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Abstract: This paper presents the estimation of longitudinal aerodynamic parameters by using Genetic Algorithm (GA) 
optimized method from simulated and real flight data of ATTAS aircraft. The simulated flight data is deliberately contaminated 
with 5%, 10%, and 15% of random noise for creating flight data, which bears similarity to real flight data. The proposed 
methodology utilizes the general notion of output error method, i.e., minimizing the response error between the measured 
response and estimated response, and the genetic algorithm as the optimization technique for an iterative update of the parameter 
vector. The longitudinal parameters are estimated by using the proposed method from both simulated data (without and with 
random noise) and real flight data. The parameter estimates obtained by using the proposed method is compared with the 
estimates from the Maximum-Likelihood method and data-driven methods viz. Delta method and GPR –Delta method for 
assessing the efficacy of the methodology. The statistical analysis of the parameter estimates has further cemented the confidence 
in the estimates obtained by using the proposed method. 

Keywords: Genetic Algorithm, Parameter Estimation, Flight Dynamics, Aerodynamic Derivatives, Maximum Likelihood, 
Data-Driven Method 

 

1. Introduction 

The most generic definition of parameter estimation is the 
method of obtaining the most probable values of the 
aerodynamic derivatives, which are used to define the system 
itself. The parameter estimation is the subset of System 
Identification, which is a broader field including a 
comprehensive understanding of the underlying physical 
principle and determination of unknown stability and control 
derivatives [1-6]. The System Identification comprises of the 
postulation of all feasible mathematical models, choosing the 
most suitable model amongst all models, and the estimation of 
unknown parameters. The parameter estimation encompasses 
the determination of unknown parameters from a structured 
model by using Input-Output dataset. The aerodynamic 
parameters are required for a variety of purposes viz. 
generation of high fidelity database, development of flight 
simulators, extension, and validation of flight envelope, 
real-time fault detection, and repair [1, 7]. As mentioned 
earlier, that for the parameter estimation, the model is fixed so, 

the choice of the mathematical model is very crucial. The most 
critical portion of model postulation is the determination of a 
model for the estimation of aerodynamic forces, as they 
cannot be obtained directly. The scope of the mathematical 
model for the determination of aerodynamic forces is to devise 
suitable connections of forces (X, Y, Z) and moments (L, M, N) 
along the three axes in terms of translational motion variables 
(u, v, w), rate of rotation (p, q, r) and control surface 
deflections along the three axes [1]. 

The parameter estimation for aerospace problems had been 
attempted in the past by several methods, and each one is 
associated with their own merits and demerits. The analytical 
method, which forms its complete foundation on concepts of 
flight physics. The analytical methods express any system to a 
significant level of precision but entail a large number of 
inputs when having a complex nonlinear application. The 
unceasing developments in the pitch of computational 
assistance and enhanced expertise of computation notions and 
approaches, Computational Fluid Dynamics (CFD) has 
appeared as a competent method for the analytical parameter 
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estimation of aerodynamic derivatives with advanced Euler 
and Navier-stokes flow solvers [3]. The experimental methods 
are essential to corroborate the estimates of analytical 
approaches. The wind tunnel method has the necessary 
restrictions viz. the simulation of control surface motion, 
accurate simulation of effects of power, simulation of 
propeller disc. The wind tunnel experiments bear undesirable 
effects of wind tunnel errors due to wake effect, Solid effect, 
turbulence & swirl, and generation of flow-field similar to real 
flight conditions. That above circumstances demand the 
existence of another experimental method, which can 
meticulously mimic the real flight conditions, and thereby 
eliminates the requirement of dynamically similar flows. The 
above circumstances pave the path for the development of 
flight test method for substantiation of estimates made from 
analytical and wind tunnel experiments [1, 7, 8, 9]. 

The methods of parameter estimation, which use flight data 
for the parameter estimation, finds its traces since 1947 when 
Milliken [10] attempted to determine static and as well as the 
dynamic parameters of an aircraft. Similarly, Greenberg [11] 
and Shinbrot [12] presented a methodology inspired by 
ordinary non-linear least squares. 

There are three categories of methods of parameter 
estimation [3], namely Equation Error Methods (EEM), 
Output Error Methods (OEM), and Filter Error Methods 
(FEM). The equation error method focus on making the 
parameter estimation problem as a linear one. The output error 
method and filter error method determine the parameters 
through a non-linear approach. The equation error method and 
output error method are categorized as the deterministic 
method, whereas, the filter error method as the stochastic one. 
The equation error method finds its basis on linear regression 
by employing the ordinary least squares method. The prime 
merit of the equation error method is computational easiness 
and absence of an iterative technique for parameter estimation. 
The significant demerits are asymptotic biasing behavior, 
erratic nature, and inappropriateness in the estimates when 
employed for parameter estimation with noisy measurement 
data [13]. The output error method gains the application to 
most of the parameter estimation problems, especially about 
flight vehicles. The output error method functions on the 
iterative adjustment of the parameter vector for which the 
response error between measured and estimated response is 
minimized. A kind of output error method, i.e., 
Maximum-Likelihood method focuses on estimating 
aerodynamic parameters through maximizing the probability 
density function of the observations [1, 13]. 

The focal benefit of the ML Method is that the parameter 
estimates possess the characteristics of asymptotic 
non-biasing, consistency, and efficiency. The ML method is 
capable of handling flight data with measurement noise and 
can adequately estimate aerodynamic parameters for any 
linear and nonlinear systems [1]. When the ML method is 
applied for parameter estimation from flight data measured in 
the presence of atmospheric turbulence, the output error 
method faces glitches in predicting precise estimates. It is 
imperative to mention that all flight-databased methods are 

prone to inconsistency if the quality of flight data is unreliable. 
In order to thwart the inconsistencies in the parameter 
estimates, it is advisable to employ instruments enabling exact 
measurement of motion and control variables. The additional 
crucial aspect is that the flight maneuvers for exciting the 
response of the aircraft must be executed with the correct 
procedure and in conditions with less atmospheric turbulence. 
However, it is pertinent to mention that it is incredibly 
impractical to meet both the requisites. It is always possible to 
reduce measurement noise by the use of appropriately 
designated and calibrated sensors. The process noise or error 
due to atmospheric turbulence is impossible to avoid 
absolutely. The obvious solution to this problem is to choose 
the filter error method, being a stochastic method it can handle 
measurement noise and as well as process noise [1, 14]. 

The methods mentioned above need a mathematical 
structure to solve equations of motion for offering the 
parameter estimates. In addition to these methods, some of the 
modern methods, which bear a foundation on heuristics, also 
achieved much of the success in parameter estimation. The 
vital difference is the non-requirement of the solution of 
equations of motion for delivering the parameter estimates. 
Some of the methods which are an integral part of this 
community are neural-network, fuzzy-logic, neuro-fuzzy, and 
genetic algorithm based methods. The methods, which are part 
of the community of data-driven methods, do experience the 
challenge of training the network and supplemental 
complexity during the genesis of logic [15-27]. 

In the present work, the Genetic Algorithm (GA) optimized 
output error method is used for longitudinal aerodynamic 
parameter estimation. The work delivers the usage of a 
method, which utilizes the vital knowledge of minimalizing 
the response error from the output error method and the 
genetic algorithm for repetitively modifying the parameter 
vector. The purpose is to establish that an exploration centered 
optimization technique is capable of estimating aerodynamic 
derivatives. The main reason for choosing genetic algorithm 
optimization is the absence of the necessary requirement of 
gradients. Nils Barricelli [28] spawned the most primitive 
genetic algorithm code, and his investigation was published in 
1954. The software had the ability to imitate the course of 
biological reproduction and the mutation. Mitchell [29] places 
that John Holland [30, 31] perceived the exact arrangement of 
genetic algorithms, which is employed nowadays, in the 1960s. 
Holland's procedure [30, 31] encompasses impersonation of 
Darwin’s theory of evolution, i.e., `Survival of the Fittest,' and 
the practices of genetics, i.e., crossover, recombination, 
mutation, and inversion. The genetic algorithm is investigated 
for various aerospace applications, which includes the shape 
optimization of wing and aerofoil, real-time flight path 
planning, and even the drag estimation of aerostat [32-39]. 
The parameter estimates are obtained by using simulated data 
(with 5%, 10% and 15% random noise) and real flight test data 
of ATTAS aircraft. A comparative assessment of the 
longitudinal aerodynamic derivatives, which are determined 
from the proposed method, Maximum-Likelihood method, 
Delta method [16, 17] and GPR-Delta method [40] is prepared. 
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The comparison of parameter estimates, together with 
statistical analysis evidence that the proposed GA optimized 
output error method can be utilized as a potential method for 
parameter estimation. 

The paper offers: 
(1) Development of a genetic algorithm optimized model 

for the estimation of longitudinal aerodynamic parameters. 
(2) The statistical analysis of the parameter estimates by 

using the proposed method from both simulated (With 5%, 
10%, and 15% random noise) and real flight data. 

(3) The comparative assessment of the parameter estimates 
with the popular conventional ML method and data-driven 
methods. 

The subsequent units present the description about 
longitudinal dynamics and parameters of the aircraft, GA 
optimized output error method, Parameter estimates, 
comparative assessment with other methods along with 
discussion, and finally the conclusions drawn from the present 
work. 

2. Longitudinal Dynamics and the 

Parameters of the Aircraft 

The longitudinal flight maneuvers are oriented to excite the 
short period pitch oscillation (SPPO) and not the long period 
ones, i.e., Phugoid mode. The estimation of dimensionless 
longitudinal aerodynamic parameters utilizes state equations for 
postulating the linear aerodynamic model [1]. 
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The non-dimensional longitudinal aerodynamic coefficients 
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	  are modelled in terms of longitudinal 
aerodynamic parameters [1, 41]. The objective is to determine 
these aerodynamic parameters. 
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The overall objective of the present work is to estimate the 
parameter vector i.e. Θ. 
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The 
�+,	, 	
�+,	456	
	+,		are the aerodynamic parameters, 
which are effected by the movement of the elevator and hence 
are known as the control parameters. The 

�), 
�*	, 
�)	, 
�*	, 
	)	, 
	*	  are the aerodynamic 

parameters, which are effected by the primary motion variable, 
i.e., the angle of attack. These aerodynamic parameters 
directly affect the stability of the aircraft, and hence known as 
the stability parameters. In addition to these parameters, the 

��	456	
	� 	are also stability parameters, which are affected 
by the pitch rate of the aircraft. 

3. Methodology 

The popular output error method, i.e., the ML method uses 
the general notion of output error method, i.e., minimizing 
response error, and the gradient-based optimization technique 
Gauss-Newton or Levenberg-Marquardt for the iterative 
update of the parameter vector. The gradient-based methods 
require the computation of the first and second gradients of the 
objective function. When the search space is small, and for the 
primary objective function, the gradient-based optimization 
methods result in a globally optimum solution. When a flight 
vehicle with complex system dynamics undergoes a flight 
phase where non-linearity prevails, then the resulting 
objective function is expected to be an intricate one. In such 
circumstances, the parameter estimation through 
gradient-based optimization strategy will experience 
computation difficulties regarding computation of gradients, 
especially second gradients. It will incur high computation 
liability and may even limit the estimation of parameters itself. 

In order to avoid such a situation, there is a requirement of 
optimization strategy, which does not necessitate such a 
computational burden. The genetic algorithm optimization is 
capable of providing an efficient mode of estimating 
aerodynamic parameters. The merits like the capability of 
predicting several optimum solutions rather than a single 
solution, possible scope of improvement in the estimates, and 
non-requirement of computation of gradients and many more, 
establishes this as a useful optimization tool. 

When longitudinal aerodynamic parameters are estimated 
from simulated data, the aerodynamic forces and moment 
coefficients employ equation 5-7 for obtaining their values. 
The stability and control derivatives appearing in the equation 
assume their wind tunnel values. On the contrary, while 
estimating aerodynamic parameters from real flight data, the 
longitudinal aerodynamic force and moment coefficients are 
obtained by using equations 9-13. The response error between 
the measured response and the computed response is 
computed by using equation 14, and the cost function for the 
parameter estimation is given by equation 15. 
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. = F − G              (14) 

G!HB% =	0.5	L∑ .0           (15) 

Where 4'  & 4&  are acceleration along z and x axes 
respectively. m=mass of a/c, ��=dynamic pressure, 		SOPQ  = 
wing reference area, T= Thrust, V = True airspeed, α= Angle 
of Attack= pitch rate, δe= Elevator deflection, R,= Thrust 
from the engine, �	�  = Inclination angle of engines, S ̅  = 
Mean aerodynamic chord of the wing, TU  = Moment of Inertia 
about y –axis, ρ= density of air, 

The methodology is to repeatedly run the GA optimized 
algorithm with the same flight data and initial values. The 
genetic algorithm predicts a new optimum solution at the end 
of every run of the GA optimized algorithm. The proposed 
methodology is made to predict 20 number of optimum 
solutions, and the final value is obtained after statistical 
analysis including, mean value, standard deviation, standard 
error and coefficient of determination (R2). The scatter plots of 

various aerodynamic parameters are made to demonstrate the 
dispersion in the estimates about the mean value. 

4. Longitudinal Parameter Estimation 

4.1. Parameter Estimation by Using Simulated Flight Data 

The longitudinal aerodynamic parameters are estimated by 
using the proposed methodology firstly from simulated flight 
data without noise. The subsequent step is the parameter 
estimation when simulated flight data is intentionally 
contaminated with 5%, 10% and 15% of random noise in 
measurement variable, i.e., the angle of attack. The intention is 
to create practical flight conditions, as the real flight is 
inevitably contaminated with measurement noise in the 
motion variables. The parameter estimates are presented in 
Table 1, the scatter plots of the estimated concerned 
aerodynamic parameters are given in Figure 1. 

Table 1. Longitudinal Parameters of ATTAS aircraft (Simulated data -0% noise). 

Longitudinal Parameters of ATTAS aircraft (Simulated data -0% noise) 

S.No Parameter Noise characteristic OEM with GA Standard deviation (SD) Standard Error R2 

1 CD0 NIL 0.0399 0.0036 0.0008 0.9028 
2 CDα NIL 0.2611 0.0033 0.0007 0.9252 
3 CL0 NIL 0.2354 0.0325 0.0072 0.9124 
4 CLα NIL 5.2500 0.0274 0.0068 0.9358 
5 CLδe NIL 0.2072 0.0014 0.0003 0.8882 
6 Cm0 NIL 0.0803 0.0193 0.0043 0.9411 
7 Cmα NIL -0.8676 0.0028 0.0006 0.8879 
8 Cmδe NIL -0.9879 0.0065 0.0015 0.9078 
9 Cmq NIL 5.8156 0.2298 0.0530 0.7949 

 
Figure 1. Scatter plots of longitudinal aerodynamic parameters – ATTAS aircraft (Simulated-0%). 
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The estimated aerodynamic parameters exhibit appreciable 

consistency and statistical analysis. The standard deviation of 
all aerodynamic parameters ranges between a minimum of 
0.0014 for CLδe to a maximum of 0.2298 for Cmq. The standard 
error ranges from a minimum value of 0.0003 for CLδe to a 
maximum of 0.0530 for Cmq. The coefficient of determination 
(R2) follows a range from the least value of 0.7949 for Cmq to 
highest value of 0.9411 for Cm0. The Cmq is a weak 
longitudinal aerodynamic parameter, which negligibly affects 
the aircraft motion. The inconsistent behavior of Cmq can be 
accredited to probable reasons like Cmq is a weak parameter, 
and hence, it is difficult to estimate by any of the known 
methods of parameter estimation, and the simulated flight data 
might not be appropriate for a more consistent estimate. The 
scatter plots depict the mean value and standard deviation of 
the respective aerodynamic parameter. The scatter plot of 

several aerodynamic parameters also indicate that all the 
optimum estimates exhibit a significantly low dispersion 
about the mean value and lie within 3σ deviation. The scatter 
plots of longitudinal aerodynamic parameters exhibit a 
significantly low dispersion about the mean value. 

The following task is to estimate the longitudinal 
aerodynamic parameters estimates from the simulated flight 
data contaminated with 5%, 10% and 15% noise in the motion 
variable, i.e., the angle of attack. The parameters, which are 
affected by noise in the angle of attack, will be only CDα, CLα, 
and Cmα. The parameter estimates from simulated flight data 
with 5%, 10, and 15% noise are presented in Table 2 - Table 4, 
respectively. The scatter plots of relevant aerodynamic 
parameters, which experience variation due to noise in the 
angle of attack, are presented in Figure 2-Figure 4, 
respectively. 

 
Figure 2. Scatter plots of longitudinal aerodynamic parameters – ATTAS aircraft (Simulated-5%). 

 
Figure 3. Scatter plots of longitudinal aerodynamic parameters – ATTAS aircraft (Simulated-10%). 

 



39 Ambuj Srivastava et al.:  Estimation of Longitudinal Aerodynamic Derivatives Using   
Genetic Algorithm Optimized Method 

Table 2. Longitudinal Parameters of ATTAS aircraft (Simulated data -5% noise). 

Longitudinal Parameters of ATTAS aircraft (Simulated data -5% noise) 

S.No Parameter Noise characteristic OEM with GA Standard deviation (SD) Standard Error R2 

1 CDα 5% in α 0.2645 0.0042 0.0009 0.9067 

2 CLα 5% in α 5.2854 0.0568 0.0127 0.9358 

3 Cmα 5% in α -0.8755 0.0059 0.0013 0.8773 

Table 3. Longitudinal Parameters of ATTAS aircraft (Simulated data -10% noise). 

Longitudinal Parameters of ATTAS aircraft (Simulated data -10% noise) 

S.No Parameter Noise characteristic OEM with GA Standard deviation (SD) Standard Error R2 

1 CDα 10% in α 0.2666 0.0063 0.0014 0.9281 
2 CLα 10% in α 5.4421 0.0776 0.0173 0.9112 
3 Cmα 10% in α -0.8824 0.0073 0.0016 0.8821 

Table 4. Longitudinal Parameters of ATTAS aircraft (Simulated data -15% noise). 

Longitudinal Parameters of ATTAS aircraft (Simulated data -15% noise) 

S.No Parameter Noise characteristic OEM with GA Standard deviation (SD) Standard Error R2 

1 CDα 15% in α 0.2875 0.0053 0.0012 0.9013 
2 CLα 15% in α 5.5100 0.0829 0.0185 0.9043 
3 Cmα 15% in α -0.8398 0.0055 0.0012 0.8792 

 
Figure 4. Scatter plots of longitudinal aerodynamic parameters – ATTAS aircraft (Simulated-15%). 

For 5% random noise in the angle of attack, the standard 
deviation of estimates exists within a minimum of 0.0042 for 
CDα to a maximum of 0.0568 for CLα. The standard error bears 
the similar behavior, i.e., from a minimum of 0.0009 for CDα to 
a maximum of 0.0127 for CLα. The coefficient of 
determination (R2) lies from 0.8773 to 0.9358, which is much 
high to boost confidence in the parameter estimates. The 
parameter estimates with 10% noise in the angle of attack 
show that the standard deviation of estimates exists from a 
minimum of 0.0063 for CDα to a maximum of 0.0776 for CLα. 
The standard error apes the trend, i.e., from a minimum of 
0.0014 for CDα to a maximum of 0.0173 for CLα. The 
coefficient of determination (R2) spans from 0.8821 to 0.9112, 
which is significant for the credibility of the parameter 
estimates. The parameter estimates with 15% noise in the 
angle of attack also display a similar trend, which exists for 
estimates with lower noise. The standard deviation of 

estimates ranges from a minimum of 0.0053 for CDα to a 
maximum of 0.0829 for CLα. The standard error displays a 
minimum of 0.0012 for CDα to a maximum of 0.0185 for CLα. 
The coefficient of determination (R2) ranges from 0.8792 to 
0.9043, which is significant for the credibility of the parameter 
estimates. It is crucial to appreciate that CDα and CLα are robust 
longitudinal aerodynamic parameters, which noticeably 
touches the longitudinal motion of aircraft. The erratic 
behavior of CDα and CLα can be endorsed to the random nature 
of noise in the simulated flight data, which spoiled the proper 
estimation of aerodynamic derivatives by the proposed 
method. 

4.2. Parameter Estimation by Using Real Flight Data 

The proposed methodology could predict parameter 
estimates with robust statistical analysis. The statistical 
analysis has boosted the confidence towards the application of 
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the proposed methodology for parameter estimation from real 
flight data. A comparative assessment of the parameter 
estimates from simulated and real flight data will further 
strengthen the reliability of the proposed methodology. The 
flight test data of ATTAS aircraft for the flight maneuver 
enabling short-period oscillations is available in the database 
of Jategaonkar [1]. The measured value of output variable, i.e., 
non-dimensional aerodynamic force and moment are obtained 
through principles of flight physics expressed in the form of 
analytical equations 9-13. The motion variables and other 

variables, including control surface deflection, are measured 
during the time history response of the aircraft. The estimated 
longitudinal force and moment coefficients are obtained by 
using relevant equations, which describe the motion about the 
longitudinal stability axis in terms of longitudinal 
aerodynamic parameters, i.e., equation 5-7. The longitudinal 
aerodynamic parameters estimates are projected after the 
statistical analysis over 20 optimum solutions. The time 
history plot of motion variables is presented in Figure 5. 

 
Figure 5. Flight test data (Real) of ATTAS aircraft. 

The estimation of longitudinal aerodynamic parameters by 
using real flight data is attempted to provide a sort of 
corroboration to the estimated aerodynamic parameters 
through simulated flight data. The longitudinal parameter 

estimates thus obtained with the flight test data (Real) are 
presented in Table 5, and the scatter plots of the estimated 
concerned aerodynamic parameters are given in Figure 6 

Table 5. Longitudinal Parameters of ATTAS aircraft (Real flight data). 

S.No Parameter OEM with GA Standard deviation (SD) Standard Error R2 

1 CD0 0.0408 0.0036 0.0008 0.9200 
2 CDα 0.2613 0.0033 0.0007 0.9043 
3 CL0 0.2352 0.0323 0.0072 0.9243 
4 CLα 5.2625 0.2744 0.0613 0.9425 
5 CLδe 0.2068 0.0137 0.0031 0.8518 
6 Cm0 0.0809 0.0193 0.0043 0.9691 
7 Cmα -0.8724 0.0281 0.0063 0.9127 
8 Cmδe -0.9821 0.0652 0.0146 0.9298 
9 Cmq 5.8017 0.2372 0.0530 0.6548 

 
The estimated longitudinal aerodynamic parameters display 

generous reliability and proper statistical investigation, even 
when real flight data is used. The scatter plots of 
corresponding aerodynamic parameter too direct to the 
element that all the optimum estimates lie within 3σ deviation. 
The scatter plots demonstrate the mean value and standard 
deviation of the individual aerodynamic parameter. The 
standard deviation of all aerodynamic parameters lies within a 
minimum of 0.0033 for CDα to a maximum of 0.2372 for Cmq. 
The standard error ranges from a minimum value of 0.0007 for 
CDα to a maximum of 0.5304 for Cmq. The coefficient of 

determination (R2) spans between the least value of 0.6548 for 
Cmq to the highest value of 0.9691 for Cm0. The educational 
background states that Cmq is a weak longitudinal 
aerodynamic parameter, which negligibly affects the aircraft 
motion. The erratic behavior of Cmq can be attributed to the 
constraint of any known method, which permits a precise and 
dependable estimate of weak parameters. Moreover, the real 
flight data might not be suitable for a more reliable estimate. 
The scatter plots of longitudinal aerodynamic parameters 
presented in Figure 6 display a considerably low dispersal 
about the mean value. 
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Figure 6. Scatter plots of longitudinal aerodynamic parameters – ATTAS 

aircraft (Real flight data). 

5. Comparative Assessment and 

Discussion 

5.1. Comparison of Longitudinal Aerodynamic Parameters 

by Using Simulated Flight Data Without Noise and Real 

Flight Data 

A comparative assessment of the estimates of longitudinal 
aerodynamic parameters by using the proposed GA optimized 

output error method from real flight data and simulated flight 
data without noise is prepared. The primary purpose is to 
assess the GA optimized output error method for the 
longitudinal aerodynamic parameter estimation. Table 5.21 
present the comparison of longitudinal aerodynamic 
parameters for the ATTAS aircraft considered in present work. 

Table 6. Comparison of Longitudinal Parameters of ATTAS aircraft (Real 

flight data and simulated flight data). 

Longitudinal aerodynamic parameters- ATTAS aircraft 

S.No Parameter 
OEM with GA 

-Real flight data 

OEM with GA -Simulated 

flight data W/o noise 

1 CD0 0.0408 0.0399 
2 CDα 0.2613 0.2611 
3 CL0 0.2352 0.2354 
4 CLα 5.2625 5.2500 
5 CLδe 0.2068 0.2072 
6 Cm0 0.0809 0.0803 
7 Cmα -0.8724 -0.8676 
8 Cmδe -0.9821 -0.9879 
9 Cmq 5.8017 5.8156 

The evaluation of longitudinal aerodynamic parameters 
estimated by using proposed GA optimized output error 
method from real flight data and simulated flight data is 
envisioned to perceive the outcome of using noisy data and 
different models for obtaining a measured value of output 
variables, i.e., non-dimensional force and moment coefficients. 
This assessment permits to check the competence of the 
proposed GA optimized output error method towards the 
management of different models for real flight test data and 
simulated flight data. The estimates of all aerodynamic 
parameters by using real flight data are observed to be in 
decent agreement with the estimates obtained from simulated 
flight data. The evaluation of the parameter estimates clues 
that the proposed methodology can commendably handle both 
real flight data and simulated flight data for parameter 
estimation. The later phase involves the validation of the 
proposed methodology when simulated flight data is 
contaminated with random noise. The aim is to assess whether 
the proposed methodology can effectively handle 
measurement noise or not. As mentioned earlier that random 
nose of 5%, 10%, and 15% is introduced only to the angle of 
attack so, the comparison of estimated stability and control 
derivatives, which are affected by the noise in the angle of 
attack, will additionally validate the ability of the proposed 
methodology. The stability and control derivatives affected by 
the noise in the angle of attack are CDα, CLα, and Cmα. Table 7 
presents the comparison of affected longitudinal aerodynamic 
parameters for the ATTAS aircraft. 

Table 7. Comparison of longitudinal parameters of ATTAS aircraft. 

Comparison of longitudinal aerodynamic parameters – ATTAS aircraft 

S.No Parameter 
Real Flight data Simulated Flight data 

OEM with GA OEM with GA (W/o noise) OEM with GA (5%) OEM with GA (10%) OEM with GA (15%) 

1 CDα 0.2613 0.261068 0.26452 0.26656 0.28753 
2 CLα 5.2625 5.25 5.2854 5.4421 5.51 
3 Cmα -0.8724 -0.8676 -0.8755 -0.8824 -0.83981 
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The three stability and control derivatives exhibit slight 
variation from their counterpart estimated from without noise, 
but no specific trend is observed. The aerodynamic derivatives 
affected by noise in the angle of attack, strongly influence the 
longitudinal motion of aircraft. The evaluation tells that the 
proposed methodology of GA optimized output error method 
can predict the longitudinal aerodynamic parameters with 
decent consistency and precision from noisy flight data also. 
The respectable consistency in the estimates is due to the 
robustness of the proposed methodology such that it alleviates 
the effect of random noise. The nature of the noise is random, 
so noise level up to 15% could produce only minor addition 
for some estimates and a slight decrease for other estimates. 
However, there is no large slip in the values of estimates, when 
compared to estimates without noise. 

5.2. Comparison of Longitudinal Aerodynamic Parameters 

with Estimates Obtained from Other Methods 

As mentioned earlier, in present work, longitudinal 
aerodynamic parameters are estimated by using the proposed 
GA optimized output error method. The parameters are also 
estimated by using other existing methods such as the 
Maximum Likelihood (ML) method, the data-driven methods, 
i.e., Delta method [16, 17] and GPR-Delta [40] method. The 
parameters are estimated from both simulated data (Without 
and with random noise) and real flight data. The current unit 
will add an evaluation of parameter estimates achieved by the 
proposed GA optimized output error method and by other 
methods stated above. The other existing methods of 
parameter estimation deliberated in the present work use the 
same flight data both simulated (without and with noise) and 
as well as real flight data. The ML method uses the same 

mathematical models for simulated and real flight data, which 
are used by the proposed method, i.e., equation 5-7 for 
simulated data and equation 9-13 for real flight data. The ML 
method uses two gradient-based optimization technique, i.e., 
Gauss-Newton and Levenberg-Marquardt. The black box 
model is used by data-driven methods, i.e., the Delta method 
[16, 17] and GPR-Delta [40]. A black-box model is created by 
training the network with input/output dataset. A well-trained 
black-box model, definition of stability and control derivative 
and the numerical perturbation of dimensionless force and 
moment coefficients are used for the parameter estimation. 
The equations defining the stability and control derivative 
with numerical perturbation is given at 16-18. 


�* = 
<V�W	?	V�XA

0Y*              (16) 


9* = 
<V	W	?	V	XA

0Y*             (17) 


�* = 
<V�W	?	V�XA

0Y*             (18) 

The overall target is to demonstrate the capability of the 
proposed method in terms of accuracy and consistency related 
to other existing approaches for the parameter estimation. The 
approach includes comparing the estimates of all methods 
from simulated flight data (without and with random noise) 
and subsequently real flight data. The simulated flight data is 
contaminated with 5%, 10%, and 15% of random noise. The 
comparative assessment of all longitudinal aerodynamic 
parameters by all methods mentioned earlier from simulated 
flight data (Without and with random noise) is presented in 
Tables 8-11. 

5.2.1. Comparison of Longitudinal Aerodynamic Parameters for ATTAS Aircraft (Simulated Flight Data) 

Table 8. Comparison of longitudinal parameters of ATTAS aircraft (Simulated – 0%). 

S.No Para 
MLE (Gauss 

Newton) 

Standard 

deviation 

(SD) 

MLE 

(Levenberg 

Marquardt) 

Standard 

deviation 

(SD) 

ANN-delta GPR-delta 
OEM 

with GA 

Standard 

deviation (SD) 

Standard 

Error 
R2 

1 CD0 0.039972 1.38E-04 0.039972 1.38E-04 ---- ---- 0.0399 0.0036 0.0008 0.9028 

2 CDα 0.26091 3.37E-03 0.26091 3.37E-03 0.260389 0.26914 0.2611 0.0033 0.0007 0.9252 

3 CL0 0.2359 3.40E-04 0.2359 3.40E-04 ---- ---- 0.2354 0.0325 0.0072 0.9124 

4 CLα 5.28 8.47E-03 5.28 8.47E-03 5.855 5.159 5.2500 0.0274 0.0068 0.9358 

5 CLδe 0.2078 2.02E-01 0.2078 2.02E-01 0.20691 0.20247 0.2072 0.0014 0.0003 0.8882 

6 Cm0 0.08024 1.07E-03 0.08024 1.07E-03 ---- ---- 0.0803 0.0193 0.0043 0.9411 

7 Cmα -0.8771 1.23E-02 -0.8771 1.23E-02 -0.87631 -0.87465 -0.8676 0.0028 0.0006 0.8879 

8 Cmδe -0.981 2.33E-02 -0.981 2.33E-02 -0.11 -0.98892 -0.9879 0.0065 0.0015 0.9078 

9 Cmq -5.8123 -5.83E+00 -5.8123 -5.83E+00 ---- ---- 5.8156 0.2298 0.0530 0.7949 

Table 9. Comparison of longitudinal parameters of ATTAS aircraft (Simulated – 5%). 

S.No Para 
MLE (Gauss 

Newton) 

Standard 

deviation 

(SD) 

MLE 

(Levenberg 

Marquardt) 

Standard 

deviation 

(SD) 

ANN-delt

a 

GPR-delt

a 

OEM with 

GA 

Standard 

deviation 

(SD) 

Standard 

Error 
R2 

1 CDα 0.26097 3.32E-03 0.2610 3.32E-03 0.2663 0.2691 0.2645 0.0042 0.0009 0.9067 

2 CLα 5.282 8.48E-03 5.282 8.48E-03 5.3025 5.5642 5.2854 0.0568 0.0127 0.9358 

3 Cmα -0.8762 1.22E-02 -0.8762 1.22E-02 -0.8761 -0.8776 -0.8755 0.0059 0.0013 0.8773 
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Table 10. Comparison of longitudinal parameters of ATTAS aircraft (Simulated – 10%). 

S.No Para 

MLE 

(Gauss 

Newton) 

Standard 

deviation 

(SD) 

MLE 

(Levenberg 

Marquardt) 

Standard 

deviation 

(SD) 

ANN-delt

a 
GPR-delta 

OEM 

with GA 

Standard 

deviation 

(SD) 

Standard 

Error 
R2 

1 CDα 0.26093 2.85E-03 0.26093 2.85E-03 0.26424 0.26052 0.2666 0.0063 0.0014 0.9281 

2 CLα 5.2798 8.08E-03 5.2798 8.08E-03 5.446 5.47 5.4421 0.0776 0.0173 0.9112 

3 Cmα -0.87613 1.18E-02 -0.87613 1.18E-02 -0.85832 -0.88123 -0.8824 0.0073 0.0016 0.8821 

Table 11. Comparison of longitudinal parameters of ATTAS aircraft (Simulated – 15%). 

S.No Para 

MLE 

(Gauss 

Newton) 

Standard 

deviation 

(SD) 

MLE 

(Levenberg 

Marquardt) 

Standard 

deviation 

(SD) 

ANN-delta GPR-delta 
OEM 

with GA 

Standard 

deviation 

(SD) 

Standard 

Error 
R2 

1 CDα 0.260924 3.14E-03 0.260924 3.14E-03 0.25273 0.27 0.2875 0.0053 0.0012 0.9013 

2 CLα 5.2833 9.13E-03 5.2833 9.13E-03 5.2925 5.704 5.5100 0.0829 0.0185 0.9043 

3 Cmα -0.87642 1.19E-02 -0.87642 1.19E-02 -0.8223 -0.82385 -0.8398 0.0055 0.0012 0.8792 

 
The longitudinal aerodynamic parameters obtained from 

simulated flight data without noise exhibits that almost all 
aerodynamic parameters estimated by the proposed 
methodology are in rationally good agreement with the 
estimates from the ML method and other methods. The 
aerodynamic derivatives which are directly affected by the 
variation in motion and control variable are CDα, CLα, Cmα, CLδe, 
and Cmδe, and are known as strong aerodynamic derivatives. 
The magnitude of all strong aerodynamic derivatives, i.e., 
which greatly influence the longitudinal motion of the aircraft 
match well for all the methodologies including the proposed 
methodology. The reason for the consistent and well matching 
estimates exhibit the capability of the proposed methodology 
compared to other routines. The insignificant variation in the 
estimates can be accredited to the trivial constraint of the 
proposed method. Moreover, the simulated flight data might 
not be appropriate empowering improved parameter estimates. 
The underlying philosophy of data-driven methods is using 
numerical perturbation in motion and control variable for the 

parameter estimation so, the aerodynamic parameters viz. CD0, 
CL0 & Cm0 are not estimated by Delta method [16, 17] and 
GPR-Delta [40] method. The estimates of longitudinal 
aerodynamic parameters affected by the presence of random 
noise (5%, 10% & 15%) in the angle of attack too continue to 
be in fair agreement with the estimates from ML method and 
other data-driven methods. 

5.2.2. Comparison of Longitudinal Aerodynamic 

Parameters for ATTAS Aircraft (Real Flight Data) 

As mentioned earlier, that same real flight data is employed 
by other methods for parameter estimation, which was utilized 
by the proposed GA optimized output error method. Table 12 
presents the comparison of longitudinal aerodynamic 
parameters for ATTAS aircraft considered in present work. 
The comparative assessment of aerodynamic parameters aims 
to establish that the proposed method can adequately handle 
the real flight data for parameter estimation similarly as all 
other renowned methods handle. 

Table 12. Comparison of longitudinal parameters of ATTAS aircraft (Real flight data). 

S.No Para 

MLE 

(Gauss 

Newton) 

Standard 

deviation 

(SD) 

MLE 

(Levenberg 

Marquardt) 

Standard 

deviation 

(SD) 

ANN-delt

a 

GPR-delt

a 

OEM 

with GA 

Standard 

deviation 

(SD) 

Standard 

Error 
R2 

1 CD0 0.03995 1.36E-04 0.03995 1.36E-04 ---- ---- 0.0408 0.0036 0.0008 0.9200 
2 CDα 0.26097 3.37E-03 0.26097 3.37E-03 0.260389 0.26914 0.2613 0.0033 0.0007 0.9043 
3 CL0 0.2354 3.40E-04 0.2354 3.40E-04 ---- ---- 0.2352 0.0323 0.0072 0.9243 
4 CLα 5.225 8.42E-03 5.225 8.42E-03 5.855 5.159 5.2625 0.0274 0.0613 0.9425 
5 CLδe 0.2072 2.07E-01 0.2072 2.07E-01 0.20691 0.20247 0.2068 0.0137 0.0031 0.8518 
6 Cm0 0.08032 1.07E-03 0.08032 1.07E-03 ---- ---- 0.0809 0.0193 0.0043 0.9691 
7 Cmα -0.8776 1.29E-02 -0.8776 1.29E-02 -0.87631 -0.8747 -0.8724 0.0281 0.0063 0.9127 
8 Cmδe -0.984 2.34E-02 -0.984 2.34E-02 -0.11 -0.9889 -0.9821 0.0652 0.0146 0.9298 
9 Cmq -5.8198 -5.82E+00 -5.8198 -5.82E+00 ---- ---- 5.8017 0.2372 0.5304 0.6548 

 
The longitudinal aerodynamic parameters as obtained from 

real flight data evidence that, the estimates made with real flight 
data exists in decent agreement with the estimates from the ML 
method and other methods. The aerodynamic derivatives which 
are affected by the change in motion and control variable are 
found to be in respectable agreement with the estimates from 
other methodologies. The reliable and matching estimates 
reveal the capability of the projected procedure for the 
determination of aerodynamic derivatives. The quality of flight 

data is another crucial factor for the excellence of estimates by 
any methodology. The ML method uses the gradient-based 
optimization strategy for parameter vector update. The success 
of any gradient-based optimization strategy relies on the quality 
of the computed first and second gradients. The data-driven 
methods entirely depend upon the training of the network for 
the quality of the estimates. A well-trained network is the 
outcome of optimally selected network training parameters like 
learning rate, momentum term, and the number of neurons, etc. 
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The success of the genetic algorithm depends on the quality of 
search space, proper selection of tuning parameters like 
cross-over fraction, the crossover point and quantum of 
mutation, etc. The minor deviation in the parameter estimates is 
due to the different functioning of various methodologies. It is 
imperative to mention again that the data-driven methods 
employ numerical perturbation in the motion and control 
variable and the definition of stability and control derivative for 
parameter estimation. Therefore some of the aerodynamic 
parameters such as CD0, CL0 & Cm0 are not estimated by both 
data-driven methods. 

6. Conclusions 

In the present work, the genetic algorithm optimized output 
error method is employed for the estimation of the 
longitudinal aerodynamic parameters of the aircraft. The 
proposed method is applied on simulated flight data (Without 
noise and with random noise) and real flight data. The real 
flight data of ATTAS aircraft is obtained from open access 
source. The selected flight data corresponds to the flight 
maneuver executed for the excitation of the longitudinal 
modes of the aircraft. The corresponding measured motion 
and control variables along with derived aerodynamic force 

and moments were separated as the valuable input-output data. 
The aerodynamic parameters were estimated along with their 
statistical analysis for an enhanced understanding of the 
parameter estimates. The longitudinal aerodynamic 
parameters were compared with the parameter estimates 
obtained from the Maximum-Likelihood method, Delta 
method [16, 17] and GPR-Delta [40] method. The estimated 
parameters obtained by using the proposed GA optimized 
output error method were observed to be in decent agreement 
with the estimates obtained from other existing methods. The 
estimates exhibited a small magnitude of standard deviation 
and hence small magnitude of the standard error. The 
parameter estimates have shown a high value of the coefficient 
of determination (R2), which enables the boosting of 
confidence on the parameter estimates. 

The estimated longitudinal aerodynamic parameters 
evidence that the GA optimized output error method can be a 
potentially viable methodology for the aerodynamic 
parameter estimation using flight data. The proposed 
methodology can be further applied to other problems of 
parameter estimation viz. lateral-directional parameter 
estimation, longitudinal parameter estimation at a high angle 
of attack, real-time monitoring, and estimation of 
aerodynamic parameters, and many more similar applications. 

Nomenclature 

The Following symbols are used in this paper: 

4Z  Acceleration along the X axis 
4[  Acceleration along the Z axis 
b Full wingspan, m 

�)  Dimensionless lift coefficient at zero angle of attack 

�)  Dimensionless drag coefficient at zero angle of attack 

	)  Dimensionless pitching moment coefficient at zero angle of attack 

�*  Dimensionless slope of drag coefficient Vs. angle of attack 

�*  Dimensionless slope of lift Vs. angle of attack curve 

��	  Variation of dimensionless lift coefficient with pitch rate 

	*  Dimensionless slope of moment coefficient Vs. angle of attack curve 

�+,  Dimensionless slope of lift coefficient Vs. elevator deflection curve 

	+,  Dimensionless slope of moment coefficient Vs. elevator deflection curve 

	�	  Variation of dimensionless moment coefficient with pitch rate 

Z  Non-dimensional force in X- axis (Force acting forward is + ve) 

[  Non-dimensional force in Z - axis (Force acting downwards is +ve) 
q�   Dynamic pressure, N/m2 
Sref Reference wing area, m2 
T Twin engine thrust, N 
V True airspeed, m/s 
m Mass of aircraft, Kg 
Y Estimated value of the response variable 
G!HB%  Cost function for minimization 
Z Measured value of the response variable 
e Response error between measured and estimated response variable 
γ Flight path angle 
α Angle of attack, deg 
Φ Ground effect factor 
ϴ Pitch angle, deg 
δe Elevator deflection angle, deg 
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