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Abstract Close formation flight is one of the most complicated problems on multi-uninhabited aerial vehicles

(UAVs) coordinated control. Based on the nonlinear model of multi-UAVs close formation, a novel type of control

strategy of using hybrid receding horizon control (RHC) and differential evolution algorithm is proposed. The

issue of multi-UAVs close formation is transformed into several on-line optimization problems at a series of

receding horizons, while the differential evolution algorithm is adopted to optimize control sequences at each

receding horizon. Then, based on the Markov chain model, the convergence of differential evolution is proved.

The working process of RHC controller is presented in detail, and the stability of close formation controller is also

analyzed. Finally, three simulation experiments are performed, and the simulation results show the feasibility

and validity of our proposed control algorithm.
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1 Introduction

Uninhabited aerial vehicle (UAV), which develops in the direction of unmanned attendance and intel-

ligence, is small in size, light in weight, is low cost and able to operate autonomously [1]. With these

qualities, UAV has become one of the inevitable trends of the modern military and civilian applications

[2]. Recently there has been a considerable amount of interests in cooperative control of a group of UAVs

flying in a formation [3]. When multi-UAVs fly in formation, the formation’s initial geometry, including

the longitudinal, lateral and vertical separation, should be preserved during maneuvers with heading

change, speed change and altitude change. A close formation, also called “tight formation”, is one in

which “the lateral separation between UAV is less than a wingspan” [4]. In this case, aerodynamic cou-

pling is introduced into the formation’s dynamics. Multi-UAVs flying in a close formation can achieve a

significant reduction in power demand, thereby improving cruise performances, such as range and speed,

or to increase the payload [5]. The “Leader/Wingman” formation pattern can be shown in Figure 1.

If the wingman flies in close formation with the leading UAV, the leader’s vortices will produce aero-

dynamic coupling effects, and a reduction in the formation’s drag can be achieved. According to the
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Figure 1 Leader-Wingman formation.

effects of aerodynamic interference, multi-UAVs close formation flight control is a complex problem with

strongly nonlinear and coupling character. The design and implementation of control methods for multi-

UAVs close formation is a hot issue recently. Based on the “Leader/Wingman” pattern, Proud, Dargan,

and Buzogany [4, 6–8] addressed the problem of automatic formation flight control. They analyzed the

additional aerodynamic coupling effects introduced by close formation, established the six-dimensional

close formation equations and designed a proportional-integral (PI) formation-hold autopilot. Binetti [5]

studied the forces and moments on the Wingman in the wake introduced by the Leader, and applied an

extremum seeking design for the formation system to achieve minimum power demand formation flight.

Wang [9] analyzed the UAV control characteristics based on the architecture of Agent, established the

model of relative motion of formation flight in the path coordinate frame, and obtained the control law of

the wingman using the Lyapunov stability theorem. Zong [10] tried to solve the coordinative optimization

problems among every individual UAV with flexible and smart ways by interactive communications and

information feedback in multi-agent system (MAS) so as to implement the autonomous formation flight

of multi-UAVs. In addition, many other control approaches have been introduced to the research of the

multi-UAVs close formation, such as nonlinear adaptive control [11], fuzzy logic [12], and robust control

[13].

Receding horizon control (RHC), or model predictive control (MPC), is an optimization-based control

method originating in process industry in the early 1970s. Recently, RHC is utilized to achieve formation

flight and other cooperative tasks [14], and the RHC-based method proves more successful in optimizing

airport capacity profile in a dynamic environment [15]. It is based on the simple idea of repetitive solution

of an optimal control problem and state updating after the first input of the optimal command sequence

[16]. The main idea of RHC is online receding/moving optimization. It breaks the global control problem

into several local optimization problems of smaller sizes, thus can decrease the computing complexity

and computational expense significantly [17]. For the complicated multi-UAVs close formation flight, the

RHC-based method requires a practical optimization technique to yield the optimal control sequence.

In this work, differential evolution (DE) algorithm is adopted to optimize the control actions in RHC.

DE algorithm is one of the recent population-based optimization techniques. DE was firstly proposed by

Price and Storn in 1995 [18], which is a heuristic method for minimizing nonlinear and non-differentiable

continuous space functions.

In this paper, we present a multi-UAVs close formation flight control approach by using hybrid RHC

and DE. The Markov description for DE is given, and a detailed convergence analysis is also presented

in detail. The stability and effectiveness of our proposed method are verified by theoretical analysis and

experimental results.
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2 Problem description

2.1 Model of multi-UAVs close formation

In this work, a typical multi-UAVs close formation model established by Proud [4] and Pachter [8] are

adopted.

ẋ = −
ȳ

τψW

· ψW − VW + VL cosψE +
ȳ

τψW

· ψWC
+ ȳ

q̄S

mV
[∆CYWy

· y + ∆CYWz
· z],

ẏ =
x̄

τψW

· ψW + VL · sinψE −
x̄

τψW

· ψWC
− x̄

q̄S

mV
[∆CYWy

· y + ∆CYWz
· z],

ψ̇W = −
1

τψW

· ψW +
1

τψW

· ψWC
+

q̄S

mV
[∆CYWy

· y + ∆CYWz
· z], (1)

V̇W = −
1

τVW

· VW +
1

τVW

· VWC
+
q̄S

m
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· z, ż = ζ,
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1
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1
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)

· ζ −
1

τaτb
z +

1

τaτb
hWC

−
1

τaτb
hLC

+
q̄S

m
· ∆CLWy

· y.

The optimal separation between the Wingman and Leader UAV can be described with x̄ = 2b, ȳ =
π
4 b, z̄ = 0 [19], where b is the wingspan of the Leader. The close formation model is established based on

the aerodynamic forces on the Wing UAV near the optimal relative position, with a rotating reference

frame affixed to the Wingman’s instantaneous position and aligned with the Wingman’s velocity vector

used.

In the close formation model shown in eq. (1), (x, y, ψW , VW , z, ζ) are the state vectors, where x, y, z

denote the longitudinal, lateral and vertical separation between the Leader and Wingman respectively.

ψW , VW denote the heading angle and velocity of the Wingman respectively. (ψWC
, VWC

, hWC
) are the

control inputs to Wingman’s Heading hold, Mach hold, and Altitude hold autopilot channels, respectively.

The Leader’s maneuvers are regarded as a disturbance, which can be expressed with (ψL, VL, hLC
).

2.2 Principle of RHC

Receding optimization is the most important idea of RHC, which is also the typical difference between

RHC and optimum control [20], as shown in Figure 2.

The whole control process can be divided into a series of optimizing intervals called rolling window, or

receding horizon. RHC method forms the closed-loop rolling mechanism, including observation, planning,

implementation, and re-observe. RHC is a p-step-ahead online optimization strategy [15]. At each time

interval, RHC optimizes the specific problem for the following p intervals based on current available

information.

Figure 2 Receding optimization.
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2.3 Description of RHC-based multi-UAVs close formation

When multi-UAVs fly in a close formation, the Wingman must maintain itself at the optimal separation

which is measured with respect to the Leader’s position. Thus, the cost function (or objective function)

of multi-UAVs close formation flight can be described with a quadratic form:

min J =

∫ T

0

((Xref − x(t))T · Q · (Xref − x(t))dt,

s.t. x(t) =

∫ t

0

f(x(0),u(τ),d(τ))dτ, (2)

Umin 6 u(t) 6 Umax,

where x(t) = [x, y, z, VW , ψW ]T denotes the formation state, and the control inputs of Wingman’s au-

topilot is represented by u(t) = [VWC
, ψWC

, hWC
]T. Xref = [xC , yC , zC , VL, ψL]T represents the reference

state of the close formation system, and xC , yC , zC determines the formation geometry. In the close

formation model adopted in our work, Leader’s flight states’ change can break the formation’s stability.

In this way, Leader’s maneuver can be regarded as the disturbance to the flight formation, described as

d(t). Q = diag{q1, . . . , q5} is a positive definite matrix.

RHC divides the global control problem into some local optimization problems at receding time hori-

zons. These local optimization problems have the same optimization objectives with the global control

problem. In the kth sampling instant, the dynamic of the close formation can be written as

x(k + 1) = x(k) +

∫ (k+1)T

kT

f(x(k),u(k))dt = fd(x(k),u(k),d(k)), x(0) = x0. (3)

The control inputs of the Wingman are subject to the following constraints:

U = {u(k)||Umin 6 u(k) 6 Umax}, (4)

where x(k) ∈ R5 represents the formation state at the kth sampling time, and the control action, keeping

constant until next predictive horizon, is represented by u(k) ∈ R3. d(k) ∈ R3 describes the Leader’s

state. T denotes the span of one time horizon, or sampling interval.

Assumption 1. The multi-UAVs close formation system given in eq. (1) is controllable and stabilizable.

Taking into account various practical constraints, such as the UAV’s physical performance and the

flight mission requirements, Wingman’s control action u is always available with the Leader’s state

d, which can stably maintain the formation state as the reference Xref . i.e ∀d, ∃u ∈ U , subject to

Xref = fd(Xref ,u,d).

At time k, RHC controller computes predictive control sequences of current and future p predictive

time horizons according to the formation’s current state, which can be represented as u(k|k), u(k +

1|k), . . . ,u(k + p − 1|k). Suppose that Leader’s state will not change in the following p time horizons,

namely d(k + i) = d(k). Then the states of the formation in these time horizons x(k + 1|k),x(k +

2|k), . . . ,x(k + p|k) can be obtained. The next p time horizons are named as predictive time horizon.

Denote the quadratic cost by the following fitness function at the kth time:

min J(k) =

p
∑

i=1

[(Xref − x(k + i|k))T · Q · (Xref − x(k + i|k)), (5)

s.t. x(k + 1|k) = fd(x(k|k),u(k|k),d(k)), x(k + j + 1|k) = fd(x(k + j|k),u(k + j|k),d(k)),

Umin 6 u(k + j|k) 6 Umax.

Minimize fitness function (5), the optimal solution to the local optimization problem at time k can be

obtained, which is represented by u∗(k + j − 1|k), j = 1, . . . , p. Apply the preceding m control actions

u∗(k|k), u∗(k + 1|k), . . . ,u∗(k +m− 1|k), (0 6 m 6 p) to the formation-hold control system residing on

Wingman successively in current and following m−1 time horizons. Subsequently, at time k+m, repeat
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Figure 3 Basic ideas of RHC.

sampling, predicting, optimization and implementing. By using this receding optimization technique,

multi-UAVs close formation state can approximate to the reference value finally. This process can be

described as Figure 3 [20].

RHC treats the global control problem as a series of online local optimization problems. Shown as

fitness function (5), these problems are actually constrained nonlinear optimization problems, and are

very difficult to be solved by using the traditional approaches. However, numerous population-based

optimization approaches can provide good solutions to these complicated problems. DE algorithm is

utilized to optimize the fitness function, and the predictive control law can be optimized directly.

3 Principle of DE and convergence analysis

3.1 Markov chain model of DE

DE algorithm has three evolutionary operations, namely mutation, recombination, and selection [21].

Like other evolutionary algorithms, DE also considers a random population of solutions. Suppose that

the initial solution population has NP individuals, and the search space is D-dimensional, the DE’s

population of the nth iteration can be represented by X(n) = [x1,x2, . . . ,xNP ], where xi is a candidate

solution in D-dimensional solution space. Let there be some criterions of optimization, usually named by

fitness or cost function. Then the optimization goal of DE algorithm is to find the values of the variables

that minimize the fitness, that is, to find

x∗ : f(x∗) = min
x
f(x).

Let S = RD be the individual solution space, SNP denote the population space, and f : S → R+ be

the fitness function. The basic operators of DE are described as follows.

Definition 1 (Mutation operator). Mutation operator is to randomly select three different individuals

from the current population and to generate new mutate individual.

vi = xr1 + F × (xr2 − xr3), (6)
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Figure 4 Mutation process of DE.

where F is a control parameter usually chosen from the interval [0, 2]. Best values are usually within the

range [0.5, 0.9] [22]. In a qualified view, mutation operator is a stochastic mapping:

Tm : SNP → S.

The mutation process is described as Figure 4 [23].

Its probability distribution is

P{Tm(X) = vi} =
∑

xr1,xr2,xr3∈S3

P (T 1
m(X) = {xr1,xr2 ,xr3})P (T 2

m(xr1 ,xr2 ,xr3) = vi)

=
∑

xr1,xr2,xr3∈S3

P (T 1
m(X) = {xr1,xr2 ,xr3}). (7)

Definition 2 (Recombination operator). Recombination operation is to generate the new individual by

copying components from the mutation vector vi and the target vector xi as follows:

uji =

{

vji, if randb 6 CR or j = randr, i = 1, . . . , NP,

xji, if randb 6 CR or j 6= randr, j = 1, . . . ,
(8)

where the random number randb ∈ [0, 1], the recombination control parameter CR is a constant in the

interval [0, 1], and randr is an integer randomly chosen from [1, D]. The recombination operator is also

a stochastic mapping, represented by

Tr : S2 → S.

Its probability distribution is

P{Tc(xi,vi) = ui} =















0, ui = xi,

m · CkDCR
k(1 − CR)D−k, else,

CRN +
1

NP
, ui = vi,

(9)

where k is the number of components in which the recombination process takes place, 1 6 k 6 D. m

is the number of new solutions generated by recombination. The recombination process is described in

Figure 5 [23].

Definition 3 (Selection operator). Selection operator, as the deterministic process in DE algorithm

[21], is implemented to choose better individuals with lower fitness function value between the target

vector and the trial vector, which is inherited by the next generation, expressed as

xi(n+ 1) =

{

ui, if f(ui) 6 f(xi),

xi, else.
(10)
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Figure 5 Recombination process of DE.

The selection process can be described as

Ts : S2 → S.

This selection scheme allows for only improvement but not deterioration of the fitness function value.

It is called “greedy search” [23], and its probability distribution is

P{Ts(xi,ui) = ui} =

{

1, f(ui) 6 f(xi),

0, else.
(11)

Selection operator ensures that the best fitness function value cannot be missed when moving from

one generation to the next, which usually results in the fast convergence behavior.

From the above analysis, DE algorithm can be written as

X(n+ 1) = {xi(n+ 1) = Ts ◦ Tc ◦ Tm(X(n)), i = 1, . . . , NP}. (12)

3.2 Convergence analysis

Definition 4 (Satisfaction value, satisfaction population set) [24]. Define F (X) = min{f(xi); i 6 NP}

as the satisfaction value of the population X = {x1,x2, . . . ,xNP }, and define while M∗ = {X|F (X) =

min{f(x); x ∈ S}} as the satisfaction population set.

Lemma 1. In DE algorithm, evolutional direction of the population is monotonically non-increasing,

i.e. F (X(n+ 1)) 6 F (X(n)).

Proof. By eq. (11), since DE’s selection operation is a greedy strategy, the best individual can always

be preserved in the next iteration’s population. Therefore, the optimal fitness objective function value is

monotonically non-increasing.

Lemma 2. DE algorithm’s population sequences {X(n), n ∈ N+} form a Markov chain process.

Proof. Population sequences of DE algorithm is

X(n+ 1) = T (X(n)) = Ts ◦ Tc ◦ Tm(X(n)),

where, Ts, Tc and Tm are irrelevant to the iteration n, and therefore, X(n + 1) only depends on X(n),

while {X(n);n ∈ N+} is a Markov chain. The transition probability is calculated by

P{T (X(n))i = xi(n+ 1)} =
∑

ui∈S

∑

vi∈S

∑

{xr1
,xr2

,xr3
}∈S3

P{T 1
m(X(n)) = {xr1 ,xr2,xr3}}

· P{Tc(xi(n),vi) = ui} · P{T (xi(n),ui) = xi(n+ 1)}.

It is obvious that ∀ X(n) ∈ SNP , ∃{xr1,xr2,xr3} ∈ SNP and vi,ui ∈ SNP , subject to

P{T 1
m(X(n)) = {xr1,xr2,xr3}} > 0, P{T 2

m(xr1,xr2,xr3) = vi} > 0,

P{Tc(xi(n),vi) = ui} > 0, P{Ts(xi(n),ui) = xi(n+ 1)} > 0.
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Therefore, P{T (X(n))i = xi(n + 1)} > 0, not depending on n. Thus, the transition probability is

given as

P{T (X(n)) = X(n+ 1)} =

NP
∏

i=1

P{T (X(n))i = xi(n+ 1)} > 0. (13)

This transition probability is also independent of n. Hence X(n) is only determined by X(n + 1)

using DE’s evolutionary operators. The population sequence {X(n);n ∈ N+} of DE algorithm is a

homogeneous irreducible aperiodic Markov chain.

Here, the transition probability of DE’s Markov population sequence is represented by

P{X,Y } = P{X(n+ 1) = Y |X(n) = X}. (14)

By eq. (11) and Lemma 1, the population’s transition probability can be given as

P{X(n+ 1) = Y |X(n) = X} =































NP
∏

i=1

P{T (X(n))i = xi(n+ 1)}, ∃ix, iy ∈ [1, NP ],

s.t.f(xix) = F (X),

f(yiy) = F (Y ),

0, else.

(15)

Theorem 1. With probability one, DE algorithm’s Markov population sequence {X(n);n ∈ N+}

converges as n → ∞ to the subset M∗
0 = {Y = (y1, . . . ,yNP ); yi ∈ M∗} of satisfaction population set

M∗ in the solution space, i.e.

lim
n→∞

P{X(n) ∈M∗
0 |X(0) = X0} = 1.

Proof. Suppose x∗ is the unique optimum satisfaction solution. Then by eqs. (7) and (9), P{X,Y }

has the following properties:

1) If X,Y ∈M∗
0 , then P{X,Y } > 0, P{Y ,X} > 0, in which these two states are interconnected, i.e.

X ↔ Y .

2) If X ∈M∗
0 and Y /∈M∗

0 , then P{X,Y } = 0, i.e. X 6→ Y .

Hence, M∗
0 is a positive aperiodic irreducible closed set [24]. For arbitrary initial state, we can obtain

lim
n→∞

P{X(n) = Y |X(0) = X0} =

{

π(Y ), Y ∈M∗
0 ,

0, Y 6∈M∗
0 .

X(n) enters into M∗
0 as n → ∞, and satisfy one limiting probability distribution π(Y ). Therefore,

limn→∞ P{X(n) ∈M∗
0 |X(0) = X0} = 1 is proved.

4 DE-based RHC controller design for close formation

4.1 Controller design

The formation flight controller is equipped on the Wing UAV. It is an outer-loop controller that receives

measurements of separation between the Leader and Wingman, and drives the control signals of the

Wingman’s three channels: Mach hold, Heading hold and Altitude hold autopilot. The block diagram of

DE-based RHC controller for multi-UAVs close formation is shown in Figure 6.

Models of each single UAV are low order models: the heading hold and the Mach hold autopilot are

first-order, and the Altitude hold autopilot is second-order.
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Figure 6 Frame of multi-UAVs close formation controller based RHC.

ψ̇W = −
1

τψW

· ψW +
1

τψW

· ψWC
,

V̇W = −
1

τVW

· VW +
1

τVW

· VWC
,

ḧW = −

(

1

τa
+

1

τb

)

· ḣW −
1

τa · τb
· hW +

1

τa · τb
· hWC

.

In the online optimization process, set eq. (5) as the fitness function of DE, and set predictive control

sequence u(k+i−1|k), i = 1, . . . , p as the individual vector, which is just the objective of DE optimization

operations. Here, the length of the predictive horizon is p, and thus DE’s search region is a D = 3∗p-

dimensional space. At time k, the jth individual of DE algorithm is represented by xj = [V jWc(k|k),

ψjWc(k|k), h
j
Wc(k|k), . . . , V

j
Wc(k+ p− 1|k), ψjWc(k+ p− 1|k), hjWc(k+ p− 1|k)]. Apply DE’s evolutionary

operators to xj until the terminal criterion is satisfied, and then choose the individual with the smallest

fitness function value as the optimal control sequence. After that, implement the preceding 3 ·m control

actions to the Wing UAV’s autopilot at each time horizon respectively.

With the purpose of improving the online searching efficiency and making full use of all aspects of

information, for the solution xκj = [V jWc(k + κ|k), ψjWc(k + κ|k), hjWc(k + κ|k)], κ = 0, . . . , p− 1 at time

k+κ with respect to the individual xj of DE population, one feasible method used in this paper is to assign

their initial value in the following three steps: (i) Set them as Leader’s current state [VL(k+κ), ψL(k+κ),

hL(k+κ)]. (ii) Set them as former one time horizon’s control action [V jWc(k+κ− 1|k), ψjWc(k+κ− 1|k),

hjWc(k + κ− 1|k)]. (iii) Assign their values randomly.

In order to reduce the computing complexity, we adopted the one step predictive control, i.e. m = p = 1.

When multi-UAVs fly in a close formation, at the kth time horizon, the DE-based RHC controller

implements the process online in the following steps:

Step 1. Input the formation’s current state x(k) = [x, y, z, VW , ψW ]T as well as Leader’s state

[VL(k), ψL(k), hL(k)], compare them with the reference state Xref(k), and then optimize the predictive

control law.

Step 2. Initialize the DE population (each individual of the DE’s population is a reference solution to

u(k|k), and set their initial values as follow:

xj =















[VL(k), ψL(k), hLk)], j = 1,
[

VWc(k − 1), ψWc(k − 1), hWc(k − 1)
]

, j = 2,

rand · (Umax − Umin) + Umin, else,

where, j = 1, . . . , D.

Step 3. Compute the fitness function value f(xj) according to eq. (5).

Step 4. Apply DE’s mutation and recombination operators to xj, and generate the trial vector uj

according to eqs. (6) and (8), and then compute its fitness function value f(uj).
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Step 5. Compare f(uj) and f(xj), implement DE’s selection operator according to eq. (10), and

then move the individual with the lowest fitness value to the next generation. Go to step 3 until stopping

criterion is satisfied.

Step 6. The best individual of DE population is just the optimal control input u∗(k|k), output and

apply it to each autopilot.

Step 7. Go to step 1 and move forward into the (k+1)th time horizon.

4.2 Stability analysis

Let u∗(k|k) be the optimal predictive control sequence at time k. If this control sequence continues to

work until time k+2, the multi-UAVs close formation system state at time k+2 can be obtained by

x(k + 2) =

∫ (k+2)T

kT

f(x(τ),u∗(k|k),d(k))dτ.

According to the further analysis, the fitness function J(k) of u(k|k) depends on the state x(k+ 1) at

time k+1. Using u∗(k|k) yielded by the DE optimization, the multi-UAVs formation state at time k+1

will be the optimal.

x∗(k + 1) =

∫ (k+1)T

kT

f(x(τ),u∗(k|k),d(k))dτ.

Continue using u∗(k|k) at the next time horizon, i.e. let u(k + 1|k + 1) = u∗(k|k). However, this

cannot guarantee that the fitness function value J(k + 1) is the optimal. Therefore, the system state at

time k+2:

x(k + 2) =

∫ (k+2)T

(k+1)T

f(x(τ),u∗(k|k),d(k))dτ (16)

is not optimal.

At time k+1, optimize u(k+1|k+1) by using DE algorithm. Since the initial population has contained

last time’s control input u∗(k|k), together with Lemma 2, the system state at time k+2,

x∗(k + 2) =

∫ (k+2)T

(k+1)T

f(x(τ),u∗(k + 1|k + 1),d(k + 1))dτ

is superior to x(k+ 2) determined by eq. (16), and J∗(k + 1) 6 J(k + 1), in which, the control sequence

u∗(k|k), u∗(k+1|k+1), . . . ,u∗(k+N |k+N) driving the system’s fitness function value is always superior

to that at the last time horizon. Given an appropriate control step, the system’s fitness function will

converge to the stable value [25]. Thus, the multi-UAVs close formation system can be stabilized at the

reference state.

5 Experimental results

In order to investigate the feasibility and effectiveness of our proposed DE-based RHC approach to multi-

UAVs close formation control, two experiments were conducted. The proposed approach was coded in

MATLAB language and implemented on PC-compatible with 2 GB of RAM under the Microsoft Windows

Vista.

In all experiments, the initial separations between Leader and Wingman were set with xC=60 ft,

yC=23.6 ft, zC=0 ft. The model parameters in eq. (1) were from [4]. Given Leader’s heading angle

and velocity were ψL = 0◦, VL=200 ft/s at the beginning of the experiments, while at time t=5 s, the

Leader’s flight states turned to ψL=20◦, VL=250 ft/s. The experiments were performed with 30 s, and

the following results show the response curves of the longitudinal and lateral separation, wing UAV’s

heading and velocity, as well as the final fitness value at each prediction horizon.

The parameters of DE-based RHC controller are set as follows: F=1.4, CR=0.5, NP=10, NC=20,

m = p = 1,Q = diag{100, 100, 10, 1, 1}.
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(1) Consider the aerodynamic interference introduced by Leader, and set the sampling interval at

Ts=0.1 s. The time response is shown in Figure 7.

(2) Change the sampling time interval as Ts=0.01 s. The simulation results are shown in Figure 8.

The comparative results in Figures 7 and 8 show that the shorter the sampling period, the stabler the

time response for the multi-UAVs close formation system. It is obvious that better performance can be

obtained by shortening the prediction horizon.

6 Concluding remarks

The close formation aerodynamic coupling effects on the Wingman caused by Leader’s wing vortex makes

it more difficult for the traditional controller to maintain the formation geometry. In this work, a DE-

based RHC control system for multi-UAVs close formation is designed. Experimental results show that

Figure 7 Time response of multi-UAVs close formation system. (Ts=0.1 s). (a) Longitudinal separation x; (b) lateral

separation y; (c) Wingman’s velocity VW ; (d) Wingman’s heading ψW ; (e) optimal fitness value J∗(k).
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Figure 8 Time response of multi-UAVs close formation system (Ts=0.01 s). (a) Longitudinal separation x; (b) lateral

separation y; (c) Wingman’s velocity VW ; (d) Wingman’s heading ψW ; (e) optimal fitness value J∗(k).

the proposed control approach can solve the optimal control problem of multi-UAVs close formation

effectively, and that a reduction in prediction horizons can improve the stability of the control system.

Our future work will focus on developing a more exact close formation model, with the real complicated

environments taken into account. Moreover, in view of the real-time requirement of the UAV, the time

complexity of our proposed method should also be further analyzed.
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