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Abstract: We consider coordinated aerial inspection of large-scale infrastructure using a team
of explorer (LiDAR-equipped) and photographer (camera-equipped) drones. We propose a
hierarchical framework that combines constrained trajectory generation with multi-agent task
assignment to perform inspection efficiently and safely. A key feature of our approach is the
use of sequential convex programming for photographer trajectory generation under dynamics,
perception, and communication constraints. We also validate our approach in a ROS2/PX4 high-
fidelity simulator that extends an existing ROS1-based CARIC benchmark (Cao et al., 2025).
The proposed approach typically achieves shorter scoring duration than a baseline A*-based
planner while maintaining comparable inspection quality and balanced drone utilization. The
code for this work is publicly available at https://github.com/merlresearch/ros2_caric.

1. INTRODUCTION

Regular infrastructure inspection is essential to ensure
public safety and prevent disasters. Traditionally, such
inspections rely on manual methods where human in-
spectors access facades via scaffolding or rope, and such
methods are labor-intensive, time-consuming, and expose
the inspectors to significant risks. Recently, drones have
emerged as a promising alternative, capable of collecting
high-resolution visual and sensor data while reducing hu-
man exposure to hazards. However, most of the current
drone-based inspection systems still depend on manual
piloting, limiting their scalability and reliability (Rakha
and Gorodetsky, 2018). For autonomous single drone-
based inspection, methods such as metaheuristic opti-
mization (Bircher et al., 2015), model-based viewpoint
planning (Lyu et al., 2023), hierarchical approaches (Zhou
et al., 2021), and sequential convex programming (Hayner
et al., 2025b) have enabled the generation of smooth drone
trajectories under constraints. Some approaches even allow
real-time replanning based on online 3D reconstructions to
ensure coverage (Bircher et al., 2018; Zhou et al., 2021).
However, using a single drone is often inefficient for in-
specting large structures. Additionally, single drones may
have limited sensing capabilities due to weight restrictions.

Using multiple drones with heterogeneous capabilities op-
erating in parallel can overcome some of the limitations
discussed above. To tackle the resulting coordination and
task allocation problems, recent approaches utilize multi-
vehicle routing and task-assignment (Michael et al., 2008;
Wei and Zhao, 2022). However, they may have a high com-
putational cost and may require detailed environmental
models that may not be available a priori. Consequently,
there has been a shift towards fast, adaptive, online coor-
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dination strategies that allow drones to gather information
during the mission under constraints (Cao et al., 2025; Liu
et al., 2022; Bai et al., 2025). For example, Bai et al. (2025)
generates waypoints that coordinate multiple robots under
line-of-sight constraints, while using relatively simple kine-
matic models. Cao et al. (2025) discusses lessons learned
from a multi-robot inspection challenge, emphasizing the
importance of robust communication, adaptive task allo-
cation, and efficient trajectory planning for high-quality
inspection. In this work, we focus on high-fidelity trajec-
tory generation for camera-equipped drones tasked with
infrastructure inspection, under perception and physical
constraints (full 6-degree of freedom dynamics for drones,
camera perception, and communication constraints).

This work proposes an efficient, multi-agent inspection
framework that combines continuous-time trajectory opti-
mization with multi-agent task assignment. Specifically, we
adapt a sequential convex programming-based trajectory
optimization (Hayner et al., 2025b) to design fast and
safe trajectories for camera-equipped drones that respect
safety, dynamics, and perception constraints arising from
the inspection task. In parallel, we utilize a task assign-
ment strategy that efficiently allocates inspection tasks to
the camera-equipped drones with limited computational
burden. We validate our framework using a high-fidelity
simulation in a ROS2/PX4 framework (PX4, 2025), that
extends the CARIC benchmark (Cao et al., 2025) in
ROS1 (which has reached its end-of-life) to ROS2. We
demonstrate that the proposed continuous-time trajectory
optimization significantly reduces scoring duration while
maintaining comparable inspection quality relative to a
standard graph-based path-planning baseline.

2. PRELIMINARIES

Notation: For a finite set S, we denote its cardinality by
|S|. For integers a ≤ b, we use N[a,b] = {k ∈ N | a ≤



Fig. 1. Overview of the problem

k ≤ b} to denote the set of natural numbers between (and
including) a and b. We use the unit quaternion, qA→B ∈ S3
to parameterize the attitude of the frame B with respect
to the frame A, where S3 ⊂ R4 is the unit 3-sphere.
We use the scalar-first convention for unit quaternion,
q = [qw qx qy qz]

⊤ (Hayner et al., 2025b).

2.1 Problem formulation

Similar to Cao et al. (2025), we consider the problem
of inspecting a large-scale infrastructure using a team of
heterogeneous drones with different sensing capabilities
(see Figure 1). The team consists of two types of drones:
explorers equipped with 3D LiDAR and RGB cameras
for mapping and detecting points-of-interest (POIs), and
photographers carrying high-resolution RGB cameras for
detailed inspection of detected POIs. The quality of in-
spection is evaluated based on several criteria such as: 1)
task completion time, 2) image quality (e.g., resolution,
blur, and area of POI visible), and 3) team utilization. A
ground control station (GCS) coordinates the team, and
communication between the drones is possible only in the
proximity of the station. Our objective is to design a co-
ordinated strategy for the drone team that simultaneously
maximizes inspection quality and minimizes mission time.

2.2 Modeling

Team of drones: We consider a heterogeneous team con-
sisting of NE explorer drones and NP photographer
drones. We define the index sets E ≜ {1, . . . , NE}, P ≜
{1, . . . , NP }, and D ≜ E ∪ P. We control the explorer
drones E via standard waypoint tracking for their navi-
gation and mapping tasks (Cao et al., 2025).

A key focus of this paper is on designing continuous-time
trajectories for the photographer drones under perception
constraints to achieve high-quality inspection. Specifically,
we model each photographer drone i ∈ P as a rigid body
with 6 degrees of freedom (DoF) in a 3D space, with state,

xi = [p⊤i,I v
⊤
i,I q

⊤
i,B→I ω

⊤
i,B t]⊤ ∈ R14. (1)

In (1), pi,I ∈ R3 is the position of the drone i resolved
in the inertial frame I, vi,I ∈ R3 is the corresponding
translational velocity resolved in the inertial frame I,

qi,B→I ∈ S3 is the unit quaternion representing attitude of
the body frame B of drone i relative to the inertial frame
I, ωi,B ∈ R3 is the corresponding angular velocity, and t
is the scalar denoting the time. We include time t in (1) to
facilitate time-optimal motion planning via time dilation
(see Hayner et al. (2025b) or Section 3.3 for more details).
We drop the subscript i when it is clear from the context.

The drone i has the following control inputs,

u = [f⊤B M⊤
B s]⊤ ∈ R7, (2)

where fB ∈ R3 is the thrust vector, MB ∈ R3 is the
moment vector, and s ∈ R, s ≥ 0 is the scalar input for
time dilation. The continuous-time nonlinear dynamics of
the drone are given by,

ẋ(t) = F (x(t), u(t)), (3)

where F : R14 × R7 → R14 is defined as,

ṗI(t) = vI(t), (Position)

v̇I(t) =
1

m
(C(qB→I(t))fB(t)) + gI , (Velocity)

q̇I→B(t) =
1

2
Ω(ωB(t))qI→B(t), (Attitude)

ω̇I(t) = J−1
B

(
MB(t) − [ωB(t)×]JBωB(t)

)
, (Angular vel.)

ṫ = s. (Time dilation)

Here, gI is the gravity of Earth expressed in the inertial
reference frame, JB is the inertial tensor of the drone
expressed in the body frame, the operator C : S3 → SO(3)
represents the direction cosine matrix (DCM) with SO(3)
denoting the special orthogonal group. For a vector ξ ∈ R3,
the skew-symmetric operators Ω(ξ) and [ξ×] are defined
in (Hayner et al., 2025b).

Workspace and POIs: The mission takes place in a 3D
workspace W ⊂ R3 containing static obstacles (e.g.,
building structures) and a fixed ground control station
(GCS) at a known position pGCS ∈ W. The set of points

of interest (POIs) is denoted by I ≜ {1, . . . , NI}, where
each POI i ∈ I is associated with a fixed position pi ∈ W.
The locations of the POIs are unknown a priori and must
be detected by the explorer drones and photographed by
the photographer drones during the mission.

We consider two cases for the environment and POI models
— known-model and unknown-model. In the known-model
case, the GCS has access to an exact map of W. The role
of the explorers in such a scenario is to detect POIs quickly
and trigger their inspection via the photographer drones.
In the unknown-model case, the explorers must build the
map ofW along with the detection of POIs. LetMt denote
the time-varying map estimate at time t, and it encodes
free and occupied regions in W for collision-free motion
planning. In the known-model case, Mt is a map with
known obstacle locations, and remains unchanged. In the
unknown-model case, Mt is updated from the explorers’
LiDAR data.

Communication constraints: Recall that the GCS serves
as the central coordinator, and we do not allow direct
communication between any pair of drones. We allow
communication between any drone (explorer or photog-
rapher) i ∈ D and the GCS, only when line-of-sight and
range constraints are satisfied. Let pi(t) ∈ W denote the
position of the drone i ∈ D at time t. Formally, we allow
for communication between drone i and the GCS if the



following conditions are met:
i) the distance between a drone i and the GCS is less than
a maximum communication range dmax > 0,

di(t) ≜ ∥pI(t)− pGCS∥2 < dmax, (4)

where ∥ · ∥2 is the Euclidean norm, and
ii) the line segment joining pGCS and pi(t) does not pass
through any obstacles in W. See the slab method in (Kay
and Kajiya, 1986) for an efficient implementation.

As illustrated in Figure 1, the explorers rely on the
above communication model to report detected POIs and
the mapping estimates to the GCS, the GCS uses it to
assign tasks to photographer drones, and the photographer
drones use it to report inspection images back to the GCS.

Other considerations/assumptions: The GCS can assign
tasks (a collection of POIs to inspect) to photographer
drones only after they have been detected by the explorer
and communicated to the GCS. For the unknown-model
case, the explorers have access to a box containing the
unknown workspace W.

3. COORDINATED AERIAL INSPECTION

Figure 2 shows a single iteration of the proposed approach.
The team continues to operate until all POIs are inspected.
The explorer drones explore the environment for mapping
(if needed) and detect POIs. The detected POIs are sent
to the GCS whenever the explorer drone satisfies com-
munication constraints. The GCS accumulates detected
POIs until a user-specified minimum number for effective
utilization of the photographer drones. The GCS also
determines the visiting order of the POIs within each
cluster. Finally, the GCS uses proximity of the cluster
center to the available photographer drones to determine
the assignment of the cluster to a drone. Here, available
photographer drones are those that are within commu-
nication range of the GCS and not currently executing
an assignment. Once a photographer drone receives their
assigned cluster and the visiting order of the POIs within
the cluster, it uses sequential convex optimization to de-
termine a dynamically-feasible, continuous-time trajectory
that respects the perception constraints while visiting all
the POIs, and returns within range of the GCS for the
next assignment to meet the communication constraints.

The rest of this section is organized as follows. Section 3.1
briefly describes the motion planning and control for
the explorer drones. Section 3.2 describes the motion
planning and controller for the photographer drones in
detail. Finally, we provide the implementation details of
the proposed approach in Section 3.3.

3.1 Planning and control for explorer drones

We model the workspace W as an axis-aligned rectan-
gular box, BoundingBox = [xmin, xmax] × [ymin, ymax] ×
[zmin, zmax] ⊂ R3, expressed in the inertial frame. We
divide BoundingBox into NE subregions and assign each
explorer to one subregion BoundingBoxsub. Within each
subregion, the explorer follows a predefined zigzag path (or
boustrophedon path as discussed in (Choset and Pignon,
1998)) to ensure full coverage of the structure. Our ap-
proach for the explorer drones is similar to the strategies

pursued by Team XXH and Team KIOS CoE that partic-
ipated in CARIC (Cao et al., 2025). Alternatively, more
sophisticated exploration strategies can be employed (e.g.,
frontier-based exploration (Karumanchi et al., 2025)),
which is beyond the scope of this paper.

We use a standard position-based waypoint-tracking con-
troller for the explorer drones to allow them to follow the
pre-defined paths. Also, we use LiDAR-based SLAM to
build a local occupancy map for the unknown-model case.

3.2 Planning and control for photographer drones: Theory

On receiving a cluster assignment and the visiting order
for the POIs, a photographer drone must generate a
motion plan that is dynamically feasible, visit the POIs
in the correct sequence, and take photos that meet the
desired quality criteria. To achieve this, we decompose the
trajectory generation for the drone into three phases:
i) Phase 1: Hover-to-First-POI. Depart from its current
hover state and travel to the first POI.
ii) Phase 2: Intra-Cluster Motion. Visit all remaining POIs
in the assigned cluster, following the visiting order, and
capture high-quality POI images.
iii) Phase 3: Return-to-LoS. Return to a location within
range of line-of-sight (LoS) communication with the GCS.
Each of these phases is formulated as a variant of the
following continuous-time trajectory generation problem,

minimize
(x,u,tf )

tf (Flight time) (5a)

subject to

∀t ∈ [0, tf ], ẋ(t) = F
(
x(t), u(t)

)
, (Dynamics) (5b)

∀t ∈ [0, tf ], x(t) ∈ X , u(t) ∈ U , (State-input bounds) (5c)

x(0) = xi, x(tf ) ∈ Xf , (Boundary cond.) (5d)

Other constraints on x. (5e)

The optimal control problem in (5) minimizes the flight
time tf subject to the nonlinear drone dynamics, state-
input bounds, and boundary conditions. Here, X and U
are the sets of allowable states and inputs, respectively,
encoding operational limits such as position bounds, max-
imum speeds, and actuator saturations that are enforced
at all times. The set X also encodes obstacle avoidance
constraints based on the map Mt. The initial state xi
is the current state of the drone. The terminal set Xf

encodes phase-specific terminal conditions. The “Other
constraints on x” collect phase-specific state constraints,
such as perception constraints, as needed.

We now discuss how the boundary conditions Xf in (5d)
and other constraints in (5e) are instantiated for each of
the three phases (hover-to-first-POI, intra-cluster motion,
and return-to-LoS). Let C = {r(1), . . . , r(NC)} denote the
assigned cluster of NC POIs, ordered to minimize travel
time, where r(j) ∈ R3 is the position of the j-th POI.

Phase 1: Hover-to-First-POI. In this phase, we require
the photographer drone to depart from its current hover
state and travel to the first POI in the assigned cluster.
Consequently, we require the drone to terminate Phase 1
at the first POI with zero velocity, and set

Xf =
{
x
∣∣ pI = r(1), vI = 0

}
. (6)

Phase 1 requires no additional constraints beyond the
obstacle avoidance and state/input limits in X and U .



Fig. 2. Flowchart of the iterative algorithm, which combines trajectory design with multi-agent task allocation

Phase 2: Intra-cluster motion. Phase 2 requires the
photographer drone to visit all POIs in a cluster in the
specified order, and capture images. Here, we require the
drone to terminate Phase 2 at the last POI with zero
velocity,

Xf =
{
x
∣∣ pI = r(NC), vI = 0

}
. (7)

We impose additional constraints on x in (5e) to enforce
perception constraints in Phase 2. Specifically, we impose
pointwise-in-time (nodal) state constraints to ensure that
images captured at each POI meet the desired quality
criteria. Consider a finite set of time instants T ⊂ [0, Tf ],
|T | = 2NC , and t|T | = tf . Here, T contains the time
instants that bound the time intervals (one for each
POI) during which an image of a particular POI may be
captured. Then, we require:
i) for high resolution: the drone must be within a certain

distance of the POI r
(j)
I at tk, tk−1 ∈ T ,

ii) for low motion blur : the drone must have a bounded
velocity at tk, tk−1 ∈ T , and
iii) for good visibility of POI : the drone must have a

camera orientation that points towards the POI r
(j)
I at

tk, tk−1 ∈ T to ensure visibility.

The first two constraints are convex constraints on position
and velocity enforced at τ ∈ {tk, tk−1},∥∥pI(τ)− r

(j)
I

∥∥
2
≤ εpos,

∥∥vI(τ)∥∥2 ≤ εvel, (8)

with r(j) denoting the position of jth POI, and user-
specified tolerances εpos, εvel > 0.

The third constraint is a non-convex constraint on the
position pI and the orientation qB→I . We use the ap-
proach described in Hayner et al. (2025b) to encode the
visibility constraint. Let RS→B ∈ SO(3) denote the orien-
tation of the camera in the body frame (considered fixed
and known for this work). Then, defining C(qS→I(t)) =
RS→BC(qB→I(t)), we can ensure good visibility of the
POI, when∥∥∥ALOSC(qS→I(t))

(
r
(j)
I − pI(t)

)∥∥∥
∞

≤ c⊤LOSC(qS→I(t))
(
r
(j)
I − pI(t)

)
. (9)

Here, (ALOS, cLOS) are characterized by the camera field-

of-view, with cLOS = [0 0 1]
⊤
, and

RS→B =

 0 1 0
0 0 1
1 0 0

 , ALOS =


1

tan(αx)
0 0

0
1

tan(αy)
0

0 0 0

 , (10)

with αx and αy being half the horizontal and vertical field-
of-view angles of the camera, respectively. As discussed
in (Hayner et al., 2025b), ℓ∞-norm accounts for the rectan-
gular camera frame. Informally, the constraint (9) requires
the vector joining the camera to the POI to lie within the
camera’s field of view after suitable transformations. The
constraint (9) is non-convex due to the multiplication of
the rotation matrix C(qS→I) with the drone position pI .

We enforce (8)–(9) at appropriate instants in T as part of
(5e). While solving (5) for Phase 2, T may be scheduled as
fixed, pre-determined time instants, or optimized via time
dilation (see Section 3.3).

Phase 3: Return-to-line-of-sight. In this phase, we re-
quire the photographer drone to depart from the last POI
in its assigned cluster and travel back to the communica-
tion range of the GCS. Consequently, we require the drone
to terminate Phase 3 while satisfying the communication
requirements, and set

Xf =
{
x
∣∣ ∥pI − pGCS∥2 ≤ dCOMM, vI = 0

}
. (11)

To simplify the implementation, we choose dCOMM < dmax

such that all positions inside Xf are valid for communica-
tion. Phase 3 requires no additional constraints beyond X
and U , similarly to Phase 1.

3.3 Implementation details

We implement the trajectory generation for all three
photographer phases using the continuous-time succes-
sive convexification (CT-SCvx) framework of (Hayner
et al., 2025b), as implemented in OpenSCvx (Hayner
et al., 2025a). CT-SCvx is an iterative method that solves
a sequence of discrete-time, convex approximations to
the continuous-time non-convex optimal control problem
in (5), converging to a locally optimal solution. The



framework supports nonlinear dynamics, continuous-time
state constraints, and nodal convex/non-convex state-
input constraints, making it well-suited for our applica-
tion. See (Hayner et al., 2025b) for further details on the
CT-SCvx algorithm, and its implementation in OpenSCvx.

To handle the nodal perception constraints in Phase 2,
we leverage the time dilation feature of OpenSCvx. Time
dilation uses ṫ = s to allow the solver to adjust the timing
of the trajectory at specified nodes, thereby permitting a
non-uniform time discretization which typically leads to
better satisfaction of the nodal constraints. Additionally,
we use first-order hold interpolation for the control inputs.

The obstacles in Mt are represented as bounding boxes
in the inertial frame. We enforce obstacle avoidance as a
differentiable, continuous-time constraint using a log-sum-
exp approximation. See (Liu et al., 2022) for more details.

Given a solution to the optimal control problem (5),
we use (acceleration-based) trajectory tracking for the
photographer drone. Specifically, we set up the drone
to track a trajectory characterized by a time-stamped
sequence of waypoints,{

pI(tk), vI(tk), aI(tk), ψ(tk), ψ̇(tk)
}N

k=0
, (12)

where tk are discrete time samples (nodes) along the
trajectory with t0 = 0 and tN = tf , pI(tk), vI(tk), and
aI(tk) are the position, velocity, and acceleration in the

inertial frame, and ψ(tk) and ψ̇(tk) are the yaw angle and
yaw rate. For ease of implementation, we concatenate the
trajectories from the three phases and track the resulting
full trajectory using the same tracking controller. The
concatenation is justified by the fact that each phase ends
with the drone at rest (zero velocity), ensuring smooth
transitions between phases.

4. HIGH-FIDELITY SIMULATOR: A ROS2
EXTENSION OF CARIC

To evaluate the proposed framework, we developed a high-
fidelity ROS2 simulator inspired by the CARIC bench-
mark (Cao et al., 2025). CARIC uses realistic modeling of
multi-drone inspection tasks, including sensing, communi-
cation, and scoring metrics that closely mimic real-world
scenarios. However, given that CARIC’s original software
stack is based on ROS1 and RotorS (ETHZ-ASL, 2021)
and both of these software tools have reached their end-
of-life, we undertook a comprehensive re-implementation
to ensure compatibility with modern tools like ROS2 and
OpenSCvx (Hayner et al., 2025a).

Our high-fidelity simulation environment, which will be
published at https://github.com/merlresearch/ros2_
caric, is developed in gz-sim (Harmonic) with PX4 (PX4,
2025) and a fully ROS2-native communication graph.
We reuse one of the CARIC environments, Marina Bay
Sands, using the original bounding boxes and world scales,
and develop a new Powerline environment as part of
this work. We control the drones through PX4’s offboard
interface, and process the inspection data in real time
and under communication constraints through custom
ROS2 nodes. We retained the original CARIC scoring
for inspection, which simulates a pinhole camera with
configurable resolution, field of view, and motion blur
effects (Cao et al., 2025).

While we have preserved the core principles and evaluation
metrics of CARIC, we have also introduced enhancements
to better suit our framework’s requirements. For every
POI j ∈ I, let k be the number of photos taken by the
team. The total score upon completion of the inspection
task is Q =

∑
j∈I maxk∈{1,...,N} qj,k, where we consider

the best inspection quality score qj,k for each POI across
all photos taken by the team. We formally define the
inspection quality score as the product of four metrics,
similarly to Cao et al. (2025),

qj,k = qseen · qblur · qres · qarea, (13)

• Seen metric qseen ∈ {0, 1}, which is a binary score
indicating whether the POI is included in the field-
of-view of the photographer’s camera,

• Motion blur metric qblur ∈ [0, 1], approximated an-
alytically using pixel displacement during exposure
that depends on the drone’s speed and direction when
capturing the image,

• Resolution metric qres ∈ [0, 1], computed from the
depth-dependent ground sampling distance (GSD)
that depends on the camera parameters and the
distance to the POI, and

• Visible-area metric qarea ∈ [0, 1], which measures the
fraction of the POI’s projected face that lies within
the camera image plane.

Note that the first three metrics are directly adopted from
CARIC (Cao et al., 2025), while the last metric is newly
introduced in this work to better capture the visibility of
POIs in our simulator. We implemented POIs as small
mesh cubes, which we believe is more representative of
real-world inspection tasks. The visible-area metric ad-
dresses scenarios where a POI may be technically within
the camera’s field-of-view but only marginally visible at
the edge of the frame. By design, the maximum total score
Q a team can obtain is the number of POIs.

5. RESULTS

We validate our framework in the high-fidelity simulator
using two environments (MBS and Powerline). For each
environment, we consider both scenarios — known-model
and unknown-model. For each of these scenarios, we vary
the number of POIs (10 and 50) to assess the scalability
of our approach. To account for possible variations across
runs, we ran each experiment three times and reported
the median values. All simulations were run on a standard
desktop computer (Intel i9-12900KF CPU, 24 cores, 64
GB RAM) running Ubuntu 22.04. For the validation, we
used: NE = 2, NP = 3, dmax = 50 m, dCOMM = 15 m,
β = 20.0, αx = 80◦, αy ≈ 45◦, εpos = 0.5 m, and εvel = 0.1
m/s. We also require the number of points in each cluster
NC ≥ min(3, Nnot-visit), where Nnot-visit is the number of
POIs that are yet to be visited by any photographer drone.

We compare the proposed continuous-time trajectory gen-
eration method for the photographer drones with a stan-
dard graph-based planner (A*) that plans over a grid
world. Here, the A*-based plan yields waypoints for the
photographer drone that is then tracked via standard way-
point tracking. Due to its inherent “stop-and-go” nature,
we typically observed A* yielding a high score at the cost
of higher overall inspection time.



Table 1. Inspection performance comparison across models (MBS,
Powerline), trajectory generation methods for the photographer (A*
and our approach), a priori known vs unknown world, and varying
POI counts NI . We report the median values across 3 runs.

Model NI World Method Score [0, 1] Scoring time (s) Mission time (s) Compute (s)

MBS

10
Known

A* 0.867 342.6 397.4 0.217
Ours 0.981 166.4 215.4 4.984

Unknown
A* 1.000 219.5 260.2 7.019
Ours 0.892 99.2 485.9 3.230

50
Known

A* 1.000 1096.8 1193.8 1.007
Ours 0.988 450.8 537.6 20.092

Unknown
A* 1.000 616.8 670.2 21.533
Ours 0.894 483.1 670.1 12.899

Power
line

10
Known

A* 1.000 375.4 414.4 0.536
Ours 0.893 270.2 297.9 2.511

Unknown
A* 1.000 323.4 354.8 3.751
Ours 0.911 255.9 310.1 3.363

50
Known

A* 1.000 944.2 999.3 0.857
Ours 0.903 262.0 708.4 16.791

Unknown
A* 1.000 521.3 558.7 11.668
Ours 0.942 449.0 749.5 13.901

Fig. 3. (Left) Score evolution. (Right) Per-drone work time
and phase breakdown.

Table 1 reports performance metrics across environments,
prior knowledge settings, POI counts, and methods. We
use two temporal metrics: (1) scoring duration, the time
from the first POI detection to the last home return;
and (2) mission duration, the total time from the first
drone takeoff to the last home return. While the baseline
generally achieves a perfect score (1.0) due to its inherent
stop-and-go nature, the proposed approach achieves a
comparable score (> 0.89) in a significantly shorter scoring
duration. The proposed approach typically has a higher
per-assignment compute time, possibly due to the use of
non-optimized Python code to solve (5). Consequently,
the mission duration, which includes setup times, for the
proposed approach is sometimes higher than the baseline.

Additionally, we analyze the temporal evolution of the
cumulative score, the workload distribution among the
photographer drones, and the inter-drone separation for
the MBS unknown-model case with 10 POIs. Figure 3
(left) illustrates how the cumulative score evolves over
the course of the mission. Here, the proposed method
achieves a relatively high score significantly faster than the
Baseline A*, which we attribute to the use of continuous-
time trajectory optimization. Figure 3 (right) shows how
the drones were utilized over the course of the inspection
in this scenario. As expected, the proposed method’s use
of clustering and task assignment distributes the workload
fairly evenly. Here, the per-drone breakdown includes total
work time and the time spent in each phase (travel to
cluster, in-cluster imaging, and return). Figure 4 shows the
minimum and average of the pairwise separation dij(t) =∥∥pi(t)−pj(t)∥∥2 over all photographer drone pairs over the
duration of the mission. The mission is collision-free with
separation remaining above 1m throughout.

6. CONCLUSION

In this paper, we presented an approach for coordi-
nated aerial inspection of infrastructure with heteroge-

Fig. 4. Inter-drone separation over time.

neous drones using continuous-time trajectory optimiza-
tion and task assignment. We formulated the motion plan-
ning problem for the photographer drones as a continuous-
time optimal control problem that can be solved using a
sequential convex programming framework. We validated
our approach in a high-fidelity ROS2/PX4 simulator in-
spired by the CARIC benchmark, demonstrating effective
inspection performance, balanced workload distribution,
and safe inter-drone operation.
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