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Abstract: Conventional automatic landing systems (ALS) primarily utilize proportional-
integral-derivative (PID) controllers in combination with gain-scheduling techniques. Their
designs are generally constrained to the specific flight envelopes established by Federal
Aviation Administration regulations. However, when environmental disturbances exceed
these operational boundaries, the ALS may be deactivated. Consequently, developing a
more intelligent ALS is crucial for maintaining safety across a broader spectrum of turbulent
conditions. This paper proposes an intelligent control method that integrates the Cerebellar
Model Articulation Controller (CMAC) with a fuzzy logic system for the development of an
advanced aircraft automatic landing system. Multiple fuzzy modules are embedded within the
CMAC structure: Type-1 fuzzy CMAC, adaptive Type-1 fuzzy CMAC, Type-2 fuzzy CMAC,
and adaptive Type-2 fuzzyCMAC. Flight control principles are incorporated into its design. The
Lyapunov stability theory is applied to ensure system stability, and adaptive learning rules are
established to maintain this stability. Simulation results verify that the proposed controller can
accurately track the desired landing trajectory and effectively adapt to various environmental
conditions. Therefore, even under turbulent conditions, the adaptive fuzzy CMAC achieves
reliable aircraft guidance and landing performance.

Keywords: intelligent control; CMAC; fuzzy systems; landing system, turbulence;
system stability

1. Introduction

On May 22, 2024, a Singapore Airlines flight encountered severe turbulence,
causing the aircraft to plunge 6000 feet within five minutes. The incident resulted in
one fatality and multiple injuries. Just days later, on May 27, 2024, twelve passengers
and crew members were injured when turbulence struck a Qatar Airways flight from
Doha to Dublin while flying over Turkey. Another turbulence-related incident occurred
on July 2, 2024, when an Air Europa flight from Madrid to Uruguay experienced
intense turbulence, injuring thirty passengers and forcing an emergency landing in
Brazil. According to Aircraft Accident Statistics, the causes of aviation accidents are
divided into several categories, as shown in Table 1 [1], with weather being one of the
primary contributing factors. In conventional automatic landing systems (ALS), most
controllers rely on proportional–integral–derivative (PID) control combined with gain
schedulingmethods [2]. These systems are typically designed to operate within specific
flight envelopes defined by Federal Aviation Administration (FAA) regulations [3].
However, during conditions such as turbulence or wind shear, these controllers may
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fail to maintain safe aircraft guidance. When environmental disturbances exceed the
operational limits, the ALS is often disabled. Therefore, to ensure safety under a wider
range of turbulent conditions, a more intelligent ALS is essential.

Table 1. Causes of fatal accidents by decade (%), 1950s through 2000s.

Cause 50s 60s 70s 80s 90s 00s

Pilot Error 40 32 24 25 27 25
Pilot Error (weather-related) 11 18 14 17 21 17

Pilot Error (mechanical-related) 7 5 4 2 4 3
Total Pilot Error 58 57 42 44 53 45

Other Human Error 0 8 9 6 8 9
Weather 16 10 13 15 9 8

Mechanical Failure 21 20 23 21 21 28
Sabotage 5 5 11 13 10 9

Other Cause 0 2 2 1 0 1

In recent years, modern control strategies and intelligent methodologies have been
widely implemented across numerous engineering applications [4–7], including various
flight control systems [8–17]. The cerebellar model articulation controller (CMAC),
originally proposed in Albus [18], is a neural network model inspired by the structure
and functioning of the human cerebellum. Acting as an associative memory neural
network, CMAC emulates the learning and coordination mechanisms of the cerebellum.
Unlike conventional backpropagation neural networks, CMAC employs a constant
local weight update rule rather than a global one, resulting in faster convergence
and reduced computational complexity. Owing to these advantages, CMAC has
been successfully applied to a wide range of nonlinear systems, automatic control
applications, as well as pattern recognition, signal processing, and image processing
tasks [19–22].

Numerous studies have focused on enhancing the performance of the CMAC.
One notable development is the introduction of the fuzzy CMAC, which integrates the
learning ability of neural networks with the reasoning advantages of fuzzy systems [23].
Fuzzy logic, first proposed by Zadeh [24], is founded on the concept of fuzzy sets and
seeks to emulate human reasoning through fuzzy rules embedded in an inference system.
Type-2 fuzzy logic [25], an extension of this concept based on Zadeh’s extension
principle, introduces an additional layer of uncertainty by allowing variability in both
membership functions and inference processes. Systems employing type-2 fuzzy sets
and logic are known as type-2 fuzzy systems, while those using conventional fuzzy
sets and inference mechanisms are referred to as type-1 fuzzy systems. In a type-1
fuzzy system, each element is assigned a precise membership value between 0 and 1,
whereas type-2 fuzzy systems are better equipped to manage linguistic and numerical
uncertainties that type-1 systems cannot effectively address.

Another major advancement in CMAC research is the development of adaptive
learning rules. An adaptive CMAC approach was proposed for controlling linear
piezoelectric ceramic motors [26]. Four years later, the same authors presented a
robust adaptive CMAC system for brushless DC (BLDC) motors [27], featuring an
improved adaptive mechanism that further enhanced control performance. In this study,
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type-1 and type-2 fuzzy CMACs with adaptive learning rules are employed to design
an intelligent automatic landing control system (ALS) for aircraft. The goal is to
enhance the performance of conventional ALS and ensure safe aircraft landings under
various conditions. Although intelligent control strategies for aircraft landing have been
explored in previous studies [10–17], which utilized neural networks, model predictive
control, and linear quadratic regulator. Most of the controllers lack adaptability in
the presence of severe disturbances. For example, traditional PID controllers can
only handle turbulence up to 30 ft/sec, while backpropagation networks, multilayer
functional-link networks, counter-propagation networks, improved backpropagation
networks, and radial basis function networks can manage turbulence between 30 ft/sec
and 65 ft/sec. To overcome these limitations, this study introduces adaptive learning
rules into the control framework, enabling the system to handle a wider range of wind
disturbances better. The proposed controller utilizes a gradient descent algorithm with
variable learning rates, allowing it to adapt effectively to higher levels of turbulence
compared to previous methods. Furthermore, the stability of the control system is
rigorously ensured and proven through Lyapunov stability theory.

2. System description

During the landing phase, the pilot guides the aircraft from cruising altitude down
to approximately 1200 feet above ground level, aligning its heading with the runway
centerline. When the aircraft is about four nautical miles from the runway, it reaches
the outer marker and intercepts the glide path signal, as shown in Figure 1 [28]. While
descending along the glide path, the aircraft must maintain stable pitch, attitude, and
airspeed. The typical descent rate is around 10 ft/sec, with pitch angles ranging from
−5° to +5°. As the aircraft approaches an altitude of 20–70 feet above ground level, the
glide path control system disengages, initiating the flare maneuver. During this phase,
the descent rate is reduced to about 2 ft/sec, allowing the landing gear to absorb the
impact energy. Meanwhile, the pitch angle is adjusted between 0° and 5° to achieve a
smooth and safe touchdown on the runway surface [29].

Figure 1. Glide path and flare path.

A commercial aircraft model is employed in the simulations, with motion
constrained to the longitudinal and vertical planes [12]. The equations governing the
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aircraft’s motion are expressed as follows:

u̇ = Xu (u− ug) +Xw(w − wg) +Xqq

−g( π
180) cos(γ0)θ +XEδE +XT δT

(1)

q̇ = Mu(u− ug) +Mw(w − wg) +Mqq +MEδE +MT δT (2)

ẇ = Zu (u− ug) + Zw(w − wg) + (Zq − π
180U0)q

−g( π
180) sin(γ0)θ + ZEδE + ZT δT

(3)

θ̇ = q (4)

ḣ = −w +
π

180
U0θ (5)

Here, u denotes the aircraft’s longitudinal velocity (ft/sec), w represents the vertical
velocity (ft/sec), and q is the pitch rate (rad/sec). The pitch angle is denoted by θ

(degrees), h indicates the altitude (f), and δE represents the incremental elevator angle
(degrees). The variable δT refers to the throttle setting (f/t/sec), γo denotes the flight
path angle (typically −3◦), U0 is the nominal aircraft speed (ft/sec), and g represents
gravitational acceleration (32.2 ft/sec2). The parametersXi,Zi andMi are the aircraft’s
stability and control derivatives.

To improve the intelligence of the ALS, precise wind profile modeling is essential.
Among the commonly used spectral turbulence models—the von Kármán and Dryden
models—the Dryden model [12] is adopted in this study for its simplicity and ease of
implementation. A turbulence profile with a speed of 30 ft/sec is shown in Figure 2.

Figure 2. Turbulence profile.

3. Control scheme

The PID controller serves as a basic structure for the aircraft landing system, as
illustrated in Figure 3. Its inputs consist of the commanded altitude and altitude rate,
as well as the actual altitude and altitude rate of the aircraft. Using these inputs, the
landing controller produces a pitch command to regulate the pitch autopilot. Further
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details are provided in Jorgensen and Schley [12], which has all the limitations of
inputs. To achieve a smooth touchdown, a constant pitch angle is added to the
controller while the aircraft reaches the flare phase. Although the PID controller is
simple and generally effective, it has inherent limitations, including overshoot and
high sensitivity to noise and external disturbances. In conditions of severe turbulence,
it may fail to guide the aircraft safely to the runway. To address these issues, a
CMAC compensator is integrated into the proposed controller [17]. In this hybrid
configuration, the PID controller ensures system stability, while the CMAC component
learns to refine and enhance control precision. Since the PID gains are usually tuned
empirically—yielding satisfactory but suboptimal results—the inclusion of the CMAC
effectively compensates for these shortcomings and improves overall performance.

Figure 3. PID controller.

Figure 4 shows the overall control architecture. The pitch autopilot control signal
U is generated by summing the outputs of the PID controller and the fuzzy CMAC. Both
controllers share identical input signals: aircraft altitude, altitude command, altitude
rate, and altitude rate command. The PID controller provides a reliable baseline
response, while the fuzzy CMAC operates through recall and learning processes at each
sampling instant k. During the recall phase, the fuzzy CMAC utilizes the desired and
actual system outputs of the next time step as addressing inputs to produce its control
output Ufuzzy CMAC . In the learning phase, the pitch autopilot input serves as the
desired output, allowing the fuzzy CMAC to update its stored weights by comparing
the actual system output with that of the subsequent time step. The resulting fuzzy
CMACoutput functions as a compensatory term for the pitch command. This integrated
control strategy significantly enhances the system’s turbulence rejection capability,
effectively addressing the performance limitations of conventional automatic landing
systems under severe turbulence conditions.
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Figure 4. The fuzzy CMAC control scheme.

3.1. Type-1 fuzzy CMAC
Figure 5 depicts the structure of the fuzzy CMAC, which functions similarly

to an associative memory network. Compared with conventional neural networks, it
achieves a faster self-learning rate, as it can adjust memory weights with minimal
modifications. Moreover, it exhibits strong local generalization capability. The fuzzy
CMAC operates much like a look-up table, generating its output through a linear
combination of memory-stored weights. Knowledge is stored associatively within
overlapping storage hypercubes, known as the remembering regions, which facilitate
effective data retrieval. The fuzzy CMAC executes two primary operations: one for
output computation and another for learning and weight adjustment. The output is
derived through the mapping process X→S→C→W→Y [30].

Figure 5. Structure of fuzzy CMAC.

Phase I. Quantization (X→S):
The input vectorX = [x1, x2, . . . , xn]

T is n-dimensional. Its quantization vector,
denoted asS = [s1, s2, . . . , sn]

T , defines the discrete state of each input variable before
the fuzzification process.
Phase II. Associative Mapping segment (S→C):

The next step involves fuzzifying the quantization vector obtained fromX into C.
In the fuzzy CMAC, this fuzzification process serves as the addressing mechanism.
After fuzzification, the input state values are transformed into corresponding firing
strengths according to their membership functions.
Phase III.Memory Weight Mapping (C→W ):
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After the block regions are fuzzified, the firing strength of the ith rule in the fuzzy
CMAC can be calculated as:

Cj (x) = cj1 (x1)
∗ cj2 (x2)

∗ ...cjn (xn) =

n∏
i=1

cj1 (xi) (6)

In this expression, cji(xi) denotes the jth membership function of the ith input variable,
and n represents the total number of input states. The asterisk (*) signifies a fuzzy
t-norm operator, which can be defined using operations such as maximum, minimum,
or product. In this study, the product operator is adopted as the t-norm because of its
simplicity and ease of implementation.
Phase IV.Memory weight learning and output generation (W→Y ):

Because of the overlapping membership functions and the structure of fuzzy
rule definitions, multiple fuzzy rules may be activated at the same time. During the
defuzzification stage, the outputs of these activated rules are aggregated by summing
their respective weights (wj), each scaled by its corresponding firing strength (Cj(x)).
The overall output of the network is then determined as follows:

y =

N∑
j=1

(wjCj(x)/

N∑
i=1

Ci(x)) (7)

In the fuzzy CMAC, learning is achieved by adjusting the memory weights
according to the error between the desired output and the actual network output. The
weight update rule for the fuzzy CMAC is expressed as:

w
(i)
j = w

(i−1)
j +

α

m
(yd − y)Cj (x) /

N∑
i=1

Ci (x) (8)

where α is the learning rate,m is the size of the floor (called generalization), yd is the
desired output.

In conventional fuzzy CMAC, the weight update rule employs a fixed learning
rate, which can constrain learning efficiency by rendering the adaptation process either
excessively slow or potentially unstable. To mitigate this limitation, we introduce
an adaptive learning rate that is dynamically adjusted throughout the weight update
procedure, thereby improving overall learning performance. This adaptive learning
rate is systematically derived using a Lyapunov function. Let e(t) denote the tracking
error, defined as:

e(t) = yd(t)− y(t) (9)

where t is the time index. A discrete-type Lyapunov function can be expressed as

V (t) =
1

2
e2(t) (10)

Thus, the change in the Lyapunov function is obtained by

∆V = V (t+ 1)− V (t) =
1

2

[
e2(t+ 1)− e2(t)

]
(11)
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The error difference can be represented by Juang et al. [31] as follows

∆e(t) ≈
[∂e(t)
∂W

]
∆W (t) (12)

Using the gradient descent method, the weight change can be obtained as

∆wj(t) = − α

m

∂V (t)

∂wj(t)
(13)

Since the derivative of the Lyapunov function with respect to weight is

∂V (t)

∂wj(t)
= e(t)

∂e(t)

∂wj(t)
= (yd − y(t))(−C(x)T /ΣC(x)) (14)

Thus, the weight change can be obtained as

∆wj(t) =
α

m
(Cj(x)/ΣC(x)(yd − y(t)), j = 1, 2, ....., N (15)

∆W (t) =


∆wi(t)

∆w2(t)
...
∆wN (t)

 =
α

m


(C1(x)/ΣC(x)

(C2(x)/ΣC(x)
...
(CN (x)/ΣC(x)

 (yd − y(t)) =
α

m
(C(x)/ΣC(x)(yd − y(t)) (16)

From (7) to (9), we have

∂e(t)

∂wj(t)
= −Cj(x)/ΣC(x),

∂e(t)

∂W
= −C(x)T /ΣC(x) (17)

From (10) to (17), we can rewrite the change of the Lyapunov function as

∆V = 1
2

[
e2(t+ 1)− e2(t)

]
= 1

2

[
e(t+ 1)− e(t)

][
e(t+ 1) + e(t)

]
= 1

2

[
∆e(t)

][
2e(t) + ∆e(t)

]
= ∆e(t)

[
e(t) + 1

2 ∆e(t)

]
=

[
∂e(t)
∂W

α
m(C(x)/ΣC(x))e(t)

]
{
e(t) + 1

2

[
∂e(t)
∂W

α
m(C(x)/ΣC(x))e(t)

]}
(18)

Since ∂e(t)
∂W = −C(x)T /ΣC(x), the final change of the Lyapunov function can be

obtained as

∆V =
[
− C(x)T /ΣC(x) α

mC(x)/ΣC(x)e(t)
]

{
e(t) + 1

2

[
− C(x)T /ΣC(x) α

mC(x)/ΣC(x)e(t)
]}

=
[
1
2
α
me(t)C(x)TC(x)

(ΣC(x))2

][
2e(t)− α

me(t)
∥C(x)2∥
(ΣC(x))2

]
=

[
− 1

2
α
me2(t)

∥C(x)2∥
(ΣC(x))2

][
2− α

m
∥C(x)2∥
(ΣC(x))2

]
(19)
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Let
[
2− α

m
∥C(x)2∥
(ΣC(x))2

]
> 0 then∆V < 0, i.e., select the learning rate as

2m(ΣC(x))2

∥C(x)2∥
> α > 0 (20)

Since ∆V is negative definite, it follows that ∆V < 0 for all t > 0, indicating that
e(t) → 0 for t → ∞. This ensures the convergence of the adaptive type-1 fuzzy
CMAC learning process. As a result, the aircraft landing control system is locally
asymptotically stable.

3.2. Type-2 fuzzy CMAC
The CMAC structure is extended using a type-2 fuzzy framework to improve

resolution and accuracy over the conventional fuzzy CMAC. Functionally, the type-2
fuzzy CMAC works similarly to its type-1 counterpart. Its structure is presented in
Figure 6, with the mapping procedure for each phase outlined below. Let X denote an
n-dimensional input space, as illustrated inFigure 7. The type-2 fuzzy CMAC employs
an addressing scheme derived from interval type-2 fuzzification. Upon fuzzifying the
input vector into an interval type-2 fuzzy set, the input state values are mapped to upper
and lower firing strengths determined by their corresponding membership functions.
The t-norm operation uses product inference. Accordingly, the upper and lower firing
strengths for the jth rule are obtained as follows:

cj(x) = cj1(x1)
∗cj2(x2)

∗......cjn(xn) =

n∏
i=1

cji(xi) (21)

cj(x) = cj1(x1)
∗cj2(x2)

∗......cjn(xn) =

n∏
i=1

cji(xi) (22)

Figure 6. Diagram of a type-2 fuzzy CMAC in 3-D.

9



Advances in Differential Equations and Control Processes 2025, 32(3), 3604.

Figure 7. Architecture of a type-2 fuzzy CMAC network.

The center of set type reduction is applied to the type-2 fuzzy CMAC:

ycos = [yl, yr] =
∫
W 1∈[w1,w1] · · ·

∫
WN∈[wM ,wN ]

· · ·
∫
c1∈[c1,c̄1] · · ·

∫
cM∈[cM ,c̄N ] 1/

n∑
j=1

cjwj

n∑
j=1

cj

(23)

Its left and right end points yl and yr are obtained as the interval type-1 set, which can
be written as follows [29,32–34]:

yr =

N∑
j=1

cjwj

N∑
j=1

cj

=

R∑
j=1

cjwj +

N∑
j=R+1

cjwj

R∑
j=1

cj +
N∑

j=R+1

cj

(24)

yl =

N∑
j=1

cjwj

N∑
j=1

cj

=

L∑
j=1

cjwj +

N∑
j=L+1

cjwj

N∑
j=1

cj +

N∑
j=L+1

cj

(25)

The corresponding weights of c and c are w and w, respectively. We can obtain L
and R from the following steps:
Phase I. Let the pre-computed value of wJ be in ascending order, i.e., w1 ≤ w2 ≤
... ≤ wN

Phase II. Compute yr by initially setting cj = (cj + cj)/2 for j = 1, 2, . . . N and let
y′r = yr

Phase III. Obtain R(1 ≤ R ≤ N − 1) and make wR ≤ y′r ≤ wR+1

Phase IV. Find yr as cj = cj with j ≤ R and cj = cj with j > R then make y′′r = yr

Phase V. If y′′r ̸= yr then move to Phase VI, otherwise stop the process and let y′′r ≡ y′r
Phase VI. Let y′r = y′′r , move to Phase III.

10
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The computation procedure of yl is similar to yr. In Phase III, obtain L(1 ≤
L ≤ N − 1) and make wL ≤ yLl ≤ wL+1. In Phase II, obtain the initial setting
cj = (cj + cj)/2 for j = 1, 2, ..., N , and in Phase VI, obtain y

l
with the specified

conditions for cj = cj and j ≤ L, and cj = cj and j > L. The defuzzified output
value is calculated as the average of yr and yl.

y = yr + yl (26)

The type-2 fuzzy CMAC updates its memory weights through a learning process
aimed at minimizing the error between the desired and actual outputs. The associated
learning rules are defined as follows:

W
(i)
j = W

(i−1)
j +

α1

m
(yd − y)cj(x)/

N∑
j=1

cj(x) (27)

w
(i)
j = w

(i−1)
j +

α2

m
(yd − y)cj(x)/

N∑
j=1

cj(x) (28)

where α1 and α2 denote the learning rates,m represents the floor size (also referred to
as the generalization parameter), and yd is the target output. In conventional type-2
fuzzy CMAC, weight updates rely on a fixed learning rate, which may render the
learning process either too slow or excessively fast. To overcome this limitation,
an adaptive learning rule is introduced where the learning rate is defined via a
discrete-time Lyapunov function. The tracking error e(t) is given in equation (9),
and the corresponding Lyapunov function is formulated in equation (10). Its variation
and the error difference are presented in equations (11) and (12), respectively. Using
gradient descent, the resulting weight updates can be expressed as follows:

∆wj(t) =
α1

m
(yd − y)cj(x)/

N∑
j=1

cj(x) (29)

∆wj(t) =
α2

m
(yd − y)cj(x)/

N∑
j=1

cj(x) (30)

Since the derivative of the Lyapunov function with respect to w and w are

∂V (t)
∂w̄j(t)

= ∂V (t)
∂e(t)

∂e(t)
∂w̄j(t)

= e(t) ∂e(t)
∂w̄j(t)

= −(yd − y)cj(x)/
N∑
j=1

cj(x)
(31)

∂V (t)
∂wj(t)

= ∂V (t)
∂e(t)

∂e(t)
∂wj(t)

= e(t) ∂e(t)
∂wj(t)

= w
(i)
j

= −(yd − y)cj(x)/
N∑
j=1

cj(x)
(32)

11
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Thus, we can rewrite the weight change of w and w as

∆wj(t) =
αl
m
(yd − y)cj(x)/

N∑
j=1

cj(x), j = 1, 2, ....., N (33)

∆wj(t) =
α2

m
(yd − y)cj(x)/

N∑
j=1

cj(x), j = 1, 2, ....., N (34)

The matrices of weight change can be obtained as

∆W (t) =


∆w1(t)

∆w2(t)
...

∆wN (t)

 = α1
m



c1(x)/
N∑
j=1

cj(x)

c2(x)/
N∑
j=1

cj(x)

...

cN (x)/
N∑
j=1

cj(x)


(yd − y(t))

= α1
m (C(x)/

N∑
j=1

cj(x))(yd − y(t))

(35)

∆W (t) =


∆w1(t)

∆w2(t)
...

∆wN (t)

 = α2
m



c1(x)/
N∑
j=1

cj(x)

c2(x)/
N∑
j=1

cj(x)

...

cN (x)/
N∑
j=1

cj(x)


(yd − y(t))

= α2
m (C(x)/

N∑
j=1

cj(x))(yd − y(t))

(36)

From (21), (22), (27), and (28) we have

∂e(t)
∂wj(t)

= −cj(x)/
N∑
j=1

cj(x)

∂e(t)

∂W
= −C(x)T /

N∑
j=1

cj(x)

(37)

∂e(t)
∂wj(t)

= −cj(x)/
N∑
j=1

cj(x)

∂e(t)
∂W = −C(x)T /

N∑
j=1

cj(x)

(38)
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From (9) to (12) and (29) to (38), with respect toW , we have

∆V = 1
2

[
e2(t+ 1)− e2(t)

]
= 1

2 [e(t+ 1)− e(t)]
[
e(t+ 1) + e(t)

]
= 1

2 [∆e(t)]
[
2e(t) + ∆e(t)

]
= ∆e(t)

[
e(t) + 1

2∆e(t)

]
=

[
∂e(t)

∂W
α1
m (C(x)/

N∑
j=1

cj(x))e(t)

]
{
e(t) + 1

2

[
∂e(t)

∂W
α1
m (C(x)/

N∑
j=1

cj(x))e(t)

]}
(39)

Since ∂e(t)

∂W
= −C(x)T /

N∑
j=1

cj(x), we can rewrite (39) as

∆V =

[
−(C(x)T /

N∑
j=1

cj(x))
α1
m (C(x)/

N∑
j=1

cj(x))e(t)

]
{
e(t) + 1

2

[
−(C(x)T /

N∑
j=1

cj(x))
α1
m (C(x)/

N∑
j=1

cj(x))e(t)

]}

=

−1
2
α1
m e(t) C(x)TC(x)

(
N∑

j=1
cj(x))2


2e(t)− α1

m e(t)
∥C(x)2∥

(
N∑

j=1
cj(x))2


=

−1
2

α1
m e2(t)

∥C(x)2∥
(

N∑
j=1

cj(x))2


2− α1

m
∥C(x)2∥

(
N∑

j=1
cj(x))2



(40)

Let

2− α1
m

∥C(x)2∥(
N∑

j=1
c̄j(x)

)2

 > 0 then∆V < 0, i.e., we can select the learning rate α1 in

the following range

2m(
N∑
j=1

c̄j(x))
2∥∥C̄(x)2

∥∥ > α1 > 0 (41)

From (9) to (12) and (29) to (38), with respect toW , we have

∆V = 1
2

[
e2(t+1)−e2(t)

]
= 1

2

[
e (t+ 1)− e (t)

][
e (t+ 1) + e (t)

]
= 1

2

[
∆e (t)

][
2e (t) + ∆e (t)

]
= ∆e (t)

[
e (t) + 1

2∆e (t)

]
=

[
∂e(t)
∂W

α2
m (C (x) /

N∑
j=1

cj (x))e (t)

]
{
e (t) + 1

2

[
∂e(t)
∂W (α2

m )(C (x) /
N∑
j=1

cj (x))e (t)
]}

(42)

13
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Since ∂e(t)
∂W = −C(x)T /

N∑
j=1

cj(x), we can rewrite (42) as

∆V =
[
− (C(x)T /

N∑
j=1

cj(x))
α2
m (C(x)/

N∑
j=1

cj(x))e(t)
]

{
e(t) + 1

2

[
− (C(x)T /

N∑
j=1

cj(x))
α2
m (C(x)/

N∑
j=1

cj(x))e(t)

]}

=

[
− 1

2
α2
m e(t) C(x)TC(x)

(
N∑

j=1
cj(x))

2

][
2e(t)− α2

m e(t)

∥∥C(x)2
∥∥

(
N∑

j=1
cj(x))

2

]

=

[
− 1

2
α2
m e2(t)

∥∥C(x)2
∥∥

(
N∑

j=1
cj(x))

2

][
2− α2

m

∥∥C(x)2
∥∥

(
N∑

j=1
cj(x))

2

]
(43)

Let

2− α2
m

∥C(x)2∥(
N∑

j=1
cj(x)

)2

 > 0 then ∆V < 0, i.e., we can select the learning rate α2

in the following range

2m(
N∑
j=1

cj(x))
2

∥C(x)2∥
> α2 > 0 (44)

Since ∆V is negative definite, it follows that ∆V < 0 for all t > 0, and e(t) → 0 for
t → ∞. This ensures the convergence of the adaptive type-2 fuzzy CMAC learning
process. Accordingly, the aircraft landing control system is locally asymptotically
stable.

The aircraft system has four inputs—altitude, altitude rate, altitude command, and
altitude rate command—which are fed to both the PID controller and the type-2 fuzzy
CMAC. The pitch autopilot control signal, U , is computed as the sum of the PID
output (UPID) and the type-2 fuzzy CMAC output (UfuzzyCMAC ). While the PID
controller ensures baseline stability, the type-2 fuzzy CMAC progressively enhances
control performance, particularly under strong wind disturbances. The type-2 fuzzy
CMAC operates in two phases: recall and learning. During recall, the CMAC uses
Yd(k + 1) and Y (k) to access memory weights and generate an output UfuzzyCMAC ,
where Y (k) is the current aircraft output and Yd(k + 1) the desired output at the next
step (Figure 8). This output is combined with the PID signal to form the final control
command U . In the learning phase (Figure 9), U serves as the desired output. The
error between this signal and the actual system output (U−UfuzzyCMAC ) is calculated
to update the memory weights at Y (k) and Y (k + 1). Iterative updates reduce the
error over time, allowing the type-2 fuzzy CMAC to effectively complement the PID
controller and optimize overall aircraft landing performance.

Figure 8. The control process of type-2 fuzzy CMAC.
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Figure 9. The learning process of type-2 fuzzy CMAC.

4. Simulations

The aircraft begins the Automatic Landing System operation at 500 ft altitude,
9,240 ft from the touchdown point, with a flight path angle of −3◦ and an airspeed of
234.7 ft/sec. A successful landing is defined by the following criteria:

−3 ≤ ḣ(T ) ft/sec ≤ 0, 200 ≤ ẋ(T ) ft/sec ≤ 270,

−300 ≤ x(T ) ft ≤ 1000,−10 ≤ θ(T ) degree ≤ 5,

where T is the touchdown time, ḣ(T ) the vertical speed, x(T ) the horizontal position,
ẋ(T ) the horizontal speed, and θ(T ) the pitch angle at touchdown.

Table 2 presents the PID controller’s performance under varying turbulence
intensities [15]. With its original gains, the controller successfully guides the aircraft
only at wind speeds up to 30 ft/sec. At this threshold, the aircraft attains a pitch
angle of −0.17◦, vertical speed of −2.19 ft/sec, horizontal velocity of 234.7 ft/sec,
and a horizontal touchdown position of 844 ft (Figures 10–12). Beyond 30 ft/sec, the
conventional controller fails to ensure a safe landing, highlighting the need for adaptive
or fuzzy control strategies.

Table 2. PID control.

Wind (ft/sec) Landing point (ft) Vertical speed (ft/sec) Pitch angle (degree)

0 797 −2.83 −1.41
10 910 −2.55 −0.85
20 809 −2.38 −0.59
30 844 −2.19 −0.17
40 1020 −1.72 0.44

Table 3 summarizes the type-1 fuzzy CMAC’s performance under varying
turbulence intensities. Unlike the conventional PID controller, this approach
successfully guides the aircraft to a safe landing across a broader wind range of 10
ft/sec to 90 ft/sec [34].
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Figure 10. Pitch and pitch command under turbulence conditions of 30 ft/sec.

Figure 11. Vertical velocity and velocity command under turbulence conditions of 30 ft/sec.

Figure 12. Altitude and altitude command under turbulence conditions of 30 ft/sec.
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Table 3. Type-1 fuzzy CMAC control.

Wind (ft/sec) Landing point (ft) Vertical speed (ft/sec) Pitch angle (degree)

10 656 −1.54 −0.88
20 574 −1.89 −0.41
30 856 −2.54 −0.18
40 656 −2.30 0.06
50 515 −2.21 0.68
60 422 −1.21 2.22
70 774 −1.64 1.37
80 468 −2.58 1.26
90 809 −2.45 2.27

Table 4 summarizes the performance of the adaptive type-1 fuzzy CMAC with an
adaptive learning rate. Using the original pitch autopilot parameters (α = m(ΣC(x))2

∥C(x)2∥ ,
m = 10 blocks), this controller successfully guides the aircraft under wind conditions
up to 100 ft/sec, outperforming both the standard type-1 fuzzy CMAC and the
conventional PID controller (Figures 13–15).

Table 4. Adaptive type-1 fuzzy CMAC control.

Wind (ft/sec) Landing point (ft) Vertical speed (ft/sec) Pitch angle (degree)

10 844 −2.51 −0.90
20 879 −2.29 −0.55
30 70 −2.84 −0.09
40 774 −2.09 0.10
50 738 −2.44 0.26
60 656 −2.78 0.87
70 551 −2.36 1.51
80 480 −2.05 1.95
90 433 −1.80 2.39
100 621 −2.76 2.30

Figure 13. Pitch and pitch command under turbulence conditions of 100 ft/sec.

17



Advances in Differential Equations and Control Processes 2025, 32(3), 3604.

Figure 14. Vertical velocity and velocity command under turbulence conditions of 100 ft/sec.

Figure 15. Altitude and altitude command under turbulence conditions of 100 ft/sec.

Table 5 presents the results for the type-2 fuzzy CMAC, and Table 6 shows
the performance of the adaptive type-2 fuzzy CMAC. As shown in Figures 16 and
17, the adaptive controller significantly outperforms previous approaches, successfully
guiding the aircraft under wind conditions up to 160 ft/sec.

Table 5. Type-2 fuzzy CMAC control.

Wind (ft/sec) Landing point (ft) Vertical speed (ft/sec) Pitch angle (degree)

30 703 −2.30 0.05
50 668 −2.19 0.19
70 644 −2.43 0.77
90 562 −2.03 1.88
110 691 −1.82 2.85
130 609 −1.70 3.64
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Table 6. Adaptive type-2 fuzzy CMAC control.

Wind (ft/sec) Landing point (ft) Vertical speed (ft/sec) Pitch angle (degree)

30 933 −2.11 −0.33
50 802 −1.88 0.85
70 575 −1.85 1.63
90 184 −2.62 2.85
110 275 −2.58 3.66
130 493 −2.32 3.81
150 366 −2.90 3.21
160 980 −2.88 2.66

Figure 16. Vertical velocity and velocity command under turbulence conditions of 160 ft/sec.

Figure 17. Altitude and altitude command under turbulence conditions of 160 ft/sec.

The aircraft system used identical simulation parameters for all tests. For each
wind strength, ten randomly generated turbulence profiles were applied, and the
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controller was required to successfully handle all profiles to demonstrate robustness.

5. Conclusions

This paper explores the use of intelligent control techniques in aircraft automatic
landing systems, emphasizing both the conventional fuzzy CMAC and an enhanced
version with an adaptive learning rule. In standard CMAC architectures, weight
updates are governed by a fixed learning rate, which limits learning efficiency: a small
rate slows adaptation, whereas a large rate may cause instability. To overcome this
issue, we propose an adaptive learning rate that adjusts dynamically during the weight
update process, enhancing overall learning performance. Simulation results confirm
the proposed system’s superior tracking ability and adaptability to environmental
disturbances. The type-2 fuzzy CMAC demonstrates improved performance over both
the conventional PID controller and the type-1 fuzzy CMAC, effectively rejecting
disturbances under turbulence conditions up to 130 ft/sec. Furthermore, the adaptive
type-2 fuzzy CMAC achieves greater robustness, enabling safe landings under
turbulence levels reaching 160 ft/sec. System stability is verified through gradient
descent and Lyapunov-based analyses. Although the proposed approach introduces
higher computational complexity compared with fixed-rate models, the training is
conducted offline, which greatly reduces online computation and ensures real-time
feasibility. Future research may include hardware-in-the-loop validation, while large
language models (LLMs) offer promising opportunities for autonomous navigation
reasoning in subsequent studies [35].
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