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Abstract 

This paper presents the estimation of Low Order Equivalent System (LOES) parameters for the longitudinal short-period mode 

of a fighter aircraft, using high-fidelity nonlinear simulation data of the F-16. The complex flight dynamics of such aircraft, 

effectively a High Order System (HOS) due to the presence of flight controls and component dynamics, require simplified 

equivalent systems for evaluating flying qualities against military standards. This study focuses on estimating LOES short period 

parameters using nonlinear flight simulation data under extreme flight conditions defined by high angles of attack up to 30 

degrees. LOES parameters were identified through a hybrid approach combining time-domain regression and frequency-domain 

parameter estimation using a Maximum Likelihood Estimation (MLE) algorithm, resulting accurate identifications characterized 

by low standard deviations. Model validation confirms that LOES output closely matches HOS nonlinear data using inputs in 

the time domain, with a coefficient of determination R2 metric above 77% and fit error below 0.2. Additionally, the LOES model 

effectively represents nonlinear system responses in the frequency domain, yielding relatively low MIL cost and maintaining 

mismatch errors within the Maximum Unnoticeable Added Dynamics (MUAD) boundary. 
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1. Introduction 

High-maneuverability fighter aircraft represent complex 

high-order systems (HOS), primarily due to the integration of 

digital fly-by-wire (FBW) flight control systems. These sys-

tems, which include control laws, artificial feel systems, sen-

sor dynamics, filters, and actuator dynamics, are essential for 

achieving optimal performance and precise control across a 

wide range of flight conditions, supported by real-time com-

putations via robust flight control computers [1]. 

Historically, flying qualities criteria and military specifica-

tions, such as MIL-STD-1797A [2], were developed based on 

data from unaugmented aircraft exhibiting classical dynamic 

responses. In longitudinal dynamics, these responses are typi-

cally described by two principal modes: the phugoid (long-

period) and the short-period mode. To bridge the gap between 

these classical models and the complex behavior of aug-
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mented aircraft, the concept of a Low Order Equivalent Sys-

tem (LOES) was introduced [2]. This allows for the applica-

tion of established flying qualities metrics to modern, highly 

augmented aircraft designs. 

Numerous flight test research programs [1, 3, 4] have 

demonstrated the effectiveness of LOES in correlating pilot-

perceived flying and handling qualities with the dynamic re-

sponses of augmented aircraft, despite their inherent high-or-

der and nonlinear characteristics. Beyond this, LOES model-

ing plays a key role in validating linear control law designs 

and serves as a simplified reference model for simulation and 

control synthesis within defined flight envelopes [1]. Recent 

studies have further demonstrated LOES applications in rapid 

flying qualities evaluation [5] and robust control law design 

under handling quality constraints [6]. LOES has also been 

used to define desired dynamics and evaluate control systems 

for supersonic trainers [7] and during gun-firing transients [8], 

reinforcing its value as a practical engineering tool in high-

demand flight control environments. 

However, the operational envelope of modern fighter aircraft 

is continually pushed towards extreme flight conditions, partic-

ularly at high angles of attack, where strong aerodynamic non-

linearities emerge. Several studies have investigated aerody-

namic parameter estimation in these regimes. For example, Ku-

mar and Ghosh [9] modeled nonlinear longitudinal aerodynam-

ics of the Hansa-3 aircraft near stall, while others focused on the 

HARV [10] with angle of attack (AoA) up to 50°, and the X-31 

[11] up to 70°. More recently, advanced techniques such as neu-

ral networks have been employed for aerodynamic parameter 

estimations at high AoA [12, 13]. 

While these studies have advanced aerodynamic parameter 

estimation at high AoA, they have not specifically focused on 

identifying LOES parameters for the short-period mode. This 

simplification is crucial for evaluating flying/handling quali-

ties and validating control law designs under military stand-

ards, particularly in high-AoA conditions where nonlinear ef-

fects dominate. 

This study focuses on identifying LOES parameters for the 

longitudinal short-period mode of a fighter aircraft operating 

under extreme flight conditions characterized by high AoA, 

using nonlinear flight simulation data. To address the com-

plexities of this regime, a hybrid identification framework is 

implemented, extending traditional time-domain regression 

and frequency-domain Maximum Likelihood Estimation. This 

methodology incorporates the Golden Section Search and 

Simplex algorithms to refine the frequency-domain parameter 

estimation, ensuring robust convergence despite the high de-

gree of aerodynamic nonlinearity. The resulting LOES models 

are validated through time-domain analysis by quantifying re-

sponse discrepancies, and through frequency-domain analysis 

by comparing mismatches against Maximum Unnoticeable 

Added Dynamics (MUAD) tolerance envelopes. This inte-

grated approach is essential for assessing flying/handling 

qualities and evaluating control law designs under extreme 

conditions. 

2. Setup and Methodology 

The estimation of short period LOES parameters is based 

on nonlinear flight data, which can be obtained from either 

actual flight tests or high-fidelity simulation tests. The estima-

tion process involves multiple stages, starting with data trans-

formation and frequency response analysis, followed by pa-

rameter estimation using optimization techniques. The overall 

methodology for LOES parameter estimation is outlined in the 

following workflow diagram shown in Figure 1. 

 
Figure 1. Overall process for LOES estimation. 

2.1. Data Transformation Method 

Selected input-output (I/O) which is elevator command 

(𝛿𝑒𝑐𝑚𝑑
) and pitch rate (𝑞) respectively is first detrended to re-

move any bias & linear trends. The noisy part of pitch rate is 
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also reduced using low-pass filter. The data is then segmented 

using a Hanning window with 80% overlap as suggested by 

Tischler and Remple [14] to smooth out edges and minimize 

distortions. After that, the Power Spectral Density (PSD) and 

Cross-Spectral Density (CSD) are computed to characterize 

the spectral properties. The PSD describes the power distribu-

tion of the input and output signals over frequency, while the 

CSD captures their frequency-domain relationship. These es-

timates are then smoothed using the Welch method, which di-

vides the data into overlapping segments, applies the Fast Fou-

rier Transform (FFT) to each segment, and averages the results. 

From the smoothed spectral estimates, the system's frequency 

response is derived by taking the ratio of the CSD to the input 

PSD. Additionally, the coherence function is calculated to as-

sess the linearity of the input-output relationship. A coherence 

value close to 1 indicates a strong linear relationship, whereas 

lower values suggest the presence of noise or nonlinear effects. 

A coherence value above 0.6 in a stable frequency region is 

considered a reliable indicator of a well-estimated frequency 

response [14]. The initial frequency range of interest for 

LOES short period estimation is from 0.5–10 rad/s. 

2.2. LOES Parameter Estimation Algorithm 

For the short period mode, the closed-loop response of the 

pitch rate (𝑞) to the elevator deflection command (δecmd) is 

modeled in the form of a transfer function as [2]: 

𝑞(𝑠)

𝛿𝑒𝑐𝑚𝑑(𝑠)
=

𝐾𝑞(𝑠+𝐿𝛼) 𝑒−𝜏 𝑠

𝑠2+2 𝜁𝑠𝑝𝜔𝑛𝑠𝑝  𝑠+ 𝜔𝑛𝑠𝑝
2            (1) 

where 𝐾𝑞  is the equivalent gain for the pitch rate, 𝐿𝛼 is the 

gradient (slope) of the lift curve, 𝜏 is the equivalent time de-

lay (in seconds), 𝜁𝑠𝑝 is the equivalent short period damping 

ratio, and 𝜔𝑛𝑠𝑝
  is the equivalent short period natural fre-

quency (in rad/s). 

To estimate these five LOES parameters 

(𝐿𝛼 , 𝐾𝑞 , 𝜁𝑠𝑝 , 𝜔𝑛𝑠𝑝
, 𝜏), this study proposes a hybrid identifica-

tion approach, combining time-domain and frequency-domain 

methods to enhance robustness under high-AoA flight condi-

tions. First, the 𝐿𝛼 parameter is estimated separately using a 

time-domain relationship involving 𝑛𝑧 𝛼⁄ , which is the ratio 

of normal acceleration to the angle of attack. As formulated in 

Equation (2), 𝐿𝛼 is computed from: 

𝐿𝛼 =
𝑛𝑧

𝛼
×

𝑔

𝑉𝑇𝐴𝑆
                 (2) 

This relationship is adapted from the method used in F-

16XL flight test research by Stachowiak and Bosworth [4] 

where 𝐿𝛼 was determined from flight test data prior to full 

system identification. In this study, the 𝑛𝑧 𝛼⁄   value is ob-

tained from the average slope of the 𝑛𝑧 versus α graph in the 

low-frequency region of the data, while the 𝑉𝑇𝐴𝑆  speed is 

taken from the trim condition at the beginning of the input. 

The remaining four parameters, denoted 𝜃̂ =

[𝐾𝑞 , 𝜁𝑠𝑝 , 𝜔𝑛𝑠𝑝
, 𝜏]  are estimated using a frequency-domain 

Maximum Likelihood Estimation (MLE) method applied to 

the nonlinear simulation data representing the high-order sys-

tem (HOS). This hybrid approach is motivated by the different 

sensitivities and estimation strengths of each domain: the 

static gain 𝐿𝛼 is more accurately captured in the time domain 

using direct signal ratios, particularly at high-AoA where tra-

ditional frequency-based gain estimation may become less re-

liable. In contrast, dynamic parameters such as damping ratio, 

natural frequency, and time delay are better extracted in the 

frequency domain, where spectral methods naturally suppress 

noise and highlight the dominant system dynamics [14, 16]. 

In the frequency-domain MLE framework, the residual be-

tween the measured and modeled frequency responses is used 

to estimate an output noise covariance matrix 𝑅, which is in-

corporated into the cost function. The objective is to minimize 

the determinant of 𝑅, as expressed in Equation (4), thereby 

reducing the variance of the frequency-domain residuals and 

improving estimation robustness. Parameter optimization is 

performed using the Gauss-Newton iterative algorithm, with 

initial values set based on prior knowledge and constrained by 

upper and lower bounds to ensure stability and realistic esti-

mates as provided in Table 1. 

𝑅 =
1

𝑁
∑ [𝑧𝑘 − 𝑦𝑘][𝑧𝑘 − 𝑦𝑘]𝑇𝑁

𝑘=1         (3) 

𝐽(𝜃) = det(𝑅)              (4) 

Table 1. Upper/lower bounds for LOES parameter. 

Parameter Lower Bound Upper Bound 

 𝐾𝑞  -1000 1000 

𝜁𝑠𝑝  0.01 3.00 

𝜔𝑛𝑠𝑝
  0.1 30 

𝜏  0 1 

To improve convergence, the Golden Section Search 

method is used to refine initial parameter values before apply-

ing the Gauss-Newton algorithm, which struggles with poor 

convergence when starting values are far from optimal. The 

iteration process is stopped when one of the following conver-

gence criteria is achieved [15]: 

|(𝜃𝑗̂)
𝑘

− (𝜃𝑗̂)
𝑘−1

 | < 1.0 × 10−5 ∀𝑗, 𝑗 = 1,2, … , 𝑛𝑝  (5) 

|(
𝜕𝐽(𝜃)

𝜕𝜃𝑗
)

𝜃=𝜃̂𝑘

 | < 5.0 × 10−2 ∀𝑗, 𝑗 = 1,2, … , 𝑛𝑝  (6) 
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| 
𝐽(𝜃̂𝑘)−𝐽(𝜃̂𝑘−1)

𝐽(𝜃̂𝑘−1)
 | < 0.001            (7) 

If the Gauss-Newton algorithm fails to converge within the 

maximum iterations, the Nelder-Mead Simplex method is 

used as an alternative to optimize parameter values. The 

flowchart diagram below illustrates the estimation algorithm. 

 
Figure 2. LOES parameter estimation algorithm. 

2.3. Model Validation Method 

Model validation involves several methods, including sta-

tistical accuracy, residual analysis, and model’s predictive ca-

pability. The statistical accuracy of the estimated parameters 

is quantified using the standard deviation (𝜎𝜃), which is de-

rived from the Fisher information matrix during the fre-

quency-domain estimation process. In the time domain, stand-

ard deviations are obtained through regression analysis. Re-

sidual analysis is conducted in both the time and frequency 

domains to assess how well the model captures system behav-

ior. In the time domain, common metrics include the fit error 

(FE) and the coefficient of determination (𝑅2) [16]. The fit 

error in Equation (8), reflects the mean squared error across 

the data set, while 𝑅2, defined in Equation (9) and (10), indi-

cates the proportion of variance in the measured output that is 

explained by the model. A perfect fit model is characterized 

by an FE of 0 and an 𝑅2 of 1. 

𝐹𝐸 = √
1

𝑁
∑ (𝑧𝑖(𝑡𝑘) − 𝑦𝑖(𝑡𝑘))

2𝑁
𝑘=1  𝑖 = 1,2, . . 𝑛   (8) 

𝑅2 =
𝑆𝑆𝑅

𝑆𝑆𝑇
= 1 −

𝑆𝑆𝐸

𝑆𝑆𝑇
               (9) 

𝑆𝑆𝑇  = ∑ (𝑧𝑖 −  𝑧)̅2𝑁
𝑖=1 , 𝑆𝑆𝐸 = ∑ (𝑧𝑖 −  𝑦̂𝑖)

2𝑁
𝑖=1 , 𝑆𝑆𝑅  = ∑ (𝑦̂𝑖 − 𝑧̅)2𝑁

𝑖=1                    (10) 

In the frequency domain, model validation is performed us-

ing the LOES short period cost function, as defined in MIL-

STD-1797A and expressed by the Equation (11) [2]. This mil-

itary standard also introduces the concept of a boundary enve-

lope known as Maximum Unnoticeable Added Dynamics 

(MUAD) as depicted in Figure 3 [18], within which gain and 

phase errors are assessed. If the model’s error plots remain in-

side this envelope, the LOES model is considered sufficiently 

accurate in replicating the high-order system (HOS) response 

and is thus acceptable for flying qualities evaluation [17]. 

𝑀𝐼𝐿 𝑐𝑜𝑠𝑡 =
20

𝑛
∑ [(𝑔𝑎𝑖𝑛𝑑𝑎𝑡𝑎 − 𝑔𝑎𝑖𝑛𝐿𝑂𝐸𝑆)2 +  0.02(𝑝ℎ𝑎𝑠𝑒𝑑𝑎𝑡𝑎 − 𝑝ℎ𝑎𝑠𝑒𝐿𝑂𝐸𝑆)2]𝑛

𝑗=1            (11) 
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Figure 3. MUAD envelope for LOES short period in terms of gain and phase boundaries. 

The final validation approach is the model’s predictive ca-

pability or proof of match (POM). This method evaluates how 

well the identified model replicates the system’s actual time-

domain response when subjected to identical control inputs. 

The predictive performance is quantified using fit error (FE) 

and the coefficient of determination (𝑅2). 

2.4. Flight Simulation Data 

In this study, the nonlinear flight simulation data was ob-

tained from F-16 MATLAB/Simulink model developed by 

Russell [19] with high-fidelity aerodynamics data [20] the 

simulation operates at a high sampling rate which is 120 Hz, 

replicating real flight data. The flight simulation is performed 

under two cases of extreme flight conditions characterized by 

high AoA (𝛼) as provided in Table 2. 

Table 2. Extreme flight condition cases. 

Case Altitude, h [ft] Mach [-] 𝑽𝑻𝑨𝑺 [knot] AoA, [deg] 

1 20000 0.24 145 25.3 

2 20000 0.21 131 30.0 

 

 
Figure 4. F-16 Simulink nonlinear model. 

To excite the short period dynamics, a 3211 elevator com-

mand input ( 𝛿𝑒𝑐𝑚𝑑
 ) is applied. To emulate realistic flight 

measurement conditions, random Gaussian noise is added to 

the output signals: pitch rate (𝑞), normal acceleration (𝑛𝑧), and 
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angle of attack (𝛼). The noise amplitude is tuned to ensure an 

acceptable signal-to-noise ratio (SNR) exceeding 10, as rec-

ommended by Morelli [15]. The nonlinear simulation data 

used in this study is illustrated in the figure below. 

 
Figure 5. Nonlinear flight simulation data on both Case 1 & 2. 

3. Results and Discussion 

This section presents the results and discussion of the LOES 

parameter estimation. The analysis begins with the frequency 

response and coherence function derived from filtered I/O 

flight data from both flight condition cases, as shown in the 

figure below. As observed in Figure 6, the coherence values 

are consistently above the accepted threshold of 0.6 within the 

frequency range of approximately 0.5 rad/s to 6 rad/s. This 

level of coherence suggests that, within this band, the simula-

tion data exhibits a sufficiently linear relationship suitable for 

reliable frequency-domain system identification techniques. 

However, for frequencies exceeding approximately 6 rad/s (up 

to 10 rad/s), a noticeable degradation in coherence is evident 

for both cases. This decrease is attributed to the increased rel-

ative influence of the additive white noise at these higher fre-

quencies. Based on this analysis, the frequency range of inter-

est for the subsequent LOES parameter estimation was nar-

rowed and defined between 0.5 rad/s and 6 rad/s. 

 
Figure 6. Frequency response of simulation data on both Case 1 & 2. Red dashed-line indicates the coherence threshold of 0.6. 

Subsequently, the estimation of 𝐿𝛼 from time-domain data 

is carried out. The relevant data used (𝑛𝑧 and 𝛼) are passed 

through necessary filtering to reduce the effect of noise. After 

getting the slope of 𝑛𝑧 𝛼⁄  through regression, the 𝐿𝛼 is ob-

tained using Equation (2). The standard deviation of 𝐿𝛼  is 

calculated through error propagation from standard deviation 
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of 𝑛𝑧 𝛼⁄  slope using same equation. The results are summa-

rized in the following table and figure. The 𝐿𝛼  estimate 

demonstrates good predictive quality, evidenced by a low 

standard deviation. 

Table 3. Result of 𝐿𝛼  Estimation. 

Case 𝒏𝒛 𝜶⁄ ±  𝝈 [g/rad] 𝑳𝜶 ± 𝝈 [1/s] 

1 1.4530 ± 0.0123 0.1911 ± 0.0016 

2 1.3003 ± 0.0077 0.1885 ± 0.0011 

 
Figure 7. Slope of 𝑛𝑧 𝛼⁄  from nonlinear simulation data. 

Using the previously determined 𝐿𝛼 , the remaining four 

LOES parameters: 𝐾𝑞 , 𝜁𝑠𝑝 , 𝜔𝑛𝑠𝑝
, 𝜏  were estimated by fitting 

to the HOS frequency response data. The results of this pa-

rameter estimation for both cases, including their respective 

standard deviations (𝜎), are summarized in Table 4. These pa-

rameters were then used to construct the LOES transfer func-

tion models, provided in Equation (12) and (13). The fre-

quency response of the resulting LOES model is then com-

pared to that of the nonlinear HOS data, as illustrated in Figure 

8. The minimized MIL cost function values are approximately 

25.02 for Case 1 and 6.82 for Case 2, both of which are con-

sidered relatively low. 

Table 4. Result of 𝐿𝛼  Estimation. 

Parameters 

Values + 𝝈 

Case 1 Case 2 

𝐿𝛼  0.1911 ± 0.0016 0.1885 ± 0.0011 

𝐾𝑞   -1.6005 ± 0.0384 -1.2617 ± 0.0106 

𝜁𝑠𝑝  0.6369 ± 0.0452 1.1172 ± 0.0703 

𝜔𝑛𝑠𝑝
  0.67765 ± 0.0259 0.32739 ± 0.0170 

𝜏  0.09415 ± 0.0069 0.07197 ± 0.0016 
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𝐿𝑂𝐸𝑆𝑐𝑎𝑠𝑒 1 =
−1.601 𝑠 − 0.3058 

𝑠2 + 0.8633 𝑠 + 0.4592 
 𝑒−0.0942 𝑠                      (12) 

𝐿𝑂𝐸𝑆𝑐𝑎𝑠𝑒 2 =
−1.262 𝑠 − 0.2379 

𝑠2 + 0.7315 𝑠 + 0.1072 
 𝑒−0.072 𝑠                                 (13) 

 
Figure 8. Frequency response of HOS nonlinear data & LOES models. 

The gain & phase difference between HOS nonlinear data 

and identified LOES model are plotted within the MUAD 

boundary, as illustrated in the figure below. The results indi-

cate that all mismatches remain inside the MUAD boundaries, 

confirming that the discrepancies fall within the tolerance 

range of added dynamics imperceptible to the pilot. This sug-

gests that the LOES model is sufficiently accurate for evalu-

ating flying qualities based on MIL-STD-1797A criteria. 

 
Figure 9. LOES mismatch versus MUAD boundaries. The mismatch for both cases are inside the boundaries. 

Further validation method to evaluate the identified LOES 

model is model predictive capability or proof of match in 

time-domain. The model predictive capability of LOES was 

evaluated using representative elevator command inputs—

3211 and doublet—applied to both the nonlinear simulation 

and the LOES model. By comparing the resulting pitch rate 

responses, two key metrics were computed: fit error (FE) and 

the coefficient of determination ( 𝑅2 ), which measure the 

closeness of the LOES model response to the nonlinear system. 
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Figure 10. Time response of nonlinear data & LOES models. 

Table 5. LOES model residual analysis. 

Input 

FE R2 

Case 1 Case 2 Case 1 Case 2 

3211 0.1972 0.1112 0.7754 0.9482 

Doublet 0.1542 0.0760 0.8337 0.9265 

 

The analysis showed that the LOES model was able to rea-

sonably capture the pitch rate dynamics under both extreme 

flight conditions. For Case 1 with AoA 25 degrees, the LOES 

model achieved a fair to good match. For the 3211 input, the 

fit error (FE) was 0.1972 with a coefficient of determination 

(R²) of 0.7754, while the doublet input showed improved 

agreement, with a lower FE of 0.1542 and a higher R² of 

0.8337. These results indicate that the model effectively 

tracked the primary features of the nonlinear pitch rate re-

sponse, particularly during initial command transitions. In 

Case 2 with AoA 30 degrees, the model performance im-

proved further. For the 3211 input, the LOES yielded an FE of 

0.1112 and R² of 0.9482, and for the doublet input, the FE is 

lower to 0.0760 with an R² of 0.9265. These metrics reflect a 

strong correlation between the LOES model and HOS simula-

tion data, even under more nonlinear aerodynamic conditions. 

It should be noted that a direct numerical comparison with 

other high-AoA identification studies [9-13] is not feasible, as 

those works focus on full-scale aerodynamic coefficient ex-

traction rather than LOES parameters. Furthermore, since 

those studies do not typically report standard fit metrics such 

as R² or Fit Error, the validation of the current approach relies 

on compliance with the MUAD envelopes defined in MIL-

STD-1797A. This ensures the identified parameters meet the 

established industry standards for flying qualities evaluation, 

which is the primary objective of this research. 

From these results, the LOES model demonstrated good 

predictive capability for the short-period mode dynamics 

across both extreme conditions, effectively tracking primary 

response trends. The discrepancies observed in the time-do-

main response are within acceptable bounds, particularly be-

cause the frequency-domain mismatches remain inside the 

MUAD envelopes defined by MIL-STD-1797A. This implies 

that the differences are unlikely to be perceptible to the pilot 

or to negatively impact flying and handling qualities, reinforc-

ing the validity of the LOES approach for high-AoA control 

law assessment. 

Despite these promising results, several limitations regard-

ing the scope of this study must be addressed. While the use 

of high-fidelity nonlinear simulation data allowed for con-

trolled validation, real-world flight test environments intro-

duce unmodeled dynamics such as atmospheric turbulence, 

structural vibrations, and sensor biases that may influence 

identification robustness. Furthermore, the LOES framework 

relies on a quasi-linear approximation of the aircraft's short-

period mode; while this proved effective for the 25°–30° AoA 

range investigated here, the model's predictive accuracy may 

degrade in deeper stall regimes or during high-amplitude ma-

neuvers where axial coupling and strong aerodynamic nonlin-

earities become dominant. Finally, the assumption of ideal 

sensor and actuator dynamics neglects hardware-specific un-

certainties like hydraulic pressure variations or rate limiting, 

http://www.sciencepg.com/journal/ajae


American Journal of Aerospace Engineering http://www.sciencepg.com/journal/ajae 

 

10 

which would require further consideration in physical aircraft 

implementations. 

Beyond validation, the identified LOES models have direct 

practical utility in both control law tuning and flight testing 

workflows. In control system development, these LOES rep-

resentations allow engineers to quickly assess and adjust 

short-period characteristics such as damping ratio and natural 

frequency to ensure compliance with handling qualities re-

quirements defined in MIL-STD-1797A. For example, control 

designers can tune inner-loop pitch response to match the de-

sired LOES dynamics derived from high-AoA conditions, en-

suring consistent behavior across the envelope. Additionally, 

during flight testing, LOES models offer a simplified refer-

ence for evaluating pilot feedback by correlating perceived 

handling deficiencies with deviations in the model dynamics. 

At high AoA, where full nonlinear analysis is computationally 

intensive and time-consuming, the LOES provides an efficient 

tool for identifying handling boundaries, assessing augmenta-

tion system performance, and serving as a reduced-order plant 

model for future control synthesis and envelope protection de-

sign. 

4. Conclusions 

This study successfully estimated and validated Low Order 

Equivalent System (LOES) parameters for the short-period 

mode of a fighter aircraft under high-angle-of-attack condi-

tions using nonlinear simulation data. The hybrid methodol-

ogy—combining time-domain regression with frequency-do-

main Maximum Likelihood Estimation refined by Gauss-

Newton and Simplex algorithms—yielded accurate parame-

ters with low standard deviations. Validation results confirmed 

high model fidelity, with frequency-domain mismatches re-

maining within the MUAD tolerance envelopes and time-

domain predictive accuracy exceeding R² of 0.77 for Case 

1 and R² of 0.92 for Case 2. These metrics, alongside low 

MIL cost values, demonstrate that the LOES models ef-

fectively capture the dominant aircraft dynamics for fly-

ing qualities evaluation. 

While the feasibility of the approach is demonstrated, the 

study’s scope is limited by its reliance on linear LOES struc-

tures and simulation data, which may not fully account for the 

unmodeled dynamics and hardware-specific uncertainties en-

countered in actual flight environments. Consequently, future 

work should prioritize validation using real flight test data to 

assess model robustness under operational disturbances. Ad-

ditionally, exploring data-driven identification methods, such 

as neural networks, could offer enhanced adaptability across 

highly nonlinear regimes and broader flight envelopes. 
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FFT Fourier Transform 
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