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Abstract In this paper, a novel control parameter
design method is presented for the automatic carrier
landing system. To overcome difficulties in the manual
parameter adjustment task, the pigeon-inspired opti-
mization algorithm is utilized by converting the para-
meter design problem to an optimization problem. The
modified version is proposed to avoid the lack of the
diversity of pigeon population in the basic version.
Parameters in the inner loop are optimized by comput-
ing the fitting difference between an ideal frequency
response curve and the frequency response curve of
the optimized control system. To optimize control para-
meters in the H-dot autopilot and the approach power
compensation system, a weighted linear cost function
in the time domain is adopted. Series of experiments
are conducted to demonstrate the feasibility and effec-
tiveness of our method. Comparative results indicate
that out method is much better than other methods.
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1 Introduction

Landing an aircraft on a carrier is a demanding task.
As unwanted ship motions and the air turbulence exist,
achieving the narrow landing window requires preci-
sion control of the flight path [1]. To help relieve the
pilot and perform tightly coordinated control of aircraft
motions and airspeed, the automatic carrier landing sys-
tem (ACLS) has been developed. In general, the ACLS
incorporates a shipboard tracking radar, a radio data
link, the control system and the digital computer [2].
It can provide the automatic control of the flight path
and approach velocity. After measuring the aircraft’s
position using the tracking radar, the corrective control
commands are calculated and transmitted to the aircraft
to generate the precision flight path.

In the control system, the H-dot control command
has been devised and widely used to keep the touch-
down error small [3]. The H-dot control command is
observed and followed to ensure the aircraft track the
glide slope accurately. On the basis of theH-dot control
law, the ACLS commonly incorporates the inner loop
control system, the approach power compensation sys-
tem (APCS) and the H-dot command autopilot. The
inner loop control system is employed to increase the
handing quality, while the APCS is utilized to maintain
a constant angle of attack when the aircraft is landing
[4,5]. The H-dot autopilot is designed to follow the
H-dot control command, which has been proved to be
effective in alleviating the influence of air turbulence
[6,7].
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To design the controller for the ACLS, different
approaches have been investigated, such as the tradi-
tional PID controller [2], the F/A-18 fuzzy logic con-
troller [8], finite horizon H-infinity techniques [9], the
robust controller [10] and so on [11–14]. To achieve the
satisfied performance, parameters in the control system
have to be adjustedwith experience. Adjusting parame-
ters is a difficult and time-consuming task, especially
when the control system has the coupled control struc-
ture with a large number of parameters.

To overcome the control parameter design problem,
optimization tools have been considered [15–20]. The
parameter design problem can be converted to an opti-
mization problem, which can be easily solved through
the fitness function. The pigeon-inspired optimization
(PIO) algorithm is a newly proposed swarm intelli-
gence method, which mimics the homing behavior of
pigeons [21]. The PIO algorithm has been proved to
possess a better performance comparedwith other algo-
rithms like genetic algorithm (GA) and particle swarm
optimization (PSO) algorithm [22–25]. In this paper, a
modified version is presented by introducing a proba-
bility factor for the operator selection. Then, the algo-
rithm is applied to optimize control parameters in the
inner loop and the H-dot autopilot with the APCS,
respectively. The fitness function of the inner loop opti-
mization is designedbycomputing thefittingdifference
between the frequency response curve of the optimized
control system and an ideal frequency response curve.
A weighted linear cost function in the time domain is
adopted for the control parameter optimization in the
H-dot autopilot and the APCS. The contribution of the
paper is described as follows: (1) the control parameter
design task is converted to an optimization problem,
and the PIO algorithm is introduced to automatically
optimizing the control parameters in the automatic car-
rier landing system; (2) themodified PIO (MPIO) algo-
rithm is proposed by introducing a probability factor
for the operator selection and implementing the local
gather strategy for all pigeons not only for the decreased
number of pigeons.

This paper is structured as follows: Sect. 2 intro-
duces the control structure of the automatic carrier land-
ing system. To convert the control parameter design
problem to the optimization problem, the cost func-
tions are expatiated in this section. In Sect. 3, the basic
PIO algorithm and its modified version are presented.
Comparative experiments are conducted in Sect. 4. Our
concluding remarks are given in the final section.

2 Preliminary

2.1 Control structure of the automatic carrier landing
system

The longitudinal small turbulence dynamic model of
F/A-18A is given by [20]
{
ẋ = Ax + Bu
y = Cx + Du

(1)

In Eq. (1), x = (�u/V0,�α,�θ,�q,�h/V0)T ,
y = (�h,�γ,�nz/V0,�α,�u,�θ,�q)T , and u =
(�δs,�δLEF , �δPL)T , where �u,�α,�θ , �q,�γ ,
�nz,�h are the turbulence of velocity, angle of attack,
angle of pitch, pitch rate, flight path angle, normal
accelerate andheight, respectively.�δs is the deflection
of stabilator, �δLEF is the deflection of leading-edge
flap and �δPL is the output of throttle. Based on plant
matrices of the F/A-18A longitudinal system in [9], the
system matrices A, B, C and D in this paper are listed
in Table 1.

Table 1 Matrices of the F/A-18A longitudinal system

A

⎡
⎢⎢⎢⎢⎢⎣

−0.0705 0.0475 −0.1403 0.0000 −0.000058

−0.3110 −0.3430 0.0000 0.99133 0.00102

0.0000 0.0000 0.0000 1.0000 0.0000

0.0218 −1.1660 0.0000 −0.2544 0.0000

0.0000 −1.0000 1.0000 0.0000 0.0000

⎤
⎥⎥⎥⎥⎥⎦

B

⎡
⎢⎢⎢⎢⎢⎣

0.0121 0.00248 0.2316 0.0475

−0.0721 0.0140 −0.0338 −0.3430

0.0000 0.0000 0.0000 0.0000

−1.8150 −0.0790 0.0023 −1.1660

0.0000 0.0000 0.0000 1.0000

⎤
⎥⎥⎥⎥⎥⎦

C

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0 69.96

0 −1 1 0 0

0.311 0.343 0 0.0087 −0.001

0 1 0 0 0

69.96 0 0 0 0

0 0 1 0 0

0 0 0 1 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

D

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0

0 0 0 0

0.0721 −0.0140 0.0338 0.3430

0 0 0 1

0 0 0 0

0 0 0 0

0 0 0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
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Fig. 1 Inner loop in ACLS
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On the basis of the aircraft model, the ACLS is
designed to be composed of three parts: the inner loop,
theAPCS and theH-dot autopilot. In fact, the controller
for the ACLS in this paper is similar to the traditional
PID controller, which is simpler than other controllers
such as the fuzzy logic controller [8] and the H-infinity
controller [9,26]. In the control structure of the inner
loop as shown in Fig. 1, the pitch rate is controlled
to achieve rapid dynamic response. A structure filter
and a lag-lead filter are utilized in the feedback loop.
The parameter T in the lag-lead filter is able to affect
the amplitude–frequency curve of the inner loop. Two
parameters are introduced as the gain values in the for-
ward and feedback path, respectively. Therefore, the
dynamic response to the vertical rate command can be
obtained through adjusting these three parameters.

The low-order approximations for the actuator and
structure filter models are given as:

Stabilator:
δH

δHcm

= 1325

s2 + 29.85s + 1325
(2)

Structure filter: F(s) = s2 + 3.6s + 3600

s2 + 87s + 4270
(3)

To ensure the aircraft trace a landing path with
the constant angle of attack and velocity, the APCS
is applied to obtain the throttle command. As shown
in Fig. 2, four signals are introduced in the APCS as
the feedback signals. The angle of attack is designed
to trace a constant. The pitch rate signal can increase
the damping ratio. The stabilator command signal can
relieve the deflection of the stabilator. In addition, the
vertical rate of the landing aircraft is controlled by the
H-dot command autopilot as shown in Fig. 3. In gen-
eral, the vertical rate can be described as Ḣ = V sin γ ,
where V is the velocity and γ is the flight path angle.
To maintain the aircraft trace a landing path, the con-
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trol of the path angle can be converted to the control of
the vertical rate. Thus, the H-dot command autopilot
utilizes the vertical rate signal as the feedback signal.
To guarantee the capability of the system, the pitch rate
command limiter is employed to ensure the pitch rate
command within the limit of 3 deg/s. To increase the
damping ratio, the vertical accelerate signal is intro-
duced in the feedback loop.

2.2 Problem formulation

Subject to the dynamicmodel and the control structure,
the purpose of optimization is to find proper parameters
which are capable of ensuring the aircraft trace a land-
ing path precisely. In real applications, it is a tedious
and time-consuming work to adjust control parame-
ters manually. What’s more, the best control perfor-
mance usually cannot be achieved through empirical
tests under given constraints and configurations. There
is a need to automatically obtain control parameters.
Using optimization tools, the control parameter design
problem can be converted to an optimization problem,
and thus, optimal parameters can be obtained.

In this paper, a modified pigeon-inspired optimiza-
tion (MPIO) algorithm is presented to design parame-
ters in the control structure ofACLS.The inner loop and
autopilot loop are optimized, respectively. Cost func-
tions of the inner loop and ACLS are designed in this
section. Three parameters in the inner loop are obtained
through fitting two frequency response curves. After
fixing the inner loop, eight parameters in the H-dot
autopilot and APCS are optimized by ensuring the air-
craft follow the predefined vertical rate command.

2.3 Inner loop control parameter optimization

Given the control structure of the inner loop as shown in
Fig. 1, parameters are optimized by comparing the fre-
quency response curve with a reference curve. Three
control parameters are optimized in the inner loop.
Thus, the dimension of the inner loop control parameter
optimization problem is three. The solution can be rep-
resented as a 3-D vector Xi = [K1, K2, T ]. The actual
frequency response curve of the F/A-18A inner loop is
adopted as the reference one. To ensure requirements
of the control system, the frequency response curve
should approach to the reference one. Therefore, the

cost function is designed based on the error of fitting.
The cost function is defined as [20]

f =
NS∑
i=1

(G − GR)2 (4)

where NS is the number of sampling points, G is the
amplitude-frequency curve of the inner loop and GR is
the reference curve.

2.4 ACLS control parameter optimization

As shown in Figs. 2 and 3, control parameters in two
components (i.e., the APCS and the H-dot autopilot
loop) should be obtained. As two components cou-
ple with each other, control parameters are optimized
simultaneously. Therefore, the solution is defined as a
vector including eight parameters:

Xi = [Kai , Kap, Knz, Kq , Kδe, KḢ , KḦ , K∫ Ḣ ] (5)

The aircraft is supposed to track the predefined verti-
cal rate commandwith requirements such as a rapid rise
time, aminimum overshoot and a high steady accuracy.
These requirements can be defined in the time domain
as follows [20]

Rise time: fr t = t2|Ḣ(t2)=0.9Ḣc
− t2|Ḣ(t2)=0.1Ḣc

(6)

Overshoot: fo = max
t>0

∣∣∣∣ Ḣ(t)

Ḣc

∣∣∣∣ (7)

Steady accuracy: fsa = max
t>5

∣∣Ḣ(t) − Ḣc
∣∣ (8)

where t is the simulation time and Ḣc is a step H-dot
command.

In addition, two constraints (i.e., the angle of attack
error and the stabilator command) are considered in the
control system. The angle of attack error is computed
by comparing the attack angle and the command αc

[20]

faoa =
∫
t>5

|α(t) − αc| (9)

The integration of stabilator command is introduced
to avoid the overreaction. It can be calculated as [20]

fsc =
∫
t>0

|δs | (10)

Thus, based on those five requirements, the cost
function in the ACLS control parameter optimization
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problem is designed using the weighted linear combi-
nation method as follows

f = ω1 fr t + ω2 fo + ω3 fsa + ω4 faoa + ω5 fsc (11)

After converting the control parameter design prob-
lem to an optimization problem, the cost function can
be optimized using the optimization algorithm. In this
paper, the PIO algorithm is introduced to solve the opti-
mization problem.

3 Pigeon-inspired optimization algorithm

The pigeon-inspired optimization algorithm is a new
evolutionary algorithm inspired by the homing behav-
ior of pigeons [21]. Pigeons can find their homes
through homing tools including the magnetic field, the
sun and landmarks. The magnetic field is used to shape
the map and adjust the homing direction based on the
altitude of the sun. Landmarks neighboring pigeons
help them fly close to the destination. To mimic the
natural phenomena, the PIO algorithm utilizes two
operators to describe the flocking behavior of homing
pigeons. In the PIO algorithm, the map and compass
operator represents effects of themagnetic field and the
sun, and the landmark operator describes the effects of
landmarks.

Each pigeon in the flock represents a solution of the
problem. The pigeon with the highest fitness value is
selected as the potential solution of the problem. Given
the population size N , the kth pigeon is defined by its
position Xk = [xk1, xk2, . . . , xkm] and velocity Vk =
[vk1, vk2, . . . , vkm], where m is the dimension of the
solution.

In the map and compass operator, the new position
and velocity of each pigeon are updated as follows [21]

Vk(t) = Vk(t − 1) · e−Ft

+ rand · (Xg − Xk(t − 1)) (12)

Xk(t) = Xk(t − 1) + Vk(t) (13)

where Xg denotes the best position in the flock, t is
the iteration number, rand is a random number within
[0, 1] and F is a factor which controls the rate of the
velocity change.

In the landmark operator, half the pigeons are chosen
to generate the center of the whole flock. Then pigeons
move with a local gather strategy. The center can be
calculated by [21]

C(t) =
∑

Np
Xk(t) · fitness(Xk(t))∑
Np

fitness(Xk(t))
(14)

where Np is a decreased number of the population size
in the current iteration and fitness(·) represents the eval-
uation of the cost function. As a result of the landmark
operator, all pigeons are driven to follow the center of
the flock. Each pigeon updates its position using the
following equation [21]

Xk(t) = Xk(t−1) + rand · (C(t)−Xk(t−1)) (15)

In fact, the update strategies of velocity and position
have some similarities to the procedures in the PSO
algorithm [27,28]. The PIO algorithm can be regarded
as a combination of the standard PSO algorithm and a
local gather strategy. However, as a population-based
optimization tool, the PIO algorithm employs the expe-
rience of the whole flock instead of the experience of
each individual, which is different from the PSO algo-
rithm.

As the landmark operator in the basic PIO algorithm
introduces the center of a decreased number of pigeons,
pigeons would gather too quickly. When pigeons move
to the center, two pigeons may be at the same posi-
tion and update their positions synchronously. What’s
more, pigeons with worse fitness values are abandoned
in the landmark operators of the basic PIO algorithm.
The number of pigeons is decreased in the landmark
operator, which could accelerate the convergence rate
but lead to the lack of the diversity of population. In
this paper, to keep the population size, the local gather
strategy is implemented for all pigeons not only for the
decreased number of pigeons.

In addition, the basic PIO algorithm chooses two
operators using a threshold number of iteration. The
map and compass operator is first selected and the land-
mark operator is used when the threshold is exceeded,
which is not satisfied with the switching behavior of
navigational states. Pigeons are switchingbetweennav-
igational states frequently when they overfly ground
features that do or do not prompt positional reassess-
ment [29]. There is no single navigational state when
pigeons using homing tools. It means that pigeons have
no fixed periods to choose the map and compass oper-
ator or the landmark operator. Thus, inspired by the
uncertain navigational strategy of pigeons, a probabil-
ity factor is introduced for the operator selection. The
corresponding operator is selected based on the ran-
dom number. If rand < prob, the map and compass
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operator is selected to update positions on the basis of
the current best one; otherwise, the landmark opera-
tor is used to gather pigeons around the center. In the
MPIO algorithm, the new position and velocity of each
pigeon are updated according to the probability factor
as follows

Vk(t)=
{
Vk(t−1) · e−Ft +rand · (Xg−Xk(t−1)) if rand ≤ prob

rand · (C(t) − Xk(t − 1)) if rand > prob

(16)
Xk(t) = Xk(t − 1) + Vk(t) (17)

Thus, the MPIO algorithm works as follows:

Step 1 Initialize the basic parameters of the algorithm,
such as the population size N , the dimension
m, the maximum number of iteration Iter and
initial random set of pigeons.

Step 2 Evaluate all solutions by the cost function and
select the pigeon with the highest fitness value
as the current global best one.

Step 3 Select the operator based on the random num-
ber and the probability factor.

Step 4 Update the position and velocity of each pigeon
according to the selected operator.

Step 5 Evaluate new solutions and update the global
best one.

Step 6 Go to Step 3 for the next iteration if needed.

Given that F = O(F) is the computational com-
plexity of the cost function, the computational com-
plexity of themapandcompass operator isO(Nm), and
the computational complexity of the landmark oper-
ator is O(Nm). Thus, the computational complexity
of the MPIO is O(I ter · Nm). The modified proce-
dure leads to no extra computation cost. Therefore, the
MPIO can acquire the optimized solution within an
acceptable period.

4 Simulation results and analysis

To measure the performance of our method, series of
experiments are conducted. All experiments are per-
formed using MATLAB R2012b on a PC with a Core
II 2.4 GHz CPU and 3G of RAM.

4.1 Results on inner loop control parameter
optimization

Firstly, the inner loop is optimized by fitting the
frequency response curve with a desired frequency
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Fig. 4 Comparative frequency response of the inner loop

0 2 4 6 8 10
0

1

2

3

4

5

6

7

8

t(s)

q(
de

g/
s)

Pitch Rate

Fig. 5 Pitch rate response

response curve. The frequency response curve in [20]
is adopted in this paper. The number of sampling points
is set to be 100 (i.e., NS = 100). The trim values of the
states are set as [20]: V0 = 69.96 m/s, γ0 = −3.5 deg
and α0 = 8.1 deg. Parameters of the MPIO algorithm
are set as: N = 100, m = 3, F = 0.3, I ter = 50 and
prob = 0.8.

The frequency response and the pitch rate response
of the optimized inner loop are shown in Figs. 4 and
5, respectively. The frequency response curve in the
low-frequency domain is similar to the desired curve.
The rapid and steady response of pitch rate is consistent
with expectation. As there are differences in the control
structure, our optimized system cannot coincide with
the desired curve between 0.3 rad/s and 20 rad/s.
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To verify the performance of the optimized inner
loop, the low-order equivalent system method is intro-
duced to analyze the handling quality [20]. The control
anticipation parameter (CAP) of the low-order equiv-
alent system is evaluated. The CAP is defined as the
ratio of initial pitch acceleration to steady-state normal
acceleration in response to a step longitudinal control
input. The CAP can indicate the problems associated
with directly analyzing the short-period component of
the high-order system responses with respect to the
MIL-F-8785C short-period requirements [30]. In gen-
eral, different level regions are defined on the basis of
the pilot opinion data. If the CAP is within the Level
1 region, it reveals that the designed control system
makes the aircraft be easily maneuvered. From evalu-
ation results in Figs. 6 and 7, we can see that the CAP
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Fig. 9 Comparative standard deviation curves in 10 runs

falls in the Level 1 region, which indicates that out
optimized inner loop satisfies Level 1 requirement.

Furthermore, comparative experiments of various
intelligent optimization algorithms are conducted. Four
algorithms are introduced, such as BSO [20], PSO [31],
ABC [32] and BA [33]. Initialization parts of these
optimization methods are the same, which can avoid
the effect of initialization. Parameters such as the pop-
ulation size and the maximum iteration number are
also consistent. Comparative experimental results are
shown in Figs. 8, 9 and 10. The MPIO algorithm has
a fast convergence speed and the minimum standard
deviation in multiple runs. Therefore, our proposed
MPIO algorithm is superior to other algorithms.
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4.2 Results on ACLS control parameter optimization

Based on the optimized inner loop, control parameters
in the APCS and the autopilot are determined in the
sameway. In the control structures shown in Figs. 2 and
3, eight parameters are optimized altogether. A step H-
dot command is set to be 5 m/s, and the constant attack
angle reference is set to be0 deg [20]. The sameweights
in the weighted linear cost function are adopted. The
dimension of the optimization problem is set to bem =
8. The other parameters are the same as those in the
inner loop optimization.

Comparative evolutionary curves are shown in
Fig. 11. Comparative experimental results of theMPIO
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and PIO are shown in Figs. 12 and 13. The MPIO
algorithm has a fast convergence speed and better
performance. The comparative results of vertical rate
response in Fig. 13 indicate that our proposed method
can achieve a more rapid rise time and less overshoot.
Thus, the optimized control parameters are capable
of ensuring the autopilot track the H-dot command
quickly and precisely.

5 Conclusions and future work

This paper presented a novel control parameter design
method for the ACLS. In general, a satisfied perfor-
mance of landing on carriers in carious severe weather
conditions can hardly be achieved by manual control.
The empirical parameter adjustment is time-consuming
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and full of challenge. The PIO algorithm is introduced
to automatically optimize parameters in the control sys-
tem. A modified version is proposed by introducing a
probability factor for the operator selection and imple-
menting the local gather strategy for all pigeons not
only for the decreased number of pigeons. Experimen-
tal results demonstrate that our method is an effective
tool to deal with the control parameter optimization
problem. Comparative results indicate that our method
is superior to other algorithms.

Our future work will focus on the design of closed-
loop guidance law for the carrier landing system.
Another aspect in which we would like to further
improve our model is to design parameters in ACLS
using multi-objective optimization methods.
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