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Abstract— Target tracking is a fundamental task in the
domain of robotics. The effectiveness of target tracking hinges
upon various factors, such as tracking distance, occlusions,
collision avoidance, etc. However, few existing works can
simultaneously tackle these considerations of tracking single
and multiple targets in complex environments. In this study, the
interaction mechanism of target tracking between the robot, the
environment and the targets is analyzed, and a general measure
named detectability is introduced to correlate the tracking
performance for guiding robotic motion planning. Based on the
detectability measure, the robotic motion planning framework
based on Model Predictive Control (MPC) is proposed to
achieve continuous and robust tracking of single, two and three
targets in complex environments. Simulations and experiments
are performed and verify the performances of our method
better than the state-of-the-art methods.

I. INTRODUCTION

Tracking of moving objects by robots has attracted increas-
ing attention in various domains, such as security monitoring
[1] and post-disaster rescue [2]. Tracking of multiple targets
in an aggregated formation is common in these domains
[3]. For example, two firefighters are performing a rescue
task together; a robot is tasked with trailing behind them
to carry supplies, and an additional task is to monitor the
firefighters’ status for safety guarantee. Thus, the continuous
observation for each target in the formation is essential for
target following and monitoring because lost detections may
lead to the failure of target tracking [4].

From the vantage point of passive perception, the main-
stream tracking-by-detection framework is widely used to
infer and reconstruct the lost information for continuous
detection using historical motion data [5], [6]. The literature
[7] on person-following exploited the well-detected joints
of a partially occluded person to estimate the person’s
location. These methods [5]–[7] all managed short-term or
partial occlusions; however, long-term or complete occlusion
remains an impediment to the success rate of target tracking
[8]. Active motion planning of robots exhibits an efficient
solution to achieve continuous observation in target tracking.
The robots plan motion to avoid occlusion and ensure
continuous target visibility within the sensor’s field of view
(FOV) [9]. The active planning-based solutions rely on two
points: 1) how to model a measure of positive correlation
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Fig. 1. Demonstration of the interaction mechanism between the robot,
the environments, and the target in dynamic targets tracking task.

with the tracking performance, and 2) how to plan the robotic
motion based on the measure.

The tracking performance depends on many factors, such
as the environment, the relative geometry between the robot
and the targets [10], and so on. The tracking distance, the
degree of external occlusion caused by a target behind obsta-
cles, and the FOV constraint were commonly used to evaluate
the tracking performance for single-target tracking [11]–[13].
Meanwhile, the degree of internal occlusion caused by a
target behind other targets is essential for evaluating the
tracking performance in multi-target tracking [3]. However,
evaluating of the above metrics are based on a voxel map,
such as Euclidean Signed Distance Fields (ESDF) [11], [12]
or visibility score field [3], while constructing the voxel
map is time-consuming in dynamic environments. In another
way, the tracking performance was evaluated by using the
relative geometry between the robot and the targets based on
simplifying the dynamic persons into ellipsoid obstacles [14].
However, strong assumptions on the obstacle shape limited
its applicability primarily to artificial or indoor structural
environments [15].

Figure 1 shows the interaction mechanism of the tar-
get tracking process between the robot, the environments,
and the targets. The robotic motion for target tracking
is constrained by the complex environments, the moving
targets, and the robotic kinematics and dynamic model. The
environment includes many obstacles that cause collisions
with the robot and external occlusions with the targets. The
relative geometry between the robot and the targets, the
sensor configuration, and the target detection algorithm also
affect the tracking performance. Therefore, we introduce a
measure named detectability to correlate the target tracking
performance by a continuous and differentiable function.
The detectability measure considers the tracking distance,
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the external occlusion by obstacles, the internal occlusion
by other targets, and the sensor FOV constraint. Besides,
an obstacle modeling method is developed to represent
complex environments with a series of simplified cylinders
for calculating the detectability measure without the time-
consuming process of updating the voxel map.

For the robotic motion planning for target tracking, tra-
jectory optimization is the popular approach [3], [16] to
ensure target tracking performance and collision avoidance.
However, these trajectory optimization-based methods relied
on a graph search algorithm to find an appropriate topology
trajectory previously and subsequently need a controller to
follow the optimized trajectory. MPC is another solution for
optimizing the control commands directly to track targets [4],
[17]. The existing methods based on MPC are designed for
specific tasks, such as tracking only a single target in a simple
and structural environment [4], [17]. To this end, using the
detectability measure, a general framework based on MPC
is developed to track single and multiple targets in complex
environments. This framework guarantees the scalability
of target-tracking task for different scenarios because the
detectability shields the coupling relationship between the
motion planner and the task requirements. For instance, our
approach only changes the detectability function by adding
the internal occlusion term when the task shifts from single-
target tracking to two-target tracking.

This paper aims to address the above challenges in robotic
target-tracking, i.e., simultaneously ensuring continuous tar-
get visibility and collision avoidance with limited sensors
FOV in complex environments. The main contributions are
twofold.

First, for continuous tracking of dynamic targets, the
interaction mechanism between the robot, the environment,
and the targets is analyzed, and the detectability measure
considering tracking distance, occlusions, and FOV con-
straint is formulated to correlate the tracking performance
for guiding robotic motion planning. The detectability mea-
sure is a continuous and differentiable function for efficient
computation.

Second, based on the detectability measure, a robotic
motion planning framework is proposed to achieve contin-
uous and robust tracking of single, two, and three targets
in complex environments. This framework based on MPC
directly optimizes the control commands for tracking targets
safely, making the framework more general for tracking
different numbers of targets in various scenarios.

II. METHOD

The framework of the target tracking approach is given in
Fig. 2; it mainly includes Target Perception, Detectability
Modeling, and Robotic Motion Planning for target track-
ing. Based on our previous work [18], Target Perception
completes the detection of targets and provides predicted
trajectories Ppre = P t+1

pre , P
t+2
pre , ..., P

t+L
pre to compute the

detectability for robotic motion planning. Dynamic SLAM
performs robotic pose estimation with robustness by remov-
ing the points of dynamic targets. The estimated robotic pose
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Fig. 2. System overview of continuous robotic tracking of dynamic targets.

is also used to help the target location estimation in target
perception. Subsequently, we formulate a detectability func-
tion to correlate the tracking performance in Detectability
Modeling module. Based on the idea of our previous work
[19] for active horizontal sliding window-based planning, an
MPC-based Robotic Motion Planning is formulated to tackle
target tracking by predicting the target states over a finite
horizon. After solving the optimization problem of MPC,
the control commands of the robotic base and the gimbal
are obtained and sent to the underlying controller to drive
the robotic base and gimbal to track the targets.

A. Detectability Modeling

As indicated in Fig. 1, we consider three crucial indicators,
including track distance, occlusions, and FOV constraint,
to formulate the detectability measure. The measure relates
to the performance of the robot’s sensors in observing
the targets from a viewpoint (including the position and
orientation). Mathematically, the detectability function fdet
is defined as follows:

fdet(xt+1, P
t+1
pre ) = λd · fdis + λo · focc + λf · ffov (1)

where xt+1 denotes the next viewpoint of the sensor; fdis,
focc, and ffov denote the track distance term, occlusion term,
and FOV deviation term, respectively; λd, λo, and λf are
weighted coefficients being set empirically.

1) Track Distance: The track distance dtrk denotes the
Euclidean distance between the sensor’s position in xt+1

and the target’s P t+1
pre . dref denotes a reference value with

the best observation distance empirically set according to
the sensor configuration and target detection algorithm. The
difference between the tracking distance dtrk and the preset
reference distance dref indicates the detectability of the
target. Thus, the track distance term fdis is defined as:

fdis(xt+1, P
t+1
pre ) = e−(d

trk−dref )2 (2)

2) Occlusion: If a target is occluded by other targets or
obstacles, the information of the occluded targets is lost,
leading the target tracking task to fail. Thus, the occlusion
is closely related to the detectability. And the occlusion
is divided into two categories: internal occlusion between
targets and external occlusion between targets and obstacles.

Internal occlusion occurs when targets obstruct each
other’s visibility. The observation angle is introduced to
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Fig. 3. Demonstration of detectability modeling. (a) internal occlusion
between two targets; (b) fake external occlusion between the target and the
obstacle; (c) FOV deviation.

represent the internal occlusion, as illustrated in Fig. 3(a).
When the robot is at x, the observation angle ψ12 formed
between the robot, target 1, and target 2 tends to be 0. At this
time, target 2 is occluded by target 1 and cannot be detected
no matter how the sensor system rotates. When the robot is
at x′, the observation angle between the robot and the two
targets ψ′12 is large, and both target 1 and target 2 can be
observed. Therefore, the observation angle between the robot
and the two targets is used to evaluate the inner occlusion.
The definition is given as follows:

f inocc(xt+1, P
t+1
pre ) = ψ2

12 (3)

where f inocc(·) indicates that a large observation angle brings
higher detectability. The observation angle ψ12 is defined as:

ψ12 = arccos (v1 · v2/ ‖v1‖ · ‖v2‖) (4)

where v1 and v2 are the unit direction vectors of the robot
pointing to target 1 and target 2, respectively.

When the number of targets increases to N , the occlusion
term is defined as follows:

f inocc(xt+1, P
t+1
pre ) =

N∑
i=1

N∑
j=i+1

ψ2
ij (5)

where ψij denotes the observation angle between the robot
and two targets i and j. Notably, internal occlusion is
inherently inevitable when tracking a large number of targets.
While other high-level strategies, such as just tracking the
leader target or tracking targets as many as possible, are
needed to address this issue, they are beyond the scope of
our current work.

External occlusion occurs when the target is behind the
obstacle. Only using the observation angle is not compatible
with calculating the external occlusion. As illustrated in Fig.
3(b), the target in front of the obstacle is a fake occlusion
case even though the observation angle ψ12 is near 0. Thus,
we define the external occlusion term as follows:

fexocc(xt+1, P
t+1
pre ) =

N∑
i=1

O∑
j=1

ψ2
ij + δ(vit, v

j
o) ∗ Sp (6)

where δ(vit, v
j
o) is a binary function, that is, if the norm of

the direction vector vit is smaller than vjo, then δ(vit, v
j
o) = 1,

else δ(vit, v
j
o) = 0; vit and vjo denote the direction vectors

from the robot to the target and the obstacle, respectively;
Sp is a constant positive value to identify the fake external
occlusion; O denotes the number of obstacles near the target.

Given (5) and (6), the occlusion term of the detectability
function in (1), including the internal occlusion and the
external occlusion, is given as follows:

focc = f inocc(xt+1, P
t+1
pre ) + fexocc(xt+1, P

t+1
pre ) (7)

3) FOV Deviation: Due to the limited FOV of the sensors,
the target is undetectable if the target exceeds the FOV.
The track distance term fdis and the occlusion term focc
reveal the relationship between the relative geometry of the
sensor’s and the targets’ position and the detectability, but
the orientation of the sensors is not concerned. Therefore,
the FOV deviation term ffov constrains the detectability by
keeping the targets remain centered within the sensors’ FOV.
ffov is defined as follows:

ffov(xt+1, P
t+1
pre ) =

N∑
i=1

e−(β
i
t+1)

2

(8)

where βit+1 denotes the angle difference between the direc-
tion from the current robot’s position to the position of i-th
target and the current yaw direction of the sensor, as depicted
in Fig. 3(c).

According to (2), (7), and (8), the detectability measure in
(1) is able to evaluate the tracking performance for guiding
the robotic motion planning. A larger detectability value
means better observation of the targets.

B. Single Step Optimization-based Robotic Planning

After defining the detectability function, an optimization
problem is formulated to determine the next best viewpoint
by maximizing the detectability of targets while maintaining
a safe distance from obstacles. The mathematical formulation
is presented as follows:

u∗
t+1 = arg min

ut+1

Jc(xt+1, P
t+1
pre )

s.t. xt+1 = f (xt,ut)
(9)

where ut denotes the control command at time t; xt+1 =
f (xt,ut) defines the kinematic equations of the robot; the
objective function Jc is defined as follows:

Jc(xt+1, P
t+1
pre ) = −fdet(xt+1, P

t+1
pre ) + λc · ccol(xt+1).

(10)
where ccol denotes collision cost, λc is a design weight.

1) Robotic Kinematic: Since the differential drive mobile
robot is nonholonomic and the sensor is of limited FOV, it
is difficult for the robot to track the targets while keeping
the velocity consistent with the targets and the sensor is
directed to the targets. To this end, a mobile robot system
wherein sensors are affixed to a yaw-controllable gimbal is
developed to augment sensor flexibility for target tracking.
The kinematic equation of the robot with a yaw-controllable
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gimbal in (9) is expressed as:

xt+1 = xt +


cos θbt 0 0
sin θbt 0 0

0 1 0
0 0 1

ut∆t (11)

where xt =
[
xt yt θbt θyaw

t

]T
includes the robot

position xt and yt, the yaw angle of the robot base θbt and
the yaw angle of the gimbal θyaw

t . ut =
[
vbt ωbt ϕt

]T
is represented by linear velocity vbt , the angular velocity ωbt
of the robot base, and the yaw velocity ϕt of the gimbal.

2) Collision Avoidance: The soft-constrained method [20]
is widely used for collision avoidance in trajectory opti-
mization; it regards the distances between the robot and
surrounding obstacles as cost function to drive the robot
away from the obstacles. However, integrating the complex
environment into the soft constraints remains an open issue.
Many researches [17], [21] simplify the dynamic person to
an ellipsoid, and the distance from the robot to the ellipsoid
can be used as a soft constraint for collision avoidance. But
the ellipsoid can not envelop snugly many irregularly shaped
obstacles, such as a ”L” shaped wall. We develop a method to
simplify the complex obstacles into cylinders with different
sizes, aiming at incorporating the obstacles into the collision
cost function and the external occlusion function fexocc for
occlusion and collision avoidance. This obstacle modeling
method is applicable to static and dynamic environments.

𝑅𝑅obot 𝑟𝑟𝑜𝑜𝑜𝑜𝑜𝑜

𝑑𝑑7 𝑟𝑟7𝑟𝑟1

Obstacles

𝑥𝑥
𝑦𝑦

𝑥𝑥
𝑦𝑦

𝑅𝑅obot

Fig. 4. Diagram of obstacle modeling for a complex environment with a
”L” shaped wall and two cylinder obstacles in 2D projection. The points
denote the point cloud scanned on the wall. The points with different
colors belong to different clusters; the blue squares and the red circles are
the bounding boxes and the minimal enclosing cylinders for each cluster,
respectively. The blue pentagram denotes the position of the robot.

The obstacle modeling method includes point cloud clus-
tering, segmentation, and shape-adaptive partition. Specifi-
cally, the point cloud is first segmented into ground point
cloud and non-ground point cloud [22]. As shown in Fig.
4, the non-ground points are segmented into several clusters
according to the x-y coordinate. Subsequently, we extract
bounding boxes and identify the minimal enclosing cylinders
for each cluster. The cylinders, located within a defined
radius robs of the robot, are used to calculate collision cost
for avoiding obstacles. The collision cost is formulated as:

ccol(xt+1) =

O∑
j=1

e−(d
j
t+1−r

j−ds) (12)

where djt+1 denotes the distance between the robot and the
center of the j-th cylinder; rj denotes the radius of the j-th
cylinder; ds is the preset safe distance threshold.

By solving the optimization problem in (9), the next best
action u∗

t+1 is computed by minimizing the objective func-
tion Jc for ensuring the detectability and collision avoidance.

C. Model Predictive Control-based Robotic Planning

Relying on single-step optimization to determine the next
best viewpoint for target tracking leads to erratic and discon-
tinuous robot motions. Because the single-step optimization
only considers the performance of the next state, it is unable
to involve future states to perform overall optimization for
robot motion. Thus, a target tracking method based on MPC
is developed, which optimizes a series of robotic actions to
ensure the tracking performance under the robotic motion
constraints over a finite prediction horizon. Specifically, we
formulate an optimization problem of MPC to minimize Jc
in (10) and the motion cost Ju under the robotic kinematic
model and motion limitations, ultimately yielding optimal
control commands u∗ of the robotic base and the gimbal to
track targets. The optimization problem is defined as follows:

u∗ = arg min
u

t+L∑
k=t+1

Jc(xk, P
k
pre) +

t+L∑
k=t+1

Ju(uk)

s.t. xk+1 = f (xk,uk)

xmin ≤ xk ≤ xmax

umin ≤ uk ≤ umax

(13)

where xk and uk represent the robot state and the control
command at time k; Ju = λu · ‖uk‖ encapsulates the
avoidance of excessive robot motion; λu is a design weight.

To efficiently solve this optimization problem, we employ
Cppad [23] for modeling and IPOPT [24] for optimization.
The prediction horizon L is set to 15. Then, the first control
action u∗t+1 is selected and sent to the underlying controller
according to the MPC control law. Afterward, the robotic
base and the gimbal are driven to chase targets.

III. SIMULATIONS AND EXPERIMENTS

A. Simulation and Experimental Platforms

We conducted several simulations and real-world exper-
iments to verify the performance of the proposed method.
An experimental differential wheeled robot with a yaw-
controllable gimbal is shown in Fig. 2, and a simulated robot
is crafted in Gazebo. Our sensors include a camera with the
FOV 87◦×58◦ and an Ouster LiDAR possessing a wide FOV
spanning 360◦ × 45◦. The robot hardware configuration is
CPU with i9-11950H and GPU with NVIDIA GeForce RTX
3080.

B. Evaluation of Target Tracking in Simulation

Three distinctive scenarios of tracking one, two, and
three targets (i.e., pedestrians) were designed to verify the
proposed target tracking algorithm.
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(a) Elastic Tracker [12] (1.5 m/s) (b) Ours (1.5 m/s)

Fig. 5. Demonstration of the target tracking results under our method and
Elastic Tracker [12]. The red rectangle and circles are the obstacles. The
dotted lines are the trajectories of the target and the robot. The blue lines
denote the selected line of sight from the robot to the target.

TABLE I
THE QUANTITATIVE ANALYSIS OF TRACKING SINGLE TARGET.

Target Velocity (m/s) 1 1.5 2

Distance Error (m) Ours 0.21 0.21 0.27
E-T [12] 0.88 1.09 1.25

External Occlusion Ours 15.03 15.12 14.65
E-T [12] 20.38 34.52 90.42

FOV Deviation(rad) Ours 0.06 0.07 0.08
E-T [12] 0.12 0.16 0.19

1) Single Target Tracking: The scenario of single target
tracking includes a wall and four cylinders, indicated as
the red rectangle and four red circles in Fig. 5. The target
followed a predefined trajectory, going around the wall and
cylinders. We conducted comparative analyses between our
approach and Elastic Tracker (E-T) [12], focusing on target
motions at three distinct velocities: 1 m/s, 1.5 m/s, and 2 m/s.
Elastic Tracker serves for single target tracking that guaran-
tees safety and visibility based on trajectory optimization.

The tracking results of both methods at a velocity of 1.5
m/s are shown in Fig. 5. Elastic Tracker faced numerous
occlusion challenges, particularly when the target neared
the wall or cylinders. In contrast, our method handled the
external occlusion, ensuring uninterrupted target perception.
A detailed performance comparison across various target
velocities can be found in the supplementary video. The
quantitative analysis of the tracking results is shown in
TABLE I. We use the track distance error of (dtrk− dref )2,
the external occlusion metric, and the square error of FOV
deviation β, to evaluate the tracking performance. Our
method outperformed Elastic Tracker across these evaluation
metrics, underscoring its effectiveness. The occlusions of
Elastic Tracker results from the fact that Elastic Tracker
regards the occlusion avoidance as hard constraint in the
trajectory optimization, which makes the target in edge areas
of the sensor’s FOV. This causes occlusion when the target
changes the motion direction suddenly; for example the
target suddenly moves behind the cylinders.

2) Two-target Tracking: The two-target tracking scenario,
as shown in Fig. 6, encompasses targets traveling around

Start

Start

Robot Trajectory

Target 1 Trajectory

Target 2 Trajectory

Gazebo Screenshot

End

Fig. 6. Illustration of two-target tracking in a simulated field environment.

TABLE II
THE QUANTITATIVE ANALYSIS OF TRACKING TWO TARGETS.

Ours Dual Chaser [3]
Distance Error (m) 0.36 1.36

Occlusion 11.31 12.15
Out of FOV Times 0 12

Mean 2.23 2.41Velocity (m/s) STD 0.63 0.98
Mean -0.02 -0.02Twist (rad/s) STD 0.24 0.48

the forest, following along the predefined trajectories with a
velocity 2 m/s. Since Elastic Tracker serves for single target
tracking, we compared our method with Dual Chaser, which
is a method for chasing two targets with visibility assurance
and collision avoidance [3].

(a) Dual Chaser (b) Ours

Fig. 7. Distribution of the target positions under Dual Chaser [3] and our
method. The red sector is the sensor’s FOV, and the green dotted arc denotes
the reference distance dref . The blue and orange points denote the position
of the targets projected to the sensor’s FOV.

The target positions projected to x-y plane in the sensor’s
FOV, shown as Fig. 7, is used to evaluate the tracking
performance. Dual Chaser exhibits a scattered distribution
of the target positions, with instances of targets exiting the
FOV a dozen times. In contrast, our approach consistently
maintains a centralized target distribution within the FOV,
closely adhering to the reference distance. Quantitative met-
rics in TABLE II verify our method’s superiority in motion
stability, as indicated by the standard deviation (STD) values
of velocity and robot twist. As shown in the material video,
the tracking process of Dual Chaser is not smooth enough,
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leading to scattered distribution and unstable motion.
3) Multi-targets Tracking: We conducted simulations for

multi-target tracking, as depicted in Fig. 8. As there is no
mature scheme for tracking three targets, we select two basic
methods for comparison, which include (1) PID tracking -
this method regards the center of the multi-target positions
as the tracking point without considering the occlusion. (2)
Sensor Fixed Tracking (SFT) - this method uses our tracking
method but with the sensor system fixed on the robot.

Target 3 
Start

Target 1 
Start

Target 2 
Start

Robot Start
Robot Trajectory

Target 1 Trajectory

Target 2 Trajectory

Target 3 Trajectory

(a)

Robot Start

Tg1 Target 2 
Start

Tg3

(b) PID (c) SFT

Camera 
View

(d) Ours

Fig. 8. Results of tracking three targets. (a) Simulated environment. (b),
(c), (d) show the targets and robot’s trajectories under different methods of
PID, SFT, and Ours, respectively.

Actual trajectories generated by PID, SFT, and Our
method are shown in Fig. 8(b), (c), and (d), respectively.
Due to the inability of the PID tracking method to perceive
internal occlusions, target 1 (blue trajectory) and target 2
(green trajectory) moving ahead were occluded by target 3
(red trajectory) moving behind in the two zoom areas shown
in Fig. 8(b). In Fig. 8(c), the initial segment of the robot’s
motion trajectory is meandering, and ultimately leading to
the failure of target tracking due to the insufficient motion
flexibility of the mobile robot with the fixed sensor system.
From Fig. 8(d), the robot tracks the three targets well by our
method and ensures that the three targets are always in the
robot’s FOV as the targets’ formation changes.

C. Targets Tracking in Real-world Environments
To verify the effectiveness of our tracking method in real-

world environments, we conducted single target tracking in
different scenarios and two targets moving on the playground
with dynamic formations.

1) Single Target Tracking: The single target tracking
process in the garden scenario is shown in Fig. 9. The robot
under our method keeps the target in the FOV and maintains
a suitable tracking distance. When the target travels around
the parterre, the robot changes the motion to avoid external
occlusion with obstacles.

2) Two-target Tracking: The two targets tracking process
is shown in Fig. 10. The robot under our method keeps the
two targets in the FOV and maintains a suitable tracking
distance. The robot actively changes motion direction and
speed to avoid internal occlusion when the targets’ formation
changes from S2 to S4.

IV. CONCLUSION

This paper achieved robotic target-tracking by simulta-
neously ensuring continuous target visibility and collision

Robot Trajectory

Target Trajectory

Camera View

Robot
Target Occlusion 

Avoidance

Fig. 9. The tracking process on single target in real-world experiment.
The green trajectory is the estimated trajectory of the target, and the
yellow trajectory is the trajectory of the robot. The blue arrows denote
the viewpoints from the robot to the target.

Robot Trajectory

Target 1 Trajectory

Target 2 Trajectory

S1

S2

S3

S4S5

S6
S7

Robot Start

Target 2 Start Target 1 Start

Third View

Camera View

Occlusion 
Avoidance

Accelerate for 
Occlusion Avoidance

Fig. 10. The tracking process on two targets in real-world experiment. The
blue trajectory is the estimated trajectory of target 1, the green trajectory is
the estimated trajectory of target 2, and the yellow trajectory is the trajectory
of the robot. S1, S2, S3, S4, S5, S6, and S7 are selected results during the
tracking process.

avoidance with limited sensors FOV in complex environ-
ments. We analyzed the interaction mechanism of target
tracking between the robot, the environment, and the tar-
gets. The detectability measure considering tracking distance,
occlusions, and FOV constraint is formulated to correlate
the tracking performance. Furthermore, based on the de-
tectability measure, the robotic motion planning framework
was proposed to achieve continuous and robust tracking of
single, two, and three targets in complex environments. This
framework based on MPC directly optimizes the control
commands for tracking targets safely, leading to superior
tracking performance compared to baseline methods across
various simulation scenarios. In the future, we will integrate
the effect of rough terrains on the target tracking performance
into the detectability and achieve multi-target tracking in
rough terrains and complex outdoor environments like all-
day time tracker [25].
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