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Abstract

A model predictive control (MPC) strategy is proposed based on state observation and
updating for image-based visual servoing (IBVS) tasks of micro aerial vehicles (MAVs). This
control strategy enables precise pose adjustment of MAVs without relying on the global
positioning system (GPS). Specifically, image features are first defined on a virtual image
plane to decouple the translational motion of the MAV. Subsequently, a linear velocity
observer is developed to provide high-quality real-time velocity information for the MAV
during IBVS execution. Furthermore, the image dynamics on the virtual image plane are
linearized using a first-order Taylor expansion, and a linear MPC controller is formulated
to efficiently compute the optimal control inputs. Moreover, the state inputs to the MPC
controller are updated at each control cycle to eliminate errors accumulated during the
rolling optimization based on the linearized dynamics, thereby ensuring the precision of
IBVS. Simulation and experimental results demonstrate the performance of the proposed
observer and control strategy.

Keywords: image-based visual servoing (IBVS); model predictive control (MPC); velocity
observer; micro aerial vehicles (MAVs)

1. Introduction

Owing to their advantages such as compact structure and high maneuverability,
quadrotor micro aerial vehicles (MAVs) have attracted extensive research attention for their
excellent performance in executing tasks such as tracking, hovering, and landing in complex
indoor and outdoor environments. The motion control of MAVs has also played a significant
role in applications including exploration, rescue, and reconnaissance. Substantial results
have been reported [1-3]. MAVs are typically equipped with a global positioning system
(GPS) and an inertial measurement unit (IMU) as part of their sensor system. Although
the GPS offers extensive coverage and high-precision positioning, its signal is often weak
or unavailable in constrained environments such as indoors, tunnels, and valleys [4].
IMUs can provide reliable attitude and angular velocity information independently of
external signals. However, they suffer from accumulated errors in acceleration and velocity
measurements over time, which prevents them from delivering accurate position and linear
velocity information [5]. In contrast, visual sensors are cost-effective and can provide rich
environmental information.

Vision-based control techniques have provided novel solutions for autonomous flight
of MAVs, playing a critical role in applications such as map reconstruction [6], state
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estimation [7], path planning [8], obstacle avoidance [9], autonomous landing [10], and
visual servoing [11]. Image-based visual servoing (IBVS) is a motion control framework that
relies on image information [12,13]. In IBVS, control inputs are derived from the feedback
information of the target in the image, forming a closed-loop control system that exhibits
robustness to camera models [14,15]. However, considering the inherent nonlinearity and
underactuated physical characteristics of quadrotor MAVs, along with the strongly coupled
geometric characteristics of the image dynamics, the application of IBVS to quadrotor
MAVs remains significantly challenging [16].

To overcome the challenges associated with implementing IBVS schemes using quadro-
tor MAVs, various technical approaches have been developed. Among them, the spherical
camera method [17] and the virtual camera method [18] represent two prevalent solutions.
In the spherical camera method, spherical centroid data projected onto a spherical image
space are utilized, and a cascaded nonlinear IBVS controller is designed by exploiting the
passivity property of the feature error, thereby decoupling the position and orientation
dynamics [19]. The virtual camera method typically employs image moment features [20]
on a virtual image plane [21] to decouple image dynamics and eliminate the influence of
roll and pitch motions. Compared with the spherical camera method, the virtual camera
method demonstrates superior performance in addressing the strong coupling of image
dynamics while further enhancing MAVs’ control performance along the vertical axis [22].

Building upon the virtual camera method, related research has achieved multifaceted
progress in enhancing IBVS performance. In [23], a critical neural network structure was
utilized to approximate errors, and an adaptive dynamic programming method for IBVS
was developed. The work in [24] extended the IBVS scheme to the problem of tracking
moving targets by designing a velocity observer to continuously estimate the unknown
linear velocity of the target, thereby enabling robust target tracking under a motion control
law. In [25], a state observer was constructed using the image feature flow, and an adaptive
controller was designed based on the output feedback, further strengthening the system
robustness. Beyond the above methods, other solutions have also been proposed by
researchers. A virtual spring scheme was designed in [26] to control the horizontal motion
of an MAV within the IBVS framework. In [27], YOLO was employed for image processing,
and errors were corrected via a delayed Kalman filter. An IBVS controller was then designed
by integrating with a proportional navigation guidance method.

To achieve stable convergence of an MAV’s position in IBVS tasks, extensive explo-
ration of various control methods has been conducted by researchers. These primarily
include: designing control laws with backstepping techniques based on image errors [28],
analyzing nonlinear control methods via Lyapunov stability theory [29,30] or Barbalat’s
lemma [31], and constructing controllers through quadratic programming (QP) [32] or
linear quadratic regulator (LQR) [33,34]. For MAV attitude adjustment, the desired attitude
is typically derived from virtual control inputs [35], or a geometric control approach is
employed for attitude regulation [36]. Compared with the aforementioned methods, model
predictive control (MPC) [37] achieves a lightweight design that balances response speed
and steady-state accuracy. By solving for the optimal control sequence online at each time
step, MPC possesses the capability to explicitly handle system constraints and optimize
future control sequences, thereby demonstrating important advantages in terms of control
accuracy and dynamic performance. In [38], an MPC scheme was first integrated with
the IBVS framework and applied to a quadrotor MAV, with experimental validation in
real scenarios. By imposing tightened state constraints to counter external disturbances, a
robust MPC scheme was developed in [39] for the IBVS of quadrotors in disturbance envi-
ronments. However, the effective implementation of MPC relies on the precise knowledge
of the system state. In GPS-denied environments, the linear velocity information of the
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MAV is not directly measurable, which poses new challenges for the integration of MPC
and IBVS.

In this article, an MPC strategy integrating state observation and online updating
is proposed to address the IBVS task for quadrotor MAVs in GPS-denied environments.
Within this method, image features are first defined on a virtual image plane to provide
decoupled image dynamics for the translational motion of the MAV. Subsequently, a
high-precision linear velocity observer with rapid convergence is designed based on an
approximate observation method [40], enabling real-time velocity estimation for the control
system. Building upon this foundation, the image dynamics are linearized via a first-order
Taylor expansion, and a linear MPC controller is constructed to enable the efficient com-
putation of control inputs. Combined with a state update mechanism within each control
cycle, this method effectively suppresses errors accumulated from linear approximation
and rolling optimization, thereby ensuring the accuracy of pose adjustment. The proposed
observation and control method requires no prior knowledge of MAV models and is capable
of providing high-precision velocity estimates and optimal control sequences in real time.

2. Problem Formulation
2.1. Quadrotor MAV Model

Two coordinate frames are considered to construct the dynamic model of the quadrotor
MAV. As shown in Figure 1, the world frame F% is defined with its origin fixed on
the ground, with directions of north-east-down. The body frame F? is attached to the
MAV with its origin located at the center of mass and oriented in the forward-right-
down directions. Its position and attitude with respect to F* are denoted by &(t) =
[x(t),y(t), z(t)]T and a rotation matrix R(t), respectively. R(t) is associated with the
attitude of three Euler angles, ¢(t), 6(t), and (), which indicate the roll, pitch, and yaw
angles, respectively.

/v Ground plane
|

P S

Figure 1. Coordinate frames and geometric relationship of an MAV during IBVS.

Following [25], the dynamic equations of the quadrotor MAV are expressed as:

& =Ry, (1)
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R = Rsk(w), )
mo = —mw X v +F, 3)
Jw=—-wx]Jw+T, 4)
F= —Ues + mgRTes (5)

where v(t) = [vx(t),vy(t),vz(t)]T and w(t) = [wx(t),wy(t),wz(t)]T represent the linear
velocity and angular velocity of the MAV expressed under F?, respectively. m and g denote
the mass of the MAV and the gravitational acceleration, respectively. F(t) € R is the
force vector along the z-axis of F?, and | € R3*3 is the MAV inertia matrix. T € R® and
U(t) denote the torque vector and total thrust vector of the MAV expressed under F?,
respectively. e3 = [0,0,1]" represents a unit vector along the vertical axis. x and sk(-)
represent the cross product and antisymmetric matrix, respectively.

2.2. Image Feature Dynamics

As illustrated in Figure 1, a virtual camera frame is introduced to provide decoupled
image dynamics for the lateral motion of the MAV. The origin of the camera frame F° is
aligned with the projection center of the downward camera, assuming that F° coincides
with F?. By rotating F° to align ¢z with ¥z, we obtain the virtual camera frame F?, which
shares the same origin as F¢, has the same yaw angle, and maintains zero roll and pitch
angles relative to /. Consequently, projecting feature points onto a virtual image plane
parallel to the horizontal plane eliminates the effects from the MAV’s roll and pitch motions,
thus achieving decoupled image dynamics.

Consider a fixed point denoted under F* and F¥ as “p(t) = [Yx(t), " y(¢), wz(1)]7
and “p(t) = [“x(t),%y(t),"z 1%, respectively. By transforming the frame, the following
relationship can be obtained:

’p =Ry(“p - “T,), 6)

p = —sk(ipes)’p — v (7)

where Ry(t) is the yaw rotation matrix of F° under F%, “T, € R3 is the position of
F? relative to F¥, and Yo (t) = [Y0,(t), 0, (t), 0,(t)]" is the linear velocity of the MAV
expressed under F°.

Y

The camera’s focal length is A > 0. According to the perspective projection model,
the pixel coordinate [“u(t), 2n(£)]" of Up(t) in the virtual image plane and the mapping
relationship between “p(t) and “v(t) are as follows:

“u A |%x
-2

Yo
Yul | —A/%z 0 ‘u/%z va N v
n| 0 —A/%z Pn/%Z| |, Y

UZ

Consider N stationary feature points projected from a horizontal target plane onto the

—u

! 14]- )

virtual image plane; the center coordinates [“u,, “n,] T of the target plane are

N
! Y Pny. (10)
k=1

1 N
v — v 0
e = N,{Z1 e s

Z|
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Then, image moments g(t) = [gx(t), qy(t), qz(t)]T and gy are selected to control the transla-
tion and rotation of the MAV, respectively [25].

YUy “ng [a* 1 20
Gx = 0z @y = 42— g g, = oy = Earctan% (11)

where “p;; = Y (Puy — “ug)’ ' n, — ng)j, a = "y + Y1y, represents the pixel region of
the visual target with “z\/a = z*v/a*. "z (t) = “z(t) is the vertical distance of the target
relative to the camera, and a* and z* represent the values of a(t) and z(t) when the MAV
reaches the desired pose.

The image moment dynamics can be obtained by combining Equations (9) and (11)
as follows:

q= —sk(t}ieg,)q — Zl*vv, (12)
Gy = —9- (13)

3. Observer Design

To address the issue that onboard sensors cannot continuously provide linear velocity
information for the MAV during IBVS tasks, an approximate observation method [40]
is introduced in this section, and a linear velocity observer with high accuracy and fast
convergence is designed on the basis of this method.

First, we express the translational dynamics (4) and (5) of the MAV under F°:

Y9 = —sk(¢e3)’v +f, (14)

(p@ Ues

f_

where f(t) = [fx(t),fy(t),fz(t)] is the total force for the MAV under F°, Ryq(t) is the
rotation matrix of F? relative to F¢, which successively rotates in the roll and pitch direc-

+ges (15)

tions. The dynamics are consistent with the nonlinear multi-input multi-output system
discussed in [40], and, therefore, the approximate observation method can be applied to
the translational dynamics of the MAV.

The auxiliary correction terms (t) = [Cx(t),Ty(t), (O)]" = §(t) and 8(t) =
[6x(t),0, (1), 6:(1)]T = ;](t) are defined to observe g(t) and 4(t), respectively. Let "0 (t)
denote the observed value of “v(t). Then, according to (12), “9(t) can be obtained from
{(t) and J(t) as follows:

U9 = —z"8 — z*sk(pe3)l. (16)

Subsequently, based on the approximate observation method in [40], the following
observer is designed to estimate the linear velocity of the MAV:

= —blkdlag(” ’ZX )g+b1kd1ag(’7 % Byg+s, (17)
_ & & &3 875875
5= blkdlag( Y Mz)g—l—blkdlag( Y Mz)q + 37 ot (18)
o = blkdiag(p1, 02, 03)[~2"6 — z*sk(ve3){], (19)
1 io, ,
i=(1- ) —, i=1,2,3 20
pi = ( Zdt)l(zdt)lpj (20)

where blkdiag(-) denotes the diagonalization of the matrix or values within the parentheses.
Fori = 1, 2, 3, the observation gains 1;, €;, and « are positive constants, ensuring the
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observation gain matrices are positive definite. Moreover, « must be sufficiently small to
achieve precise observation performance. dt represents the time of the control sampling
period, while ) dt = t denotes the total time of the current velocity observation. The
symbol *(-) indicates the exponentiation operation on the value inside the parentheses.

Remark 1. From the perspectives of the observer dynamics structure, the error convergence
mechanism, and the design principle of rapid convergence dominated by the gain parameter , the
observer designed in this article, based on the approximate observation method [40], falls into the
category of high-gain observers discussed in [41,42]. In [42], the approximate observation method
of [40] was further developed into a complete high-gain observer theory, and a proof of semi-global
practical asymptotic stability (SGPAS) was provided. Within this observer framework, the observed
values inherently exhibit a peaking phenomenon at the initial moment, which is not guaranteed
to be uniformly bounded in a global sense. To address this inherent characteristic, an approximate
transition term p; is designed in (20) to eliminate the undesirable behavior of the observed values at
the initial moment.

To ensure rapid convergence from a large initial error, an approximate transition term
p; is designed, where ‘p, and ‘p, are positive constants, and ‘p, must be sufficiently large
to optimize the initial phase of approximate observation. This design makes the observed
results align more closely with the actual values, thereby enabling the provision of reliable
state information for the MPC controller.

4. Model Predictive Control

The control objective is to efficiently compute the optimal control inputs based on the
image moments in order to adjust the MAV’s attitude and position. The overall control
scheme is illustrated in Figure 2.

Force and 0. 4
attitude |22 Y

calculation

Inner-loop
controller

The expected image moments g,(¢) and q@(t) and the image feature error e(t) are
defined as:

Figure 2. The block diagram of the control scheme.

T T
' =[q% 0% 95 =10,0,1,0]", (21)

]T

94/ ‘ﬁip

]T = [eXIey/ eZl el/}]T (22)

e(t) = [q,q9]" — a4 9

The dynamics of the image feature error can be expressed as:

. - 1, . : 1, . 1
exztpey—z—* vx,ey:—tpex—z—* vy,ezz—z—*

%

v, by = —1. (23)

When the MAV is in the desired pose, e(t) = 0 and “v(t) = 0. Therefore, in the
system x = F(x, u), the system state is defined as x(t) = [eT(t),va(t)]T, and the control

.o T
input is selected as u(t) = [fI (t),¢(t)] . The control objective is formulated as the rapid
convergence of the system to the zero equilibrium points x;(¢) and u,(t). The ultimate
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control objective is x(f) = x;4(t) = 0, u(t) = uy(t) = 0. During IBVS task execution, “v (t)
is provided by its observed value “9(t).

Let the system state be denoted by x(t) = [x1(t),xa2(t), x3(t), xa(t), x5 (), x6(£), x7(£)]"
and the control input be denoted as u(t) = [uy(t), uz(t), uz(t),us(t)]”. The nonlinear
dynamic model of the system can be expressed as:

x =F(x,u)

X X X
= [xouy — 22, —xquy — 2%, — 7%, —Uy, XeUy + Uy, —XsUy + Uy, U3

]T' (24)

During IBVS task execution, the MAV performs small-angle attitude adjustments. With
decoupling of image dynamics achieved, the nonlinearities in the MAV dynamics under
F? are solely induced by minor yaw angle variations, resulting in a relatively weak level
of system nonlinearity. Therefore, to achieve real-time, efficient, and low-computational-
cost control performance, the focus is placed on approximating the system as linear and
constructing an MPC controller based on this approximation.

We decompose the nonlinear term by a first-order Taylor expansion of F(x, u) at the
zero equilibrium points and realize the linearization approximation of the system.

oF oF
F(x,u) = F(xg,uy) + = (xd’ud)(x —x4) + 3u (xd’ud)(u —uy). (25)

Subsequently, the linear discrete-time system can be obtained:
x(k+1) = Ax(k) + Bu(k) (26)

where k denotes the discrete sampling instant and x(k) and u(k) represent the system state
and control input at each sampling instant in a linear discrete system, respectively. The
fully known state matrix A and input matrix B are given by:

1000 3% 0 0] [0 0 0 0]
0100 0 % o 0 0 0
0010 0 o =% o 0 0 0
A=10 0 01 O 0 0|,B=1]0 0 0 —dt (27)
0 000 1 0 0 —dt 0 0 0
0 000 O 1 0 —dt 0 0
0 000 O 0 1 | 0 0 —dt 0 |
The linearization approximation error A(t) of the system can be expressed as:
Ao Ix(k) + F(x,u)dt — Ax(k) — Bu(k)H' (28)

[[F(x, w)d]|

Remark 2. For flight systems requiring high real-time performance and high control frequency,
we employ high-speed sampling to enable intensive discrete control of continuous systems while
updating the system state in real time, thereby eliminating errors accumulated from rolling opti-
mization based on the linearized dynamics. At each control cycle, the state information is updated
for the controller based on the image moment error e(t) and the velocity observed value "9 (t).
Furthermore, subsequent simulation results verify that the linearization approximation error A(t)
can be strictly confined within 4%. Meanwhile, the state update mechanism effectively suppresses
errors accumulated during the processes of linear approximation and rolling optimization, thereby
ensuring the steady-state accuracy of the system.
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Next, an MPC approach [37] is designed for this linear discrete-time system. First, the
prediction model for the system state is formulated as follows:

x(k+i+1k) = Ax(k+i]k) + Bu(k+i]k), i=1,2,---, N—1 (29)

where i and N represent the prediction step and the prediction horizon, respectively. The
predicted system state for each control cycle can be compactly expressed as:

X(k) = Mx(k) + CU(k) (30)

where X(k) and U(k) denote the prediction sequences of the system state and input, re-
spectively, while M and C are the matrices associated with A and B, as expressed in the
following forms:

X(k) = [x(k|k), x(k+1]k), - -, x(k+ N|k)]", (31)
U(k) = [u(klk), u(k+1[k), -+, u(k+ N —1]k)]", 32)
M=, AT, (42)T, -, (AN)T]', (33)
O . O
B O ... 0O
C= AB B O (34)
AA(N.— 1)B A(N—-2)B --- é

Subsequently, by employing the positive definite weight matrices Q, R and Qy, we
define the following cost function for rolling optimization of three performance metrics:
system state error, feasible range of input consumption, and closed-loop stability of the
system terminal.

J(k) z [x(k +ilk)TOx(k +i|k) + u(k + i|k )" Ru(k + i|k)]

xlet NJI)T Qpx(k-+ NJK) (35)

= X(k)QX (k)" + U(k)RU(k)"

where Q = blkdiag(Q,Q,---,Q, Qf) and R = blkdiag(R,R,---,R). By updating the
system state and solving the optimization problem of the cost function at each control
cycle, the optimal control sequence U* (k) and the control input u(k) for the corresponding
discrete time step can be obtained.

U* (k) = min[J(k)], 36
(k) = min[] (k)] (36)
u(k) = [1 0 - o] U* (k). (37)
According to (15), the thrust and attitude inputs required by the MAV can be calculated
as follows:
10 00
f=10 1 0 O|u, (38)
0 010
u= megRgg (ges — 1), (39)
—fycos by
= arctan———, 40
Pd Fog (40)
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fx
0; = arct , 41
; = arctan F—g (41)

=0 0 0 1]u (42)

For the autonomous flight of MAVs, a mature control design adopts a dual-loop
architecture, in which the inner-loop attitude control operates at a higher frequency than
the outer-loop position control. Regarding the proposed control strategy, U (k) is input to
the outer-loop controller, and ¢,(k), 8;(k), and 9, (k) are input to the inner-loop controller,
thereby enabling the MAV to accomplish the IBVS task.

5. Simulation Results

In this section, two distinct types of experiments are conducted. First, a simulation
test is performed using a horizontal target plane with four points, and a comparison is
made with the classical backstepping-based IBVS control method [21], thereby validat-
ing the performance of the proposed velocity observer and the MPC controller in IBVS
tasks. Subsequently, the feasibility of the linearization approximation is verified through
another simulation test, taking into account the influence of the maximum nonlinear
coupling terms.

5.1. Simulation Results Compared with the Backstepping-Based Method

Simulation tests are conducted in MATLAB R2020b with a sampling period dt of 0.01 s.
The MAV mass is set as m = 2 kg, gravitational acceleration is ¢ = 9.81 m/s?, and the
camera focal lengthis A = 1.8 mm. It is assumed that target points are already in the camera
field of view (FOV). The coordinates of four target points under F% are [0.25,0.5, 0] Tm,
[—0.25,0.5,0]"m, [—0.25, —0.5,0]"'m, and [0.25,—0.5,0]"m. The MAV is hovering at the
initial moment with the Euler angles ¢(t) = 6(t) = 0 rad and ¢ (t) = 0.174 rad under F%
and with the position [3,2, —8)"m under F%.

The desired position and Euler angles of the MAV under F are set as [0,0, —4] m
and [0,0, O]Trad, respectively, with the parameter a* = 2.5 x 10~7. Observer gains are
chosen as 1; = 15, ¢; = 15, and « = 0.1. lp;, 2p;, 3p;, p,, 2p,, and 3p, are chosen
as 1.2 x 10%, 1.2 x 104, 1.5 x 10%, 1.2, 1.2, and 1.5, respectively. Control weight matri-
ces Q, R, Qs are set as blkdiag (1500, 1500, 1500,5, 8, 8, 8), blkdiag(0.5,0.5,0.5,0.5), and
blkdiag (1300, 1300,1300,3,8, 8, 8), respectively. In the simulation test, the dynamic re-
sponse characteristics and steady-state accuracy are intuitively evaluated through the
response curves of the system state x(k) and control input u(k).

Figure 3 presents the response curves of the auxiliary correction terms {(t) and J(t).
To more clearly illustrate the dynamic convergence process of the observed values, the
time axis in the initial phase is locally magnified. As shown in Figure 3, the auxiliary
correction terms converge asymptotically and rapidly to their true values and maintain
stable tracking. This result demonstrates that the nonlinear observer designed based on
the auxiliary correction terms is capable of obtaining high-precision and high-reliability
velocity observations, thereby providing accurate state feedback for the MPC controller.

The results of velocity observation are presented in Figure 4. To facilitate comparison
with the linear velocity v(t) of the MAV expressed in F?, the observed value () =
[0:(#),0y(t),0-(t)]" of v(t) can be obtained via the following transformation:

o = Rpy °0. (43)

Furthermore, in comparison with Figure 5, it can be observed that the introduced
approximate transition term p; optimizes the infinite asymptotic behavior in the initial phase
of the original approximate observation method, resulting in a convergence trajectory that
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more closely approximates the actual values. This eliminates the infinite velocity observed
at the initial moment, facilitating the use of the observed values for system state updates.

—qx ] Wi _ch N
io.s/ . '°;o.5-l'
-1t : i e & o -1 5 i = s 1

0 5 10 15 20 25 30 0 5 10 15 20 25 30

t (sec) t (sec)

! 4 ] T —Gy .
\ioz = -Gy(dy) ] ooi‘o'z 4;___ = -0y(dy) |
io.s/ ] @0.5-"

-1t . . NN, =1 . . NN,
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“ —q: ] 1J| _(jz R
,\?1'i \ - 'Cz(jz) ] uioz L = '5z((jz) ]
o5t { “os}
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Figure 3. Simulation results: Evolution of auxiliary correction terms {(t) and §(t).
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Figure 4. Simulation results (approximate transition term introduced): Observation for MAV velocities.

The performance of the proposed control strategy is evaluated in Figures 6-8. As
shown in Figure 6, the position of the MAV and the image feature error converge rapidly
to the desired values. It is noteworthy that the MPC controller is constructed based on
a linearly approximated system. Although the influence of the nonlinear terms on the
system is relatively weak and the approximation remains highly accurate, the system is
fundamentally not an ideal linear one. Consequently, model predictions can accumulate
errors due to the influence of nonlinear terms, leading to steady-state errors, as shown
in Figure 7. Therefore, it is necessary to update the system state at each control cycle.
This update relies on the velocity observer, which uses image feedback to continuously
provide the otherwise unavailable linear velocity information. Figure 8 shows that the
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Euler angles and control input ¢, (k) of the MAV converge smoothly and rapidly under the
proposed control strategy. Moreover, the trajectories of the target points appear smooth in
the virtual image plane. It can be observed that the designed controller demonstrates rapid
convergence, enabling the MAV to maintain a stable hover in the desired pose.
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Figure 5. Simulation results (approximate transition term not introduced): Observation for
MAYV velocities.
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Figure 6. Simulation results (system state continuously updated): (a) MAV positions under F%.
(b) Image feature error vectors.
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Figure 7. Simulation results (system state not updated): (a) MAV positions under 7%. (b) Image
feature error vectors.
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Figure 8. Simulation results: (a) MAV Euler angles. (b) Evolution of 1]Jd(k). (c) Paths of target points
in the virtual image plane.

Figure 9 presents the simulation comparison results between the proposed method and
the backstepping-based control method. It was verified in [21] that the backstepping-based
method can achieve satisfactory image error convergence and precise position regulation
in IBVS tasks. Figure 9 further evaluates the advantages of the proposed method in terms
of dynamic response through a comparative analysis of velocity, control input and flight
trajectory between the two methods. As can be observed from the figure, in contrast to
the backstepping-based control method, the proposed MPC control strategy effectively
suppresses the aggressive transient responses induced by initial errors by solving for the
optimal control input sequence through forward-looking rolling optimization, thereby
exhibiting superior dynamic performance in terms of response smoothness.

5.2. Simulation Results Considering the Maximum Nonlinear Coupling Terms

The linearization approximation error consists of coupling terms involving the yaw
angle, the image feature error, and the MAV velocity. Therefore, to verify the feasibility
of the linearization approximation, a simulation test is conducted under the conditions
of maximum yaw angle error and initial image error. Considering the characteristics of
image moments and the camera FOV constraints, the initial yaw angle is set to 0.257 rad
under F¥, and the initial position is set to [6,4, —8] ' m under F*. The remaining simula-
tion configurations and parameter settings are kept consistent with the aforementioned
simulation tests.

As shown in Figure 10, the maximum value of the linearization approximation error
A(t) at the initial moment is limited to within 4%, falling within the acceptable linearization
threshold range, thereby verifying the feasibility of the linearization approximation. With
the convergence of control input ¢, (k), A(t) asymptotically converges to zero. Moreover,
under the state update mechanism, the model mismatch is compensated at each control
cycle, thus leaving no residual linearization approximation error in the steady-state phase.
The remaining simulation results are presented in Figure 11. It can be observed that even
under extreme adverse initial conditions, the proposed control strategy still exhibits satis-
factory control performance and steady-state accuracy, and the quadrotor MAV successfully
achieves precise pose adjustment.
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Figure 9. Simulation results: (a) Force vectors for the MAV (proposed method). (b) Force vectors for
the MAV (backstepping-based method). (c¢) MAV velocities (proposed method). (d) MAV velocities
(backstepping-based method). (e) Paths of target points in the real image plane (proposed method).
(f) Paths of target points in the real image plane (backstepping-based method).
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Figure 10. Simulation results: (a) Evolution of (k). (b) Evolution of A(t).
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Figure 11. Simulation results: (a) MAV positions under F%. (b) Image feature error vectors. (c) Paths
of target points in the virtual image plane. (d) Force vectors for the MAV. (e) MAV Euler angles.
(f) Paths of target points in the real image plane. (g) MAV velocities and their observations.

6. Experiment Results

To further validate the proposed control strategy, a real-world experiment is conducted
in this section using our previously developed experimental platform [25]. The hardware
configuration comprises a quadrotor MAV equipped with dual cameras, an onboard com-
puter, and an image transmission system. The MAV employed in this article is the DJI
Matrice 100, manufactured by DJI in Shenzhen, China.

The onboard computer is installed with Ubuntu and the Robot Operating System
(ROS) platform. The downward camera employed OpenCV algorithms to detect visual
targets, thereby enabling the MAV to achieve IBVS. The MAV autonomously takes off and
searches for the target, as detailed in our previous work [35]. During the take-off and
search stages, the state information provided by VINS-Mono [43] is utilized to control
the MAV flight via geometric tracking control [44]. Subsequently, in the IBVS stage, the
MAV is controlled by the proposed control strategy. The experimental setup is illustrated
in Figure 12.

Before the MAV takes off, the origin of F¥ is set to coincide with the origin of F? after
initializing VINS-Mono. The target plane consists of four circular images. The coordinates
of circle centers under F¥ are set as [1.2, —0.2,0] Tm, [1,-0.2,0] Tm, [1,—-04,0] Tm, and
[1.2,—-04,0] Tm. The MAV mass is 4.5 kg, and the camera focal length A is 1.8 mm. The
desired vertical distance of the target relative to the camera is set as z* = 1 m. The desired
position and Euler angles of the MAV under F¥ are set as [0,0,1]"m and [0,0,0]"rad,
respectively, with the parameter a* = 9.1 x 1077,

In the experiment, the closed-loop sampling frequency is 50 Hz with a sampling
time dt of 0.02s, which satisfies the real-time requirement. Observer gains are se-
lected as 7; = 8, ¢ = 8 and a = 0.1. 1lp;, 2p,, 3p;, 'p,, 2p,, and 3p, are
set as 1 x 104, 1 x 10%, 1.2 x 104, 1, 1, and 1.2, respectively. Control weight matri-
ces Q, R, and Qs are blkdiag (1500, 1500, 1500,5, 8,8, 8), blkdiag(0.5,0.5,0.5,0.5), and
blkdiag (1300, 1300,1300, 3, 8, 8, 8), respectively. Figure 13 provides several photos of the

https://doi.org/10.3390/sym18050726


https://doi.org/10.3390/sym18050726

Symmetry 2026, 18, 726 15 of 20

flight process. Images of the target plane captured by the downward camera are shown

in Figure 14.
Mini HDMI to HDMI
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Figure 14. Experiment: The target plane captured on actual images during the IBVS stage.

The experimental results are presented in Figures 15-19. Figure 15 illustrates the
positions of the MAV throughout the flight. Under the proposed control strategy, the MAV
autonomously took off, searched for the target and stabilized at the desired position. From
the evolution of the Euler angles and thrust control inputs provided in Figure 16, it can also
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be observed that the MAV continuously performs fine adjustments to its attitude above the
target based on the image feature error. Figure 17 further illustrates the evolution of the

image feature error.

15 = 1 1 T 1 1 T 1 1 T
1F-- o — T — N}
= 05F Take-off ]
8 and search IBVS a

t (sec)

Figure 15. Experiment results: Evolution of MAV positions during flight (solid lines: actual position;
dashed lines: desired position during the IBVS stage).
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Figure 16. Experiment results: Evolution of control inputs U(k), ¢4 (k), 84(k), ¢4 (k) and (k).
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Figure 17. Experiment results: Evolution of image features (solid line: actual image features; dashed
line: desired image features).
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Figure 18. Experiment results: Evolution of MAV velocities and their observations.
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Figure 19. Experiment results: (a) Paths of target points in the virtual image plane. (b) Paths of target
points in the virtual image plane.
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Figure 18 presents the evolution of MAV velocities and their observed values. As
shown, the proposed observer enables the observed velocities to converge rapidly to
their actual values within a short time, demonstrating excellent observation performance.
Figure 19 provides the trajectories of the centroid feature points of the circular images on
the virtual and real image planes during the IBVS stage, respectively. The experimental
results confirm that the proposed observation method can accurately estimate MAV linear
velocity, and the proposed control strategy enables the MAV to hover stably at a specified
position relative to the visual target.

7. Conclusions

This article presents an MPC method with velocity observation for the IBVS task
of MAVs. By linear approximation, state updates, and rolling optimization, the method
rapidly computes optimal control inputs to precisely adjust the MAV’s pose. During the
take-off and search stages, the VINS-Mono algorithm provides real-time pose estimation,
and target search is achieved through geometric tracking control. In the IBVS stage, image
features for IBVS control are defined on the virtual image plane, and the linear velocity
observer is developed. The image dynamics are approximated as linear via a first-order
Taylor expansion, enabling the design of an MPC controller. By updating the system state
with accurate and rapidly converging velocity estimates, steady-state errors are eliminated
and control inputs are efficiently computed. The performance of the proposed observer
and the control strategy is validated through simulations and experiments. The velocity
observation method provides accurate MAV velocity estimation, and the MPC control
strategy enables the MAV to achieve the desired trajectories in both image space and
Cartesian space. The proposed control method is not applicable to strongly nonlinear
systems with complex disturbance signals. Therefore, in future work, we will consider
improving the control method to enhance the disturbance rejection capability of MAVs
during IBVS tasks.
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