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Abstract— In this paper, we propose a novel algorithm for
planning exploration paths to generate 3D models of unknown
environments by using a micro-aerial vehicle (MAV). Our
algorithm initially determines a next-best-view (NBV) that
maximizes information gain and plans a collision-free path
to reach the NBV. Along the path, the MAV explores the
greatest unknown area although it sometimes misses minor
unreconstructed region, such as a hole or a sparse surface. To
cover such a region, we propose an online inspection algorithm
that consistently provides an optimal coverage path toward
the NBV in real time. The algorithm iteratively refines an
inspection path according to the acquired information until the
modeling of a specific local area is complete. We evaluated the
proposed algorithm by comparing it with other state-of-the-art
approaches through simulated experiments. The results show
that our algorithm outperforms the other approaches in both
exploration and 3D modeling scenarios.

I. INTRODUCTION

Autonomous 3D modeling of large environments by using
mobile robots is one of the major research areas in computer
vision and robotics. For this task, mobile robots consistently
plan sensor configurations and construct 3D models of en-
vironments. In this study, we investigate a path planning
problem of micro-aerial vehicles (MAVs) for constructing
complete 3D models of unknown environments. MAVs are
suitable for automatic modeling systems because of their
high maneuverability and ability to reach almost any vantage
point. However, owing to constrained power and payload,
MAVs must be equipped with low capacity batteries and
noisy vision sensors that experience short maximum ranges
and limited fields of view. Consequently, an efficient path-
planning algorithm is essential for their modeling systems.

This issue has been frequently addressed in mobile robot
exploration. Most studies have been focused on the next-
best-view (NBV) problem [1]. Their approaches consistently
determine the most informative view by using feedback
from the current partial reconstruction, and incrementally
complete a model by sensing the view. The informativeness
is defined through various approaches, such as the amount
of unknown volumes [2] or frontiers [3] [4], a trend of
reconstructed surfaces [5], or information-theoretic measures
[6] [7]. Recently, some studies [8] [9] [10] attempted to
determine the most informative sequence of views rather
than a single optimal view. They computed optimal paths by
evaluating a candidate set of view sequences and choosing
the most informative sequence. All these approaches [2-10]
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Fig. 1. Example of reconstructed 3D volumetric model (right) of the Statue
of Liberty (left). The initially unknown space (gray) is updated as an MAV
explores. The red, green and blue trajectories are inspection paths, which
are sequentially refined by our online algorithm.

are greedy strategies that determine local solutions from
current partial information. These greedy strategies focus
only on reconstructing 3D environments that are extremely
large, while ignoring less informative regions. Thus, the
constructed model may be incomplete, and inaccurately
reconstructed regions such as holes or sparse surfaces will
be prevalent.

To address the aforementioned problem, we propose a
novel path-planning algorithm that utilizes an inspection
strategy to model an entire environment. Unlike other in-
spection problems [11] [12], which assume that prior map is
known, we address online inspection according to partially
known and consistently updated environments. Our algorithm
first determines a goal configuration that maximizes infor-
mation gain and computes an inspection path to the goal,
providing a full coverage of frontiers. Next, the inspection
path is iteratively refined according to the acquired informa-
tion until modeling of a specific local area is complete. This
online algorithm consistently provides an optimal inspection
path in real time, guaranteeing maximum coverage and min-
imum path length. Fig. 1 depicts an example of constructed
3D volumetric model and inspection paths planned by our
algorithm.

Summarily, this study makes the following contributions.
i) Unlike past solutions, we apply an online inspection ap-
proach to the exploration problem to completely model a 3D
environment. ii) We provide an efficient sampling strategy for
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inspection-based path planning, which incrementally reduces
the sampling range by utilizing a streaming set cover system
[13]. iii) We empirically evaluate our approach in three
simulated scenarios: the first is exploration of an office en-
vironment, the second involves modeling a single infrastruc-
ture, and the last involves modeling multiple infrastructures.
The results prove the effectiveness and applicability of our
method.

The remainder of this paper is structured as follows. Sec-
tion II shows the related works on mobile robot exploration
and inspection. Section III defines the considered problem,
and Section IV describes the proposed solution in detail.
Section V shows the experimental results of the proposed
algorithm. Finally, Section VI summarizes the contributions
made by this study.

II. RELATED WORKS

In this section, we discuss prior studies on mobile robot
exploration and inspection in autonomous modeling systems.
Approaches for the inspection task assume prior information
about environments and plan a coverage path offline. In
contrast, approaches for exploration do not assume any prior
information and consistently plan paths online according to
acquired information.

A. Exploration

As mentioned earlier, common exploration approaches
for autonomous modeling systems involve greedy methods
that iteratively determine an NBV and plan a collision-
free path to reach the NBV. Yamauchi [3] was the first to
introduce a frontier-based approach. He defined the frontier
as a discrete boundary between the explored and unknown
regions in a map. His approach involved planning a path
toward the nearest frontier cells. Shen et al. [14] simulated
the expansion of a particle system with Newtonian dynamics
for 3D exploration of an MAV. The algorithm determines
NBV as a region where a set of particles are significantly
expanded. Vasquez-Gomez et al. [2] proposed a method that
directly sampled candidate views in the configuration space.
The NBV is determined by evaluating the samples by using
a utility function.

Recently, studies have attempted to optimize paths toward
the determined NBV. Dunn et al. [8] recursively searched
intermediate paths to determine local optimal viewing con-
figurations in a 2D space. Shade and Newman [9] computed a
3D vector field toward frontiers and determined the steepest
descent path in the field. Bircher et al. [10] proposed an
exploration algorithm based on a receding horizon NBV
scheme. It constructs a rapidly exploring random tree (RRT)
by sampling viewing configurations and accumulating the
information gains along each branch. In addition, the method
selects the first node of the best branch as a goal. Charrow
et al. [15] found the most informative trajectory from global
and local plans and refined it to maximize information
gain. Even though this approach takes into account some
locally uncertain parts of a map, it does not consider a full
coverage of the local region. Therefore, this algorithm has

some possibility to miss some less informative regions of
the map. Heng et al. [16] presented an exploration method
that improves the coverage of unknown regions along the
path to the NBV. This approach is similar to our algorithm
because it utilizes an inspection approach for exploration of
an MAV. However, their method requires a precomputation
of 3D state lattices that contain motion-constrained edges and
view frustums in every state whereas our approach operates
in real time without any precomputation needed. The state
lattices require a large amount of memory and computation in
a huge and high-resolution map [17], so their approach [16]
is not appropriate for precise modeling systems. Furthermore,
it does not consider updated sensing information for the path,
while our approach incrementally refines the inspection path
according to updates.

B. Inspection

In the inspection-planning problem, a prior 3D model of
the environment is required and inspection paths are planned
offline. Englot and Hover [11] proposed a sampling-based
approach to cover the complex 3D structures for inspecting
a ship hull. The sampling-based approach separately solves
the coverage-sampling problem and traveling salesman prob-
lem (TSP). The coverage-sampling problem aims to extract
the smallest set of view configurations to guarantee full
coverage. Further, the TSP aims to determine the short-
est path to visit all sampled configurations. Papadopoulos
et al. [12] proposed a random inspection-tree algorithm,
considering differential vehicle constraints. The algorithm
directly plans an inspection path in the configuration space
by expending random trees. Galceran et al. [18] addressed
an online inspection problem to handle state uncertainty
for underwater vehicles. Similar to our method, the authors
iteratively computed an inspection path according to sensing
measurements. However, their system assumes that a prior
model of the target is given, and computes initial paths offline
by using the model. In contrast, our algorithm consistently
provides an optimal inspection path without prior models in
real-time and online.

III. PROBLEM DESCRIPTION

This study considers reconstructing an environment with
an unknown but spatially bounded 3D space V ⊂ R3.
We assume that dense 3D input data can be collected
from a camera-based depth sensor. The sensor has several
constraints such as limited field of view and maximum and
minimum sensing ranges, which compose a view frustum
[10]. The estimated 3D data is integrated into a probabilistic
volumetric map based on an OctoMap [19]. The volumetric
map M simultaneously represents a workspace W ⊂ R3

and the volumetric model of environments. M is composed
of three states: occupied Voccupied ⊂ V , free Vfree ⊂
V , and unknown Vunknown ⊂ V spaces. Ultimately, our
aim is to generate a complete volumetric model in which
the percentage of unknown volume to the entire unknown
volume in M is lower than the threshold θvol in a short
period.
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Algorithm 1 Proposed path planning algorithm
Input: Volumetric map M, Current configuration qcurr,

Search distance dsearch, and Initial sampling distance
dsample.

1: [qgoal, ξglobal]← ComputeGlobalPath(qcurr)
2: Rsearch ← GetSearchRegion(ξglobal, dsearch)
3: queueQ∗ ← RandomSamples(ξglobal)
4: while qcurr 6= qgoal do
5: Vfront ← GetFrontierCells(Rsearch)
6: if #(V newfront) > θfront then
7: [ξlocal, queueQ∗ ] ← InspectionPathP lanning

(qcurr, qgoal, queueQ∗ , Vfront, dsample)
8: end if
9: MoveToward(ξlocal)

10: Update(M, qcurr, queueQ∗)
11: end while

We assume that the configuration of an MAV is a flat state
comprising a 3D position and yaw angle q = {x, y, z, ψ}T ,
and the MAV’s pose is already known. We denote the limit of
translational speed as vmax, and the limit of rotational speed
as ψ̇max. Both vmax and ψ̇max are assumed to be small
such that the roll and pitch angles are near zero. We plan
paths only within the known free space Vfree in M, thus
guaranteeing collision-free navigation. Let Q be a feasible
configuration space, then a path ξ : [0, 1]→ Q is defined as
a sequence of configurations.

IV. PROPOSED APPROACH

To generate a 3D model of the environment, our approach
iteratively plans an optimal path for an MAV by utilizing a
current volumetric map M until a desired model quality is
achieved. Algorithm 1 explains an overview of the function-
ing of the proposed planning.

The algorithm first determines a goal configuration qgoal
by evaluating a set of sampled view configurations, and
choosing the view configuration with the highest information
gain. Next, it computes a global path ξglobal, starting from the
current configuration qcurr to the qgoal (line 1 and Section
IV.A). Our algorithm iteratively plans a local path ξlocal
providing the maximal coverage of the entire frontier cells
near ξglobal. We define a search region Rsearch ⊂W as a set
of positions inside radius dsearch centered at each discretized
position of ξglobal inM (line 2). Our algorithm consistently
updates the volumetric map M (line 10) and frontier cells
Vfront inside Rsearch (line 5). We then iteratively plan the
inspection path according to the updated frontier cells (line 7
and Section IV.B). In each iteration, our inspection algorithm
performs an online refinement of the current local path ξlocal
by maintaining a configuration set Q∗ ⊂ Q. Q∗ is a set of
sampled configurations, which compose the local path ξlocal,
and are sequentially stored in a queue structure queueQ∗ .
The configurations that already passed by the MAV are
removed from queueQ∗ (line 10). The refinement step of
the inspection path is performed only if the total number
of new frontier cells #(V newfront) is greater than the constant

Algorithm 2 Online inspection path planning algorithm
Input: Current configuration qcurr, Goal configuration

qgoal, Queue of configurations queueQ∗ , Frontier cells
Vfront, and Initial sampling distance dsample.

1: ξshort ← ComputeShortPath(qcurr, qgoal)
2: Rsample ← GetSamplingRegion(ξshort, dsample)
/∗ Online coverage sampling ∗/

3: for k = 1, ..., N local
sample do

4: qk ← GetFeasibleSample(queueQ∗ , Rsample)
5: Vk ← V isible(qk, Vfront)
6: Tk ← argmaxTi⊂Vk

lev(Ti)
7: for all vi ∈ Tk do
8: eid(vi)← k
9: eff(vi)← lev(Tk)

10: end for
11: Q∗ ← UpdateSampleSet(eid(·))
12: dmax ← maxqi∈Q∗ wi
13: if (CovRatio(Q∗) > θcover)&(dmax < dsample)

then
14: dsample ← dmax
15: Rsample ← GetSamplingRegion(ξshort, dsample)
16: end if
17: end for

/∗ Solve TSP problem ∗/
18: ξ∗ ← SolveTSP ({qcurr, qgoal} ∪Q∗)
19: [ξ∗, queueQ∗ ]← SmoothPath(ξ∗)
20: return ξ∗ and queueQ∗

value θfront (line 6). If the MAV reaches qgoal, we stop the
iteration. These path-planning steps for goal selection and
inspection are repeated until the model is completed.

A. Goal and Global Path Planning

To determine a goal, we first determine a sensor con-
figuration qgoal that maximizes the information gain from
the current partial reconstruction in M. qgoal is defined as
follows:

qgoal = argmax
k=1,...,Nglobal

samples

Gain(M, qk) (1)

where Nglobal
sample is the number of sampled configurations. The

samples are directly generated in a feasible configuration
space by extending branches of a rapidly exploring random
tree star (RRT*) [20] from the current configuration qcurr.
This approach, similar to that in [10], simultaneously pro-
cesses the sample evaluation and path planning. Thus, all
the samples in the (RRT*) are feasible to reach, and their
paths are inherently collision-free.

The information gain Gain(M, qk) is the number of
unknown volumetric cells that can be observed at qk, which
is penalized by a distance factor [21]:

Gain(M, qk) = V is(M, qk) exp(−λ·D(qcurr, qk)) (2)

where λ is a positive constant, and D(qcurr, qk)) is the
Euclidean distance of a collision-free path starting from qcurr
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Fig. 2. An illustration of how our algorithm uses the streaming set cover approach [13] for incrementally reducing a sampling range and improving the
coverage sampling problem. The processes are described in 2D for clarity. The red line and the gray ellipsoid represent the optimal path and sampling
region, respectively. The successive boxes are frontier cells, and each box stores an identifier eid. Each configuration is sequentially sampled, starting
from 1© to 12©. a) The configurations 1© to 4© are assigned to each eid of frontier cell. b) The configurations 3© 5© 4© 8© are included in a suboptimal
coverage set Q∗ while 1© 2© 6© 7© are excluded. c) If the coverage ratio becomes 100%, our algorithm starts reducing the sampling region. d) Finally,
we obtain the optimal coverage samples.

to qk in the random tree. V is(M, qk) is the volume of visible
and unknown cells from qk in the current volumetric map
M. The volume is estimated through ray casting in the view
frustum of the sensor and counting the number of unknown
visible cells. After determining qgoal, we can obtain a global
path ξglobal by extracting edges from qcurr to qgoal in the
random tree. We then smoothed the path ξglobal by using a
path smoothing method as in [22].

B. Online Inspection Path Planning

The proposed online inspection algorithm is detailed in
Algorithm 2. We first compute the shortest path ξshort
from the current configuration qcurr to qgoal by using an
RRT* planner [20] with path smoothing [22] (line 1). To
prevent a situation in which the length of the inspection
path is significantly longer than ξshort, we restrict feasible
sampling positions for path planning to a region Rsample.
We define Rsample ⊂ W as a set of positions in radius
dsample centered at each discretized position of ξshort (line
2). As some frontier cells cannot be observed from positions
in Rsample, we determine an optimal path that guarantees
maximal coverage rather than full coverage.

To compute the optimal path, we employ a sampling-based
approach [11] composed of a two-step optimization scheme.
In the first step, the algorithm solves the coverage-sampling
problem aimed to determine an optimal set of configurations
that cover the frontier cells. In the second step, the algorithm
solves the TSP, which aims to compute the shortest path
connecting all sampled configurations.

To efficiently solve the coverage-sampling problem in real
time, we employ a streaming set cover algorithm [13]. We
represent the problem as a set system (V,Q), where V is a
finite set of frontier cells and Q is the robot configuration
space. Every feasible configuration qk ∈ Q maps to a subset
Vk ⊂ V viewed by the sensor (line 5), and has its own weight
wk. When each configuration qk is sampled individually, the
goal is to construct a set of configurations Q∗ ⊂ Q that
provides the maximum cover of V with the objective of
minimizing the sum of their weights.

Our sampling algorithm repeatedly processes sampled
configurations individually and outputs them for every fron-
tier cell vi ∈ Vfront, an identifier eid(vi) of a sample qk that
representatively covers it, and an integer variable eff(vi)
that intuitively captures the effectiveness of qk in covering
vi. Thus, we consistently maintain a suboptimal coverage set
Q∗ online. To compute the effectiveness of a sample qk, we
define a level of a subset Tk ⊂ Vk as

lev(Tk) =
#(Tk)

α·wk
(3)

where α is a constant value, and #(Tk) is the number of
elements in vi ∈ Tk. wk is defined as a proximity of qk and
ξshort and can be computed as

wk = min
qi∈ξshort

D(qk, qi) (4)

where qi is a discretized configuration in ξshort. Subset Tk is
said to be effective if for every vi ∈ Tk, lev(Tk) > eff(vi).
For each vi in an effective set Tk, we assign the ID of
sample qk to eid(vi) and lev(Tk) to eff(vi) (lines 7-10). If
lev(Tk) = 0, sample qk is eternally rejected.

The key advantage of this online set cover approach is
that it consistently maintains a suboptimal solution Q∗ in
each iteration. We can estimate the sampling region of Q∗,
which can be used to decrease the size of the sampling
domain to possibly improve the solution. Thus, we can
efficiently sample a configuration by incrementally reducing
the sampling range Rsample. We first sequentially extract
a sample qk from queueQ∗ . After extracting all samples
in queueQ∗ , we iteratively generate a uniform sample in
Rsample (line 4). In each step, we compute a coverage
ratio of Q∗. If the ratio is greater than the threshold θcover,
we regard the samples as the first solution of the coverage
sampling problem and start reducing Rsample (line 13). Let
dmax be the maximum weight of a sample from Q∗, then set
dsample to dmax and recompute Rsample (lines 14 and 15).
This approach finds more efficient samples that is close to the
shortest path than the original coverage sampling algorithm
[11]. Fig. 2 illustrates our coverage sampling approach.
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Fig. 3. Three simulated environments in ROS simulator: (a) office-like
environment; (b) Statue of Liberty model; and (c) Village model.

TABLE I
PARAMETERS USED IN EXPERIMENTS.

Parameter Scenario1 Scenario2 Scenario3

Map Size 32×32×3m3 16×16×35m3 100×70×15m3

Resolution of M 0.4m 0.2m 0.4m

Field of View [60, 90]◦ [60, 90]◦ [60, 90]◦

Max Range 5m 8m 10m

λ 0.5 0.5 0.5

dsearch 6m 10m 12m

dsample 1m 2m 2m

Nglobal
sample 5000 5000 5000

N local
sample 1000 1000 1000

θvol - 5% 10%

θfront 20 100 200

θcover 90% 90% 90%

The final inspection path ξ∗ is extracted by computing the
shortest connecting path over all configurations q ∈ Q∗ by
using a TSP solver [23] (line 18). We define a connection
cost cost(qi, qj) of the TSP solver as an execution time of
motion [24]:

cost(qi, qj) = max(D(qi, qj)/vmax, ‖ψi−ψj‖/ψ̇max) (5)

where D(qi, qj) is the Euclidean distance directly connecting
pairs qi and qj . If the connection has a collision, we use the
RRT* planner to connect them. We then shorten the path
length of ξ∗ by using the heuristic speed-up improvement
procedure in [25]. Each configuration in ξ∗ is sequentially
stored in queueQ∗ .

Fig. 4. Paths taken by the MAV using our algorithm, RH-NBV [10],
volumetric approach [2], and closest frontier method [3] are colored red,
green, blue, and back, respectively. Starting from region A, the MAV
explores toward region B.

TABLE II
EXPERIMENTAL RESULTS IN SCENARIO1.

Algorithm
Completion Path Coverage Avg.Comp
Time(min) Length(m) (%) Time(sec)

Our Algorithm 27.32 145.05 93.84 0.31

RH-NBV [10] 28.45 153.25 93.69 0.20

Volumetric [2] 24.40 123.88 89.11 0.16

Closet Frontier [3] 30.07 160.67 92.47 0.14

V. EXPERIMENTAL RESULTS

In this section, we present the simulation experiments to
evaluate the proposed approach. We employ the simulation
system used in [10] that uses the model of a Firefly hex-
acopter MAV [26] in the RoterS simulation environment
[27]. We consider three scenarios: i) exploring an office
environment, ii) modeling a single infrastructure, and iii)
modeling multiple infrastructures. Fig. 3 shows each simula-
tion environment. To acquire 3D information of the simulated
environment, we utilize a stereo camera mounted on the
MAV with a downward pitch of 5◦. The original camera
specifications have a maximum range of 10m, a minimum
range of 0.3m, and a field of view of [60, 90]◦. The maximum
range for volumetric mapping is set according to the exper-
imental situation for each test scenario. For the volumetric
mapM, we set the probability interval for unknown cells to
[0.45, 0.55]. Table I summarizes all parameters used in each
scenario.

To evaluate the performance of our proposed approach, we
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Fig. 5. Results in Scenario 2. Constructed volumetric models with resolution 0.2m of the Statue of Liberty object and trajectories taken by the MAV at
the end of the executions of (a) our algorithm, (b) RH-NBV [10], (c) volumetric approach [2], and (d) closest frontier [3]. (e) Unknown volumes in the
volumetric map, and (f) the surface coverage of the target over time.

compared our planning algorithm against three state-of-the-
art approaches: the closest frontier approach [3], volumetric
approach [2], and receding horizon NBV algorithm (RH-
NBV) [10]. The closest frontier approach [3] has most com-
monly been used in 2D exploration applications. We extend
the algorithm to 3D environments. We first cluster whole
frontier cells, and then choose the closest cluster as NBV.
The algorithm in [2] is similar to our global path-planning
approach described in Section IV.A. The RH-NBV [10] is
the latest exploration algorithm for autonomous modeling
that evaluates an exploration path by directly expanding an
RRT, and moves to the first edge of the best branch of the
RRT. We ran all the algorithms on an Intel Core i7 CPU
without a graphics-processing unit.

A. Exploration in office environment

In this experiment, volumetric maps of a structured and
flat office environment are constructed using each explo-
ration algorithm. Fig. 3a shows the structure of the office
environment. Starting from region A, the MAV explores
toward region B. When the MAV completely reconstructs
the environment of region B, we stop the exploration and
evaluate the performance. For each algorithm, we compute

the completion time of exploration, path length, percentage
of covered volume, and average computation time. Table
II shows the results, and each result is the average of 10
executions. Fig. 4 shows the trajectories taken by the MAV
in each best case through different algorithms.

The volumetric approach has the best performance re-
garding completion time and path length. The volumetric
approach generates the simplest and shortest path because
it directly moves to the largest unknown region. However,
it frequently misses small, unknown regions. Our algorithm
shows the next best results in the completion time and path
length, and shows the best coverage percentage. Compared
to our algorithm, only the RH-NBV algorithm obtains a
similar performance for the coverage percentage. The results
of the average computation time show that all algorithms are
operated in real time.

B. Modeling a single infrastructure

In this experiment, we evaluate the exploration perfor-
mance with the modeling quality of each approach. The
simulation environment consists of a target infrastructure
(Statue of Liberty model [28]) placed on the ground within
four walls (Fig. 3b). We assume that a bounded 16 ×
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Fig. 6. Results in Scenario 3. Constructed volumetric maps of the Village model with resolution 0.4 m and trajectories taken by the MAV at the end of
the executions of (a) our algorithm, (b) RH-NBV [10], (c) volumetric approach [2], and (d) closest frontier [3]. (e) Unknown volumes in the volumetric
map, and (f) the surface coverage of the target over time.

16 × 35m3 space containing the infrastructure is known
and the remaining workspace of the robot is empty. The
MAV explores the bounding space, while simultaneously
constructing a volumetric map of the structure. To acquire
an elaborate 3D model, we set the higher resolution of the
map as 0.2m. For each algorithm, we perform 10 runs and
average the results.

We present the results in Fig. 5. Figs. 5a–5d shows the
paths and constructed models after the execution of each best
case. The closest frontier method (Fig. 5d) frequently gets
stuck in a local minimum. The volumetric approach (Fig.
5c) plans a broad path that evenly covers the entire area of
the structure; however, the path sometimes overlaps. Fig. 5a
shows that the path computed by our approach has a shorter
trajectory length than other approaches, and simultaneously
covers the entire area of the structure. Fig. 1 shows that the
path constantly changes in yaw angle; this can improve the
exploration performance and modeling quality.

Fig. 5e shows the unknown volume in the map over time.

It represents how fast each algorithm explores an unknown
area. Fig. 5f shows the target’s surface coverage, which is the
percentage of observed surface cells compared to the total
number of surface cells of the original model. It represents
the completeness of the constructed volumetric model. The
results show that our algorithm always outperforms the
other algorithms. In particular, our algorithm has a surface
coverage of 91.88%, indicating that our algorithm is very
suitable for autonomous modeling systems.

C. Modeling multiple infrastructures

The third simulation environment is composed of nine
buildings in a bounded 100 × 70 × 15m3 space (Village
model [28]). Starting at the side of the bounded space,
the MAV explores the entire area until the percentage of
the explored volume is greater than 90%. This scenario is
closely related to real-world applications, such as search-
and-rescue or environmental monitoring. As the amount of
free volumes in this environment is much larger than the
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occupied volumes, the result of the surface coverage is more
significant than its progress.

Fig. 6 shows the results of this scenario demonstrating that
our algorithm again performs the best. This indicates that
our algorithm explores as much of the unknown volume as
possible, and is simultaneously able to efficiently complete
the 3D model.

VI. CONCLUSION

In this study, we proposed a novel algorithm for planning
exploration paths of an MAV to construct 3D models of
unknown environments. This algorithm first finds a goal
configuration that maximizes information gain, and then iter-
atively plans an inspection path that provides the maximum
coverage of neighboring frontier cells. To efficiently plan
the inspection paths, we employ the streaming set cover
approach [13], which helps reduce a sampling range of
maximal coverage. Experimental results show that our algo-
rithm performs better than other state-of-the-art algorithms
and especially improves the completeness of the constructed
volumetric models. To the best of our knowledge, this is
the first work that implements an online inspection approach
to autonomously explore and model environments using an
MAV.
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