-informed, they can provide acceptable predictions for a range of operational conditions, while the data-based model 
fail to provide good predictions for the operational range that was not included in the training dataset.  

Even with a detailed physics-based model, it is common to see deviations of model predictions from real life engine 
data. The main reason is imperfect component models due to mismatches between employed maps and corelations, and the 
actual behaviour of the components. To overcome this issue, the components’ model should be tuned or “adapt” to real life 
components data.  

The adaptation approach has been pursued by researchers during past decades, to overcome the mismatches between 
experimental data and modelling maps of gas turbine components. Stamatis et al. introduced a scaling method where the 
search for best scaling factors is conducted to minimize the difference between model predictions and the experimental 
data (Stamatis et al. 1990). While this scaling method showed great improvement of modelling accuracy, Kong et al. (Kong 
et al. 2003) proposed a new adaptation algorithm based on the conventional scaling method. In their approach, first the 
scaling parameters were calculated based on the data from a real engine and then new component maps were constructed 
based on mathematical models. The proposed method was tested on modelling a turboprop which showed significant 
increase in the accuracy of prediction in comparison with the model based on traditionally scaled maps.  

A design-point adaptation approach was pursued by Li et al. (Li et al. 2006) to provide an accurate simulation of an 
industrial gas turbine by selection of parameters according to sensitivity analysis. The results of this work showed 
improvements in both simulation accuracy and reduction of the duration of adaptation. The work was further extended to 
perform multiple points adaptation of a model developed for a dual shaft aeroengine (Li et al. 2012b). While the results 
were satisfactory, it was declared that the outcome depended on defining proper range for each adaptation factors. 
Therefore, the adaptation process was improved by regression model between the prior scaling factors and off-design 
conditions. The regression coefficients were used to determine the search range for the multiple off-design point 
performance adaptation. The method was applied on a single shaft turboshaft which was proved to be accurate and faster 
than before since it avoided several try and errors, searching for correct parameter ranges (Li et al. 2012a). 

A semi-automated procedure was introduced by Rompokos et al. (Rompokos et al. 2020) where integrated tuning 
methods for components’ map were applied to adapt a computer model of a heavy-duty gas turbine in a range of operations. 
Other than map scaling, IGV corrections were applied, which resulted in increased accuracy in part-load conditions and 
providing trustable model for condition monitoring purposes. 
Most of the adaptation algorithms employs map scaling methods which is proved to be practical and accurate for gas turbine 
modelling purposes. Pursuing more elaborated approach on component maps, numerous studies have been conducted to 
analytically express the turbo component maps which can represent the nonlinear behaviour of these components 
(Tsoutsanis et al. 2013; Tsoutsanis et al. 2015; Gaitanis et al. 2021). The advantage of this approach is that adapting the 
correlations to actual experimental data is not bound to scaling and provides higher degree of freedom depending on the 
complexity of the correlation. 

In this paper, development of an accurate physics-based model of a micro gas turbine is presented. Empirical 
correlations are employed together with thermodynamic equations to provide components’ model. Proper adaptation 
parameters are implemented inside the component’s correlations and adaptation is performed to find the best set of 
parameters to increase the accuracy of the model in a range of operations. 

The rest of the paper is structured as follows: first, the developed model for this work is presented including the 
correlations implemented in each component, followed by the adaptation procedure based on the parameters introduce in 
modelling section. Finally the results of the adapted model are compared to the data from an actual engine and the 
improvements are investigated.  

DEVELOPED MODEL 
The developed model for the MGT system is a computer code written in Python language and is constructed based on 

connecting models for each of principal components of the engine. Each of the components are represented by the lumped 
assumption in which the flow condition at inlet and outlet are considered uniform. Required inputs for the solver are: 
demanded power and ambient conditions, namely: ambient pressure, ambient temperature and relative humidity.  

Values for fuel flow rate and rotational speed is initially guessed by the solver, as well as air mass flow rate at inlet to 
the engine. Then the simulation is started by entering the first component with fully determined flow condition at inlet: 
pressure and temperature from defined ambient condition and the guessed mass flowrate. The outlet condition is calculated 
based on the thermodynamic equations and behavioural correlations/maps of the component, and is passed as input to the 
next component. After a complete course of calculation is performed from the first component to the last one, the outlet 
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pressure is compared to ambient value. According to the error in outlet pressure, the guessed air mass flowrate is modified 
until convergence in pressure is achieved. This is the innermost loop of the code. Two other loops are present in the code 
in which fuel flowrate and rotational speed are the modifying parameter and output power and turbine outlet temperature 
(TOT) is the controlling parameters respectively. At each modification step of these loops, the Secant method has been 
implemented which assures fast convergence.   

The component models are defined as functions, in which flow properties at component inlets are input arguments, 
and the output arguments are outlet flow condition. Inside each component, principal thermodynamic equations are solved 
with steady-state assumption, together with the behaviour correlations. These correlations are often dependent on flow 
properties (e.g., heat capacity) which are functions of molecular composition as well as thermodynamic pressure and 
temperature. To accurately evaluate flow properties, the composition of the working fluid is evaluated inside each 
component. 

The composition of working fluid is humid air before the combustion chamber. By defining relative humidity, the 
actual composition of air is calculated based on the dry air composition and the ambient pressure. Detail calculation and 
formula can be found in (Banihabib and Assadi 2022). Downstream of combustor, the working fluid is a mixture of 
combustion products and the excess air. The molecular composition depends on the fuel type (composition), air 
composition and air/fuel ratio. The air/fuel ratio depends on the operational point, which imposes different inlet air flow 
rate and different fuel flow rate. Therefor the concentration of the fuel is defined (Eq. 1) and calculated for each simulation 
point: 

𝑥! =
�̇�!

�̇� 	 (1) 

In above equation, �̇� is total mass flow rate. Knowing the air composition and the fuel concentration in the working 
fluid, the weight fraction of each element is calculated. 

𝐶"! = (𝑥#! , 𝑥$! , 𝑥%& , 𝑥'#! , 𝑥(#! , 𝑥)!#, 𝑥)**	 (2) 
The flow properties in each component are calculated based on the pressure and temperature of the flow: 

𝑘 = 𝑘(𝐶"! , 𝑇+*, 𝑐, = 𝑐,(𝐶"! , 𝑇+*, 𝑐- = 𝑐, − 𝑅	 (3) 

𝑀"! =	𝑀"!(𝐶"!*, 𝑅 = 𝑅(𝑀"!*, 𝑝+ = 𝜌𝑅𝑇+	 (4) 
The thermodynamic equations inside components are well-known mass, momentum and energy conservation which 

is common among all components. However, characteristic curves (maps) and correlations are specific to each component 
which requires adaptation to each specific engine. The adaptation procedure (which will be covered in the next section) is 
in fact calibration of these characteristic curves and correlations to better match with experimental data.  

The engine modelled in this work is AE-T100 which is a recuperated micro gas turbine manufactured by Ansaldo 
Energia. At design point, the engine produces 100 kW power with 30% electrical efficiency while running at 70,000 rpm. 
The cycle pressure ratio at this point is about 4.5 and the turbine inlet temperature is around 950°C. The engine is designed 
to operate with turbine outlet temperature not higher than 645°C. T100 PH version of this model is equipped with a 
bottoming heat exchanger which increases the total efficiency (fuel utilization factor) of the unit to 80%. More detailed 
information about this engine can be found in (Technical Description Microturbine Turbec T100).  

A schematic figure of the engine with the main components are presented in Figure 1. The flow at different location 
of the engine is distinguished by a number, which will be used inside correlations in following sections. The correlations 
are empirically extracted from several studies conducted on the same engine and presented as functions of flow properties. 
Inside the correlations, the tuning parameters are differentiated from the original correlations by the symbol “*”. Note that 
in all equations, the pressures and temperatures represent the total (stagnation) values, unless written with the index “s”, in 
which case the static (thermodynamic) value was intended. 

 

 
A Intake filter 
B Compressor  
C Turbine 
D Diffuser  
E Recuperator  
F Heat Exchanger 
G Generator 
H Combustor 

 

Figure 1 Schematic of the components in AE-T100 (PH) micro gas turbine 
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Intake Air Filter 
The air entering the engine passes through a filter to prevent small particles from entering to the compressor. This filter 

imposes a small pressure drop which can be correlated based on collected experimental data as a function of the pressure 
drop at design point (Björn Nyberg 2010), presented below: 

Δ𝑝./01 = Δ𝑝23*!!,./01 ×
�̇�5 ×5𝑇5

𝑝5
 (5) 

𝛥𝑝23*!!,./01 = 𝛥𝑝23*!!,./01∗ × 7𝛥𝑝5/(
�̇�5 ×5𝑇5

𝑝5
)	;

7*+
 (6) 

Incoming air circulates around the generator and the cooling water of auxiliary parts before entering the compressor, 
leading to temperature increase of the inlet air. A linear correlation between the air inlet temperature and increased value 
is extracted from the experiments, defined by the correlation below:  

Δ𝑇	./01 = Δ𝑇23*!!,./01∗ × Δ𝑇23*!!,./01𝑇5 + 	Δ𝑇./2,0,./01∗ × 	Δ𝑇./2,0,./01 (7) 
Three adaptation coefficients are implemented to adjust the pressure drop and the temperature increase in the flow as 

described in Eq. 6 and 7.  

Turbo Components  
The compression of the air in AE-T100 is conducted in a single stage centrifugal compressor, for which, characteristic 

behaviour of flow is presented through maps, represented with corrected physical parameters. The mass flow rate is 
corrected based on inlet pressure and inlet temperature, and the rotational speed is corrected based on the inlet temperature, 
as presented in Eq. 8. The maps are organized as isentropic efficiency based on pressure ratio and corrected mass flow rate. 
The rotational speed is illustrated with constant corrected speed lines. For adaptation purposes, two tuning factors are 
implemented as presented in Eq. 9 and 10. To implement the maps inside the developed computer model, the maps’ data 
are provided through 2D tables in 𝑓9̇,29,(𝑃𝑅,𝑁23&&) and 𝑓;,29,(𝑃𝑅,𝑁23&&). 

�̇�<,23&& = �̇�<5𝑇</𝑝<, 𝑁23&&,29, = 𝑁/@𝑇<	, 𝑃𝑅29, = 𝑝=/𝑝<	 (8) 

�̇�<,23&& =	 �̇�∗
23*!!,29, × �̇�23*!!,29, × 𝑓9,29,(𝑃𝑅29,, 𝑁23&&,29,)	 (9) 

𝜂.+,29, =	𝜂23*!!,29,∗ × 𝜂23*!!,29, × 𝑓;,29,(𝑃𝑅29,, 𝑁23&&,29,)	 (10) 
Similar correlations are employed for modelling single-stage radial turbine, in which the distribution of corrected mass 

flow rate and isentropic efficiency are provided via tabular data representing the performance map of the turbine. Two 
adaptation parameters to tune the turbine map are implemented as well (Eq. 12 and 13). 

�̇�>,23&& = �̇�>5𝑇>/𝑝>, 𝑁23&&,0&? = 𝑁/@𝑇>	, 𝑃𝑅0&? = 𝑝>/𝑝@	 (11) 

�̇�>,23&& =	 �̇�∗
23*!!,0&? × �̇�23*!!,0&? × 𝑓9,0&?(𝑃𝑅0&? , 𝑁23&&,0&?)	 (12) 

𝜂.+,0&? =	𝜂23*!!,0&?∗ × 𝜂23*!!,0&? × 𝑓;,0&?(𝑃𝑅0&? , 𝑁23&&,0&?)	 (13) 

Diffuser  
The gas leaving the turbine section flows into a diffuser before entering the hot side of the recuperator. In diffuser the 

flow-path area increases gradually to lower the flow velocity that was previously increased by the turbine impeller. An 
empirical equation from (Björn Nyberg 2010) is employed to model the pressure drop in diffuser while the temperature is 
assumed to remain constant. The dynamic term of pressure after the diffuser is neglected. For diffuser no adaptation is 
considered. 

𝑝A = 𝑝+,A	 = 𝛥𝑝23*!!,7.!! × (𝑝@ − 𝑝+,@* + 𝑝+,@ (14) 

𝛥𝑝23*!!,7.!! = 7
𝑝+,A − 𝑝+,@
𝑝@ − 𝑝+,@

;
7*+

 (15) 

Recuperator 
To model the recuperator, the cold side and hot sides are defined as two separated functions while the heat balance 

between two flow-paths is the connecting correlation between them.  The effectiveness of the recuperator is defined based 
on the temperature increase in the cold side and the maximum temperature difference at inlets of the component: 

𝜀&2, =
𝑇B − 𝑇=
𝑇A − 𝑇=

	 (16) 

According to (Hohloch et al. 2010) the effectiveness of recuperator increases with rotational speed up to its maximum 
and then decreases. Here, instead of correlation with MGT rotational speed, same pattern but as a function of flow mass 
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flow rate is assumed, as the air flow rate to the engine has a linear dependency to the engine rotational speed. Based on the 
experimental data collected from same model of engine in (Hohloch et al. 2010), a conditional function is assumed for the 
recuperator effectiveness where there are two linear correlations, for mass flow rates below and above the optimum value: 

𝜀&2, = C
𝜀3,0,&2,∗ × 𝜀3,0,	&2, − 𝜀23*!!5,	&2,∗ × 𝜀23*!!5,	&2,	(�̇�= − �̇�3,0,&2,

∗ × �̇�3,0,&2,*, 		�̇�= < �̇�3,0,&2,

𝜀3,0,&2,∗ × 𝜀3,0,	&2, + 𝜀23*!!<,	&2,∗ × 𝜀23*!!<,	&2,	(�̇�= − �̇�3,0,&2,
∗ × �̇�3,0,&2,*, 		�̇�= > �̇�3,0,&2,

	 (17) 

Four adaptation parameters have been implemented in recuperator effectiveness correlations, two for the optimum 
mass flow rate and the effectiveness and two for the slope of the lines. 

Temperature rise in the cold side is calculated based on the effectiveness, from which the amount of absorbed heat is 
defined. Extracted heat from hot side is equal to increase of the value in the cold side plus a fraction that is considered as 
wasted to the surrounding. The heat loss coefficient is equipped with an adaptation coefficient: 

𝑄&2,,2+ = 𝑄&2,,C+(1 + 𝑄D3++,&2,∗ × 𝑄D3++,&2,*	 (18) 
The pressure loss on both cold and hot sides are calculated based on empirical correlations with dependency on mass 

flow rate, pressure and temperature, described below (Björn Nyberg 2010). Both correlations are tuned with adaptation 
coefficients. 

𝑝B = 𝑝= − 𝑝= × H
�̇�=

𝑝=
I
<

×
𝑇B5.>>

𝑇=F.>>
× 𝛥𝑝23*!!,&2,,	2+∗ × 𝛥𝑝23*!!,&2,	2+	 (19) 

𝑝G = 𝑝A − 𝑝A × �̇�<
A × 𝑇A × 𝛥𝑝23*!!,&2,,	C+∗ × 𝛥𝑝23*!!,&2,,	C+	 (20) 

Combustor  
The pressure loss in the combustor is a function of mass flow rate, inlet pressure and inlet and outlet temperature of 

the gas in the component. The correlation below is extracted from the experimental data which counts for pressure loss due 
to both combustion air and dilution air (Björn Nyberg 2010): 

𝑝> = 𝑝B − (𝛥𝑝23*!!,29?∗ × 𝛥𝑝23*!!,29? × 𝑝B × 7
�̇�B5𝑇B
𝑝B

;
<

× 71 + 𝛥𝑝23/+0,29? × H
𝑇>
𝑇B
− 1I; (21) 

The outlet temperature of the combustion product is calculated via an energy balance, where the inlet heat is calculated 
based on fuel mass flow rate and the enthalpy of the inlet air to the combustor.  

𝐻> 	= 	 (�̇�! × 𝐿𝐻𝑉	 +	�̇�B 	× 	ℎB* ×	(1	 −	𝑄D3++,29?∗ × 𝑄D3++,29?) (22) 
To calculate the temperature at combustor outlet, the heat capacity of the flow is calculated based on the molecular 

composition of the combustion products (diluted by the excess air) and static temperature (Eq. 3). Hence, an iterative 
procedure is conducted to accurately calculate the turbine inlet temperature. 

𝑇> =
𝐻>

�̇�> × 𝑐,(𝐶"!,>, 𝑇+,>*
 (23) 

Heat Exchanger 
The temperature of the flow leaving the hot side of the recuperator is still high enough to warm-up water that can be 

utilized for district heating purposes. The pressure drop inside the gas-water heat exchanger is extracted from empirical 
data available from (Björn Nyberg 2010) which provides the pressure drop values versus gas mass flow rate.  

Shaft 
The AE-T100 micro gas turbine is designed as a single-shaft unit in which mechanical components and generator 

rotate with same speed. Newton’s 2ⁿᵈ law for the solid shaft results in balance of the torque imposed by mechanical 
components and the torque from generator in steady state conditions. A fraction of transmitted torque by turbo components 
is consumed to overcome losses such as friction: 

𝑇9*2C = 𝑇0&? − 𝑇29, (24) 
𝑇9*H2C − 𝑇*D*2 − 𝑇!&.2 = 𝐼�̇� = 0	 (25) 

The loss of torque has been evaluated by the wasted power due to frictions and the unideal conversions in the generator: 
𝑇9*2C𝜔 − 𝑇*D*2𝜔 = 𝑇!&.2𝜔 (26) 
𝑃0I&?3 − 𝑃*D*2 = 𝑃D3++	 (27) 

According to (Henke et al. 2017) the power loss can be formulated by Eq. 29. For the adaptation purposes, only the 
value of intercept is multiplied by a tuning parameter.  

𝑃D3++ = 𝑃!&.2 + 𝑃2/-& , 𝑃!&.2 = 𝑃23*!!,!&.2	𝜔, 𝑃&*9H./ = 𝑃0I&?3 − 𝑃!&.2	 (28) 
𝑃2/-& = 𝑃	23*!!5,2/-&𝑃&*9H./= + 𝑃23*!!<,2/-&𝑃&*9H./< + 𝑃23*!!=,2/-&	𝑃&*9H./ + 𝑃./2,0,2/-&∗ 𝑃./2,0,2/-& (29) 
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All coefficients and constants of the empirical correlations are presented with their values in Table 1 and an overview 
of implemented adaptation parameters is provided in Table 2.  

Table 1 Components’ modeling coefficients 
Component Eq. # Coefficients 

intake 5, 7 Δ𝑝!"#$$,&'() = 	16.72 × 10*	𝑚𝑠√𝐾, Δ𝑇!"#$$,&'() = 0.11, Δ𝑇&'!+(,&'() = −30.46𝐾 
diffuser 14 𝛥𝑝!"#$$,,&$$ = 0.64 

recuperator 17, 18 ε"+(,	.!+ = 0.93	, �̇�"+(,.!+ = 0.63𝑘𝑔/𝑠, ε!"#$$/,	.!+ = 0.14	𝑠/𝑘𝑔, ε!"#$$0,	.!+ = −0.4	𝑠/𝑘𝑔, 𝑄1"22,.!+ = 0.02 
combustor 21 𝛥𝑝!"#$$,!34 = 	2 × 1051/𝑚0𝑠0𝐾, 𝛥𝑝!"'2(,!34 = 0.2, 𝑄1"22,!34 = 0.015 

shaft 28, 29 𝑃!"#$$,$.&! = 1.28	𝑊/𝑠, 𝑃	!"#$$/,!'6. = −4.48 × 107/0	1/𝑊0, 𝑃!"#$$0,!'6. = 2.67 × 1075	1/𝑊, 𝑃!"#$$8,!'6. = 0.0812, 𝑃&'!+(,!'6. = 3473𝑊 
 

Table 2 Adaptation parameters 
Component Eq. # No. of Parameters Adaptation Parameters 

intake 6, 7 3 Δ𝑝!"#$$,&'()∗ , Δ𝑇!"#$$,&'()∗ , Δ𝑇&'!+(,&'()∗  
compressor 9, 10 2 �̇�∗

!"#$$,!3+, 𝜂!"#$$,!3+∗  
turbine 12, 13 2 �̇�∗

!"#$$,(.4, 𝜂!"#$$,(.4∗  
recuperator 17, 18, 19, 20 7 �̇�"+(,.!+

∗ , ε"+(,.!+∗ , ε!"#$$/,	.!+∗ 	ε!"#$$0,	.!+∗ , 𝑄1"22,.!+∗ , 𝛥𝑝!"#$$,.!+,	!2∗ , 𝛥𝑝!"#$$,.!+,	:2∗  
combustor 21, 22 2 𝛥𝑝!"#$$,!34∗ 𝑄1"22,!34∗  

shaft 29 1 𝑃&'!+(,!'6.∗  

METHODOLOGY OF ADAPTATION 
While the developed model presented in previous section is capable of predicting engine behaviour, the accuracy of 

each prediction point is dependent on how the characteristic curves and correlations match the behaviour of the components 
in an actual engine. In most cases, the performance of the real engine shows deviation from those predefined characteristics 
which can be due to one or several of the reasons listed below: 
1. Most of the characteristic maps and correlations are extracted from tests of isolated components. These results can be 

different from the integrated engine. One reason for such deviation is that even a sophisticated test stand fails to provide 
exact flow property distribution that occur in a real engine.  

2. In some cases, the maps are generated by computer for the points where there is insufficient experimental data 
available. For such points, interpolation and extrapolations are employed which can be different from actual 
experimental results.  

3. Some physical properties that are involved in the maps might be difficult to measure (e.g. high temperatures), in which 
calculation will be used to fill the gap and therefore causing calculation error. 

4. The accuracy of measurements during the component tests can affect the accuracy of the generated map, which can 
lead to deviations.  

5. If the characteristic maps are generated from measurements in an engine, some deviations can be observed compared 
to other engines, due to manufacturing tolerances. 

6. Even if the maps were accurate at certain time, aging of the engine and several thousands hours of operation can cause 
small deformations which created deviation of performance from previously accurate map. 
To utilize the model in condition monitoring platform, it is necessary to calibrate it with the experimental data from 

the healthy engine, to avoid misclassification of aforementioned deviations as engine faults. The calibration of components 
characteristics with actual engine data is called model adaptation.  

Model adaptation can also be helpful in the cases that actual maps of the components (even imperfect version) are not 
available since they are considered proprietary to the manufacturer. In those cases, maps from similar components can be 
implemented in the model and then modified by proper adaptation procedure.  

The process of adaptation starts with defining adequate adaptation coefficients in characteristics of different 
components. These coefficients must be able to calibrate the component behaviour while retaining the overall behavioural 
pattern. The adaptation parameters will be modified so that the prediction of the integrated model reach closer to the 
experimental data from the actual engine. Therefore, the whole process can be defined as an optimization problem: 

𝑋3,0 = 	𝑎𝑟𝑔𝑚𝑖𝑛 WX
𝛼.

Δ𝑌.,&*!𝑛
	X[𝑌*J,,K − 𝑌937*D,K(𝑋)[
/

KL5

9

.L5

\ (30) 

In the equation 30 above, 𝑋 represents the set of adaptation parameters and 𝑌 includes the target properties to assess 
the adaptation of the model to experimental data. By definition of objective function as summation of errors on different 
target parameters, multiple objectives of the optimization (i.e. the multiple targets), are reduced to a single value. Mean 
absolute error (MAE) for each of target parameter extracted from the model and from different operation points (𝑛 points) 
are then normalized with a reference error value (Δ𝑌.,&*!). By implementing weights (𝛼.) for each target parameter, the 
importance of each target parameter is defined. The optimum set of adaptation parameters will minimize this objective 
function. 
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RESULTS AND DISCUSSION 
To examine the presented methodology, adaptation of the developed model to experimental data available from a test 

rig of AE-T100 is performed. The test rig is at Paul Scherrer Institute (PSI), Switzerland, which is installed and equipped 
with additional sensors for research purposes. The engine with principal flow-based components is presented in Figure 2. 
In Table 3, an overview of available data from the engine is presented, which shows the built-in measurements and the 
additional ones.  The numbering of the parameters used is the same as in Figure 1. 
 

 
Figure 2 AT-T100 at PSI with components from outside (left), engine inside with components (right). 

The right picture is from (ANSALDO ENERGIA)   
 

Table 3 Flow-path measurements in the MGT 
 
 
 
 
 
 
 
 

Other than main flow-path measurements provided in Table 3, cycle measurement are available from built-in sensor, 
such as shaft rotational speed (𝑁), produced power (𝑃) and fuel flow rate (�̇�!).  

The data log from the engine includes a complete envelop of operation, from start-up to load changes and to shut down 
and hot restarts. Since the model of the engine is developed based on steady-state assumptions, only steady state data points 
from the experiments were extracted to be employed in model adaptation process. From all logs of sensors collected from 
running the engine over 24 days, about 10,800 operation points were proved to be steady state. Since running the model 
for all these points takes long time, a smaller subset was chosen randomly, which is representative for the whole dataset. 
The 100 data points chosen for adaptation purpose is well distributed in terms of power range and ambient conditions. The 
distribution for ambient condition is shown in Figure 3. The produced electrical power by engine is distributed between 70 
kW to 110 kW. Note that over 100 kW electrical power production albeit in the data, the manufacturer does not recommend 
operating the engine with that power rate.  

The adaptation is performed in two separate steps to avoid conducting high dimensional optimizations with high 
calculation costs. Since the models for recuperators cold side and hot side are convoluted with each other (Eq.16 & Eq.18), 
the only possible separating point is the outlet of the compressor. Intake and compressor are adapted in the first step (5 
parameters) and the remaining 12 parameters are adapted in the second step.  

For each adaptation parameter, proper bound is defined by verifying feasibility of the results from the model at max 
and min values. The first step is conducted with objective function, based on pressure and temperature after intake (𝑝<	&	𝑇<) 
and compressor (𝑝=	&	𝑇=), as shown in Eq. 31. For the second step, the temperature of air after cold side of the recuperator 
(𝑇B), the turbine outlet temperature (𝑇𝑂𝑇) and the net power output (𝑃) is chosen as target parameters for the adaptation 
(Eq. 32). All errors are optimized with a normalized value and the weight factors. The weights are chosen based on the 
importance of each objective parameter and also through a try and error procedure, searching for the best weight set that 
guides the optimization to reduce the errors for each objective parameter down to their accepted tolerance. Since the data 
from experiment are noisy, even after noise cancelation, mean absolute error is chosen so that the objective function will 
be less affected by the presence of noise. The units used in equations below are kW for power, Celsius for temperatures 
and bar for pressure (absolute values). The optimization problem is solved with genetic algorithm embedded in SciPy 
library (Virtanen et al. 2019). 

 

Air Inlet

Heat 
Exchanger

Exhaust

Ventilation Intake Filter

RecuperatorCombustor

Compressor
&

Turbine

Location Description Built-in Measurements Additional Measurements 
1 Engine inlet 𝑇! 𝑅𝐻 
2 After inlet air filter Δ𝑝!"# 𝑝#, 𝑇# 
3 After compressor - 𝑝$, 𝑇$ 
4 After recuperator cold side - 𝑇% 
7 After diffuser 𝑇&	(𝑇𝑂𝑇) - 
9 Engine outlet 𝑇' - 
10 Before heat exchanger cold side 𝑇!( - 
11 After heat exchanger cold side 𝑇!! - 
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Figure 3 Distribution of ambient pressure, ambient temperature and relative humidity in dataset used 

for adaptation 

𝑂𝐹! =
0.05

0.001 × 100	*+(𝑝#))*+,- − (𝑝#)./0)1,-+
!((

-2!

+
0.1

0.1 × 100	*+(𝑇#))*+,- − (𝑇#)./0)1,-+
!((

-2!

+
0.5

0.1 × 100	*+(𝑝$))*+,- − (𝑝$)./0)1,-+ +
0.15

2.0 × 100	*+(𝑇$))*+,- − (𝑇$)./0)1,-+
!((

-2!

!((

-2!

 

(31) 

𝑂𝐹< =
0.1

2 × 100	X[(𝑇B)*J,,K − (𝑇B)937*D,K[
5FF

KL5

+
0.2

2 × 100	X[(𝑇𝑂𝑇)*J,,K − (𝑇𝑂𝑇)937*D,K[
5FF

KL5

+
0.2

2 × 100	X[(𝑃)*J,,K − (𝑃)937*D,K[
5FF

KL5

 

(32) 

To start the optimization process, initial population was chosen randomly, with 3 times the number of adaptation 
parameters. Mutation is imposed during the optimization to avoid convergence to local minimum. The evolution of 
objective function for the second step is shown in Figure 4 as an example. During each optimization step, uneven number 
of model runs have been conducted. For instance, at first optimization iteration, the simulation ran for 72 times over 100 
data points, which means 7200 times of calling and running the model. Average time for model run is 0.3 seconds which 
resulted 36 minutes for the first iteration of optimization, however the number of model runs is decreased as the 
optimization proceeds. Duration of whole process was 8 hours and 27 minutes. For the first adaptation step only 7 iterations 
of optimization were conducted which took less than 3 hours, as there was only 5 parameters to optimize. In total, the 
model with 17 adaptation parameters was adapted with less than 11 hours of run.  

The bounds specified for each of the adaptation parameters with their final adapted values are presented in Table 4. 
Since the final optimized values lie between the maximum and minimum bounds, adequacy of specification of the bounds 
is reassured.  

 
Figure 4 Objective function during adaptation step 2. 
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Table 4 Adaptation parameters with bounds, associated objective function and optimum values 
No. Parameter Bound Adapted value Objective Function No. Parameter Bound Adapted value Objective Function 
1 Δ𝑝!"#$$,&'()∗  (0.50, 2.00) 1.735 𝑂𝐹/ 10 𝜂!"#$$/,	.!+∗  (0.80, 1.20) 0.864 𝑂𝐹0 
2 Δ𝑇!"#$$,&'()∗  (0.50, 2.00) 1.051 𝑂𝐹/ 11 𝜂!"#$$0,	.!+∗  (0.80, 1.20) 0.900 𝑂𝐹0 
3 Δ𝑇&'!+(,&'()∗  (0.50, 2.00) 1.503 𝑂𝐹/ 12 𝑄1"22,.!+∗  (0.05, 5.00) 2.612 𝑂𝐹0 
4 �̇�∗

!"#$$,!3+ (0.50, 2.00) 1.001 𝑂𝐹/ 13 𝛥𝑝!"#$$,.!+,	!2∗  (0.50, 3.00) 2.901 𝑂𝐹0 
5 𝜂!"#$$,!3+∗  (0.50, 2.00) 0.977 𝑂𝐹/ 14 𝛥𝑝!"#$$,.!+,	:2∗  (1.00, 3.00) 2.719 𝑂𝐹0 
6 �̇�∗

!"#$$,(.4 (0.70, 1.20) 1.007 𝑂𝐹0 15 𝛥𝑝!"#$$,!34∗  (0.08, 1.70) 1.029 𝑂𝐹0 
7 𝜂!"#$$,(.4∗  (0.70, 1.20) 1.046 𝑂𝐹0 16 𝑄1"22,!34∗  (0.10, 5.00) 2.769 𝑂𝐹0 
8 �̇�"+(,.!+

∗  (0.80, 1.10) 1.04 𝑂𝐹0 17 𝑃&'!+(,!'6.∗  (0.10, 2.00) 0.796 𝑂𝐹0 
9 𝜂"+(,.!+∗  (0.80, 1.05) 1.030 𝑂𝐹0      

 
To evaluate the performance of the adapted model, another set of 100 points were chosen from the steady state dataset, 

again assuring that it covers a good range of power and ambient condition by choosing randomly. An overview of model 
prediction errors (both MAE and maximum) for target parameters before and after adaptation is presented in Table 5. By 
looking at the error values associated with the adapted column, the maximum prediction error of power is less than 2 kW 
which is fairly accurate for an engine with 100 kW baseload power and minimum of 50 kW at part-load operation. Less 
than 5˚C of maximum error is achieved for TOT, however the maximum error for T4 is close to 10˚C. The reason behind 
this is the implemented correlation for heat transfer in the recuperator.  

 
Table 5 Model prediction error for target parameters before and after adaptation 

No. Parameter 
Original Model Adapted Model 

MAE Absolute of Maximum Error MAE Absolute of Maximum Error 
1 𝑝0 0.0025	bar 0.0027	bar 0.0010	bar 0.0012	bar 
2 𝑇0 275.99	˚C 330.83˚C 0.16	˚C 0.64	˚C 
3 𝑝8 0.0634	bar 0.1534	bar 0.043	bar 0.069	bar 
4 𝑇8 1.74	˚C 5.20	˚C 0.27	˚C 0.86	˚C 
5 𝑇; 269.69˚C 323.07	˚C 3.54	˚C 9.74	˚C 
6 𝑇𝑂𝑇 275.99	˚C 330.83˚C 1.79	˚C 4.94	˚C 
7 𝑃 30.60	kW 41.80	kW 0.66	kW 1.67	kW 

 
As discussed in “Developed Model” section, the correlation employed for modelling the recuperator efficiency is 

inspired by the results presented in (Hohloch et al. 2010), shown in view (a) of Figure 5 with green markers. The 
effectiveness of the adapted recuperator is presented in view (b), which has a maximum value and two linear correlations 
with the mass flow, given the linear relation between rotational speed and air mass flow rate. In view (c) of Figure 5, the 
actual error for T4 is presented (model prediction minus experiment). It can be seen that the difference with experiment is 
low near the optimum mass flow rate but increases when the mass flow rate gets far from the optimum. This can be 
explained by looking at the data from view (a), where it seems that green marker points show parabolic behaviour on two 
sides of the optimum mass flow rate, while the model assumption is linear. It is anticipated that modifying the correlation 
to two parabolic correlations will increase the accuracy, however it will increase the number of adaptation parameters 
further and hence increases the time required for the optimization.  

Figure 6 presents an overview of adaptation results, for target parameters of the second step of adaptation, namely 
power, temperature at outlet of the cold side of the recuperator and the turbine outlet temperature. As it is obvious from the 
left side figures, the model prediction was far from experimental data at the beginning. The adapted model predictions are 
depicted on the right side of Figure 6 which show a satisfactory compliance with experimental data. The results from before 
adaptation has high errors, mainly due to correlations for the components were extracted from different works and 
references, which were derived from using data collected from different engines. However, the configuration of the 
correlations was proper and compliant with the component behaviour since by tuning the coefficients, a high accuracy of 
prediction is achieved. 

By looking at the errors reported in Table 5 and predicted values shown in Figure 6, accuracy of TOT prediction is 
higher than T4, even though it is expected that errors of T4 prediction will be destructive for TOT as well. It seems that the 
adaptation of turbine maps compensated for high T4 errors. Even so, by looking at Figure 6 it is obvious that points with 
high T4 errors have led to high TOT errors as well (for example, the points for power output higher above 105 kW).  
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(a) 

 

  
(b) (c) 

Figure 5 Temperature data and effectiveness of recuperator reported in (Hohloch et al. 2010) (a), 
effectiveness of adapted recuperator in the current work (b), error of T4 predict in current work (c). 

 

  

  

  
Figure 6 Model prediction and experimental data for power, TOT and T4. Left figures are from the 

model before adaptation and right figures are from the adapted model. 
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CONCLUSION 
In this paper a comprehensive overview of the development of a computer model for a micro gas turbine operating in 

steady-state condition is provided. The code is constructed with lumped assumption for all of the principal gas turbine 
components, employing thermodynamic equations and empirical correlations to model each components behaviour. Proper 
adaptation parameters were implemented during the modelling which led to a total number of 17 adaptation parameters.  

The adaptation process was conducted through two separate courses of optimization, employing a genetic algorithm 
method. At each course of optimization, a number of parameters were tuned to decrease the error between model predictions 
and experimental data collected from an MGT test rig. The results showed high accuracy of the adapted model which 
proves the suitability of the employed method, to provide an accurate model that can be utilized for condition monitoring 
purposes. For further improvements, a more flexible correlation for the modelling of the recuperator is expected to improve 
the accuracy of the predictions even more, however at the expense of increased computational cost.  

NOMENCLATURE 
Alphanumeric Variables 
𝐶 Molecular composition vector 𝑛 Number of operation points 
𝑐- Specific heat of gas at constant volume (J/kg K) 𝑝 Pressure (Pa) 
𝑐, Specific heat of gas at constant pressure (J/kg K) 𝑄 Heat exchange (J) 
ℎ Specific enthalpy (J/kg) 𝑅 Specific gas constant (J/kg K) 
𝑘 Thermal conductivity (W/mK) 𝑇 Temperature (K) 
𝑀 Molar mass (g/mol) 𝑋 Adaptation parameters 
𝑚 Number of target parameters for adaptation 𝑥 Weight coefficient (kg/kg) 
�̇�	 Mass flow rate (kg/s) 𝑌 Measurements from the MGT 
𝑁	 Absolute or relative rotational speed (rpm or %)   
Greek Symbols 
𝛼 Weight factor inside objective function 𝜌 Density (kg/m3) 
𝜀 Effectiveness (-)  𝜔 Rotational speed (rad/s) 
𝜂 Efficiency (-)    
Indices 
𝑐𝑚𝑏 Combustor ℎ𝑠 Hot side 
𝑐𝑚𝑝 Compressor 𝑖𝑛𝑐𝑝𝑡 Intercept 
𝑐𝑛𝑣𝑟 Conversion 𝑖𝑠 Isentropic 
𝑐𝑜𝑒𝑓𝑓 Coefficient 𝑖𝑛𝑡𝑘 Intake 
𝑐𝑜𝑟𝑟 Corrected 𝑚𝑒𝑐ℎ Mechanical 
𝑐𝑠 Cold side 𝑜𝑝𝑡 Optimum 
𝑑𝑒𝑠 Design 𝑟𝑐𝑝 Recuperator 
𝑑𝑖𝑓𝑓 Diffuser 𝑟𝑒𝑓 Reference  
𝑒𝑙𝑒𝑐 Electrical  𝑠 Static 
𝑓 Fuel 𝑡𝑟𝑏 Turbine 
𝑓𝑟𝑖𝑐 Friction 𝑤𝑓 Working fluid, either air or flue gas 
Abbreviations 
CM Condition monitoring PR Pressure ratio 
LHV Lower heating value PSI Paul Scherrer Institute 
MAE Mean absolute error RH Relative humidity 
MGT Micro gas turbine TOT Turbine outlet temperature 
PH Power and heat   
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