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The complex nonlinear and strongly coupled dynamics of small unmanned helicopters make mathematical modeling challenging. Tra-
ditional approaches often rely on least squares support vector machine (LSSVM) algorithms using standard kernel functions, which are
limited in their learning and generalization capabilities, resulting in insufficient accuracy for flight control systems. This paper proposes an
adaptive particle swarm optimization-based LSSVM (APSO-LSSVM) method, incorporating a self-constructed kernel function. Using
Mercer’s theorem, the custom kernel addresses the limitations of conventional kernels and is integrated into the LSSVM framework. An
adaptive particle swarm optimization algorithm, capable of dynamically adjusting inertia weights and learning factors, optimizes the
model parameters, overcoming the standard particle swarm optimization’s tendency to get trapped in local optima. The model is trained
using flight test data from a self-developed small unmanned helicopter, and its identification performance is cross-validated in the time
domain against traditional models. Experimental results show that the proposed method significantly improves the modeling accuracy of
small unmanned helicopters.
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1. Introduction model of the physical mechanism of the system, but for the

parameters that cannot be obtained by calculation are
Small unmanned helicopters (SUHs) are frequently utilized processed by the assumption of valuation or elimination,
in military and civil applications given their little stature, ~ which makes the model accuracy greatly reduced, affecting
light weight, ability to hover at a fixed point, low-speed  the accuracy of the controller design. Through the func-
cruise, and ease of maneuvering. A high-precision model is  tional link between the measured input and output data, the
the basis for realizing high-performance autonomous flight  system identification approach builds the mathematical
control of SUHs, and since SUHs are a kind of controlled  model of SUH using flight test data [3, 4]. This method has

system with multiple inputs and multiple outputs, nonlin- higher model accuracy, but needs a significant quantity of
earity, strong coupling, and open-loop instability, it is ex-  measured data to ensure the accuracy of identification. The
ceedingly challenging to create a dynamics model that is ~ commonly used methods are frequency domain identifica-
accurate [1]. The main methods for modeling SUHs are first- tion method assisted by optimization algorithm and tech-
principle techniques and techniques for system identifica-  nique for identifying the temporal domain [5]. The system’s
tion [2]. The first principle method constructs a mathe-  frequency domain response characteristics can be obtained

matical model based on the aerodynamic theory of each  using the frequency domain identification approach, which
component of a SUH. This method can reflect the theoretical ~ is convenient to analyze the system performance in the

frequency domain and has certain robustness to noise.
Received 15 May 2024; Accepted 1 December 2024; Published 17 January However, it requires Fourier transform of the data and
2025. This paper was recommended for publication in its revised form by usually only obtains a linear model of the system, which is
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Time-domain system identification does not require system
stability and can estimate the system model directly from
input and output data in the time domain. It has strong real-
time performance and can produce both linear and non-
linear models [8, 9].

While deep learning methods are capable of handling
complex time-series data, they typically require large
datasets and substantial computational resources, making
them impractical for real-world applications [10]. In com-
parison, extreme learning machine (ELM) methods offer fast
training speeds, but they are highly sensitive to data noise,
potentially compromising model stability [11]. Similarly,
Gaussian process regression (GPR) performs well on small
datasets but suffers from high computational complexity,
restricting its use in large-scale applications [12]. Given the
highly nonlinear nature of SUHs, linear regression models
are inadequate. Therefore, this paper adopts an adaptive
particle swarm optimization least squares support vector
machine (APSO-LSSVM) approach, which offers several
advantages, including fast training, robust generalization,
and strong adaptability to small datasets. APSO-LSSVM
builds on the traditional support vector machine (SVM)
framework by incorporating least squares for rapid pa-
rameter estimation and adaptive particle swarm optimiza-
tion (APSO) to automatically adjust model parameters,
thereby enhancing both accuracy and computational effi-
ciency. The LSSVM, introduced by Suykens [13], extends the
original SVM algorithm proposed by Vapnik [14]. LSSVM
uses a nonlinear mapping to transform input samples from
a low-dimensional space to a higher-dimensional feature
space, where it identifies linear relationships between input
and output variables. By replacing inequality constraints
with equality constraints and optimizing the squared error,
LSSVM accelerates the solution process while maintaining
strong generalization performance. Although LSSVM has
been successfully applied in model predictive control [15,
16], conventional LSSVM typically relies on a single kernel
function, which may not capture the full characteristics of
the dataset, leading to suboptimal prediction accuracy.
To address this limitation, researchers such as Tian et al
[17, 18] proposed composite kernel functions tailored to
specific dataset characteristics, compensating for the
shortcomings of single kernel approaches.

This paper proposes a SUH modeling method based on a
self-constructed kernel model using APSO-LSSVM. The main
contributions of this work are as follows:

(1) A complex kernel function was constructed by com-
bining radial basis function (RBF) and polynomial ker-
nel functions based on kernel construction theory.

(2) A LSSVM prediction model for SUHs was developed.

(3) The APSO algorithm was applied to optimize model
parameters, significantly speeding up the parameter

search process compared to the standard particle
swarm optimization algorithm.

(4) The method was validated using flight test data from a
self-developed SUH. Its accuracy and effectiveness were
demonstrated through comparisons with LSSVM mod-
els using both single and hybrid kernel functions.

This paper is arranged as follows. Section 2 introduces the
construction of the custom kernel function and its integra-
tion into the LSSVM model. Section 3 describes the process
of optimizing model parameters using the APSO algorithm.
In Sec. 4, a comparative analysis of the proposed model is
presented. Finally, Sec. 5 concludes the paper with a sum-
mary of the key findings.

2. Least Squares Support Vector Machines Based on
Self-constructed Kernel Functions

This study employs the LSSVM for the modeling and iden-
tification of SUHs. The selection of an appropriate kernel
function is crucial for determining model accuracy [19].
However, traditional algorithms are often constrained by
standard kernel functions, which can limit predictive per-
formance. To address this issue, a custom kernel function
tailored to the unique characteristics of the SUH dataset is
designed to enhance prediction accuracy.

2.1. Self-constructed kernel function

The authors of [20] explain that kernel methods embed data
into a suitable vector space, called the feature space, where
linear algebra, geometry, and statistical algorithms can be
applied to identify relationships within the embedded data.
According to integral operator theory, continuous symmetric
functions that satisfy the conditions of Mercer’s theorem in
compact spaces can approximate the eigenfunctions of the
original space. Thus, kernel functions must satisfy Mercer’s
condition to ensure valid function approximation. Kernel
functions are typically constructed in two primary ways:

(1) Direct construction
The nonlinear mapping function is determined based on
the characteristics of the data under study, and the
kernel function corresponding to it is constructed with
K(u,v) = ¢(u) - ¢(v). This construction method has a
clear understanding of the nature of the application
background data. However, in practical problems, finding
the appropriate nonlinear mapping ¢ is a difficult task.
(2) Closed operations
The construction of operations on one or more kernels
using analytic expressions in closed form follows from



Mercer’s theorem, and we say that this class of kernel
functions is closed under these operations if the prop-
erty of finite semipositive definiteness is preserved.

Given legal kernel functions k;(x,x’) and k;(x,x’), the ker-
nel functions constructed in the following forms are also
legal [21]:

k(x,x") = cky(x,x’), (1)
k(x,x") = f(x)ki (x, x")f (x'), (2)
k(x,x") = q(k;(x,x")), (3)
k(x,x") = exp(k; (x,x7)), (4)
k(x,x") = ki(x,X) + ka (x,x"), (5)
k(x,x") = ki(x,x")kz (x,x"), (6)
k(x,x") = k3 (9 (x), ¢(x")), (7)
k(x,x") = xTAx'. (8)

Given the complexity of SUHs as control systems, ex-
plicitly constructing a suitable nonlinear mapping through
traditional methods proves challenging. Therefore, this
paper adopts a closed operation approach to construct the
required kernel function. Prior to constructing the kernel, it
is essential to select several base kernel functions for fur-
ther operations.

In traditional LSSVM algorithms, the radial basis function
(RBF) is commonly used as the kernel function to map
sample points into a high-dimensional space [22, 23]. The
RBF kernel is expressed as follows:

kp(x,x") = exp (— M) . (9)

202
The expression of the Poly kernel function is
kp(x,x") = [(x" - x") + u]". (10)

The RBF kernel is a local kernel with limited generali-
zation ability, often leading to local optima and affecting
model accuracy. In contrast, the polynomial kernel has
strong global properties, making it suitable for capturing
the overall characteristics of the data. However, it tends to
perform poorly on high-dimensional data, increasing the
risk of overfitting and sensitivity to parameter selection.

Based on kernel construction theory and closed opera-
tions, the custom kernel function is derived and expressed

as
Ix —x'||?
k(X,Xk): exp| — 2 +p
20

By combining the advantages of both the RBF and
polynomial kernels, this custom kernel not only enhances

q
(11)
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the model’s generalization ability but also more effectively
captures the complex nonlinear characteristics of the data.
Therefore, the custom kernel theoretically possesses
stronger representational power, significantly contributing
to the improved modeling accuracy of SUHs.

2.2. Introducing self-constructed kernel functions into
LSSVM

For the regression model in the original weight space:

y=f(x) =w'o(x)+b, (12)

where x € R" is a vector, y € R, is a scalar, b represent the
bias term. Let w be the weight vector, and ¢(x) : R — R" be
the mapping from the original space to a high-dimensional
Hilbert space.

Given a training dataset {x;,y;}" ;, based on the princi-
ple of structural risk minimization, the estimation problem
can be formulated as the following optimization problem:

, 1, A,
minJ(w, () = 5w w+2;Ci (13)

st. yi=wlox)+b+¢ (i=1,2,...,N),

where )\ > 0 is the regularization parameter used to bal-
ance model complexity and accuracy, and it is a scalar. ¢?
denotes the regression error between the actual output and
the predicted value, which is also a scalar.

In order to resolve the optimization issue described
above, the Lagrange multiplier method is presented in
order to convert the initial issue into an unrestricted opti-
mization issue.

N

L(wabaga a) :](wa C) - Zai[wT@(Xi) +b+ <i _.Vi]v (14)

i=1

where «;(i=1,2,...,N) represent the multiplier of
Lagrange, and it is a scalar. Given the KKT circumstances,
we can obtain

N
= 0 —-w= ;aisﬁ(xi)a

oL N
—*OHZaizo,
i=1

ob (15)
oL

G 0 — a; = AG,

aaol;i =0—wlp(X) +b+(—yi=0.

By eliminating the original variables, the vector w and
the scalar ¢, the problem is simplified to the following dual
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problem:

[I?v QE/A] [Z} - m (16)

i Iv=1[1,1,...,1]T, Q is a square

where y = [y1,),,. ..
matrix of L x L.

Q= (@(Xi))TSO(Xj) = K(x;,%))

where K(x;, ;) is the kernel function, the solutions of a and

b can be obtained by solving formula (16), then, the LSSVM
model can be expressed as

(i,j=1,2,...,N), (17)

™=

y=f(x) =) aiK(x;,x)+b. (18)

=1

Substituting the previously constructed self-constructed
kernel function k(x,x’) into the LSSVM model expression,
the LSSVM model according to the self-constructed kernel
function is obtained.

3. Adaptive Particle Swarm Optimization Algorithm
Optimizes Model Parameters

To enhance the optimization capability of model para-
meters, this study employs the APSO algorithm to deter-
mine the optimal parameters for the LSSVM model, thereby
enabling automatic parameter tuning and enhancing the
model’s predictive accuracy.

Particle Swarm Optimization (PSO) is a swarm intelli-
gence algorithm that simulates the foraging behavior of bird
flocks to find optimal solutions [24]. PSO is known for its
simplicity, fast convergence, and ability to locate global
optima. However, since its inertia weight and learning fac-
tors remain fixed throughout iterations, PSO can become
trapped in local optima, requiring careful parameter tuning
and initialization. To overcome this limitation and enhance
both global search capability and convergence speed, APSO
introduces adaptive mechanisms that dynamically adjust
the inertia weight and learning factors [25, 26]. These
improvements help prevent premature convergence and
allow the algorithm to explore the solution space more ef-
fectively. In comparison, while Genetic Algorithm (GA)
offers strong global search capabilities, its slow conver-
gence and tendency to get trapped in local optima limit its
effectiveness [27]. Differential Evolution (DE), though ro-
bust in certain applications, struggles with global search
efficiency when handling high-dimensional, complex pro-
blems [28]. Hybrid algorithms, despite their potential to
improve optimization performance, are complex to imple-
ment and come with high computational costs, making them
unsuitable for this study [29]. Considering these limitations,

APSO was chosen for its superior global search capability,
faster convergence, and computational efficiency, making it
the most suitable choice for this application.

In each iteration of the algorithm, particles are assigned
different fitness values to evaluate the convergence speed
and stability of the model training process. The fitness
function measures the reduction in error during each iter-
ation, guiding the optimization process along the conver-
gence path. Based on these fitness values, the weight of each
particle is determined. Particles closer to the optimal so-
lution are assigned smaller weights, resulting in smaller
step sizes. Conversely, particles farther from the optimal
solution are given larger weights, allowing them to take
bigger steps in the search process. This adaptive weighting
scheme helps guide particles toward regions of the search
space that are more likely to contain the optimal solution.

f — f..
e Whin + (Wmax - Wmin)f?f?:in> f Sfavga (19)

f> faves

where w represents inertia weight, wy,,, and wy,;, represent
the maximum and minimum values of the inertia weight,
respectively, set wp;, = 0.4, wy., = 0.9, f represents the
current fitness value, f,,, represents the average fitness
value, f,,;, represents the minimum fitness value.

The learning factors €; and C, are critical in Particle
Swarm Optimization (PSO), influencing the balance be-
tween individual experience and social experience, and
reflecting the information exchange among particles. A
larger C; encourages particles to focus on local search,
while a larger €, can lead to premature convergence to local
optima [30]. At the beginning of the search, we use a larger
C; and a smaller C, to promote broad exploration of the
search space, minimizing the influence of other particles
and enhancing swarm diversity. As iterations progress, C; is
gradually decreased while C, is increased linearly, im-
proving the particles’ convergence towards the global op-
timum. The formula for the dynamic adjustment of the
learning factors is as follows:

Wmax )

t

Cl = Cl,start + (Cl.end - Cl,start)?a (20)
t

G = CZ,start + (Cz,end - CZ‘start)Ta (21)

where C gy and Cy enq represent the initial and termina-
tion values of individual learning factor C;, respectively, and
Cystarr and Cpeng represent the initial and termination
values of the group learning factor C,, respectively. This
paper sets  Cjgare = 2.5, Cieng = 0.5, Cogpare = 0.5,
CZ,end == 25

The data collected from the flight test are first subjected
to data preprocessing: First, an FIR bandpass filter with a



Hanning window was designed to address frequency leak-
age and enhance frequency selectivity. Next, a time vector
was computed to ensure signal consistency. A second-order
polynomial fitting was applied to remove trend compo-
nents, reducing low-frequency interference. The signal was
then centralized by subtracting the mean to eliminate zero
offset. Bidirectional filtering was used to remove noise
outside the target frequency bands, further cleaning the
signal and eliminating phase distortion. The final output
was a signal free of trends, zero offset, and frequency in-
terference. After this, the data was normalized to eliminate
the impact of differing units, allowing the model to better
adapt during training. Upon completion of model training,
the data was denormalized to restore it to its original scale,
facilitating the interpretation and application of the results.

The identification samples were analyzed and extracted,
resulting in six sets of data fragments. One set of data is
used as the training set, and the other five sets of data are
used as the test set for model training and modeling, re-
spectively. predict. APSO algorithm is used to optimize the
penalty coefficient parameter A, kernel width o, coefficient p
and order g in the model. The flowchart is shown in Fig. 1.

Detailed steps are as follows:

Step 1: Initialize particle swarm parameters.

Step 2: Calculate the fitness value of each particle, and
use the mean square error between the model prediction
value and the actual value as the fitness value function [31]:

ftness = Do) Gl (22)

where m represents the maximum size of the particle
swarm, y(x;) represents the actual data value, and f(x;)
represents the model prediction value.

Step 3: Find the best individual fitness value. Each
particle fitness value is compared with its historical optimal
position P4, and the position is updated.

Step 4: Find the best fitness value of the group. Compare
the fitness value of each particle with the historical optimal
position Py, of the group and update it.

Step 5: Calculate adaptive weight w, individual learning
factor C; and group learning factor C, according to formu-
la (19) and formula (20), (21).

Step 6: Update the velocity and position of each particle.
The particle position and velocity are updated by the fol-
lowing two formulas [32]:

Vir;rl :WVir}i""Clrl(Pid_Xir}i)+C2r2(Pgd_Xi,tIi)’ (23)
Xirrl;rl = Xircli + Vir(li+17 (24)

where r; and r, represent numbers in the range (0,1)
randomly generated by the rand function, Xj; and V; rep-
resent the current position and velocity of the particle,
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A
Calculate the current adaptive weight
w, self-learning factor C1 and social
learning factor C2

A
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position of each particle

Whether the
termination condition
is met

Output the optimal solution

\ 4
End

Fig. 1. APSO algorithm flowchart.

respectively, and X 12’,,*1 and Vi"’i“ are the updated position
and velocity.

Step 7: Determine whether the termination condition is
met. and output the optimal parameter if the termination
condition is met, otherwise skip to Step 2.

Comparing the optimization effect of the APSO algorithm
with the traditional PSO algorithm, the fitness curve com-
parison is shown in Figs. 2 and 3.

From the comparison of the fitness curves of the lateral
channel and the longitudinal channel in Figs. 2 and 3, it can
be seen that the APSO algorithm can significantly improve
the model training speed and find the optimal parameter
value faster. The optimized model parameter values at this
time are shown in Table 1.
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Fig. 3. Comparison of longitudinal channel fitness curves.
Table 1. Model parameter values.
Parameter A o p q

0.0496 54.3144
231.3614 907.3211

4.8635 2.7455
2.0468 1.3910

Lateral channel
Longitudinal channel

4. Model Validation and Analysis

Using the optimized parameters, an APSO-LSSVM model
based on the custom kernel function was developed. This
model was compared with two other models: the LSSVM
model using a single RBF kernel and the LSSVM model that
combines RBF and polynomial kernels in a linear weighted
fashion, as employed in previous research. Test samples
were used to evaluate the predictive accuracy of the three
models, and the results are shown in Figs. 4-9.

Figure 4 shows the single-sided excitation PWM input
values for the lateral channel, with negative PWM values in

Figs. 4 and 7 resulting from data preprocessing, primarily
due to detrending and centralization. Despite the pre-
processing, the physical meaning of the PWM signals
remains unchanged, and they are still within the normal
range in the actual system. Figure 5 compares the predic-
tion performance of three models for the lateral channel:
the single-kernel LSSVM model, the hybrid-kernel LSSVM
model, and the self-constructed Kernel LSSVM model.
Figure 6 illustrates the prediction error curves for these
models. From Figs. 5 and 6, it is clear that under single-
sided excitation PWM input, the self-constructed Kernel
LSSVM model achieves a closer fit between the predicted
output and the flight test output compared to the single-
kernel and hybrid-kernel models. Additionally, the self-
constructed Kernel model exhibits significantly smaller
prediction errors.

Figure 7 presents the single-sided excitation PWM input
values for the longitudinal channel, while Fig. 8 compares
the prediction performance of the single-kernel LSSVM,
hybrid-kernel LSSVM, and self-constructed Kernel LSSVM
models. Figure 9 illustrates the prediction error curves for
the three models. From Figs. 8 and 9, it is clear that under
single-sided excitation PWM input, the self-constructed
Kernel LSSVM model achieves a closer fit between the
predicted output and the flight test output compared to
the single-kernel and hybrid-kernel models. Additionally,
the self-constructed Kernel model exhibits significantly
smaller prediction errors.

Furthermore, to validate the models, five additional
validation samples were tested using the single-kernel,
hybrid-kernel, and self-constructed Kernel LSSVM models.
The model performance was evaluated using Mean Squared
Error (MSE), Mean Absolute Error (MAE), and the coeffi-
cient of determination (R?). The corresponding expressions
are as follows:

1< ,
MSE =13 -2, (25)
i—1
1< ,
MAE:;ZD’:‘*)’H, (26)
i=1
Z?:l()’i*y;')z
S B @

where y; represents the real data value output by the flight
experiment, y} represents the model predicted data value,
and y represents the average value of the output data value
of the flight experiment. The smaller the MSE and MAE, the
better the model, and the closer R? is to 1, the more accu-
rate the model prediction is. The model prediction com-
parisons for the lateral channel and longitudinal channel
are shown in Tables 2 and 3, respectively.
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Table 3. Comparative analysis of longitudinal channel model

Table 2. Comparative analysis of lateral channel model prediction. prediction.
No. Method MSE MAE R2 No. Method MSE MAE R?
1 Single kernel 5.8634 19718 0.8648 1 Single kernel 3.5334 1.6406 0.8367
Hybrid kernel 4.3856 1.7170 0.8935 Hybrid kernel 2.6427 1.3141 0.8778
Self-constructed Kernel 4.2253 1.6277 0.9026 Self-Constructed Kernel 2.2023 1.1966 0.8982
2 Single kernel 33.4178 4,0139 0.8777 2 Single kernel 1.5973 1.0387 0.8601
Hybrid kernel 25.3732 3.7064 0.9045 Hybrid kernel 1.1516 0.8230 0.8991
Self-constructed Kernel 23.4857 3.5183 0.9140 Self-Constructed Kernel 0.8220 0.7330 0.9280
3 Single kernel 1.3307 1.0277 0.9146 3 Single kernel 9.9811 2.4576 0.8771
Hybrid kernel 0.8546 0.9259 0.9416 Hybrid kernel 8.4952 2.2365 0.8937
Self-constructed Kernel 0.7602 0.7343 0.9512 Self-Constructed Kernel 7.6514 1.9940 0.9058
4 Single kernel 2.8919 1.3134 0.8644 4 Single kernel 5.489 1.8316 0.9463
Hybrid kernel 2.2399 1.1757 0.8909 Hybrid kernel 3.3205 1.4436 0.9675
Self-constructed Kernel 1.9893 1.0891 0.9067 Self-Constructed Kernel 2.3156 1.2273 0.9773
5 Single kernel 2.0907 1.1840 0.8745 5 Single kernel 1.9651 1.1902 0.8394
Hybrid kernel 1.5878 0.9807 0.9127 Hybrid kernel 09178 0.8294 0.9313
Self-constructed Kernel 1.3085 0.8151 0.9215 Self-Constructed Kernel 0.7276 0.6849 0.9405




Table 2 compares the MSE, MAE, and R? values for
models built using three different kernel functions in the
lateral channel. The Self-Constructed Kernel LSSVM model
demonstrated significant improvements: MSE decreased by
30.32% compared to the single-kernel model and by 7.75%
compared to the hybrid-kernel model. Similarly, the MAE
decreased by 18.15% and 7.61% compared to the single-
kernel and hybrid-kernel models, respectively. The R? value
increased by 4.55% compared to the single-kernel model
and by 1.16% compared to the hybrid-kernel model.

Table 3 compares the MSE, MAE, and R? values for the
LSSVM models built using three different kernel functions
in the longitudinal channel. The Self-Constructed Kernel
LSSVM model showed notable improvements: MSE de-
creased by 39.21% compared to the single-kernel model
and by 16.99% compared to the hybrid-kernel model.
Similarly, MAE decreased by 28.47% compared to the sin-
gle-kernel model and by 12.19% compared to the hybrid-
kernel model. The R? value increased by 6.66% compared
to the single-kernel model and by 1.76% compared to the
hybrid-kernel model.

Based on the evaluation metrics in Tables 2 and 3, the
following conclusions can be drawn: In both the lateral and
longitudinal channels, the Self-Constructed Kernel LSSVM
model demonstrated significantly higher predictive accu-
racy compared to the single-kernel and hybrid-kernel
LSSVM models.

5. Conclusion

This paper addresses the modeling challenges of SUHs and
proposes an LSSVM modeling method based on a custom
kernel function, optimized with an APSO algorithm.

(1) A new custom kernel function, built on Mercer’s theo-
rem, combines the strong local search capabilities of the
RBF kernel with the global search strengths of the
polynomial kernel. Experiments demonstrated that
models using this custom kernel show excellent learn-
ing and generalization performance.

(2) To mitigate the tendency of standard Particle Swarm
Optimization (PSO) to get trapped in local optima, an
improved PSO algorithm with adaptive inertia weight
and linearly varying learning factors was introduced.
This approach (APSO) significantly improved model
training speed and addressed the limitations of tradi-
tional PSO.

(3) Furthermore, flight test results demonstrated that the
APSO-LSSVM model with the custom kernel signifi-
cantly improved predictive accuracy and accelerated
parameter optimization, surpassing LSSVM models
using single RBF kernels and RBF-Poly hybrid kernels.
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This approach offers valuable insights into enhancing
the identification efficiency of SUH models and con-
tributes to the development of high-precision models
and autonomous flight control systems.
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