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ROAR: A Robust Autonomous Aerial Tracking
System for Challenging Scenarios

Tong Zhang1, Chenghao Li1, Kezhen Zhao1, Hao Shen1, Tao Pang2

Abstract—Autonomous tracking represents a significant ad-
vancement in the evolution of unmanned aerial vehicles (UAVs),
offering applications in areas such as aerial photography and
infrastructure inspection. Despite its potential, many autonomous
tracking systems encounter challenges in maintaining consistent
and reliable target tracking, particularly in complex and dynamic
environments. This study presents a robust approach to au-
tonomous tracking aimed at overcoming two primary challenges
that often lead to tracking failures: target loss and poor tracking
trajectory quality. To tackle these issues, a Markov chain-
based motion prediction method is introduced to estimate the
target’s future position probabilities over time. Based on these
predictions, a re-capture strategy is designed to enhance decision-
making, ensuring effective recovery when the target exits the field
of view (FOV). Additionally, the tracking process is modified by
formulating cost functions that incorporate tracking distance and
optimal yaw angle, while ensuring safety, dynamic feasibility, and
operational constraints. Simulations and real-world experiments
validate the proposed method, demonstrating stable and efficient
tracking performance in challenging environments.

Index Terms—Aerial Systems: Applications, Motion and Path
Planning, Task and Motion Planning.

I. INTRODUCTION

IN recent years, advancements in autonomous navigation
technology for robots have significantly contributed to the

application of UAV-based target tracking in various fields,
including aerial photography and surveillance [1]–[4].

In challenging scenarios where the target exhibits high
uncertainty and maneuverability, becomes obscured by a com-
plex environment, or falls outside the UAV sensor’s limited
FOV, it may frequently disappear from the sensor’s detec-
tion range. This phenomenon, known as target loss, disrupts
tracking stability and can ultimately lead to tracking failure,
highlighting the need for robust tracking algorithms.

To address target loss, most existing methods focus on
generating tracking trajectories by incorporating carefully de-
signed constraints, such as visibility and distance constraints,
to minimize the duration for which the target remains outside
the FOV and thereby enhance tracking stability. However,
some methods employ complex cost functions [5], [6], while
others overlook yaw angle optimization [7]. This increases the
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optimization burden on the position trajectory, making it more
susceptible to local minima and ultimately degrading trajectory
quality. Furthermore, in dynamic and cluttered environments,
target loss is inevitable, and trajectory optimization alone can-
not ensure reliable tracking. Existing approaches lack effective
target re-capture mechanisms, as current relocation strategies
primarily plan paths to the target’s last known position [8],
which becomes inefficient in complex scenarios.

To address the susceptibility of tracking algorithms to
target loss, this paper introduces Robust Autonomous Aerial
Tracking (ROAR) System. This system enhances trajectory
quality while enabling efficient re-capture of lost targets.
The approach begins by generating a series of nodes with
probabilistic target appearance information, leveraging motion
primitives expansion and Markov chains. Instead of directly
embedding visibility constraints into the trajectory optimiza-
tion process, the method generates a sequence of viewpoints
to improve target observability, thereby reducing the burden
of trajectory optimization. When target loss occurs, a re-
capture strategy is employed to relocate the target using
these predicted viewpoints. On the backend, a B-spline joint
trajectory optimizer is implemented to refine trajectory quality,
incorporating a time-dependent tracking distance penalty term.
This ensures the generation of high-quality trajectories with a
lightweight cost function, maintaining an optimal observation
position for the target. Additionally, the yaw angle is treated as
an independent optimization variable, ensuring that the target
remains within the UAV’s FOV while relaxing strict position
trajectory constraints.

In comparison to other state-of-the-art approaches, the pro-
posed method achieves higher tracking success rates and ex-
tends target retention within the UAV’s FOV under challenging
conditions, demonstrating excellent robustness. Additionally,
real-world experiments conducted in outdoor environments
further validated the effectiveness of the proposed method.
The key contributions of this study are as follows:

1) A motion prediction framework based on a Markov
chain is introduced, incorporating viewpoint genera-
tion and a re-capture strategy derived from prediction
outcomes. This ensures sustained target visibility and
facilitates efficient re-capture following target loss.

2) A novel cost function is designed, integrating both track-
ing distance and optimal yaw angle. This cost function
is integrated into a joint trajectory optimizer, which
incorporates additional factors to effectively reduce the
risk of target loss from the FOV.

3) Extensive evaluations in both simulated and real-world
environments confirm that the proposed method consis-
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tently achieves stable and reliable tracking performance
in challenging scenarios.

II. RELATED WORKS

Previous studies have approached the target tracking chal-
lenge from a control-based perspective. For instance, Dmytruk
et al. [9] formulated UAV target tracking as a nonlinear
model predictive control (NMPC) problem, integrating visual
perception constraints to maintain continuous target visibility
while fulfilling mission objectives. Similarly, Nageli et al.
[10] developed an model predictive control (MPC) solver that
optimizes the trajectories of both the UAV and its gimbal
while incorporating obstacle avoidance strategies. However,
these approaches rely on simplified assumptions that repre-
sent obstacles as spheres or ellipsoids, which restricts their
applicability in complex environments. Several methods have
been developed within the frameworks of image-based visual
servoing (IBVS) [3], [11] and position-based visual servoing
(PBVS) [12], utilizing controllers that incorporate the full
dynamic model of the UAV. While these approaches perform
well in open environments, their lack of dedicated obstacle
avoidance mechanisms limits their effectiveness in cluttered
settings. Control-based methods share a common drawback:
they generate control commands based solely on the current
frame, lacking a long-term perspective on tracking task, which
increases the risk of target loss from the FOV.

Several studies have explored target tracking through tra-
jectory generation to address the limitations of control-based
methods. Han et al. [8] and Chen et al. [13] utilized polynomial
fitting to predict target motion, optimizing the fitted polyno-
mial for trajectory planning. It should be indicated that Chen et
al. [13] leveraged UAV-predicted trajectories as initial values
for solving quadratic programming (QP) problems to generate
safe polynomial trajectories, while Han et al. [8] employed
path search results as initial inputs for spatiotemporal joint
optimization to refine the final trajectory. However, neither
approach incorporated tracking-related constraints, such as
visibility and tracking distance, making it challenging to track
targets with unpredictable movements. Joen et al. [2], [14],
[15] introduced a series of aerial tracking strategies. [2],
[14] maintained visibility by defining the shortest distance
between the UAV-target line and nearby obstacles, with safe
trajectories generated via viewpoint skeletons using graph
search methods. However, these approaches rely on a known
global map, limiting their effectiveness in dynamic or un-
known environments. [15] derived target trajectory predictions
from past position observations and sampling-based inspection
strategies. Safe and dynamically feasible trajectories were then
generated using a viewpoint-based approach. Similarly, Ji et al.
[7] applied an extended kalman filter (EKF) to estimate target
positions and integrated these predictions into a spatiotemporal
joint optimizer that considered tracking distance and visibility.
A major drawback of [7], [15] is their lack of yaw angle
optimization, which increases the probability of target loss
when tracking highly maneuverable objects. Wang et al. [5]
and Gao et al. [16] employed target prediction strategies
similar to [8], using dynamic A* for path planning and incor-
porating a joint optimizer that accounts for tracking distance

Fig. 1. An overview of the proposed autonomous tracking framework.

and target visibility, while also optimizing the yaw angle
trajectory. Moreover, Wang et al. [6] followed a similar opti-
mization framework but emphasized environmental perception
to enhance tracking safety. However, in complex environments,
incorporating excessive optimization constraints can lead to
convergence failures, as evidenced by an increased frequency
of planning failures in simulations when the target speed
rises. A shared limitation among these trajectory generation
methods is their inability to adapt when the target moves out
of the UAV’s FOV or remains occluded by obstacles for an
extended duration. These approaches lack a robust decision-
making mechanism to effectively re-capture lost targets.

To reduce tracking failures, the proposed method concen-
trates on two main elements: target re-capture and trajectory
optimization. The main objective of this approach is to reduce
instances of the target escaping from the UAV’s FOV and
enhance the overall quality of the tracking trajectory, thereby
improving both tracking success and system robustness.

III. SYSTEM OVERVIEW

The proposed UAV tracking framework, as depicted in
Fig.1, consists of two main components: strategy and trajec-
tory planning. At the start of the tracking task, motion nodes
are expanded based on the target’s movement information from
the previous period. Using a Markov chain, the probability
of the target’s future position at these nodes is calculated.
Accordingly, a series of viewpoints are generated through a
heuristic approach, leveraging the potential nodes. When the
target is lost from the UAV’s FOV, the re-capture strategy is
activated, guiding the UAV to explore all potential nodes to
re-capture the lost target.

In the trajectory planning phase, the kinodynamic A* al-
gorithm is employed to generate initial path, and B-splines
are used for trajectory parameterization. This phase con-
siders dynamic constraints, tracking distance, and trajectory
smoothness. The yaw angle is also optimized using the same
approach, ensuring it stays aligned with the target while main-
taining smooth motion and satisfying dynamic constraints.
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IV. MOTION PREDICT AND TRACK STRATEGIES

In the motion prediction phase, a technique similar to the
hybrid-state A* algorithm is employed to expand motion
primitives. Additionally, the probability of the target appearing
at each motion primitive in the future is determined using a
Markov chain.

A. Nodes Expansion

The state vector st of the drone in world frame at time
t are represented by Equ.1, including position vector ϱt and
velocity vector vt:

st = [ϱt,vt]
T (1)

The control input u ∈ [−amax, amax]3 ⊂ R3 is represented
as acceleration. It is discretized in each dimension as ud ∈
uk = {−amax,−n−1

n amax, . . . ,
n−1
n amax, amax}. In these

expressions, n indicates the degree of discretization; a smaller
value of n leads to more discrete control inputs. With a time
interval ∆t, the state transition equation is expressed as Equ.2:

st+∆t =

[
1 ∆t
0 1

]
st +

1

2

[
∆t2

2∆t

]
ud (2)

After a single expansion, (2n+1)3 nodes are generated, each
containing position, velocity, and acceleration data from the
previous time step. To enhance the predictive information,
these nodes are used as the starting point for another round
of node expansion. After m expansions, a total of (2n+1)3m

nodes are obtained.

B. Markov Chain-Based Motion Prediction

Inspired by the research conducted by Xu et al. [17],
a motion prediction approach based on a Markov chain is
proposed, where the discretized accelerations are treated as
states within the Markov chain. The probability of the target
transitioning to each state during every node expansion is then
computed. To model this, it is assumed that the probability
distribution follows a Gaussian probability density function:

f(ax, ay, az) =
1

(2π)3/2σxσyσz
· exp

(−1

2
(
(ax − anx)

2

σ2
x

+
(ay − any )

2

σ2
y

+
(az − anz )

2

σ2
z

)) (3)

ax, ay , and az represent the state of the nodes after expansion,
while anx , any , and anz denote the mean values of the probability
distribution function, corresponding to the accelerations of the
nodes before expansion. This study assumes that the motion
is most likely to maintain a constant acceleration, keeping
the mean acceleration equal to its pre-expansion value. The
covariances of the probability distribution, represented by σx,
σy , and σz , are set to 1.5 in the experiments. Using this
probability density function, the probability vector can be
defined as follows:

pi = [pi1, pi2, · · · , pij ]T (4)

In this context, pij represents the normalized probability of
transitioning from acceleration aj ∈ uk to acceleration ai ∈

uk. Each state aj ∈ uk has a corresponding probability vector
that describes the probability of transitioning to all other states
within uk. By integrating all the individual probability vectors,
a probability transition matrix P can be constructed.

P = [p1,p2, · · · ,pi] (5)

Considering the target’s natural avoidance of obstacles,
the probability vector pf will be calculated to reduce the
probabilities for nodes that are located near obstacles. When
expanding a node, the probability vector pti at time stamp
t for transitions from the current node to all other nodes is
calculated and can be expressed by Equ.6.

pti = P · pt−1
i ∗ pf (6)

pf =
[d1, d2, · · · , di]T√
d1

2 + d2
2 + · · ·+ di

2
(7)

The symbol ∗ represents elementwise multiplication. The term
di refers to the distance from each node to the closest obstacle.
This value is readily available through the Euclidean signed
distance field (ESDF) map, which is continuously updated
during the planning process. Once the probabilities for all
nodes are computed, a filtering procedure is applied to remove
nodes where the target appearance probability falls below a
specified threshold, pthr, which in the experiments is set at 0.3.
As a result, a set of motion primitives, referred to as potential
nodes, is generated, each with an associated probability, which
will be utilized for subsequent trajectory planning.

C. Viewpoint Generation

The set of potential nodes derived in Sect.IV-B is denoted
as N = {N1, N2, . . . , Nk}, where each node Nk is rep-
resented by {xn, p, i}. In this expression, xn refers to the
three-dimensional position of the node, p is the probability
of the target appearing at that node, and i is the number
of times the nodes have been expanded. Initially, the mean
position of all xn in the potential nodes is calculated and
denoted as xavg . Using xavg as the center, a set of viewpoints
Vj = {V1, V2, . . . , Vk} is sampled on circles with varying
radii. Each viewpoint Vk is represented as {x, ξ}, where x is
the position of the viewpoint and ξ is the optimal observation
yaw angle for the potential nodes. This yaw is determined
using a method similar to the one in [18]. However, instead
of relying on the number of potential nodes, the sum of the
probabilities psum of the potential nodes within the UAV’s
FOV is used as the criterion for selecting the optimal yaw ξ.

In contrast to [5], [6] and , in which the visibility cost
function relies on computationally intensive optimization to
generate high-quality trajectories, the proposed method incor-
porates target visibility directly into the viewpoint generation
process. This approach alleviates the optimization burden at
the trajectory planning level.

D. Re-capture Strategy

Inspired by autonomous exploration strategies, an
exploration-based approach is applied to re-capture the
target after it is lost. When the UAV begins planning the
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target tracking trajectory, it generates i expansions of the
potential nodes. In this study, i is set to 3. If the target
remains within the UAV’s FOV, viewpoints will be generated
based on all potential nodes, and the viewpoint with the
highest psum is chosen as the goal for path planning. If the
target is lost from the UAV’s view, a re-capture mechanism
is triggered, as depicted in Fig.2. Viewpoints will now be
generated based on each potential node expansion rather than
using all the potential nodes obtained from i expansions.
For i = 3, viewpoints V1, V2, V3 are generated based on the
potential nodes expanded at each time interval ∆t. The cost
associated with the viewpoints during re-capture is defined
as:

Costvpi = λppsum,i + λece + λdcd (8)

In this context, psum,i represents the cumulative probability of
the potential nodes that are observable from the optimal yaw
angle of the viewpoint. The term ce indicates the distance
from each viewpoint to the nearest obstacle. Obstacles near
the viewpoint can interfere with the UAV’s ability to contin-
uously observe the target and pose safety risks to its flight
path. Therefore, a greater distance between the viewpoint and
obstacles signifies a higher-quality viewpoint. The final term,
cd = min{1/||xvj − xvj−1||2, 1}, where xvj denotes the 3D
position of the viewpoint, aims to avoid excessive separation
between viewpoints, which could result in inefficiencies during
the search process, potentially causing the UAV to lag behind
the target. The parameters λp, λe, and λd represent the re-
spective weights for each cost component. Since our viewpoint
selection prioritizes safety as the primary criterion, followed
by identifying the optimal observation position for the target,
with final minor refinement of viewpoint placement using.
Through extensive experimental iterations, we determined the
optimal parameter setting as λe = 5, λp = 3, λd = 1 in
practice.

From each cluster of viewpoints generated during the ex-
pansion of potential nodes, the viewpoint with the highest total
cost will be selected. The UAV will then navigate through all
the viewpoints, with its yaw direction adjusted to the optimal
observation yaw associated with each viewpoint.

Fig. 2. When the target exiting the tracker’s field of view, the original tracking
trajectory (black dashed line) is aborted, and a re-capture trajectory (light blue
line) is initiated to find target.

V. TRAJECTORY OPTIMIZATION

In Section IV, viewpoints were determined based on po-
tential nodes to provide decision-making information. The
next step is to develop a safe and smooth trajectory to guide
the drone. Given the differentially flat property of quadrotor
drones [19], planning can be performed on the flat outputs
{x, y, z, ϕ}. The kinodynamic A∗ algorithm [20] is employed
to generate an initial path, which is parameterized as a B-spline
curve for optimization. To ensure consistent target observation,
a time-dependent tracking distance cost function is introduced.
This cost function, along with safety and smoothness con-
straints, forms a joint optimization framework to generate the
position trajectory [21]. Existing methods [7], [8] simplify
the yaw control by aligning it either with the trajectory’s
tangent direction or directly toward the target. However, such
approaches may result in target loss, unstable yaw motion,
or excessively high angular velocities. To address these lim-
itations, the yaw angle is incorporated as an optimization
variable in this work, guaranteeing a smooth yaw trajectory
that satisfies dynamic constraints.

A. Trajectory Representation

A B-spline curve is uniquely determined by its degree qb, a
set of N + 1 control points {Q0,Q1, . . . ,QN}, and the knot
vector {t0, t1, . . . , tM}, where each control point Qi ∈ R3

and each knot value tm ∈ R, with M = N + qb + 1. This
curve is a piecewise polynomial that is parameterized by t.
The properties of B-spline curves, including the preservation
of higher-order derivatives and the convex hull property,
guarantee dynamic feasibility and safety.

B. Construction of Cost Function

For the B-spline trajectory defined by N +1 control points
{Q0,Q1, . . . ,QN}, a subset of N + 1 − 2qb control points
{Qqb

,Qqb+1, . . . ,QN−qb} is optimized. The cost function is
formulated as follows, where g(x) = max{0, x3} is used in
the construction of the cost function:

min
Q

J = [Jf , Js, Je, Ja, ] · ω, (9)

where ω represents a weighting vector used to balance the
contribution of each cost.

1) Feasibility Cost Jf : The velocity, acceleration, and jerk
of the B-spline trajectory can be calculated using the following
equations:

V i =
Qi+1 −Qi

∆t
, Ai =

V i+1 − V i

∆t
, J i =

Ai+1 −Ai

∆t
(10)

To ensure that the drone’s velocity, acceleration, and jerk
remain within their maximum allowable limits, a penalty term
is introduced, as expressed in Equ.11:

Jf =

N−1∑
i=1

g(||V i||2 − v2m) +

N−2∑
i=1

g(||Ai||2 − a2m) (11)

where am and vm denote the maximum allowable acceleration
and velocity, respectively.
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2) Smoothness Cost Js: Leveraging the convex hull prop-
erty of B-spline trajectories, the second and third derivatives
of the control points are minimized to enhance trajectory
smoothness:

Js =

N−1∑
i=1

||Ai||2 +
N−2∑
i=1

||J i||2 (12)

3) Safety Cost Je: In trajectory planning, control points that
are positioned too close to obstacles will experience a force
that pushes them away from the obstacles. The penalty term
is formulated in the form below:

Je =

N−qb∑
i=qb

Fc(d(Qi)) (13)

Fc(d(Qi)) =

{
(d(Qi)− dthr)

2 d(Qi) ≤ dthr

0 d(Qi) > dthr
(14)

Where d(Qi) represents the Euclidean distance from the
control point to the nearest obstacle, which can be derived
from the ESDF map. A thrust is applied when this distance
falls below the threshold dthr.

4) Distance Cost Ja: Since the proposed tracking strategy
selects the optimal observation point for potential nodes as the
endpoint, only the tracking distance needs to be considered at
the trajectory optimization level. The approach used in [5]
overlooks the tracking duration, which can result in parallel
tracking problems, as depicted in Fig.3. ”Parallel” tracking
refers to the scenario where the target can be easily obstructed
by obstacles. To address this issue, a distance-based cost
function is developed that optimizes the tracker’s trajectory
during the tracking process. This ensures that the trajectory
remains closer to the target’s path, reducing the risk of target
loss.

Da(Qi) =


||Qi − xavg,1|| 0 < ti < ∆t

||Qi − xavg,2|| ∆t ≤ ti < 2∆t
...
||Qi − xavg,j || (j − 1)∆t ≤ ti < j∆t

(15)

Ja(Qi) =


(Da(Qi)− dmin)

2 0 < Da(Qi) < dmin

(dmax −Da(Qi))
2 Da(Qi) ≥ dmin

0 else
(16)

xavg,j is the average position of the potential nodes’ j-
th expansion . dmin,dmax are threshold of optimal tracking
distance.

C. Construction of Yaw Cost Function

To ensure continuous optimal observation of the target
during tracking, the drone’s yaw trajectory is formulated as
an optimization problem using B-spline curves. Similar to
the previous section, the overall cost function is given by
Equ.17. The vector λ represents the weights used to balance
the various costs involved in the optimization.

J = [Jψa, Jψf , Jψs] · λ (17)

Fig. 3. (a): ”Parallel” tracking trajectory before distance optimize, which
means target is easily obstructed by an obstacle. (b):Tracking trajectory after
distance optimize.The tracker follows the target more closely.

1) Tracking Yaw Cost Jψa: During tracking, it is desired
that the drone’s yaw continuously aligns with the target to
achieve optimal tracking performance. This cost is formulated
as shown in Equ.18:

Jψa =

N∑
i=1

(ψc,i − ψtarget,i)
2 (18)

ψc,i denotes the yaw of the current control point, while ψbest,i
represents the yaw direction towards the target.

2) Feasibility Yaw Cost Jψf : The second term addresses
the dynamic constraints, formulated similarly to the positional
trajectory:

Jψf =

N−1∑
i=1

g(||ψ̇i||2 − ψ̇2
m) +

N−2∑
i=1

g(||ψ̈i||2 − ψ̈2
m) (19)

where ψ̇m and ψ̈m represent the maximum yaw angular
velocity and acceleration, respectively.

3) Smoothness Yaw Cost Jψs: The third term guarantees
that the entire yaw trajectory maintains sufficient smoothness:

Jψs =

N−1∑
i=1

||ψ̈i||2 +
N−2∑
i=1

||
...
ψ i||2 (20)

VI. SIMULATION AND BENCHMARK

This section presents three simulation scenarios to evaluate
the proposed method in complex environments. The first
scenario introduces obstacles causing occlusion and target
loss, assessing the effectiveness of the re-capture strategy. The
second evaluates trajectory optimization by tracking a highly
maneuverable target. The third tests the whole system’s robust-
ness in environments with dense obstacles and dynamic target
movements. We define average distance error Ed (distance
between UAV and target), average yaw error Ey (yaw angular
deviation from target direction), tracking success rate Rt,
and track maintenance percentage Mp (target-in-FOV duration
proportion during tracking) as metrics to evaluate the tracking
robustness of each method. The results are compared against
state-of-the-art methods like Fast Tracker [8], Vis Planner [5],
and Elastic Tracker [7] to highlight the benefits of the proposed
approach. The tracker was equipped with a front-facing camera
with a 90◦ × 60◦ FOV, and the maximum tracking distance
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(a) Fast Tracker (b) Vis Planner (c) Elastic Tracker (d) Ours
Fig. 4. The results of track strategy test are shown. The cone-shaped frame indicates the tracker’s FOV, the red trajectory represents the tracker, the blue
trajectory represents the target. (The following images are represented in the same way.)

was set to 4.5 meters, with the target being another high-speed
drone.

The maximum speeds of both the target and the tracker vary
across the different simulation scenarios, with the tracker’s
speed always being greater than that of the target. To ensure
a fair comparison of the strengths and weaknesses of each
method, the maximum speed, maximum acceleration, and
the tracker’s maximum speed and acceleration were kept
consistent across all scenarios. All simulations were conducted
on a laptop equipped with an Intel i7-12650 CPU, Nvidia RTX
4060 GPU, and 16GB of RAM.

A. Track Strategy Test
To evaluate the effectiveness of the proposed motion pre-

diction and re-capture strategy, a maze-like environment was
created, where the target navigates obstacles and attempts
to evade the tracker’s FOV by accelerating around the first
corner. The target starts at 2 m/s and accelerates to 4 m/s after
the corner. Once lost, the tracker receives no further position
updates. Each method was tested 20 times, and the tracking
success rate was recorded.

As shown in Fig.4, Elastic Tracker and Vis Planner lack
re-capture mechanisms, making continuous tracking in the
maze difficult. Fast Tracker, though employing a relocation
strategy, relies heavily on motion prediction accuracy, limiting
its effectiveness when the target makes large maneuvers or
remains lost for extended periods. In contrast, the proposed
method conducts a ”reconnaissance” to estimate the target’s
potential locations instead of solely extrapolating its last
known trajectory. This approach significantly improves target
reacquisition and ensures successful tracking in the maze.
Since the tracking process remains stable before target loss
and no error data exists after loss, we select the Rt as the sole
evaluation metric for this scenario, as shown in Tab.I.

TABLE I
TRACKING ROBUSTNESS METRICS IN TRACK STRATEGY TEST

Method Fast Tracker Vis Planner Elastic Tracker Ours

Rt 30% 0% 45% 75%

B. Track Trajectory Planning Test
To evaluate the performance of the proposed trajectory

tracking optimization method, a scenario was set where the

Fig. 5. The comparison of various approaches in track trajectory planning
tests. Blue arrows depict the movement directions of both the tracker and the
target.

UAV tracks a high-speed target performing continuous sharp
turns in an environment without obstacles. The target’s max-
imum speed is 5.5 m/s, and its position is continuously
shared with the tracker. This scenario provides a substantial
challenge for tracking trajectory planning algorithms. Without
any yaw angle planning during tracking, Fast Tracker fails
to keep up with the target when it makes sharp turns. In
the Vis Planner framework, poor robustness is observed in
this scenario, always leading to crashes. The Elastic Tracker
utilizes distance-based optimization with elastic constraints.
However, it exhibits limitations in high-speed scenarios due to
insufficient consideration of temporal factors, leading to sub-
stantial fluctuations in the tracker-target distance. In contrast,
the proposed method optimizes the yaw angle trajectory during
tracking and integrates time-dependent distance constraints
into the planning process, enabling the tracker to maintain an
optimal distance for continuous target observation, as shown
in Fig.5. The methods’ tracking robustness metrics are shown
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in Fig.6 and Tab.II.

TABLE II
TRACKING ROBUSTNESS METRICS IN TRACK TRAJECTORY PLANNING

TEST

Method Fast Tracker Vis Planner Elastic Tracker Ours
Rt 65% 0% 100% 100%
Mp 63.4% 76.8% 84.3%

Fig. 6. The figure above compares the yaw angle errors of the three methods,
while the figure below shows the tracking distance errors for each method.

C. General Test
To thoroughly evaluate the algorithm’s performance, a

simulation environment with a randomly generated forest
containing 80 obstacles was used. In this environment, the
UAV tracks targets with varying maximum speeds V and
the optimal tracking distance was set at 2.5m. To better
simulate real-world experimental conditions, we introduce
Gaussian noise g ∼ N (0, σ2) to the target’s position to
evaluate method performance under noisy observations. For
guaranteeing equitable assessment in noisy environments, we
implemented a standardized outlier-rejection filter across all
methods, which removes inter-frame positional discontinuities
exceeding dynamically adjusted thresholds. Each method was
tested in 20 trials, shown as Fig.7 and Tab.III. Fast Tracker
struggles to maintain the target when it performs sharp turns
and noise is introduced. Vis Planner faces challenges in
successfully planning trajectories within this scenario. Elastic
Tracker, lacking a re-localization strategy after losing the tar-
get, tends to lose track of the target when it navigates through
dense obstacles, rendering it unable to continue tracking. In
contrast, the proposed tracking method performs exceptionally
well across all scenarios and noise demonstrating superior
robustness in this environment.

VII. REAL-WORLD EXPERIMENTS

To further assess the effectiveness of the proposed re-capture
strategy and trajectory optimization method, practical outdoor

Fig. 7. Comparison of tracking methods in random environment.

TABLE III
TRACKING ROBUSTNESS METRICS IN GENERAL TEST

V (m/s) Rt Ey(rad) Ed(m) Mp

Fast
Tracker

σ2 = 0

2 100% 0.19 1.11 85%
3 100% 0.25 2.01 84%
4 90% 0.26 3.24 64%

σ2 = 3, 5

Vis
Planner

σ2 = 0, 3, 5

Elastic
Tracker

σ2 = 0

2 100% 0.12 2.56 91%
3 100% 0.18 2.90 83%
4 100% 0.22 3.53 75%

σ2 = 3

2 100% 0.18 2.36 94%
3 100% 0.15 3.23 69%
4 85% 0.24 3.81 51%

σ2 = 5

2 100% 0.18 2.74 83%
3 90% 0.26 2.93 65%
4 85% 0.23 5.01 53%

Ours

σ2 = 0

2 100% 0.11 2.60 95%
3 100% 0.10 2.44 92%
4 100% 0.12 2.32 84%

σ2 = 3

2 100% 0.09 2.49 89%
3 100% 0.17 2.33 88%
4 100% 0.14 2.53 81%

σ2 = 5

2 100% 0.20 2.30 94%
3 75% 0.19 2.22 83%
4 85% 0.30 2.34 75%

experiments were conducted in a forest environment, as shown
in Fig.8. The experimental platform consisted of quadrotors
equipped with an Intel i7-11650 processor, an Intel RealSense
Depth Camera D435i, and a USB camera for perception.
The onboard computers were responsible for tasks such as
state estimation, mapping, coordination, motion planning, and
control. The maximum speed of the target was 2.13 m/s.
For detection and localization, AprilTag [21] was utilized to
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provide the target’s position in the real world.
During the experiment, the target navigated irregularly

through the forest and attempted to escape UAV’s FOV to test
the re-capture strategy. As shown in Fig.9 and the attached
video1, the target vanished from the UAV’s FOV 4 times.
Each time, after the re-capture mechanism was activated,
the UAV successfully re-capture the target and resumed the
tracking task. The trajectory optimization method, which in-
corporated time-dependent distance penalties and yaw angles,
ensured the generation of high-quality trajectories throughout
the tracking process. The robustness metrics obtained from
real-world experiments are Ey = 0.16 rad , Ed = 2.23 m and
Mp = 89.39%, demonstrating the effectiveness of our method.

Fig. 8. Outdoor scenario for the tracking tests.

Fig. 9. Visualization of the online-generated map and tracking trajectories.
The four inset images depict the UAV’s first-person camera view. At these
four positions, the target is lost, triggering the re-capture mechanism.

VIII. CONCLUSION

This paper introduces a framework for autonomous target
tracking, utilizing a Markov-chain-based method for predicting
target motion to estimate the likelihood of the target’s future
position. Leveraging these predictions, a tracking strategy is
devised alongside a re-capture mechanism for situations when
the target is lost, thereby minimizing the risk of tracking
failure. Additionally, various constraints, including tracking
distance, are integrated into trajectory optimization, with the
yaw angle incorporated as an optimization variable, enhanc-
ing the system’s robustness. Both simulations and real-world
experiments validate the superiority of the proposed approach.
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