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Abstract— Autonomous target tracking with quadrotors has
wide applications in many scenarios, such as cinematographic
follow-up shooting or suspect chasing. Target motion prediction
is necessary when designing the tracking planner. However, the
widely used constant velocity or constant rotation assumption
can not fully capture the dynamics of the target. The tracker
may fail when the target happens to move aggressively, such
as sudden turn or deceleration. In this paper, we propose
an intention-aware planner by additionally considering the
intention of the target to enhance safety and robustness in
aerial tracking applications. Firstly, a designated intention
prediction method is proposed, which combines a user-defined
potential assessment function and a state observation function.
A reachable region is generated to specifically evaluate the
turning intentions. Then we design an intention-driven hybrid
A* method to predict the future possible positions for the
target. Finally, an intention-aware optimization approach is
designed to generate a spatial-temporal optimal trajectory,
allowing the tracker to perceive unexpected situations from the
target. Benchmark comparisons and real-world experiments are
conducted to validate the performance of our method.

I. INTRODUCTION

With the advancement of unmanned aerial vehicle (UAV)
technologies, aerial auto-tracking has found extensive ap-
plications in many tasks, such as cinematographic follow-
up shooting or suspect chasing. An excellent tracker should
maintain an appropriate distance from the target and keep
it in the center of its field of view (FOV). Moreover, it is
appealing if the tracker can work properly in unexpected
situations, such as sudden turns or decelerations of the target.
Some state-of-the-art tracking methods [1]-[6] place great
emphasis on visibility, safety, and trajectory smoothness,
which demonstrates impressive robustness. However, most
of them primarily utilize the constant velocity or constant
rotation assumption for the target, without considering the
target’s high-dimensional semantic information such as in-
tention. Therefore, the sudden change in the target motion
can easily cause tracking failures. For instance, if the target
makes a sudden turn at the corner, it can be occluded by
obstacles, as shown in the planned path without considering
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Fig. 1.  Comparisons between our intention-aware tracker and a tracker
without considering intention [5]. As the target passes through a T-shaped
intersection, the intention-aware tracker can maintain better visibility with-
out any occlusions compared to the other.

intention (named intention-unaware) in Fig. 1. Similarly, if
the target suddenly decelerates, the risk of collision increases
dramatically. So enabling the tracker to perceive the target
intention is valuable to improve the robustness of the tracker.

Integrating the target intention into a real-time trajectory
planner is not trivial. Most existing intention prediction
methods are data-driven [7]-[15] and fail to meet the re-
quirements of real-time performance in aerial tracking tasks.
Furthermore, how to formulate the target intention repre-
sentation and tightly couple the intention with optimization-
based planner remains unexplored.

In this paper, we propose a novel intention-aware planner
that addresses the aforementioned challenges. Our frame-
work comprises three main parts: target intention predic-
tion, intention-driven target motion prediction, and intention-
aware trajectory optimization. Firstly, we utilize the Me-
diapipe' framework to detect the target and estimate its
position, velocity, and orientation. A designated intention
prediction method combining a user-defined potential as-
sessment and a state observation function is proposed for
a set of common intentions. Then we design an intention-
driven hybrid A* method for target motion prediction by
generating motion primitives that combine target intentions.
Each primitive is driven by one singular intention, which
is named intention primitive in this paper. Meanwhile, we
formulate a penalty matrix to describe the cost of intention
transitions and define the total cost for target paths. By
searching for a path with the least cost, we can obtain the
target’s possible future positions while considering its in-

Uhttps://github.com/google/mediapipe
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Fig. 2.

Overview of the proposed system with the designed drone. The system is supported by a perception module, processing data from sensors on

the quadrotor to perceive the environment, shown on the left. The core part of the system, the intention-aware planning module, includes three parts, the
target intention prediction part in dark yellow, the target motion prediction part in blue, and the intention-aware trajectory optimization part in green.

tention. Finally, an intention-aware optimization approach is
employed to generate a spatial-temporal optimal trajectory by
designing particular intention-aware constraints. Benchmark
comparisons and real-world experiments confirm that com-
bining the target intention with planning greatly improves
the robustness and safety of tracking.

Our contributions are as follows:

1) A novel flexible intention prediction method that inte-
grates a user-defined potential assessment function and
a state observation function.

2) An intention-driven target motion prediction approach
that estimates target future positions by generating in-
tention primitives.

3) An intention-aware trajectory optimization method to
generate a spatial-temporal optimal trajectory by design-
ing particular intention-aware constraints.

4) Simulated and real-world experiments are conducted to
validate the performance of our method.

II. RELATED WORK

There has been and continues to be interest in target
tracking using aerial robots. Previously, some works have
realized real-time trackers [16]-[18] through visual serving
techniques. Drones are controlled solely relying on the
deviation of the target in image space using feedback control.
These works overlook the surrounding obstacles and can only
be applied in open areas. In recent years, some state-of-
the-art UAV tracking controllers [1]-[6] have taken safety,
visibility, and smoothness into account, which allows the
drones to track targets smoothly and efficiently in cluttered
environments. Han et al. [2] propose Fast-Tracker, which
consists of a target-informed trajectory prediction front-end
as well as a spatial-temporal optimal and collision-free tra-
jectory generation back-end, equipping the tracker with high
mobility in dense environments. Pan et al. [3] improve Fast-
Tracker by upgrading the target detection module to detect

and localize a human target based on deep learning and non-
linear regression. Furthermore, they propose a tracking tra-
jectory planning approach incorporating an occlusion-aware
mechanism for generating observable trajectories. Wang et al.
[4] propose a visibility-aware trajectory optimization method
that lays high emphasis on the visibility of targets. By formu-
lating the metric into a differentiable visibility cost function,
targets can be observed better in complicated environments.
Ji et al. [5] propose Elastic-Tracker that enables the tracker to
cope with unexpected situations and realizes elastic tracking.
They design a smart occlusion-aware path-finding method
and an effective trajectory optimization approach to keep the
tracker in an appropriate distance from the target. However,
none of them takes the target intention into consideration.

Human intention prediction is widely studied in pedestrian
crossing and human-robot interaction scenarios. The tech-
niques can be divided into two categories: neural network-
based and probabilistic model-based. The former includes
MLP [7, 8], CNN [9], LSTM [10], etc., while the latter
includes HMM [11], DBN [12], CRF [13, 14], etc. Alahi
et al. [15] propose an LSTM architecture for modeling
interactions and predicting trajectories of multiple agents in
crowded spaces. A distinct social pooling layer simulates
interpersonal relationships by aggregating hidden states of
neighboring pedestrians. This approach captures complex
human-human interactions to render accurate multi-agent
trajectory forecasting. Schulz et al. [14] develop a Latent-
dynamic Conditional Random Field (LDCRF) model that
integrates pedestrian dynamics and situational awareness.
The model is able to capture both intrinsic and extrinsic class
dynamics and shows great stability. Nevertheless, these meth-
ods are all data-driven, which are not lightweight enough for
real-time tracking tasks and lack generalization.

III. SYSTEM OVERVIEW

The overview structure of the proposed system with the
designed drone is depicted in Fig. 2. The system is supported
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Fig. 3. Target localization and pose estimation. Left: Human joint
estimation using the Mediapipe framework. Middle: Target localization
utilizing four joints of the trunk. Right: Target orientation estimation based
on the orientation of its shoulders.

by a perception module, processing data from sensors on
the quadrotor to perceive the environment, including the
drone’s self-localization, mapping, and target detection. The
core part of the system, intention-aware planning module,
includes three parts, target intention prediction, target motion
prediction, and the intention-aware trajectory optimization.
The target intention prediction leverages the perception in-
formation to estimate the target position and pose (Sec.
IV-A), and then to predict the target intention (Sec. IV-
C). A reachable region is generated to specifically evaluate
the turning intention (Sec. IV-B). The estimated intention is
utilized to predict future positions of the target by generating
intention primitives (Sec. V). Then it is incorporated into the
trajectory optimization by constructing the intention-aware
visibility constraint and safety constraint (Sec. VI-A).

IV. TARGET INTENTION PREDICTION
A. Target Localization and Pose Estimation

Target detection is performed using the Mediapipe frame-
work, shown in Fig. 3. Mediapipe is an open-source toolkit
developed by Google for building multimodal perception
pipelines. The human joint estimation module utilizes the
BlazePose [19] framework to estimate thirty-three 3D joint
coordinates, providing both 2D coordinates ‘p,, € R? in the
image frame and 3D coordinates "p,, € R? in the human
body frame (n € N; = {0, 1, ..., 32}).

Given {’p,,"p,} pairs, their camera frame coordinates
°p,, € R3 can be obtained by solving a Perspective-N-Points
(PNP) problem. In practice, we select four stably detected
torso joints for target localization, including left shoulder,
right shoulder, left hip and right hip (noted as n’ € N =
{11,12, 23, 24}). By applying drone localization in the world
frame, the global position of the selected torso joint “p,,s can
be obtained through coordinate transformation. , the center
position of the target in the world frame “p, is defined as
the average position of the four joints:

=1 Y (1)

’ !
nE./\fj

which is abbreviated as p; in the following sections. Then we
utilize an EKF with constant velocity (CV) model to simply
refine p; and estimate its current velocity v, noted as P;(t)
and Vi (¢) associated with the current time ¢.

History Path

72

Fig. 4.  The reachable region is generated based on the target’s motion
state and the surrounding environment.

Afterwards, the target orientation vector &,, is defined as
the orientation of its shoulders (shown in Fig. 3), denoted by

&y = [(“pr2), — (“p11), (“p11), — (“P12),, 0", ()

where (-), and (-), represent the x-axis and y-axis compo-
nent of (-) respectively.

When the target rotates its body, £,, may differ from the
estimated velocity v;. We calculate their angle 73, on the
z-y plane as

Tho = atanQ((fn)yv (grb)w) - atanZ((vt)y, (Ut)w)a 3

where r,, € [—m,m]. A positive or negative rp, means a
leftward or rightward body rotation respectively.

B. Surrounding-Aware Reachable Region Generation

Human’s motion intentions are closely related to its mo-
tion state and the surrounding environment. Considering the
above factors, we introduce a sector-shaped reachable region,
meaning the area where the target is most likely to reach
within a certain period (1s in this paper) at time ¢, shown
in Fig. 4. It is composed of two sectors separated by the
velocity vector V;(t), described as

R(t) = Ra(t) UR(1), 4
Ru(t) = {z € R | (= A1), &) < 00)],
Ro(t) = {z € R | (2= A1), & (1) < 0:(1)

where R;(t) and R,(t) denote the left and right reachable
region of the target respectively. £;(t) and &.(t) are the
corresponding angle bisectors. 0;(t),0,(t) € [0, F] are the
corresponding half-angles.

It can be seen that the reachable region is larger on the
side that is farther from obstacles. Additionally, R(¢ + o)
can be estimated using P;(t + to) and V;(t + o) obtained
from the CV model.

(&)

C. Target Intention Prediction

Given an intention set Z = {iy,l2,...,%m,} with m;
different target intentions, an intention prediction function is
designed to evaluate the probability of each intention 7 € Z:

11 (t) = @(Ri(t), Os(t)), (6)

8154



where II;(t) € [0, 1] describes the probability of intention 4
happening at time ¢. R;(t) is a potential assessment function,
describing the potential of intention i. O;(t) is a state
observation function, which serves as direct evidence for
intention i. Note that R;(t) and O;(t) differ for different
intention ¢, and users can customize them as needed. p(z,y)
is an activation function to keep the output within [0, 1].

In this paper, we specifically consider four of the most
common human motion intentions, including moving for-
ward with constant velocity, turning left, turning right, and
deceleration, noted as Zo = {icy, 1, itr, tdec -

For turning intentions 4;; and 4., special attentions are
required when the target moves along an obstacle toward a
corner. The tracker is prone to being occluded in the tracker’s
FOV if the target turns suddenly at the corner. Moreover, we
observe an increase in the target’s left (or right) reachable
region when it approaches a left (or right) corner. In other
words, the potential of 44 (or i) increases when 6; (or 6,.)
becomes larger. Based on this fact, R;, (¢) and R;,, (t) are
defined as

Ri, (1) = max{k(6:(t +to) — 6:(1)), 0},
Ry, (t) = max{k; (0, (t + to) — 0,(t)), 0},

Lir
where k; is a scaling factor and ¢y is a time constant used to
control how far in advance to predict the turning potential.
Furthermore, the rotation angle |ry,| will increase sud-
denly when the target turns, which can serve as an observa-
tion for 4y or iy. So O;,,(t) and O, () are defined as

)

ttl Ttr

0;,,(t) = max{karp,, 0},
0;,, (t) = max{—karpy, 0}.

Ttr

®)

For intention 7 4., the closer the target approaches the front
obstacles, and the greater its velocity, the higher the potential
that it will decelerate. So R;,__(t) is defined as

Ri,..(t) = ks(IVe()1* /dobs), ©)

where d,,s is the distance to the nearest obstacle in the
direction of V;(t). The corresponding O;,,.(t) is evaluated
by the decrease of ||V;(t)|| within the time interval At:

Oigee (t) = max{ka([|Vi(t — AD| = [[V:(D)]), 0} (10)

As for i.,, the target intention is to move at a constant
velocity if without any interruption. Therefore, R;_ (¢) and
0;,, (t) are evaluated based on the corresponding maximum
values of other unexpected intentions:

Ri.,(t) = —kamax{R;, (1), R;, (), R
Oi,,(t) = —ks max{0;,, (1), 0;,,.(t), O

ldec (ﬁ } + b1,
idec (t)} + b2,
(1)
where by and by are constant parameters.
Up to now, we have provided definitions for R;(t) and
O;(t) for all i € Zy. By employing a tanh function, II;(t)
is calculated as

I1;(t) = (tanh(R;(t) + Oi(t) — bo) +1)/2,  (12)

where by is a tunable parameter to control the sensitivity of
the prediction.

V. INTENTION-DRIVEN TARGET MOTION PREDICTION

To acquire the possible trajectory of the target under the
current intention and surroundings, We propose an intention-
driven hybrid A* algorithm that expands nodes by generating
intention primitives.

Each primitive is driven by one singular intention ¢ and
corresponds to a state transition model H;. In details, the
state vector of the n-th node is described as z(n) =

T vIT € RS, and the state transition equation can be

n»-n

written as

z(n) = Hi(x(n —1)). (13)

Taking the intention set Z as the input set, each node will
expand m; X mg intention primitives, where my is the number
of primitives for each intention.

Moreover, each node stores the intention information of
the primitive that expands to this node, which is composed
of a key vector (i, a value vector (,(n), and a query vector
Cy(n), where ¢ = [i1,d2,...,0m,)T € R™ consisting of
intentions in Z, (,(n) € Z denotes the intention that drives
the primitive. (,(n) = e; € R™ is related to (,(n), where

We aim to find a path with the least changes in the target
intention within the prediction time 7),. To this end, a penalty
matrix A € R™*™i ig defined, where A(j1,j2) represents
the transition cost from intention (x(j1) to Cx(j2) (J1,Jj2 €
{0,1,...,m; — 1}). The transition costs between identical
intentions is set to zero (A(j1,72) = 0,41 = Jj2), while the
rest (j1 # j2) depend on the difficulty of the transition.

As a result, we design both cost function f(n) and
heuristic function h(n) as

(14)

f(n) =g(n) + h(n), (15)
g(n) = ¢J (n = 1)A(n), (16)
h(n) = whdmy(p(n)7pt(t + Tp))v 17)

where Py (t+T),) = P(t) +T,Vi(t). duy(p1,p2) denotes the
horizontal distance between p; and ps. wy, is a weight term.

In this paper, we take Z; as the input set (m; = 4),
and each intention generates one primitive (mo = 1). The
state transition models of i.,, 7y (or i) and 74.. are
CV, CT (Coordinated Turn) and CA (Constant acceleration)
respectively, shown in Tab. I. By finding a minimum-cost
path, a series of target future positions (shown in Fig. 5) as

TABLE I
STATE TRANSITION EQUATIONS

Intention | Model State transition equations
ey Ccv Pn=Pn 1+vn 1AL
pn(0)+ . 1(0) sm(::})At) + oy, 1(1) COS(U}ft) 1
o pn(1)+ = v, 1(0)1%“&”—&-% 1(1)%
RS CT
vn(0) = vy, 1(0) cos(wAt) vy, 1(1)sin(wAt)
vn(1l) =vp 1(0)sin(wAt) + v, 1(1) cos(wAt)
=pn 1+ vn 1AL+ 0.5aAt?
Z‘dcc CA b P ! !
Un =vp 1+ aAt
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Fig. 5.  Target motion prediction and occlusion-free region setup when
the target turns right.

well as the corresponding time stamps are obtained, denoted
by

z={z5cR3| ke{1,2,...,Np}},
T={t (0,1} | ke{1,2,...,N,,}}.

VI. INTENTION-AWARE TRAJECTORY OPTIMIZATION

(18)

We follow Ji’s [5] work setting up an occlusion-free region
¢y, for each z;, € Z, shown in Fig. 5. Then N, A* paths
are searched passing through ¢1, ¢2, ..., ¢n,. The endpoints
of these paths are set as the initial tracking waypoints. For
details refer to work [5]. Afterwards, to empower the tracker
with the ability to perceive the target intention and react to
unexpected events, we propose an intention-aware trajectory
optimization method by integrating the intention prediction
function into specific constraints.

A. Intention-Aware Visibility and Safety Constraints

< =WT£>=m

Target Motion Prediction

/AN

Fig. 6. Intention-aware visible region generation.

1) Intention-Aware Visible Region: We firstly define an
intention-aware visible region Vi (shown in Fig. 6), which
leaves margin angles 6; and 0., that are related to II;,, (t)
and II;, (t) on both sides of Vi (same as the region in [5]):

{951 —90+0 Hm( ) (19)

9” —90+9 Hzm( )
where 6 is the min margin angle and 6, is the max adjustable
margin angle. As the probability of ¢;; (or i) increases, the
relevant 0.; (or 6.,.) will increase to impAose higher visibility
requirements. Eventually, both V; and V), are described as

Vi =
Vi =

v €R®| (x— 21, ) < Oiys
l‘GRS‘ <$_Zk7§k>§§k}

wheAre &, and fAk are the angle bisectors of V; and ]A/k,
Ok, 0x € [0, 5] are the corresponding half-angles.

(20)

2) Intention-Aware Safety Distance: To ensure the track-
ing safety and the accuracy of target detection, the horizon-
tal distance between the tracker and target is expected to
keep within [d;,d,], where d; and d,, represent the lower
and upper limit distance. To further augment safety, more
stringent requirements are placed on d; when the target
exhibits deceleiation trends, and the intention-aware lower

limit distance d; is described as
dy = dy + 1T, (t), @1)

where d is the maximum adjustable distance. As the prob-
ability of i4.. increases, d; also increases to avoid potential
collision risks.

B. Trajectory Parameterization

In this paper, we utilize the trajectory class Tyinco [20]
for trajectory parameterization and optimization, which is
defined as

TMINCO = {p(t) :[0,T] — R™ | c=M(q,T),
QRO Tery)

where p(t) is an m-dimensional polynomial trajectory of

N = 2s — 1 order and M pieces. q = [q1,G2,---,qn—1]
are the intermediate waypoints. T = [T}, T5,...,Ty|*
and ¢ = [c],c],...,ck/]T € R2MsX™ are the durations

and coefficients of the trajectory pieces. The ¢-th piece in
TMminco is denoted by

pi(t) = i (1)B(1),

where B(t) = [1,t,...,tV]T is the natural basis.

The function M enables the computation of ¢ from q
and T with linear complexity, allowing any second-order
continuous cost function J(c,T) with available gradient
applicable to Tynco- By calculating .7 /dc and 0.7 /0T,
the gradients on the trajectory coefficients and durations can
be efficiently backpropagated to q and T. More details can
be found in [20].

(22)

C. Penalty Function Formulation

We construct J(c, T) as a multi-objective optimization
penalty function:

mmj (c,T)
q,T

M
Z%%)+ZZ$@D
* z;pl
+y > Taleg ),

* k=1

(23)

where 7,,, is a smoothness term, which is set as a tradeoff
of minimum jerk (s = 3) and minimum time:
Tl Ty) = / ® @d+pT;, 4
0

where p is a tunable weight parameter.
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Fig. 7. The target executes multiple sharp turns in a simulated dense
environment. (a) Three snapshots during the turning process: the target
approaches the corner, turns, and passes the corner. (b) The full trajectory of
the target’s motion, with a maximum speed of 1.5m/s, and the occlusion
time comparison of the two methods.

The second term represents the relative time penalty,
which is associated with obstacle avoidance and dynamics
constraints.

To cope with the obstacle avoidance constraint, we follow
the approach of Liu et al. [21] to generate flight corridors
that are described as a series of polytopes:

Mz
F=||F.,F= {as ER® | A < b} (25)

i=1
where M = KMy indicates that each flight corridor

contains K trajectory pieces (K = 2 in this paper). Then
the two constraints can be described as

Gy = Ap/k1pi(t) — by <0Vt € [0, T3],
Go = PN (@))? — 12, <0, VI [0, T},
Go = D (1)||? — 02,0, <0, Vit € [0, T},

(26)

where 1 < ¢ < M, Upq, and a4, are the max velocity and
acceleration of the tracker. Then G, can be transformed into
the relative time penalty via the time integral method [22]:

K4 .

T (e, Ty) = Z;wj max{G.(c;, T}, %i),O}?’, 27)
where [wo,wi,...,we, ,,we,] = [5,1,...,1,1] are the
quadrature coefficients resulting from the trapezoidal rule,
x = {f,v,a}.

The third term is the absolute penalty related to the
intention-aware constraints detailed in Sec. VI-A. The ab-
solute time penalty is enforced with the prediction time g,

) Ours ) Ji’s high
1 1
Eo Eo
> >
1 -1
-2 -2
0 1 2 3 4 0 1 2 3 4 low
x(m) x(m)
(2)
Target speed Horizontal distance
3r T T 3r Ours|
— Ji’s
25+ 1 25¢
2 e
» —_
=15+ | é,‘ 5 lower limit distance
g E i
1 10
0.5 0.5
0 0
0 1 2 3 4 5 0 1 2 3 4 5
t(s) t(s)
(®
Fig. 8.  (a) The heatmap of the target position distribution relative to the

tracker on the x-y plane. The red sector represents the tracker’s FOV. (b)
The horizontal distance curve between the tracker and target in one specific
deceleration.

where ¢, resides on the j-th piece of the trajectory:
- Jj—1 J
pltr) =] Bty = SIIT3), > T <ty <Y Tp (28)
i=1 i=1

For each target future position t;, — zj, p(tr) and z; should
maintain adequate visibility and a suitable distance.

Firstly, to keep the target within FOV, p(ty) is expected
to lie inside V. To additionally improve visibility, we prefer
that p(t;) be positioned inside Vji1. Then the visibility
constraints can be described as

~ — =
Go = cos(x) p(te)—2k-Ek <0,

T et =zll 1<k<N,,
t)—zre En
G, = cos(Ort+1) — %%Zkﬁﬁl <0, 1<k< J\E;;g)

Furthermore, the horizontal dictance between p(tx) and
z) is supposed to keep within [d;,d,], and the distance
constraints can be written as

G4 = day(p(tr), z) — d <0, VI<k< N,,
gdu = du - dTy(p(tk),Zk) S 0’ vl S k S Np

Then both visibility constraints and distance constraints
can be transformed into the absolute penalty, written as

T (ej.tr) = max{Gu(c;, ti), 0}, % = {dy, d,, D, v} (31)

Solving the optimization problem above, an intention-
aware spatial-temporal optimal trajectory is finally generated.

(30)

VII. EXPERIMENTS
A. Simulation Experiments
Simulation experiments are conducted comparing with the
method presented by Ji et al. [5] using a desktop equipped

with an Intel Core i7-12700F CPU. In simulation, we use
another UAV as the target and broadcast its position and
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(®)
Fig. 9.  The performance of our method as the target passes through a
T-shaped intersection. (a) Three snapshots in the rviz view. (b) A composed
image in the third-person view.

yaw angle to the trackers. The initial position of the trackers
and the trajectory of the target are identical when bench-
marking the two methods. The max speed and acceleration
of the trackers are set to 3m/s and 5m/s?. The maximum
speed of the target is set to three levels, 1.0m/s, 1.5m/s,
2.0m/s. Target’s max acceleration is 3m/s? and the desired
horizontal distance between the tracker and target is set to
[1.5m,2.5m)].

Firstly, to benchmark their performance in turning sce-
narios, the target is maneuvered at various velocities in a
dense environment and executes approximately 50 random
sharp turns. We show the comparison between methods in
one random turn in Fig. 7(a). We can see that as the target
approaches the corner, our tracker is able to perceive the
turning risk and move away from the obstacle in advance.
When the target turns, our tracker correctly predicts its
intention and plans an appropriate trajectory accordingly. In
contrast, Ji’s tracker is occluded during the turn. Fig. 7(b)
shows target’s full trajectory of 1.5m/s maximum speed
setup and the the occlusion percentage of each method.
It can be observed that the occlusion time of our method
is significantly lower. Even at a high target velocity, our
method’s failure rate remains under 5%, which benefits a
lot from integrating the target intention into planning.

Further benchmarks are conducted in deceleration scenar-
ios. We let the target execute several sudden decelerations at
the max speed of 2m/s and count target positions relative
to the tracker on the z-y plane, shown in Fig 8(a). It can
be observed that in our method, the distribution of target
positions within the tracker’s FOV is more concentrated,
indicating that the distance to the target is maintained better.
The horizontal distance curve during one deceleration is
shown in Fig. 8(b). Evidently, our tracker is able to slow

= Tracker Path|

= Target Path

(b)

Fig. 10.  Comparisons of the two methods during the turning process. (a)
Three snapshots in the camera view. Our tracker can maintain good visibility
of the target, while Ji’s experiences occlusion issues. (b) The history paths
of the trackers and the target.

down in time and maintain a safe distance from the target
during decelerations, while Ji’s tracker would be too close
to the target and could potentially lead to a collision. Thus,
it can be deduced that our tracker can leverage the target
intention to improve the safety of tracking.

B. Real-World Experiments

In the real-world experiments, we build a quadrotor plat-
form as shown in Fig. 2. The quadrotor is equipped with
an Intel RealSense D435 depth camera for online mapping
in unknown environments, a monocular camera (FOV =
90° x 75°) for real-time target detection, a Holybro Pix32v6
Mini flight controller to control the drone, and an Intel
NUC-12WSKi7 as the onboard computer. The frame rate of
target detection can exceed 25 fps with the onboard computer
thanks to the high performance of the Mediapipe framework.
Additionally, we employ VINS [23] to estimate the state of
the drone.

We construct a T-shaped intersection environment and let
the target perform sharp turns at the intersection. The scene
is quite common in real life but poses a great challenge to the
tracker. To mitigate the influence of target localization, we
broadcast the target’s position to the tracker when employing
Ji’s method. The average speed of the target is about 1.5m/s.

As shown in Fig. 9(a), when the target approaches the
intersection, the tracker moves to the side where the target
is further away from the obstacle in advance. As the target
makes a turn, its motion prediction path aligns with its
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intention, and the tracker promptly flies to the side with better
visibility. The image in the third-person view is shown in Fig.
9(b). We also compare our method with Ji’s, shown in Fig.
10. It is obvious that our tracker can effectively maintain the
visibility of the target while Ji’s tracker is occluded by the
obstacles. What’s more, we observe that when the target turns
its body at the corner, our tracker will perform an aggressive
turn to track it, while Ji’s turns more slowly. We conduct ten
turning tests for both methods, and our method achieves a
success rate of 80%, while Ji’s method has a success rate
of 30%. Consequently, it can be concluded that tracking
becomes more robust when applying the target intention.

VIII. CONCLUSION

In this paper, we incorporate the target intention into
aerial tracking planning through intention prediction and
motion prediction algorithms. Besides, we integrate the target
intention into the trajectory optimization through coupled
formulations, which empowers the tracker with the ability to
perceive unexpected situations. Experimental results demon-
strate the safety and robustness of our method, which greatly
benefits from utilizing the target’s high-dimensional semantic
information. Nevertheless, in certain situations, such as when
the target is extremely maneuverable, a single tracker may
still fail the task. Therefore, in the future, we plan to apply
collaborative tracking by swarm of UAVs.

REFERENCES

[1] B. Jeon, Y. Lee, and H. J. Kim, “Integrated motion planner for real-
time aerial videography with a drone in a dense environment,” in 2020
IEEE International Conference on Robotics and Automation (ICRA).
IEEE, 2020, pp. 1243-1249.

[2] Z. Han, R. Zhang, N. Pan, C. Xu, and F. Gao, “Fast-tracker: A robust
aerial system for tracking agile target in cluttered environments,”
in 2021 IEEE international conference on robotics and automation
(ICRA). 1IEEE, 2021, pp. 328-334.

[3] N. Pan, R. Zhang, T. Yang, C. Cui, C. Xu, and F. Gao, “Fast-tracker
2.0: Improving autonomy of aerial tracking with active vision and
human location regression,” IET Cyber-Systems and Robotics, vol. 3,
no. 4, pp. 292-301, 2021.

[4] Q. Wang, Y. Gao, J. Ji, C. Xu, and F. Gao, “Visibility-aware trajectory
optimization with application to aerial tracking,” in 2021 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).
IEEE, 2021, pp. 5249-5256.

[51 J. Ji, N. Pan, C. Xu, and F. Gao, “Elastic tracker: A spatio-temporal
trajectory planner for flexible aerial tracking,” in 2022 International
Conference on Robotics and Automation (ICRA). 1EEE, 2022, pp.
47-53.

[6] Z. Zhang, Y. Zhong, J. Guo, Q. Wang, C. Xu, and F. Gao, “Auto
filmer: Autonomous aerial videography under human interaction,”
IEEE Robotics and Automation Letters, vol. 8, no. 2, pp. 784-791,
2022.

[71 S. Bonnin, T. H. Weisswange, F. Kummert, and J. Schmiidderich,
“Pedestrian crossing prediction using multiple context-based models,”
in 17th International IEEE Conference on Intelligent Transportation
Systems (ITSC). IEEE, 2014, pp. 378-385.

[8] M. Goldhammer, S. Kohler, K. Doll, and B. Sick, “Camera based
pedestrian path prediction by means of polynomial least-squares
approximation and multilayer perceptron neural networks,” in 2015
SAI Intelligent Systems Conference (IntelliSys). 1EEE, 2015, pp. 390—
399.

[9] A. Dominguez-Sanchez, M. Cazorla, and S. Orts-Escolano, “Pedes-
trian movement direction recognition using convolutional neural
networks,” IEEE transactions on intelligent transportation systems,
vol. 18, no. 12, pp. 3540-3548, 2017.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

8159

J. Li, Q. Li, N. Chen, and Y. Wang, “Indoor pedestrian trajectory
detection with Istm network,” in 2017 IEEE International Conference
on Computational Science and Engineering (CSE) and IEEE Interna-
tional Conference on Embedded and Ubiquitous Computing (EUC),
vol. 1. IEEE, 2017, pp. 651-654.

D. Kulic and E. A. Croft, “Affective state estimation for human-robot
interaction,” IEEE transactions on robotics, vol. 23, no. 5, pp. 991—
1000, 2007.

J. F. P. Kooij, N. Schneider, F. Flohr, and D. M. Gavrila, “Context-
based pedestrian path prediction,” in Computer Vision—-ECCV 2014:
13th European Conference, Zurich, Switzerland, September 6-12,
2014, Proceedings, Part VI 13. Springer, 2014, pp. 618-633.

H. S. Koppula and A. Saxena, “Anticipating human activities using
object affordances for reactive robotic response,” IEEE transactions
on pattern analysis and machine intelligence, vol. 38, no. 1, pp. 14—
29, 2015.

A. T. Schulz and R. Stiefelhagen, “A controlled interactive multiple
model filter for combined pedestrian intention recognition and path
prediction,” in 2015 IEEE 18th International Conference on Intelligent
Transportation Systems. 1EEE, 2015, pp. 173-178.

A. Alahi, K. Goel, V. Ramanathan, A. Robicquet, L. Fei-Fei, and
S. Savarese, “Social Istm: Human trajectory prediction in crowded
spaces,” in Proceedings of the IEEE conference on computer vision
and pattern recognition, 2016, pp. 961-971.

J. Kim and D. H. Shim, “A vision-based target tracking control system
of a quadrotor by using a tablet computer,” in 2013 international
conference on unmanned aircraft systems (icuas). 1EEE, 2013, pp.
1165-1172.

A. G. Kendall, N. N. Salvapantula, and K. A. Stol, “On-board
object tracking control of a quadcopter with monocular vision,” in
2014 international conference on unmanned aircraft systems (ICUAS).
IEEE, 2014, pp. 404-411.

H. Cheng, L. Lin, Z. Zheng, Y. Guan, and Z. Liu, “An autonomous
vision-based target tracking system for rotorcraft unmanned aerial
vehicles,” in 2017 IEEE/RSJ international conference on intelligent
robots and systems (IROS). 1EEE, 2017, pp. 1732-1738.

V. Bazarevsky, 1. Grishchenko, K. Raveendran, T. Zhu, F. Zhang, and
M. Grundmann, “Blazepose: On-device real-time body pose tracking,”
arXiv preprint arXiv:2006.10204, 2020.

Z. Wang, X. Zhou, C. Xu, and F. Gao, “Geometrically constrained tra-
jectory optimization for multicopters,” IEEE Transactions on Robotics,
vol. 38, no. 5, pp. 3259-3278, 2022.

S. Liu, M. Watterson, K. Mohta, K. Sun, S. Bhattacharya, C. J.
Taylor, and V. Kumar, “Planning dynamically feasible trajectories for
quadrotors using safe flight corridors in 3-d complex environments,”
IEEE Robotics and Automation Letters, vol. 2, no. 3, pp. 1688-1695,
2017.

L. S. Jennings and K. L. Teo, “A computational algorithm for
functional inequality constrained optimization problems,” Automatica,
vol. 26, no. 2, pp. 371-375, 1990.

Q. Tong, L. Peiliang, and S. Shaojie, “Vins-mono: A robust and
versatile monocular visual-inertial state estimator,” IEEE Transactions
on Robotics, vol. PP, no. 99, pp. 1-17, 2017.



