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Abstract. In our work, we extend the current state-of-the-art approach
for autonomous multi-UAV exploration to consumer-level UAVs, such as
the DJI Mini 3 Pro. We propose a pipeline that selects viewpoint pairs
from which the depth can be estimated and plans the trajectory that
satisfies motion constraints necessary for odometry estimation. For the
multi-UAV exploration, we propose a semi-distributed communication
scheme that distributes the workload in a balanced manner. We evaluate
our model performance in simulation for different numbers of UAVs and
prove its ability to safely explore the environment and reconstruct the
map even with the hardware limitations of consumer-grade UAVs.
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1 Introduction

Autonomous exploration is a rapidly developing field with numerous applica-
tions, and multi-UAV exploration holds significant potential. The use of several
coordinating robots allows for a faster exploration of big environments, espe-
cially considering the limited battery life of a single quadrotor. Recently, many
works were published on the topic of exploration planning for UAVs, but most of
them assume that the UAV possesses a reliable state estimator, a depth sensor,
and sufficient computational capabilities [16]. However, in our work, we aim to
extend the current state-of-the-art approach for autonomous multi-UAV explo-
ration to consumer-level UAVs, such as the DJI Mini 3 Pro. These only provide
us with monocular images, and velocity and orientation measurements of limited
precision (±0.1m/s, ±0.1◦).

Our pipeline consists of state and depth estimators, as well as an exploration
planner, which extends the baseline to meet the limitations of these odometry
and depth estimators. Our main modifications are connected with the viewpoint
pairs selection process and with the path planning through them. After we ensure
that our single-UAV exploration with consumer-grade DJI drones is successful,
we extend our approach to a multi-UAV case. The pipeline for the multi-UAV
exploration consists of several UAVs that perform the exploration independently
from each other, with the planner from the single-UAV approach. However, we
add the base node, which is responsible for coordinating UAVs, accumulating
data about the explored space, and assigning workload.
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The contributions of the paper are as follows:

– We propose a method of sampling and evaluating viewpoint pairs to produce
images suitable for depth estimation. Additionally, we adapt the hierarchical
exploration planner to viewpoint pairs instead of single viewpoints.

– We modify the trajectory planner to satisfy motion constraints by intro-
ducing a yaw-aware A* planner and a joint optimization step with rotation
constraints.

– We introduce a semi-distributed multi-UAV exploration method, where the
base node handles global planning and map updates due to the limited com-
putational capabilities of consumer-grade UAVs.

2 Related Works

Exploration of unknown environments is a fundamental task, and one of the
first steps is determining how to choose the best viewpoints. Most classical ap-
proaches can be divided into three groups: sampling-based, frontier-based, and
a combination of the two. Sampling-based approaches randomly generate view-
points and then evaluate them based on the information gain they provide, as
in [11], [3], and [13]. This approach offers a way to directly determine the next
best view, but it is computationally demanding. Frontier-based approach, on the
other hand, is less computationally demanding, but does not take into account
the information gain, and was used in [8], [1], and [4]. Many methods, such as
[7], [6], and [2], combine frontier-based and sampling-based approaches to trade
off computation time and information gain.

FUEL [18] is the pipeline for autonomous UAV exploration of the unknown
environment. Their primary focus was on maintaining the high exploration rate
while ensuring safe and energy-efficient movement of the UAV. The pipeline
consists of two main parts: an incremental frontier information structure and a
hierarchical planner, as well as a mapping module and a motion controller.

The authors introduce a concept of frontier information structure (FIS),
which contains all the necessary information for exploration and can quickly
be updated incrementally when new information arrives. After a new sensor
measurement is received, they update the information about affected frontiers.
The viewpoint poses are sampled in the cylindrical coordinate system around
the average, and evaluated based on the coverage. The connection cost between
each pair of clusters denotes the time lower bound when moving between the best
viewpoints of each frontier. The motion is planned in a coarse-to-fine manner.
Firstly, they create a global path that passes through all unknown regions. Then
they create and refine the local path that passes through the desired viewpoints
to ensure high information gain and a smooth path. And finally, they generate
a safe and dynamically optimal motion of the quadrotor for it to reach the first
viewpoint.

Later, the authors of FUEL extended their approach to the multi-quadrotor
case with RACER [17]. In their work, they improved their autonomous explo-
ration pipeline and introduced a communication protocol for multiple UAVs.
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As a result, they ensure that all quadrotors explore distinct regions with only
limited asynchronous communication between them.

The volumetric map is constantly subdivided into disjoint hgrid cells that are
used as elementary task units for UAVs to explore. The main difference between
the previous exploration planner and the new one is the addition of a global
coverage path, which passes through all unexplored hgrid cells assigned to the
robot. Cells are distributed between UAVs via pairwise interactions to minimize
the length of coverage paths through them. Additionally, UAVs exchange not
only their allocated grids, but also the trajectories and explored map chunks.

3 Exploration Using Consumer-grade UAVs

3.1 Single-UAV Exploration Method

Our autonomous exploration method is presented in Figure 1. The first part
of the pipeline consists of state and depth estimators that process the UAV’s
sensor data to produce the current odometry and depth image required for the
exploration planner. In the second part, the exploration planner creates and
updates the map, identifies frontiers and picks viewpoints, plans the trajectory,
and sends velocity commands. All of these steps are performed on a ground
control station, since the consumer-grade UAVs do not have sufficient onboard
computing capabilities. In case of DJI UAVs, the generated velocity commands
can be executed via the Mobile SDK as used in [12].

UAV / Simulator

Depth
Estimation

Visual-Inertial
Odometry

Mapping
Module

Hierarchical planning

Incremental Frontier
Information Structure

Controller
Velocity Command

Data

Odometry
Depth Image

Map
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Fig. 1: Overview of the proposed pipeline for single-UAV exploration.

As the state estimator for our model, we use the visual-inertial odometry
estimation model, which was proposed in [12]. The mapping module computes
both the volumetric occupancy map and the Signed Euclidean Distance Field
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(ESDF) as proposed in [5], as well as performs hgrid decomposition. The con-
troller includes the feedback loop to account for the difference between sent and
executed velocity commands, and its output is rounded to the resolution of the
velocity readings.

Depth Estimation To avoid revisiting frontiers and to create a high-quality
map, we decided not to use fast depth estimation pipelines that produce only
sparse depth maps. Instead, we use the transformer-based deep learning depth
estimator MASt3R [9], which produces dense depth maps. The model only ac-
cepts images as input and approximates camera intrinsics and extrinsics, which
can result in scaling errors. However, since camera poses and parameters are
known to us, we extract dense image correspondences before they are passed to
the model aligner. From these, we estimate the corresponding 3D positions using
the VIO poses and iterative DLT triangulation. Since depth estimation requires
multiple different viewpoints, we can either send images to the depth estimator
uniformly after some time has passed, or explicitly plan at least two views per
frontier.

Viewpoint Planning The Frontier Information Structure (FIS) stores and
incrementally updates information about frontiers, using principal component
analysis to estimate their orientations. In the sampling step, we search for a pair
of viewpoints from which the frontier can be reconstructed. We sample candidate
poses uniformly around the edges of the frontier, with the yaw sampled around
the direction towards the center. After filtering for sufficient FoV coverage, pairs
of viewpoints V1, V2 are evaluated based on a heuristic reconstructability score h,
which is inspired by [14]. It does not only consider overlap between the observed
voxels C1, C2 but also maximal distance d, parallax α, and observation angles
θ1, θ2:

h(V1, V2, C1, C2) = w1(α)w2(d)w3(α)w4(θ)
|C1 ∩ C2|
|C1 ∪ C2|

. (1)

The parallax dependency of triangulation error and multi-view matchability are
modeled as

w1(α) =
1

1 + e−k1(α−αmin)
and w3(α) = 1− 1

1 + e−k3(α−αmax)
, (2)

with k1, k3 determining the slope, αmin the minimal parallax for successful tri-
angulation and αmax the maximal parallax for successful stereo matching. Ad-
ditionally, w2 favors close-up views and w4 disfavors shallow observation angles:

w2(d) = 1−min(1,
d

dmax
), w4(θ1, θ2) = min(|| cos(θ1)||, || cos(θ2)||), (3)

where dmax is the maximal desired distance that depends on ray length limita-
tions in the mapping module. After numerous tests, we chose parameters to be
k1 = 32, k3 = 8, αmin = π

8 , αmax = π
3 and dmax = 3.5m.
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Close view poses with significantly different yaws are difficult to connect
with rotation-constrained trajectories. Thus, we first sample viewpoints on lines
parallel to the frontier. The corresponding yaws are chosen such that the frontier
and line are both covered by the field of view (FoV). Thus, they can be traversed
without rapid rotations. Only if no pair with a sufficient reconstruction heuristic
is found, do we fall back to uniform sampling.

Trajectory Planning Exploration planning is divided hierarchically into three
steps in a coarse-to-fine manner: global path planning, local viewpoint refine-
ment, and trajectory generation. In global planning, a coverage path through all
frontiers is generated by solving the Traveling Salesman Problem. To keep the
search space small, we do not consider each viewpoint individually but represent
each viewpoint pair by its midpoint. As in FUEL, connection costs are estimated
as time lower bounds when moving between two frontiers. When restricting flight
directions to the FoV, this significantly underestimates rotation costs. Thus, we

additionally insert an intermediate yaw point γk = arctan
(pj−pi)y
(pj−pi)x

.

After the global path is found, we locally refine viewpoints. Here, we have
to refine viewpoints in one pair jointly because changing a viewpoint in one
pair independently of its partner may result in a significant decrease in recon-
structability. Thus, we build a graph of viewpoint candidate nodes, where each
viewpoint is only connected to its partner and to viewpoints corresponding to
other frontiers. We then find the shortest path in the graph, starting from the
current position, passing through the viewpoints, and ending in the midpoint of
the last frontier in the local path window.

In contrast to the baseline trajectory generator, where position and yaw tra-
jectories are created separately, we added a joint optimization step and consid-
ered more rotational constraints to avoid losing sight of visual features. Keeping
the yaw aligned with the heading of the robot is vital for safe exploration. We in-
troduce a limited FoV-constraint inspired by [10], which penalizes the difference
between yaw and the angle of the velocity vector. The result of the optimization
procedure heavily depends on the initialization, so we propose to use a yaw-
aware A* planner. In addition to adding yaw to the state space, we consider two
constraints in the node expansion step. Firstly, we want to avoid rotations on
the spot. To do so, we check that there is a non-zero translational step between
the current point and the neighbor. Secondly, we make sure that the velocity
vector between the current pose and the neighbor is always within the FoV.

3.2 Multi-UAV Exploration Method

In the baseline, the authors established a pairwise request-response communica-
tion protocol, enabling UAVs to update the assigned workload with only limited
communication. The assigned cells are redistributed between the pair of robots
to minimize the length of the coverage path, subject to capacity constraints. All
robots also continuously advertise their trajectories and explored map chunks.
Since consumer-grade UAVs do not possess the computational power and receive
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commands from the controller or a ground station, we propose to use a semi-
distributed communication scheme. Our pipeline for semi-distributed multi-UAV
exploration consists of a single base node and multiple UAVs that perform ex-
ploration of individual areas, similar to a single UAV pipeline.

The base node is responsible for three main things. It creates the global
map from the positions of UAVs and depth images, and sends the map and
the frontier list to UAVs. Secondly, when the UAV has visited the viewpoint,
it sends its position and image to the base node, which accumulates them and
communicates with the depth estimator. Finally, to avoid suboptimal pairwise
hgrid reassignment, it performs the workload assignment and global planning
for all UAVs in one iteration.

4 Experiments

We assess the performance of our model compared to the baseline when used
with consumer-grade UAVs. The evaluation is done in a simulation. We use
Flightmare [15], which is a modular simulator that features a rendering engine
built on Unity, capable of outputting RGB and depth images and odometry
for multiple quadrotors, and visualizing them in the chosen environment. We
provide results of exploring the outdoor industrial environment with a size of 15
x 15 x 3 m. We tested out our pipeline in different scenes, but chose this one
because it contains the following challenging parts: a homogeneous open area,
a narrow gate, obstacles of different heights, such as crates, and an inaccessible
region inside a big pipe. To evaluate the quality of depth estimation, we collect
reconstruction accuracy (ACC), surface coverage (COV), and average Hausdorff
distance (AHD) metrics. To evaluate the quality of depth estimation, we collect
relative pose error (RPE) and absolute trajectory error (ATE).

method AHD [m] ↓ ACC ↑ COV ↑

no 0.68± 0.09 0.53± 0.02 0.39± 0.06
overlap 0.41± 0.05 0.74± 0.06 0.59± 0.05
heuristic 0.30± 0.02 0.93± 0.02 0.69± 0.02

Table 1: Map quality metrics for viewpoint pairs evaluation methods.

First, we test the effect of our modifications that we proposed in the View-
point Planning section for viewpoint pairs sampling and evaluation. We compare
the reconstructed map from images sent uniformly every 0.5 m with the one from
images sent at viewpoint pairs, where viewpoints were sampled uniformly around
edges of the frontier. Additionally, we test the influence of the heuristic-based
pair evaluation method on the reconstructed map compared to the basic overlap-
based method. Resulting metrics are presented in Table 1 and the map is shown
in Figure 2. Viewpoint pair sampling increased the quality of depth estimation
because it ensures that the overlap between images is sufficient and viewpoints
are located far enough away from each other for the triangulation to work. Addi-
tionally, the heuristic-based method significantly outperforms the overlap-based
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method, because it considers the difference in the observation angles and avoids
motion perpendicular to the frontier.

(a) no (b) overlap (c) heuristic

Fig. 2: Map for different viewpoint pairs evaluation methods.

Finally, we show the influence of line sampling on the map and VIO quality in
Table 2, and on the path in Table 3. As we can see, the inclusion of line sampling
leads to longer paths with fewer rotations, which increases the quality of VIO. In
all experiments below, we used the combined sampling approach, which trades
off the path length and viewpoint pairs quality with fewer rotations and VIO
quality.

method AHD [m] ↓ ACC ↑ COV ↑ RPE [m] ↓ ATE [m] ↓

uniform 0.32± 0.02 0.92± 0.02 0.67± 0.03 0.02± 0.01 0.17± 0.04
line 0.39± 0.05 0.87± 0.05 0.58± 0.02 0.01± 0.00 0.11± 0.06

combined 0.33± 0.02 0.87± 0.02 0.66± 0.01 0.01± 0.00 0.12± 0.04

Table 2: Map and VIO quality metrics for viewpoint pairs sampling methods.

method time [s] ↓ length [m] ↓ avg. velocity [m
s
] ↑ energy [m

2

s2
] ↓

uniform 567± 5 161.9± 5.2 0.29± 0.01 50.37± 4.15
line 639± 48 205.6± 16.5 0.32± 0.01 79.02± 5.21

combined 663± 19 199.1± 6.2 0.30± 0.01 67.69± 1.47

Table 3: Path metrics for viewpoint pairs sampling methods.

Next, we compare our yaw-aware A* trajectory generator with the updated
and baseline soft-constrained approaches. You can see the estimated and ground
truth trajectories in Figure 3, the path metrics in Table 4, and map and odometry
metrics in Table 5. Both baseline and updated soft-constrained methods fail
to find the path between viewpoints within one pair that satisfies all desired
constraints. A UAV travels on a straight line path with yaw perpendicular to
the velocity vector, which leads to a shorter route and exploration time, but
makes the trajectory unsafe. Our yaw-aware A* solves this problem at the cost
of longer path length and exploration time.

Finally, we evaluate the baseline multi-UAV exploration method with our
exploration planner compared with our semi-distributed multi-UAV exploration
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method time [s] ↓ length [m] ↓ avg. velocity [m
s
] ↑ energy [m

2

s2
] ↓

baseline 420± 110 107.9± 18.9 0.27± 0.03 50.49± 12.06
constrained 372± 37 101.6± 6.3 0.28± 0.03 51.54± 9.73

A* 576± 24 171.7± 10.2 0.30± 0.01 63.98± 3.53

Table 4: Path metrics for trajectory generation methods.

method AHD [m] ↓ ACC ↑ COV ↑ RPE [m] ↓ ATE [m] ↓

baseline 0.35± 0.01 0.86± 0.02 0.61± 0.02 0.01± 0.00 0.18± 0.06
constrained 0.31± 0.04 0.86± 0.06 0.66± 0.05 0.01± 0.00 0.26± 0.09

A* 0.35± 0.02 0.92± 0.01 0.64± 0.02 0.01± 0.00 0.14± 0.02

Table 5: Map and VIO quality metrics for trajectory generation methods.

(a) baseline (b) constrained (c) yaw-aware A*

Fig. 3: Map for trajectory generation methods.

method. Path metrics are presented in Table 6, and reconstructed map and
trajectories for different numbers of UAVs for our method are shown in Figure 4.
Our method outperforms the baseline for both two and three UAVs due to a more
optimal workload assignment, which is calculated for all UAVs in one iteration.
The number of hgrid cells is limited, so calculating the coverage paths for all
UAVs does not introduce a significant computational overhead.

method UAVs time [s] ↓ length [m] ↓ avg. velocity [m
s
] ↑ energy [m

2

s2
] ↓

single 1 576± 24 171.7± 10.2 0.30± 0.01 63.98± 3.53

baseline 2 503± 81 147.0± 24.2 0.30± 0.01 53.52± 4.82
our 2 493± 34 134.0± 12.4 0.27± 0.03 47.40± 4.34

baseline 3 426± 47 130.5± 15.7 0.31± 0.01 49.06± 5.79
our 3 418± 24 97.6± 20.2 0.24± 0.04 37.24± 8.14

Table 6: Average path metrics for multi-UAV exploration methods. Length, avg.
velocity, and energy are averaged per UAV.

5 Conclusion

In our work, we extended the baseline method for autonomous multi-UAV explo-
ration to consumer-grade UAVs. To ensure the good quality of depth estimation,
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(a) 2 UAVs (b) 3 UAVs

Fig. 4: Map and path for semi-distributed exploration method and different num-
bers of UAVs.

we proposed to use not viewpoints, but viewpoint pairs. We introduced the way
to sample viewpoint pairs and evaluate their quality, and showed its influence
on the reconstructed map. Odometry estimation and safety constraints require
us to keep the direction of movement within the field-of-view of the UAV. To
satisfy these constraints, we introduced the yaw-aware A* planner and evalu-
ated its performance compared to the baseline trajectory planner. Finally, due
to the limited computational capabilities of consumer-grade UAVs, we proposed
the semi-distributed communication scheme and showed that it outperforms the
baseline fully-distributed method for different numbers of UAVs.

Our method can be extended for larger exploration areas without any changes
in the pipeline due to its distributed work assignment and the coarse-to-fine
planning methods. However, in real-life experiments, the connection with the
ground station may become unstable when exploring large regions. In future
works, we would like to implement our pipeline for exploration of the real-world
environment. Our main goal will be to test the scalability and generalizability
of our method outside of the simulated scenario.
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