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Abstract— This paper implements a vision-based moving target
tracking system of quadrotors with visual-inertial localization
in GNSS-denied indoor environments. We use the visual-inertial
odometry to estimate the states of the UAV by minimizing visual
and inertial residuals, and estimate the states of the target with
extended Kalman Filter from visual detection. This research
formulates the target tracking problem as optimization-based
trajectory generation where a weighted sum cost function jointly
penalizes the tracking error, the control cost of the trajectory and
the trajectory length, while enforcing the safety and feasibility
constraints. We present a strategy that represents the trajectory
as piecewise Bézier curves using Bernstein polynomial basis. Due
to the special properties of Bézier curves, the position of the
entire trajectory and its derivatives can be directly bounded
within the safe spaces, thus this facilitating the dynamics of
the quadrotor. The proposed strategy can generate smooth and
collision-free tracking trajectories and is time and space efficient.
We conduct simulations and real-world experiments to validate
the effectiveness of our system.

I. INTRODUCTION

Recently, unmanned aerial vehicles (UAVs) have drawn
increasing interest of research in the field of robotics. UAV
platforms equipped with visual sensors can perform a wide
range of tasks in agriculture, surveillance, mapping, search
and rescue [1]–[4]. Many of these tasks require UAVs to
autonomously track a maneuvering target in complex en-
vironments where GNSS is unavailable. Tracking in these
environments meets other challenges except for minimizing
the tracking error between the UAV and the target. For the
sake of safety, it is necessary for the UAV to plan feasible
and collision-free motions under the velocity and acceleration
constraints. The trajectory of the UAV should be smooth for
stable flights and reduce camera blur. In addition, the onboard
computation has to be done with limited time and resources.

To address these issues above, this work implements a
vision-based system that enables a UAV to track a moving
target while avoiding static obstacles. Our system detects the
target and estimates the states of the target in the world frame
using computer vision from the onboard camera. Based on
the feedback obtained by the vision system, the autonomous
tracking control is achieved by optimization-based motion
planning techniques. We formulate the tracking problem as a
trajectory optimization problem where the cost function jointly
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Fig. 1. Demonstration of the UAV and the indoor environment in the
experiments. On the upper left corner is an image of the camera view, and on
the right corner the visualization of the generated trajectory.

considers the tracking error, the control cost of the trajectory,
and the trajectory length. We utilize the piecewise Bézier curve
to represent the tracking trajectory. Due to the special property
of Bézier curve, the motion constraints on safety and feasibility
are directly imposed in the form of linear inequalities.

We implement the system on a UAV equipped with cameras
and an onboard computer and perform experiments where the
UAV attempts to follow a UGV as the moving target. Fig.
1 illustrates the real-world tracking experiment in the indoor
environments.

II. RELATED WORK

A. Aerial Tracking

Autonomous UAV tracking of a moving target has been
investigated during the last decades. Many research efforts
are devoted to vision-based control methods, as cameras have
become a popular option for UAVs. [5]–[7] have incorpo-
rated visual measurements in the control loop as feedback
to compute the tracking error of a set of features available
in the image. In [8], [9], vision-based methods are proposed
to simultaneously control the poses of the UAV and the
camera, which keeps the target in the center of the frame
while performing tracking. However, in these cases, several
constraints such as obstacle avoidance or dynamics limits are
not taken into account. Coupling the visual processing system
with the trajectory planning approach allows the UAV to reach
its desired state while satisfying the constraints [10]. [11]
proposes a trajectory planning method for real-time tracking
of a moving target. The tracking trajectory is generated by
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solving an optimization problem where the cost function
embeds the tracking error and the control cost, and the motion
constraints are described as linear inequalities. [12], [13] adopt
multi-objective programming and use a weighted sum cost
function for trajectory generation. [14] uses a receding horizon
planner to autonomously record scenes with moving targets.
The planner utilizes model predictive control (MPC) with non-
linear constraints for generating trajectories from set-points
defined in image space. [15] proposes an optimization-based
method for tracking a target moving at an average speed of
1.3m/s. In the front end, the kinodynamic search is used to
search for a safe trajectory, while in the back end the trajectory
is optimized to be safe and feasible by a spatial-temporal
planning method.

B. Visual-Inertial Odometry

Visual-inertial odometry (VIO) for state estimation is be-
coming increasingly prevalent in various applications due
to its accuracy and robustness. Assisting visual odometry
with inertial measurements, high-frequency measurements of
acceleration and angular velocity from the IMU bridge the
gap between sequences of measurements from visual sensors.
VIO has shown more robustness in textureless scenes and in
varying lighting conditions.

There are generally two trends of ways to fuse visual mea-
surements with inertial measurements. The first is filter-based
sensor fusion, generally achieved by the Kalman Filter-based
methods [16], [17]. Based on the Kalman Filter, Mourikis and
Roumeliotis propose the multi-state constraint filter [18] to
impose constraints between multiple camera poses. OpenVINS
[19] implements MSCKF in a modern way and presents an
open-source codebase for the research of the VIO. The other
approach is optimization-based sensor fusion, also known as
Bundle Adjustment (BA), which jointly optimizes visual and
inertial measurements maintained in a sliding window. PTAM
[20] is one of the representative works based on parallel
threads and sliding-window methods, which achieves real-
time state estimation. ORB-SLAM3 [21] proposes a multiple
map system that enables VIO to survive in long periods
of textureless conditions. Qin proposes a tightly-coupled,
monocular VIO based on BA with camera-IMU extrinsic
calibration and IMU bias estimation [22]. Compared with the
approaches of filter-based sensor fusion, the approaches of
optimization-based sensor fusion have shown higher accuracy
while suffering from more computational complexity.

III. VISION-BASED TARGET TRACKING

Fig. 2 outlines the overall architecture of the system. The
target pose estimator detects the target from the vision system
and obtains the filtered position and orientation of the target
in the 3D space. Collecting observations from both the visual
and inertial sensors, the state of the UAV itself is estimated by
the visual-inertial odometry. After obtaining the target’s state
in the world frame, the trajectory planner generates a smooth
and dynamically feasible trajectory with a pre-built map of the
indoor environments. The high-level controller will forward

Fig. 2. The diagram of the system architecture.

the control command to the autopilot to track the generated
trajectory.

A. Target State Estimation

We use a UGV equipped with the AprilTag as the moving
target. The AprilTag visual fiducial [23], [24] mounted at the
front of the UGV is used to identify and localize the target.
The detection algorithm based on [24] extracts the information
of the tag through visual measurement and detects the position
and orientation of the target.

To estimate the state of the moving target from the visual de-
tection, we use extended Kalman Filter (EKF). The state vector
of the moving target is defined as xT = [px, py, vT , θ, θ̇]

T ,
where the px, py are the x, y position of the target, vT the
velocity of the target, θ is the angle between the forward
direction of the target and x-axis, and θ̇ is the angular velocity.
The state dynamics of the target is given as:

ẋT (t) = fT (xT (t)) +w(t)

zT (t) = hT (xT (t)) + v(t)
(1)

where fT (·) is the system’s dynamics function, hT (·) the
observation function, and w(t),v(t) the noise process, which
is modelled as zero-mean white Gaussian noise. The dynamics
of the target fT (xT (t),u(t)) is represented as a constant
velocity and angular velocity model:

ṗx = vT cos (θ), ṗy = vT sin (θ)

θ̈ = 0, ˙vT = 0
(2)

The observation vector is defined as zT = [px, py, θ]
T ,

which is obtained from the tag detection. The EKF will update
the state estimate by applying the correction equation:

ˆ̇xT (t) = fT (x̂T (t)) +K(t)(zT (t)− hT (x̂T (t))) (3)

where K(t) is the Kalman gain.

B. Visual-Inertial Odometry

Equipped with stereo cameras and IMU, the quadrotors
estimate the state using visual-inertial odometry. The states to
be estimated involve the body position pi ∈ R3 and orientation
Ri ∈ SO(3) in the world frame, the body velocity vi, the
inverse depth of landmarks λ, and the acceleration bias and
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gyroscope bias of the IMU, denoted by ba
i and bg

i . The full
state vector Xr is defined as:

Xr = [x0,x1, · · · ,xn, λ0, λ1, · · · , λm]

xi = [pi,Ri,vi,b
g
i ,b

a
i ], i ∈ [0, n]

(4)

where n denotes the size of the sliding window, xi denotes the
body state vector, and m is the size of the landmarks observed
in the sliding window. The inverse depth of landmark λj is
registered to the maintained state when observed for the first
time in the keyframe.

Given the measurements from the stereo cameras and IMU,
the VIO problem is formulated as the following nonlinear
least-square problem:

min
Xr

∥rp −HpX∥2 +
∑
i∈B

∥rIi−1,i
∥2ΣIi−1,i

+
∑
j∈C

∑
i∈Kj

ρ(∥rij∥Σij
)

(5)

where rIi−1,i is the inertial residual, rij denotes the visual
residual, B is the set of keyframes maintained in the sliding
window, C is the set of landmarks, and Kj denotes the set
of keyframes observing the landmark j. The Mahalanobis
norm is defined as ∥r∥Σ = rTΣ−1r, where ΣIi−1,i

and
Σij denote the covariance of inertial residual and visual
residual respectively. {rp,Hp} is the prior information left
by marginalization [25]. In addition, the Huber norm ρ(·)is
used for reducing the effects of outliers [26]. Gauss-Newton
and Levenberg-Marquadt approaches can be utilized to solve
the nonlinear least-squares problem. Now, the details of the
inertial residual and visual residual are stated as follows.

Following the theory proposed in [22], [27], we pre-integrate
consecutive IMU measurements between two keyframes and
represent the relative position, orientation, and velocity of two
keyframes as ∆pi,i+1, ∆Ri,i+1 and ∆vi,i+1. In addition, we
take the IMU’s acceleration bias residual ∆ba

i,i+1 and gyro-
scope bias residual ∆bg

i,i+1 into state estimation to achieve
higher accuracy. Therefore, the inertial residual is formulated
as:

rIi,i+1
=


RT

i (pi+1 − pi − vi∆t− 1
2g∆t

2)−∆pi,i+1

Log(∆RT
i,i+1R

T
i Ri+1)

RT
i (vi+1 − vi − g∆t)−∆vi,i+1

bg
i+1 − bg

i

ba
i+1 − ba

i


(6)

where Log : SO(3) → R3 converts rotation matrices into the
corresponding rotation vectors, and g represents the gravity
vector.

The reprojection error rij , between the landmark lj and the
keyframe i observing lj is formulated as:

rij = zij − πc

(
T−1

BCT
−1
i ThTBC

1

λj
π−1
c (u, v)

)
(7)

where (u, v)T is the observation of the landmark from ith

image, πc(·) and π−1
c (·) represent the projection and back-

projection model of the camera, the pose of the target frame

i is denoted as Ti, and Th the pose of the host frame,
TBC , obtained from offline calibration, denotes the extrinsic
transformation matrix from the camera frame to the body
frame (IMU frame). The feature observation zij is obtained
from camera measurement in the reference frame.

C. Flight Corridor Generation

Generating a trajectory for tracking a moving target consists
of two phases: path searching at the front end and trajectory
optimization at the back end. We use the A* algorithm to
search for a discrete and collision-free path with a pre-built
grid map of the environment. The nodes in the optimal path
obtained from the A* algorithm provide waypoints to generate
the flight corridors for further trajectory optimization [28],
[29]. The safe flight corridor is comprised of a sequence of
connected and convex cubes in the free space. To obtain the
flight corridor, first we initialize the flight corridor as a series
of nodes on the path searched by the A* algorithm. Then each
node in the flight corridor is inflated into a cube by containing
the free node in its neighbor on the axis-aligned direction.
Each of these cubes will be inflated to its maximum size until
it contacts with any obstacle in the map. The procedure of
generating the flight corridor is demonstrated in Fig. 3.

(a) (b) (c)
Fig. 3. The procedure of generating a trajectory. The nodes on the path
search by A* algorithm is marked red in 3(a). Then the safe flight corridor is
obtained by inflation in 3(b) marked blue. The optimal trajectory is generated
based on the safe flight corridor marked red in 3(c).

D. Trajectory Optimization

We leverage the differential flatness property to facilitate
the trajectory generation for the underactuated quadrotors [30].
Due to this property, smooth trajectories such as polynomial
functions can be used to specify trajectories in the space on
[x, y, z, ψ], where the x, y, z are 3D coordinates and ψ the yaw
angle. In this paper, we parametrize the quadrotor trajetory as
piecewise Bézier curves for 3D postition. In addition, since
the control effort for the yaw angle is independent of the 3D
position, we use a PD controller to control the yaw angle.

The Bernstein basis polynomials of degree n are defined as:

bin(t) =

(
n

i

)
ti(1− t)n−i, i = 0, 1, · · · , n (8)

where
(
n
i

)
is the binomial coefficient. For each dimension l ∈
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{x, y, z}, the trajectory is represented as:

fl(t) =



s1

n∑
i=0

ci,1b
i
n

(
t−T0

s1

)
T0 ≤ t ≤ T1

s2

n∑
i=0

ci,2b
i
n

(
t−T1

s2

)
T1 ≤ t ≤ T2

...
...

sM

n∑
i=0

ci,Mb
i
n

(
t−TM−1

sM

)
TM−1 ≤ t ≤ TM

(9)
where M is the number of segments of the trajectory, n is
the order of the polynomial in each segment, cij is the ith

coefficient of the jth trajectory, known as the control point,
T1, · · · , TM are the end times of the segments, sj is the
time scale factor to map the jth time interval from [0, 1] to
[Tj−1, Tj ]. Now, let cj = [c0j , c1j , · · · , cnj ]T and bj(t) =[
sjb

0
n

(
t−Tj−1

sj

)
, sjb

1
n

(
t−Tj−1

sj

)
, · · · , sjbnn

(
t−Tj−1

sj

)]T
, the

jth segment of the trajectory in Equation (9) can be written
as fj(t) = cTj bj(t).

We formulate the tracking problem as trajectory optimiza-
tion, which considers the objective of minimizing the tracking
cost including the tracking error, the control cost and the
trajectory length, together with the constraints on the safety
and feasibility. The weighted sum cost function with weights
λ1, λ2 is stated as:

min
f(·)

J =
1

2

∫ TM

T0

∥f (4)(t)∥22+λ1∥f(t)−fT (t)∥22+λ2∥f ′(t)∥22dt
(10)

The cost function (10) is divided into three parts. The first
term minimizes the integral of the square of the norm of the
snap. The second term penalizes the position error between
the quadrotor and the target. To simplify the optimization
problem, we fit the trajectory of the target using the Bernstein
basis polynomials, denoted by fT (t) = cT0 b(t). Then the
tracking error is defined as e(t) = f(t)− fT (t). The third term
minimizes the total length of the trajectory. The cost function
(10) can now be written as:

J =
1

2

∑
x,y,z

M∑
j=1

cTj

(
Q

(4)
j + λ1Q

(0)
j + λ2Q

(1)
j

)
cj

−2λ1c
T
0 Q

(0)
j cj

(11)

Q
(r)
j =

∫ Tj

Tj−1

b
(r)
j (t)(b

(r)
j (t))Tdt, r = 0, 1, · · · (12)

Stacking the coefficient c = [cT1 , · · · , cTM ]T and Q(r) =

diag
{
Q

(r)
1 , · · · ,Q(r)

M

}
, we obtain the cost function in (11)

as:
J =

∑
x,y,z

1

2
cTQc+ hT c (13)

Q = Q(4) + λ1Q
(0) + λ2Q

(1), h = −λ1Q(0)c0 (14)

Next, we enforce the constraints on safety and feasibility
in the form of linear equalities and inequalities. The start and
end state provide a boundary constraint on the trajectory as:

f (r)(T0) = f
(r)
0 , f (r)(TM ) = f

(r)
M (15)

The trajectory should be smooth at all the nth derivatives when
the quadrotor passes through two segments, which is shown
in (16):

lim
t→T−

j

f (r)(t) = lim
t→T+

j

f (r)(t) (16)

In addition, the generated trajectory should be safe and
collision-free. To achieve this, we utilize the convex hull
property of Bézier curves that the entire curve is bounded
within the convex hull of the control points. Therefore, the
flight corridor described in III-C can be used to impose safety
constraints. Since the flight corridor is comprised by a set of
collision-free convex cubes, confining all the control points
within the flight corridor will lead to the fact that the entire
curve is bounded in the flight corridor, thus avoiding any
obstacle. So we obtain:

c−j ≤ cj ≤ c+j (17)

where c−j , c
+
j is the lower and upper bound of the cube in the

flight corridor for the jth segment.
For the motion planning to be dynamically feasible, the

maximum velocity and acceleration of the quadrotor should
be bounded, which is demonstrated as:

vmin ≤ f (1)(t) ≤ vmax

amin ≤ f (2)(t) ≤ amax
(18)

Equation (15), (16) can be rearranged as linear equality
constraints for the coefficient c, denoted by Aeqc = beq , while
equation (17), (18) as linear inequality constraints, denoted
by Aieqc ≤ bieq . Therefore, the full optimization problem
for tracking trajectory generation is formulated by combining
these linear constraints with cost function (13):

min
c
J =

∑
x,y,z

1

2
cTQc+ hT c

s.t. Aeqc= beq

Aieqc≤ bieq

(19)

which is a Quadratic Programming (QP) problem, and can be
solved by solvers such as [31].

IV. SIMULATION

Our simulation demonstrates the effect of adjusting the
weights λ1, λ2 in cost function (10) on the optimal trajectory.
The simulation results are illustrated in Fig. 4. The values of
the weights range from 10−4 to 2.

The simulation results shows that tuning the weights λ1, λ2
in cost function (10) accordingly changes the performance of
the generated trajectory. From Fig. 4 (a), (b) and (c), increasing
the parameter λ2 tends to reduce the length of the trajectory.
From Fig. 4 (a), (d), (e) and (f), the generated trajectory tends
to converge faster and shift closer to the target if the parameter
λ1 increases. However, all these trajectories are still smooth
and collision-free when the weights are adjusted.
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(a)

(d)

(b)

(e)

(c)

(f)
Fig. 4. Different generated trajectories marked with different colors when
adjusting the weights λ1, λ2. The UAV is marked with the text ”base link”
on the right bottom corner, and the UGV is marked with ”target”. The flight
corridor is marked as a series of blue cubes. The values of the weights are:
(a)λ1 = 0, λ2 = 0, (b)λ1 = 10−4, λ2 = 10−2, (c) λ1 = 10−4, λ2 = 1,
(d)λ1 = 10−3, λ2 = 10−4, (e) λ1 = 10−1, λ2 = 10−2, (f)λ1 = 1, λ2 =
2.

V. EXPERIMENTS

A. Experiment setup

To verify the effectiveness of the system, we implement the
localization and tracking algorithms on the UAV, illustrated
in Fig. 5. The UAV is equipped with an onboard computing
device, Intel NUC (CPU: i5-1135, 16GB RAM). Stereo cam-
eras and IMU (Intel RealSense D435i) are rigidly mounted to
the front of the UAV, publishing images at 30 Hz and inertial
measurements at 200 Hz, respectively. A RGB camera is used
for detecting the target UGV with a tag of the size of 0.218m.
We use the PX4 flight controller for stabilizing the UAV.

Fig. 5. Hardware of the UAV platform.

B. Indoor Experiments Without Obstacles

First we validate our approach in indoor environments
without obstacles, as illustrated in Fig. 6. In this experiment,
the UAV starts at x = (0.1, 0.0, 0.5)T , while the target UGV
starts moving at xT = (1.5, 0.5, 0.2)T . The target UGV moves
at an average speed of 0.17 m/s.

(a)

(c)

(e)

(b)

(d)

(f)
Fig. 6. Experiments in indoor environments without obstacles. The camera
view is shown on the left upper corner, and the visualization of the generated
trajectory is on the right upper corner. The UAV is marked with an orange
bounding box.

Fig. 7 illustrates the 3D trajectory of the UAV and the UGV
and the tracking error ∥exy(t)∥2. We observe that the UAV can
follow the trajectory of the target UGV while planning smooth
trajectories. The vision observations are filtered to reduce noise
from the environment, and obtain more accurate prediction of
the target trajectory. The UAV can re-plan feasible trajectories
to reduce the tracking error between the target, and the average
tracking error is 1.03m during the expriment.

(a) (b)
Fig. 7. 3D trajectories of the UAV and the UGV as the target and the tracking
error between them. (In section V-B)

C. Indoor Experiments With Obstacles

We also perform experiments in indoor environments with
static obstacles using a pre-built grid map, as shown in Fig.
8. The traget UGV passes through a hole in the obstacle
area, forcing the UAV to perform tracking while avoiding the
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obstacles. The 3D trajectory of the UAV and the UGV and the
tracking error are illustrated in Fig. 9.

(a)

(c)

(e)

(b)

(d)

(f)
Fig. 8. Experiments in indoor environments with static obstacles. The target
UGV passes through a hole inside the obstacles, forcing the UAV to perform
tracking while avoiding the obstacles. The UAV keeps tracking when the target
is regained in the camera view.

Fig. 10 plots the setpoints and the estimated position of the
UAV. We observe that at t = 7.9s, as the target UGV passes
through the hole inside the obstacles, the UAV re-generated
its trajectory due to the safe constraints. The target UGV is
regained in the camera view when the UAV arrives at the
other side of the hole at t = 29.0s. Then the UAV generates
a new trajectory to tracking the target at t = 33.8s. Fig.
10 shows that the smooth and feasible motions are planned
by the trajectory generator, but there exists time delay from
generating the desired state to reaching the state, which is
possibly caused by the response time of the actuators. These
results show that the UAV can perform the tracking task while
satisfying the safety and feasibility constraints.

VI. CONCLUSION

In this paper, we implement a vision-based system of
quadrotors for tracking a moving target with visual-inertial
localization. The localization of the UAV is obtained by fusing
visual and inertial measurements. The target tracking problem
is achieved by optimization-based trajectory generation. The
experiments show that our UAV has successfully finished
the tasks of tracking a moving target while avoiding static
obstacles.

For the future work, we will focus on sensing and avoiding
dynamic obstacles for the UAV to autonomously navigate
in unknown environments. Additionally, we plan to apply
object detection algorithms for target perception without visual
fiducial markers.

(a) (b)
Fig. 9. 3D trajectories of the UAV and the UGV as the target and the tracking
error between them. (In section V-C)

Fig. 10. The desired and estimated position of the UAV. The desired position
is computed from the generated trajectory while the estimated position is
obtained from VIO.
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