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Abstract— We address motion planning for a mobile
agent to acquire information from multiple monitored tar-
gets using sensors with limited capabilities. To represent
sensor limitations, such as range, field of view, and allowed
acquisition directions, we introduce a nonnegative metric
that quantifies the rate of information acquisition and is
positive only when these limitations are satisfied. To en-
able optimization-based trajectory generation, we impose
temporal logic specifications to ensure that the information
acquisition metric and its gradient are nonzero over some
time interval. This enables the application of continuous-
time successive convexification to solve the motion plan-
ning problem. We demonstrate the proposed approach in
a case study of a quadrotor that must acquire information
on multiple targets with sensor range, field of view, and
acquisition direction constraints.

Index Terms— Autonomous systems, Perception and
control, Monitoring, Numerical algorithms, Optimal control

I. INTRODUCTION

MOnitoring distributed infrastructures, such as power
lines, roadways, and water networks, for preventive

maintenance or tracking large-scale natural phenomena like
erosion, forest overgrowth, and farmland flooding for risk
mitigation is a labor-intensive, physically demanding, and
potentially hazardous task. These challenges make automa-
tion technologies an ideal solution to alleviate the burden
on human operators by mitigating the associated risks and
difficulties [1]–[3]. Rather than dispatching people to survey
impervious and faraway areas, teams of autonomous robots,
e.g., drones potentially supported by ground robots acting as
mobile base stations, can be deployed to gather information
about monitoring targets, which can then be reviewed and
analyzed for corrective actions or further investigation.

As a result, in recent years, there has been growing interest
in using robots for monitoring purposes. In particular, it may
be convenient to use small and inexpensive mobile robots
in larger numbers as opposed to fewer, larger robots for
cost, safety, and increased parallelization. Lower-cost robots,
such as micro-drones, are often equipped with less capable
sensors, making it crucial to consider sensor limitations and
information acquisition performance when planning drone
operations. For instance, considering sensor limitations like
range and field of view, decisions must be made on whether
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to fly at a low altitude for detailed target acquisition or at a
higher altitude to scan a larger area.

In prior works on automated monitoring, we have inves-
tigated the task assignment problem, i.e., dispatching drones
based on current knowledge of the targets [4], [5], and the
motion planning for ground robots serving as mobile stations
for drone deployment and recovery [6]. Recently, there has
also been an increase in the interest in perception-aware
planning and control [7]–[12], but most previous works focus
on limitations imposed by the information perceived about the
environment rather than planning to acquire information while
accounting for sensor limitations.

In this work, we address motion planning for information
acquisition tasks, e.g., monitoring, while considering acquisi-
tion performance in relation to sensor limitations, including
range, field of view, and target acquisition direction. We
develop a smooth, non-negative information acquisition metric
that quantifies the rate of information acquisition depending
on the sensor limitations and performance, which takes a
positive value only when all sensor limitations are satisfied.
The smoothness of the proposed metric enables the application
of the continuous-time successive convexification (ct-SCvx)
approach to optimal control [13] where the information ac-
quisition is enforced by continuous-time path constraints.

However, the information acquisition metric is uniformly
zero beyond the sensor limitations, resulting in a uniformly
zero gradient that hinders numerical optimization. Thus, we
impose signal temporal logic (STL) specifications [14] to
ensure that the metric and its gradient are nonzero over a
specified time interval. The specifications are parameterized
using generalized mean-based smooth robustness measure
(GMSR) [14], resulting in a smooth and exact parameteriza-
tion, which is crucial to ensuring the convergence guarantees
of the ct-SCvx framework [13].

The remainder of this paper is structured as follows.
Section II introduces the information acquisition metric and
defines the motion planning problem for information acquisi-
tion. Section IV formulates the problem within the ct-SCvx
framework, and Section V addresses its solution. Section VI
demonstrates the effectiveness of our framework through a
case study where a quadrotor acts as a mobile agent acquiring
information from multiple monitoring targets. Finally, Sec-
tion VII summarizes our findings and concludes the paper.

Notation: x̄ := x/∥x∥. |x|+ := max{0, x}. |x|− :=
min{0, x}. (v1, v2, . . . , vN ) := [v⊤1 , v

⊤
2 , . . . , v

⊤
N ]⊤ where vi

have arbitrary dimensions. [1 : N ] := {1, 2, . . . , N}, with
N ∈ Z++. 1 is a matrix of ones in appropriate dimensions.



II. INFORMATION ACQUISITION

We consider an agent with dynamics
.
x(t) =

F
(
t, x(t), u(t)

)
where u ∈ Rm is the input vector, x ∈ Rn is

the state vector that includes position r ∈ R3, attitude Ω ∈ R3

and possibly additional states, and the agent is subject to path
constraints g

(
t, x(t), u(t)

)
≤ 0, h

(
t, x(t), u(t)

)
= 0. Given

a set of targets indexed by i ∈ [1 :nm], we want to generate
a trajectory from an initial state x0 to a final state xf to
collect a required amount of information cmi

for each target
i ∈ [1 :nm] at position pmi

.
We model the information acquired at each time instant as

dependent on the target distance, the angle from which the
target is observed, and the sensor field of view. Thus, we
introduce a nonnegative information acquisition metric, which
is a function of r and Ω, to quantify the information gathered
per unit time. The metric is positive only when all of the
following are satisfied: (i) the distance between the sensor
and the target is less than a certain threshold, (ii) the sensor is
within the acquisition cone defined by the target’s position and
its desired acquisition direction, and (iii) the target is within
the field of view cone determined by the position and direction
of the sensor. The metric increases as the sensor gets closer
to the target and aligns with the centers of the information
acquisition and field of view cones.

We develop an information acquisition metric to capture the
instantaneous amount of acquired information. It is constructed
from components mi : R6 → [0, 1] related to the limitations of
the sensor that affect the acquisition performance, see Figure 1:

1) Sensor range. Due to the distance between the agent’s
position and the position of the i-th target, r, pmi

∈ R3,

mdi

(
r(t)

)
:= 1 + cmi

((
1 + eτmi

ρi(t)
)−1

− 0.5

)
, (1a)

where ρi(t) := ∥r(t)− pmi∥ is the distance to target i,
cmi is a scaling coefficient, and τmi is acquisition decay
rate for distance.

2) Acquisition direction. Due to the directions from which
a target can be successfully sensed, and based on the
scaled cosine similarity between the desired acquisition
direction of the i-th target, dmi , and the actual acquisi-
tion direction

(
r(t)− pmi

)
:

m̃ai

(
r(t)

)
:= d⊤mi

(
r(t)− pmi

)

mai

(
r(t)

)
:=

m̃ai

(
r(t)

)
− cos(αd

ai)

1− cos(αd
ai)

, (1b)

where αd
ai is the acquisition cone maximum angle;

3) Sensor field of view. Due to the acquisition area of the
sensor and based on the scaled cosine similarity between
the sensor field of view direction, dv

(
Ω
)
:= R

(
Ω
)
dBv ,

and the acquisition direction
(
r(t)− pmi

)
:

m̃vi

(
r(t),Ω(t)

)
:= −dv

(
Ω(t)

)⊤(
r(t)− pmi

)

mvi

(
r(t),Ω(t)

)
:=
m̃vi

(
r(t),Ω(t)

)
−cos(αd

v)

1− cos(αd
v)

, (1c)

where R : R3 → R3 is the rotation matrix, dBv is the
sensor direction in the body frame, and αd

v is the field
of view maximum angle.

Thus, the information acquired each instant increases as the
range decreases, as per (1a), the smaller the angular difference
between desired and actual acquisition direction (1b), and the
smaller the angular difference between sensor field of view
direction and acquisition direction (1c).

r(t)

pmi
Acquisition cone

Field of view cone

dv

(
Ω(t)

)
dmi

αd
ai

αd
v

Fig. 1. Illustration of key components of the information acquisition
metrics: the range, from r and pmi , field of view direction dv

(
Ω
)

and
acquisition direction, dmi .

With proper scaling, mdi
, mai and mvi

have maximum
value 1, and are 0 at the border of the corresponding sensor
limitation. However, past such border, they become negative,
which is not meaningful since it would indicate an increasingly
negative information acquisition. Thus, we compose mdi , mai ,
mvi

with the C1-smooth function

qc(x) :=
(
max(0, x)2 + c2

)0.5 − c, where c > 0. (2)

Let qc(mj) = mq
j , for simplicity. The resulting composed

functions under-approximate the functions in (1) by an arbi-
trarily small number and are exactly zero beyond the sensor
limitations, so that the sensors acquire no information beyond
those, see Figure 2.
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Fig. 2. Top: mdi
and m

q
di

for c = 0.05, as a function of distance
to the target, ∥r − pmi∥ for cmi = 2.2 and τmi = 0.203. Bottom:
mai , mvi and corresponding m

q
ai

, mq
vi

for c = 0.05, as functions of
angle α for αd

ai
= 10 deg and αd

v = 10 deg, respectively.

Thus, we define the instantaneous information acquisition as
the product of the modified components in (1a)–(1c), imposing



that information is acquired only if all the sensor limitations
are satisfied, and increases as the agent’s configuration away
from the constraint boundaries

mi

(
x(t)

)
=m̄i ·mq

di
(r(t)) ·mq

ai(r(t)) ·m
q
vi
(r(t),Ω(t)), (3)

where m̄i denotes the maximum achievable acquisition rate
for target i, x includes the position r and the attitude Ω, and
the acquired information for each target evolves as

.
z(t) = m

(
x(t)

)
=

(
m1

(
x(t)

)
, . . . ,mnm

(
x(t)

))
. (4)

Based on (4), we want to generate a trajectory for x(t),
t ∈ [0, tf ] that satisfies the agent dynamics and constraints and
collects a sufficient amount of information for each target,

z(0) = 0,

z(tf) ≥ cm =
(
cm1

, cm2
, . . . , cmnm

)
.

To solve such a problem, we propose an optimization-based
trajectory generation approach using the ct-SCvx framework.

III. DRIVING INFORMATION ACQUISITION BY STL
SPECIFICATIONS

In regions where the sensor limitations (1) are not satisfied,
mi(x) becomes uniformly zero, resulting in a null gradient
that causes convergence issues in optimization-based trajectory
generation. To mitigate this issue, we ensure the existence
of time intervals where mi(x) and its gradient are nonzero
by imposing a signal temporal logic (STL) specification [14].
First, we define the predicates

dφi :=
(
fdi

(
r(t)

)
≥ 0

)
:=

(
rdedi

− ∥r(t)− pmi
∥≥0

)
, (5a)

aφi :=
(
fai

(
r(t)

)
≥0

)
:=

(
m̃ai

(
r(t)

)
−cos(αde

ai )≥0
)
, (5b)

vφi :=
(
fvi

(
r(t),Ω(t)

)
≥ 0

)

:=
(
m̃vi

(
r(t),Ω(t)

)
− cos(αde

v ) ≥ 0
)
, (5c)

where αde
ai < αd

ai and αde
v < αd

v . If (5a)–(5c) hold true at
time t, the corresponding functions in (1a)–(1c) are nonnega-
tive, and thus the sensing limitations are satisfied.

Second, to ensure all conditions in (5) are satisfied in a
period tEi

> 0, we consider the STL specification

gφi := G[0,tEi
]

(
dφi ∧ aφi ∧ vφi

)
, (6)

where ∧ denotes conjunction, and G is the always operator,
which must hold over the interval [0, tEi

]. Finally, to ensure
that (6) eventually holds within an interval [tSi , tSi+1 ], where
tEi ≤ tSi+1−tSi , i ∈ [1 :nm], we enforce the STL specification

fφi := F[tSi
,tSi+1

−tEi
]
gφi, (7)

where F is the eventually operator, which must hold in the
time interval [tSi , tSi+1 − tEi ].

Composing “eventually” and “always” in (7) ensures that,
for sufficiently small rdedi

and αde
ai < αd

ai , α
de
v < αd

v , if (7) is
satisfied, there exists t′ ∈ [tSi

, tSi+1
− tEi

] such that mi(x)
and its gradient are nonzero for almost every t ∈ [t′, t′ + tEi

].

IV. TRAJECTORY GENERATION BY CONTINUOUS-TIME
SUCCESSIVE CONVEXIFICATION

The trajectory generation for information acquisition is
formulated as a free-final-time optimal control problem in the
Mayer form, with additional constraints enforcing information
acquisition and satisfaction of the STL specifications

minimize
x, u, tf

L
(
tf , x(tf)

)
(8a)

subject to
.
x(t) = F

(
t, x(t), u(t)

)
a.e. t ∈ [0, tf ] (8b)

.
z(t) = m

(
x(t)

)
a.e. t ∈ [0, tf ] (8c)

g
(
t, x(t), u(t)

)
≤ 0 a.e. t ∈ [0, tf ] (8d)

h
(
t, x(t), u(t)

)
= 0 a.e. t ∈ [0, tf ] (8e)

P
(
x(0), u(0), x(tf), u(tf)

)
≤ 0 (8f)

Q
(
x(0), u(0), x(tf), u(tf)

)
= 0 (8g)

cm − z(tf) ≤ 0 (8h)
z(0) = 0 (8i)(
x(t), 0

)
|= fφi ∀i ∈ [1 :nm] (8j)

where L is the terminal cost function, g and h are the path
constraint functions, P and Q are the boundary condition
constraint functions.

Methods that enforce the non-negativity of (1a)–(1c) only
at discrete node points may result in insufficient data acqui-
sition and possibly inter-sample constraint violation. In order
to ensure appropriate information acquisition and constraint
enforcement here we use a continuous-time successive con-
vexification approach [13]. In the next sections, we detail the
steps for solving (8) in such a framework: (IV-A) reformulate
path constraints to ensure continuous-time constraint satisfac-
tion [13]; (IV-B) transform the free-final-time problem into
a fixed-final-time one via time-dilation [13]; (IV-C) param-
eterize the inputs to be finite-dimensional and discretize the
continuous-time dynamics by multiple-shooting [15]; (IV-D)
parameterize the STL specifications using the generalized
mean-based smooth robustness measure (GMSR) [14].

A. Continuous-time Constraint Satisfaction

For ensuring the satisfaction of the path constraints in
continuous-time [13], we remind that

g
(
t, x(t), u(t)

)
≤ 0, h

(
t, x(t), u(t)

)
= 0 a.e. t ∈ [0, tf ]

⇐⇒
∫ tf

0

qc
(
g
(
t, x(t), u(t)

))
+ qd

(
h
(
t, x(t), u(t)

))
dt = 0,

where qc is the same as in (2) and

qd(x) := (x2 + d2)0.5 − d, where d > 0. (9)

Thus, we introduce an auxiliary state y to accumulate the
violation of the path constraints

.
y(t) = 1⊤qc

(
g
(
t, x(t), u(t)

))
+ 1⊤qd

(
h
(
t, x(t), u(t)

))
,

and impose the boundary conditions:

y(0) = 0, y(tf) = 0. (10)



Including the cumulative constraint violation and the infor-
mation acquisition, the augmented dynamics are given by

xa(t) :=
(
x(t), y(t), z(t)

)
,

.
xa(t) := Fa

(
t, xa(t), u(t)

)

:=




F
(
t, x(t), u(t)

)

1⊤qc
(
g
(
t, x(t), u(t)

))
+1⊤qd

(
h
(
t, x(t), u(t)

))

m
(
x(t)

)


 .

B. Time-dilation

We transform the free-final-time optimal control problem
in (8) into an equivalent fixed-final-time formulation using
time-dilation [13]. We define a strictly increasing, continuously
differentiable function t̃ : [0, 1] → R+ that satisfies t̃(0) = 0
and t̃(1) = tf . The rate of time flow, referred to as the dilation

factor, is s(τ) := dt̃(τ)/dτ =
◦

t̃(τ) for τ ∈ [0, 1], where s(τ) is
an additional decision variable in the optimal control problem,
treated as an additional control input.

With respect to τ , derivatives are denoted as
◦

□ := d□/dτ
and state and input vectors are x̃(τ) :=

(
xa(t̃(τ)), t̃(τ)

)
,

ũ(τ) :=
(
u(t̃(τ)), s(τ)

)
, where the additional (last) compo-

nent of the state tracks time evolution, and the dilation factor
is added as an input. With respect to τ , the dynamics are

◦

x̃(τ) =

[ .
xa(t)
1

]
dt̃(τ)

dτ
= f

(
x̃(τ), ũ(τ)

)

=

[
Fa

(
t̃(τ), xa(t̃(τ)), u(t̃(τ))

)

1

]
s(τ), (11)

where now the final time is fixed, and tf = t̃(1) is still free
and dependent on the additional input s.

C. Problem Discretization

We discretize [0, 1] into N uniformly spaced node points
0 = τ1 < · · · < τN = 1 with step size ∆τ = 1/(N − 1). The
control input is parameterized by a first-order hold as ũ(τ) =
ũk(τk+1 − τ)/∆τ + ũk+1(τ − τk)/∆τ for τ ∈ [τk, τk+1] and
k ∈ [1 :N − 1].

With the state and control values at node points, xk, uk,
k ∈ N as decision variables, we discretize the system dynam-
ics (11) using multiple-shooting [15]

x̃k+1 = x̃k +

∫ τk+1

τk

f
(
x̃k(τ), ũ(τ)

)
dτ, (12)

where x̃k(τ) denotes the solution of the dynamics starting at
x̃k and driven by ũ(τ). Thus, (12) is expressed as x̃k+1 =
fk(x̃k, ũk, ũk+1). To avoid degenerate solutions, we impose
a lower bound on the dilation factor sE(ũk+1 − ũk) ≥ smin,
where smin > 0 is the shortest time between nodes. Here, □E⋄
denotes the extraction of the □-component from the vector ⋄.
The boundary condition in (10) is relaxed to yE(x̃k+1− x̃k) ≤
ϵLICQ, where ϵLICQ > 0 is a small constant that ensures the
linear independence constraint qualification [13, Sec. 3.1].

D. Parametrization of the STL specifications
Next, we parameterize the STL specification (7) using

GMSR, see [14] for more details on this method. The functions
for parameterizing the conjunction and disjunction operators,
∧hcp,w and ∨hcp,w, respectively, are

∧hcp,w(a) :=

(
M c

0,w(|a|2+)
) 1

2

−
(
M c
p,w(|a|2−)

) 1
2

,

∨hcp,w(a) := −∧hcp,w(−a),

where

M c
0,w(b) :=

(
c1

Tw +

n∏

i=1

bwi
i

)1/1Tw

, (13a)

M c
p,w(b) :=

(
cp +

1

1Tw

n∑

i=1

wib
p
i

)1/p

, (13b)

a ∈ Rn, b ∈ Rn+, c ∈ R++, p ∈ Z++, w ∈ Zn++.
The always specification (6) is parameterized as

Γ
gφi

c,p,w(x̃, k) = ∧hcp,w
( (∧hcp,w

(
fsi(rk,Ωk)

)
,

...
∧hcp,w

(
fsi(rk+nEi

,Ωk+nEi
)
)) )

where fsi(rk,Ωk) :=
(
fdi

(rk), fai(rk), fvi
(rk,Ωk)

)
for k ∈

[1 :N ], rk and Ωk denote the values of r
(
t̃(τk)

)
and Ω

(
t̃(τk)

)
,

respectively, and nEi
∈ Z++ is the number of node points

required to satisfy the gφi specification and chosen such that
t̃(τk+nEi

)− t̃(τk) ≥ tEi .
The eventually specification (7) is parameterized as

Γ
fφi

c,p,w(x̃, 0) = ∨hcp,w
( (

Γ
gφi

c,p,w(x̃, kSi),

...

Γ
gφi

c,p,w(x̃, kSi+1
−nEi

−1)
) )

where kSi and kSi+1 are the indices of the node points defining
the interval [kSi :kSi+1 − 1], over which the gφi specification
must be satisfied. Since the positive side of Γ

fφi

c,p,w is irrelevant,
we consider

Γ̃
fφi

c,p,w(x̃, 0) ≥ 0, (14)

Γ̃
fφi

c,p,w(x̃, 0) =

kSi+1
−nEi

−1∏

k=kSi

nEi∑

j=0

(
1⊤qc

(
fsi(rk+j ,Ωk+j)

))
.

Constraint (14) is enforced only at the nodes. However,
since αde

ai < αd
ai , α

de
v < αd

v , the continuity of the trajectory
ensures that satisfying Γ̃

fφi

c,p,w(x̃, 0) ≥ 0 for sufficiently small
rdedi

guarantees the existence of t′ ∈ [0, tf ] and δ > 0 such
that mi

(
x(t)

)
and its gradient are nonzero almost everywhere

in (t′ − δ, t′ + δ), facilitating convergence of gradient-based
methods.

V. NUMERICAL PROBLEM AND SOLUTION

The procedure detailed in Section IV results in a refor-
mulation of the optimal control problem (8), incorporating
discretized dynamics, including time-dilation, continuous-time



constraint satisfaction, parameterized control inputs, and STL
specifications. We treat non-convex constraints as “soft” con-
straints by applying exact penalty functions, e.g., | · |+ and
∥ · ∥1 to constraint violations [16, Chap. 17], resulting in the
optimal control problem

minimize
x̃k, ũk, k∈[1:N ]

L
(
tEx̃N ,

xEx̃N
)

(15a)

+ wdyn

N−1∑

k=1

∥x̃k+1 − fk(x̃k, ũk, ũk+1)∥1

+ wiq

∣∣P
(
xEx̃1,

uEũ1,
xEx̃N ,

uEũN
)∣∣

+

+ weq∥Q
(
xEx̃1,

uEũ1,
xEx̃N ,

uEũN
)
∥1

+ wstl

nm∑

i=1

∣∣− Γ̃
fφi

c,p,w(x̃, 0)
∣∣
+

subject to smin ≤ sE(ũk+1 − ũk) (15b)
yE(x̃k+1 − x̃k) ≤ ϵLICQ (15c)
cm ≤ zEx̃N (15d)
zEx̃1 = 0 (15e)

where (15b)–(15e) are the convex constraints that do not need
softening. The optimization problem in (15) is formulated as

minimize
Z∈Z

Jnl(Z) := G(Z) + wepH(C(Z)) (16)

where Z = (x̃1, . . . , x̃N , ũ1, . . . , ũN ), the convex set Z
encodes the constraints in (15b)–(15e), and convex function
G and composition H ◦ C encode cost, penalized dynamics,
boundary conditions, and parameterized STL specifications.

We solve (16) using the prox-linear method [17] that finds
a stationary point of (16) by solving a sequence of convex
subproblems. At iteration j + 1, it solves

minimize
Z∈Z

Jlin(Z,Z
j , wprox) := G(Z) + (17)

wepH
(
C(Zj) +∇C(Zj)(Z − Zj)

)
+
wprox

2
∥Z − Zj∥22,

where Zj is the previous iterate. With a suitably chosen
proximal weight wprox, the sequence Zj converges, and if
the limit point is feasible for the hard constrained discretized
optimal control problem, it satisfies the KKT conditions. Here,
we adopt the adaptive weight update strategy from [18, Alg.
2.2] to determine wprox.

VI. CASE STUDY: MONITORING DRONE

We demonstrate the approach in a case study where a drone
needs to acquire information about 6 targets with desired in-
formation levels cmi

, i = [1:6]. We consider a small quadrotor
drone with mass m = 1 kg and principal moments of inertia
about the body frame axes (Ix, Iy, Iz) = (0.07, 0.07, 0.127)
kg m2. We model its motion by the 6-DoF translational and
rotational Euler-Lagrange dynamics, where (rx, ry, rz) is the
position vector in the inertial frame, (vx, vy, vz) is the velocity
vector in the body frame, ϕ, θ, ψ are the roll, pitch, and yaw
angles, and p, q, r the corresponding angular rates. The control
inputs are thrust T and torques τϕ, τθ, τψ in the body-frame
axes. The angular rates, pitch and roll angles, altitude, velocity,
thrust, and torques are subject to bounds, and the distance from
the targets must be at least 1.5 m to avoid collisions.
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Fig. 3. Trajectory generation for a quadrotor acquiring information
from 6 targets. The trajectory color represents velocity, as indicated by
the colorbar below the plot. Snapshots show the quadrotor at different
time instants, with targets (red spheres), collision areas (black spheres),
acquisition cones (yellow cones), and sensor fields of view during
information acquisition (blue cones).

Vector Value

dm


1√
2

1√
3

0 − 1√
3

−
√
3
2

−
√
3

2
1√
2

− 1√
3

−1 1√
3

− 1
2

1
2

0 1√
3

0 − 1√
3

0 0


TABLE I

MATRIX OF THE ACQUISITION DIRECTIONS FOR THE DIFFERENT

TARGETS, AS COLUMNS

We account for range (1a) and field of view (1c) limi-
tations on the sensor and acquisition cone constraints (1b)
on the targets, where cmi = 2.2, i ∈ [1 : 6], τm =
(0.223, 0.063, 0.223, 0.085, 0.223, 0.223), αd

v = 20 deg,
αd
ai = 20 deg, i ∈ [1 :6], m̄i = 0.38, i ∈ [1 :6]. The acquisition

cones have orientation dmi
in the (x, y) plane for some targets

and angled for others, see Table I. Here, the sequence of targets
is pre-assigned, e.g., from the algorithm in [4].

We implement the STL specification (7) where rded =
(6, 20, 6, 15, 6, 6) m, αde

v = 15 deg, αde
ai = 15 deg,

i ∈ [1 : 6], and kS = (1, 16, 25, 36, 45, 50, 61), nEi
= 3,

i ∈ [1 :6]. In (2) and (9), c = d = 10−4 to ensure smoothness
with a negligible impact on the numerical algorithm.
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Fig. 4. History of information acquired during the quadrotor flight for
each target, from red (first target) to purple (last target).

For given boundary conditions, we use K = 61 node



points with the flight time treated as a decision variable to
be minimized. We initialize the optimization with a trajectory
composed of straight lines connecting the initial position to
the sequence of targets and then to the final position. Node
points are distributed uniformly along the trajectory. We also
apply affine scaling to the optimization problem parameters to
improve the numerical conditioning. We implement (17) using
CVXPY [19] and CLARABEL [20] solver.

Figure 3 shows the scenario of the simulation1, and Fig-
ures 4, 5 show the information acquisition history for each tar-
get and the state and control variables. The quadrotor acquires
the required information for each target in less than 51s and
satisfies the state and input constraints continuously during the
flight. For comparison, a conventional method that decouples
motion planning and information acquisition—where the agent
repeatedly flies to a point, stops to acquire information, then
proceeds to the next—results in a total mission time of 66.17s,
comprising 42.31s for motion and 23.86s for acquisition. This
is approximately 29% longer than our proposed approach.
Also, if the sensor field of view and acquisition direction cones
are too narrow, the baseline may fail for targets with steeply
tilted acquisition directions, as acquisition requires the drone
to pitch, which prevents the flight from being stationary.

The trajectory computation in a simple, non-optimized
Python implementation of the method takes approximately
14.5s on a 2023 MacBook Pro. Speedups of 10× − 40× are
expected by code optimization, compilation, and conversion to
C/C++. Thus, even if the proposed approach is primarily for
offline trajectory generation, a receding horizon implementa-
tion with a shorter time window and fewer nodes may achieve
real-time operation.

VII. CONCLUSIONS

We developed motion planning for a mobile agent to ac-
quire information while accounting for sensor limitations. We
introduced an information acquisition metric and imposed path
constraints in a continuous-time successive convexification
approach ensuring sufficient information is acquired on each
target. To facilitate numerical convergence, we imposed STL
specifications ensuring that the cost function gradient is non-
zero in some time interval. In the future, we will consider
acquisition over distributed areas and controllable sensors.
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