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Fig. 1: (a) Surface uncertainty from reconstruction iterations; (b) Planned multi-task trajectories (The black line represents
exploration tasks, and the red line represents merged tasks); (c) Reconstructed mesh with texture and without texture.

Abstract— Implicit neural representations have demonstrated
significant promise for 3D scene reconstruction. Recent works
have extended their applications to autonomous implicit recon-
struction through the Next Best View (NBV) based method.
However, the NBV method cannot guarantee complete scene
coverage and often necessitates extensive viewpoint sampling,
particularly in complex scenes. In the paper, we propose
to 1) incorporate frontier-based exploration tasks for global
coverage with implicit surface uncertainty-based reconstruction
tasks to achieve high-quality reconstruction. and 2) introduce
a method to achieve implicit surface uncertainty using color
uncertainty, which reduces the time needed for view selection.
Further with these two tasks, we propose an adaptive strategy
for switching modes in view path planning, to reduce time
and maintain superior reconstruction quality. Our method
exhibits the highest reconstruction quality among all planning
methods and superior planning efficiency in methods involving
reconstruction tasks. We deploy our method on a UAV and the
results show that our method can plan multi-task views and
reconstruct a scene with high quality.

I. INTRODUCTION

Reconstructing and mapping indoor environments is cru-
cial for various applications, including scene visualization,
robot navigation, and 3D content creation for augmented
and virtual reality [7], [18], [26], [32]. In recent years, the
emergence of compact and agile aerial vehicles, such as
UAVs, has sparked a growing interest in scene reconstruction
using close-range aerial imagery.

Implicit neural representations for 3D objects have demon-
strated considerable promise in scene reconstruction, scene
editing, and robotics and autonomous systems [22], [29],
[30]. By leveraging the expressive power of implicit rep-
resentations, autonomous systems can reconstruct 3D en-
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vironments online and plan optimal view paths for data
acquisition [13], [15], [17], [30]. Ran et al. [15] first proposes
a novel view quality criterion based on color uncertainty that
is learned online for view selection. To reduce the computa-
tional complexity in querying viewpoint-specific information
gain, Zeng et al. [30] introduces an implicit function approxi-
mator for the information gain field. However, these methods
employ a greedy planning strategy based on the NBV, which
is prone to result in local optimum when reconstructing large
scenes, resulting in incomplete scene coverage.

Scene exploration methods [5], [7], [31] where agents are
required to reach maximum coverage of target scenes find
that incorporating global information helps to escape from
the local minima. Inspired by these methods, we propose to
leverage the global information in the autonomous implicit
reconstruction pipeline. Particularly, we incorporate frontier-
based exploration tasks with autonomous implicit reconstruc-
tion tasks, combining the benefits of both approaches to
enhance the overall efficiency and efficacy of reconstruction.

However, the incorporation faces two main challenges.
First, as the scene size expands, the expenses for sampling
a wider range of viewpoints and calculating information
gained for each viewpoint increase with the scene volume.
Second, the coordination of exploration tasks and recon-
struction tasks requires a trade-off between efficiency and
efficacy. Generating reconstruction tasks based on implicit
representation usually takes orders of time complexity than
generating exploration tasks. Including reconstruction tasks
in every iteration of planning will lead to an increase in
planning time while merely switching between exploration
tasks and reconstruction tasks in each iteration can result in
poor surface quality or repeatedly getting trapped in local
optimum during the scanning process.

For the first challenge, we observe that the reconstruction
uncertainty of the space converges to very low values in a
few iterations and the high uncertainty (or poor reconstruc-
tion quality) mainly happens near surface areas. Therefore,
instead of sampling the viewpoints in all the space and

2024 IEEE International Conference on Robotics and Automation (ICRA 2024)
May 13-17, 2024. Yokohama, Japan

979-8-3503-8457-4/24/$31.00 ©2024 IEEE 18041



calculating the Next-Best-View information gain by integrat-
ing the color uncertainty for 3D points in each viewpoint
frustum, we propose to evaluate the surface quality, only
sample viewpoints covering surfaces of low quality and sum
the surface uncertainty in a viewpoint, similar to surface in-
spection methods [2], [7], [9], which reduces the complexity
measuring based on 3D volume to 2D surface.

For the second challenge, we propose an adaptive mode-
switching approach for view path planning based on the
number of frontiers within the current neighborhood. The
design comes from the intuition that when an agent enters a
new area, exploration tasks dominate; when a rough overview
of the area is gathered, reconstruction tasks are included
to focus on finer details. To avoid getting trapped in local
regions, exploration tasks are planned together with the
reconstruction tasks in the latter state. With this model-
switching approach, our method achieves low time cost and
high-quality reconstruction.

To summarize, our contributions are:
• We incorporate frontier-based exploration tasks for effi-

cient global coverage with implicit surface uncertainty
based reconstruction tasks for high-quality reconstruc-
tion.

• We propose a novel information gain calculation and
corresponding viewpoint sampling strategy that evalu-
ates the uncertainty of implicit surface and samples in
the space covering the high uncertainty surface areas.

• We propose an adaptive mode-switching approach for
view path planning to coordinate exploration and recon-
struction tasks.

II. RELATED WORK

Implicit representations, exemplified by NeRF, have
emerged as a powerful approach for 3D scene reconstruction.
There are numerous variations of NeRF, with some focusing
on appearance, such as TensoRF [3] and Instant-NGP [11],
some focusing on geometry, such as Neus [21], VolSDF [28],
and MonoSDF [29].

View path planning is a crucial aspect of autonomous
reconstruction, aiming to determine an optimal sequence of
viewpoints to efficiently reconstruct a 3D scene [4], [9],
[16]. Next best view (NBV) and frontier-based methods
have emerged as popular approaches for autonomous re-
construction. NBV-based methods employ a greedy strategy,
selecting the viewpoint with the highest expected gain, which
is expected to provide the most valuable information for the
reconstruction process [12], [30]. Despite their effectiveness,
the challenge of converging to local optimum within a
confined region is a common issue encountered by NBV-
based methods [1], [23]. This issue can be attributed to
the constraints imposed by limited sampling range and
resolution, which restrict the exploration of the full solution
space. Frontier-based methods, on the other hand, prioritize
the exploration of unknown regions in the scene through the
identification and selection of frontier points, which denote
the boundaries between known and unknown areas [5],
[9], [31]. However, it is worth highlighting that the mere

coverage of these frontiers does not guarantee improved
reconstruction quality. This characteristic induces frontier-
based methods more suitable for autonomous exploration
rather than reconstruction.

Some studies [7], [19] propose a combination of NBV-
based and frontier-based methods. Song et al. [19] select
the nearest frontier task as NBV and analyze the qual-
ity of reconstructed surfaces. The resulting computed path
achieves full coverage of low-quality surfaces. However,
solely choosing the nearest frontier task tends to reduce
exploration speed. Guo et al. [7] introduce an asynchronous
collaborative autonomous scanning approach featuring mode
switching, effectively utilizing multiple robots to explore,
and reconstruct unknown scene environments. However, in
autonomous implicit reconstruction, there is currently no
method that combines these two tasks.

Autonomous implicit reconstruction has seen recent ad-
vancements [15], [27], [30]. Ran et al. [15] propose neural
uncertainty as a view quality criterion and the first au-
tonomous implicit reconstruction system. Zeng et al. [30]
introduce a view information gain field to reduce the time
for view selection. Yan et al. [27] provide a new perspective
of active mapping from the optimization dynamics of map
parameters.

III. METHOD

A. Problem Statement and System Overview

The primary focus of this study is to address the challenge
of exploring unknown and spatially bounded 3D environ-
ments while reconstructing high-quality 3D models using a
mobile robot. In previous greedy-based NBV methods [15],
[30], the whole reconstruction process consists of multiple
iterations, and in each iteration, viewpoints are sampled and
evaluated to choose the best view for the next iteration. Dif-
ferent from these methods, we incorporate a frontier-based
exploration strategy into the reconstruction task: the whole
process consists of a series of exploration and reconstruction
tasks and the two subtasks interweave in or switch between
reconstruction iterations.

Under the framework of the multi-task strategy, our
pipeline is composed of three components, as illustrated
in Fig. 2. The method overview is shown in 3. The Mo-
bile Robot module captures images at specified viewpoints
and utilizes Droid-SLAM [20] to estimate its localization.
During the simulation, Unity Engine renders images at
given viewpoints similar to [30]. The Mapping module
maintains two representations. For exploration tasks, a volu-
metric representation ( occupancy grid map) is adopted and
for reconstruction tasks, an implicit neural representation
(MonoSDF [29]) is adopted where monocular depth and
normal are derived via Omnidata [6]. In the View Path
Planning module the number of frontiers extracted from
the current volumetric map determines the optimal mode:
exploration or the combination of both exploration and
reconstruction at each reconstruction iteration. Leveraging
information extracted from the volumetric map and the
partial reconstruction scene, exploration and reconstruction
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tasks are generated accordingly. An informative path, incor-
porating multiple tasks, is planned using the Asymmetric
Traveling Salesman Problem (ATSP) planner. The images
captured along this path are then fed into the reconstruction
system until the entire autonomous reconstruction process is
completed.

Mobile Robot Mapping View Path Planning
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Fig. 2: The pipeline of our proposed method.

B. Implicit scene reconstruction with surface uncertainty

In this research, we employ MonoSDF [29] with multi-
grid features and monocular priors, as the foundational
framework for our investigation. In alignment with the Neu-
rAR [15] approach, we depict the rendered colors through
Gaussian distributions, wherein the variance serves as a
quantifier of viewpoint-related uncertainty.

Benefiting from the accurate surface characteristics of
MonoSDF, we can quickly extract the surface and analyze
the surface uncertainty of the reconstruction. This procedure
can be decomposed into two steps. Firstly, we partition the
space into N3

o grids, where No = 256, then we employ the
implicit grids network F to compute the sdf sx, gradients
gx, and features ẑx for each grid x as follows

sx, gx, ẑx = F (x) (1)

Following that, by utilizing the zero-level Marching Cubes
algorithm [10], we can extract the scene surface S and all the
vertices from S. Secondly, due to our emphasis on surface
uncertainty evaluation, we simplify the volume rendering
process by disregarding ray directions towards surface points
and can obtain surface point color c and uncertainty σ of each
surface point xs from rendering network C as follows

cxs , σxs = C(xs, gxs , ẑxs) (2)

C. Multi-task generation

Within the framework of our approach, the scanning tasks
can be divided into two tasks: exploration tasks for rapid
coverage and reconstruction tasks for high-quality recon-
struction.

1) Exploration task generation: The exploration tasks
T exp = {T exp

1 , T exp
2 , ..., T exp

Nexp
} are designed to cover more

unknown regions, with Nexp denoting the total number of
tasks. Each exploration task can be denoted as T exp

i =
(pexpi , θexpi , ϕexp

i ), where pi is the 3D position, θexpi ∈
(−π

2 ,
π
2 ) represents the pitch, and ϕexp

i ∈ [−π, π) represents
the yaw of the robot.

To explore unknown regions more effectively, we select
viewpoints that can provide superior coverage of the fron-
tiers as the exploration tasks. Specifically, we firstly update
incremental frontiers and Euclidean Signed Distance Field

(ESDF) map E [8] from the maintained volumetric map
V = Vo ∪ Ve ∪ Vu similar to Fuel [31], where Vo, Ve, Vu

represent occupied, empty and unknown voxels. The ESDF
map is responsible for filtering out viewpoints that are too
close to obstacles. Secondly, in contrast to Fuel, to achieve
more comprehensive coverage, we extract 3D principal com-
ponents using Principal Component Analysis (PCA) instead
of 2D and split large frontier clusters along the directions of
the principal components.

Finally, for each frontier cluster Fi, we generate a series of
candidate viewpoints V P exp

i = {vexpi,1 , vexpi,2 , ..., vexpi,n }, where
vexpi,j = (pexpi,j , θexpi,j , ϕexp

i,j ). V P exp
i are uniformly sampled

on the spherical shell centered at the cluster, within the
space V e, and oriented towards the center. The radius of
the spherical shell ranges from dr to df while ensuring
that the distance to the nearest obstacle from E is greater
than ds = 0.3m. Similar to [24], We select the candidate
viewpoint vexpi with the largest number of visible cluster
cells as the exploration task T exp

i = vexpi for the frontier
cluster.

2) Reconstruction task generation: The reconstruction
tasks T rec = {T rec

1 , T rec
2 , ..., T rec

Nrec
} are responsible for

refining surface with lower quality, with Nrec denoting
the total number of tasks. Each exploration task can be
denoted as T rec

i = (preci , θreci , ϕrec
i ) with the same range

as exploration tasks. Algorithm 1 describes the generation
process of reconstruction tasks.

Algorithm 1: Reconstruction task generation
Surface clustering hyperparameters: local surface
radius Rloc, clustering radius Rclu, num Nrec

View sampling hyperparameters : sample range
dr df , nearest distance ds, visible threshold Nmin

Input: Implict surface model S, volumetric map V , ESDF map
E, current position p0

Output: Updated reconstruction tasks T rec

1 Sd ← SurfaceDownsampling(S,Ndown) ;
2 Sv ← LocalSurfaceSampling(Sd, Rloc) ;
3 U ← LocalSurfaceClustering(Sv , Rclu, Nrec) ;
4 for Ui ∈ U do

// Iterate over surface clusters
5 V P rec

i ← V iewSampling(V, Ui, dr, df , ds, Nmin, p0) ;
6 vreci ← V iewofMaxGain(V P rec

i ) ;
7 T rec

i ← vreci
8 end
9 T rec ← {T rec

1 , T rec
2 , ..., T rec

Nrec
}

Surface Downsampling To enhance the efficiency of de-
tecting low-quality surfaces, we perform Ndown = 5 times
by downsampling the surface S, leading to the generation
of a new set of surface elements represented as Sd =
{s1, s2, ..., sNd

}, consisting of Nd elements. Each surface
element is defined as sj = {xj ,nj , σj}, where xj is the j-th
vertex on the surface. With Marching Cubes and rendering
network in (2), we can obtain uncertainty σj , and normal
vector nj for each surface vertex xj .
Local Surface Sampling and Clustering Assuming the
current position of the robot is p0, we select all surface
elements Sv ∈ Sd within a small radius Rloc from p0 to
ensure that the generated reconstruction tasks remain within
a local scope. Considering the substantial number of surface
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Fig. 3: Overview of our method. Views and paths are planned in exploration mode (a) and merged mode (b). Candidate
view sampling for each surface cluster is depicted in (c).

elements, we can group these elements Sv into Nrec surface
clusters U = {U1, U2, ..., UNrec}. This allows us to simplify
the process of generating viewpoints from different clusters,
reducing redundant computations. We adopt an uncertainty-
guided iterative clustering approach. Initially, from the sur-
face elements Sv , we select the element with the highest
uncertainty as the clustering center. We then include all
points within a radius Rclu of this center in one cluster.
Subsequently, we repeat the above process on the remaining
surface elements until Nrec clusters are generated.
View Sampling For each surface cluster Ui, we com-
pute its center and generate a series of candidate view-
points V P rec

i = {vreci,1 , v
rec
i,2 , ..., v

rec
i,m}, where vreci,j =

(preci,j , θ
rec
i,j , ϕ

rec
i,j ). These viewpoints in V P rec

i are uniformly
sampled on the spherical shell centered at the cluster within
the empty space V e, and they are oriented towards the cluster
center. We also ensure that the count of visible cluster cells
from these viewpoints exceeds the threshold Nmin. The
radius of the spherical shell ranges from dr to df while
ensuring that the distance to the nearest obstacle from E
is greater than ds.
Surface Uncertainty Based Information Gain To select
reconstruction tasks from these candidate viewpoints, we
define the viewpoint information gain as

g(v) =

Nvis∑
k=1

|nk,v · nk|σk (3)

where Nvis represents the number of visible surface ele-
ments, σk represents the uncertainty of each visible surface
element, and nk,v is the vector from the viewpoint v to
the surface element sk. Notice that the proposed surface
uncertainty based information gain differs from the viewpoint
information gain in [15], [30]

g(v) =
1

R

R∑
r=1

N∑
i=1

ωriσ
2
ri, (4)

where σ2
ri is the uncertainty of the color for a 3D point

sampled on a ray r tracing through an image pixel of a
viewpoint. R is the number of sampled rays, N is the
number of sampled points on each ray, and wri is the
weight. The viewpoint information gain integrates all the 3D
points sampled in a viewpoint frustum while our information
gain only integrates points on 2D surfaces. The surface
uncertainty and the surface geometry also help to reduce the
viewpoint sampling space.

We then choose the viewpoint vreci with the highest
information gain as the reconstruction task T rec

i = vreci for
this surface cluster.

D. Adaptive view path planning
As aforementioned, the allocation of exploration and re-

construction tasks faces the challenges of trade-off between
efficiency of efficacy. To address these challenges, we design
a mode-switching approach for view path planning to achieve
both planning efficiency and high reconstruction quality:
when many frontiers are to be explored, exploration tasks
dominate; otherwise, exploration and reconstruction tasks are
planned together to get finer details and also avoid getting
trapped in local regions.

Specifically, the switch condition depends on 1) the num-
ber Nnear of frontiers in the neighborhood of the current
agent position p0, the neighborhood being a sphere located
within a distance of dnear from p0; 2) the ratio βnear of the
frontiers in this local region to all the frontiers remained.
When Nnear > 3 and βnear > 0.2, the robot performs
exploration tasks, i.e. T = T exp; otherwise, the robot will
simultaneously perform both exploration and reconstruction
tasks, i.e. T = T exp ∪ T rec. Similar to [31], our problem
becomes an ATSP Problem:

T ∗ = arg min
∑
Tk∈T

d(Tk, Tk+1) (5)

where d(Tk, Tk+1) is the length of A* path search from
task Tk to Tk+1. T ∗ represents the planned sequence of tasks.

As the map status updates with tasks executed, we choose
to perform planned tasks in T ∗ whose path length from the
agent’s current position is smaller than a threshold Lexec to
form the final execution sequence T ∗

e = {T1, T2, ..., TNt
}.

Finally, we uniformly sample viewpoints along the sequence
T ∗
e at a path resolution of lres = 0.2m and capture images

as inputs for the mapping process. It is worth noting that
when all frontiers are fully covered and exploration tasks are
completed, only reconstruction tasks remain. At this stage,
we increase local sampling radius αRloc, clustering radius
αRclu, clustering num αNrec, preceding path length αLexec

and path resolution αlres until a certain number of images
are collected, where α = 3 is the amplification coefficient.

IV. RESULTS

A. Implementation details
1) Data: The experiments are conducted on three vir-

tual scenes: Bhxhp (65m2) from HM3D [14], Rosser
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TABLE I: Evaluations of the effectiveness and efficiency of view path for implicit surface representation.

Method Bhxhp Rosser Convoy
Variant Pitch Texp Trec Switch PSNR↑ Acc↓ Comp↓ Recall↑ PSNR↑ Acc↓ Comp↓ Recall↑ PSNR↑ Acc↓ Comp↓ Recall↑

V1(Fuel [31]) ✓ 27.26 2.42 2.77 0.87 16.85 4.01 3.83 0.77 19.03 4.07 2.56 0.89
V2 ✓ ✓ 28.28 2.25 2.67 0.88 20.33 2.93 2.48 0.91 20.03 3.74 2.21 0.93
V3 ✓ ✓ 16.50 35.09 49.10 0.23 14.87 9.44 14.96 0.54 16.03 8.26 19.59 0.56
V4 ✓ ✓ ✓ 26.66 17.87 13.32 0.73 18.87 4.87 4.05 0.79 20.59 5.07 3.98 0.90

V5(Ours full) ✓ ✓ ✓ ✓ 30.45 1.90 2.18 0.92 22.04 2.76 2.27 0.94 21.24 3.24 1.96 0.96

Variant Pitch Texp Trec Switch Ttask TSP TGP P.L. Ttask TSP TGP P.L. Ttask TSP TGP P.L.

V1(Fuel [31]) ✓ 0.004 0.025 0.78 57.08 0.005 0.036 0.46 27.54 0.005 0.035 0.26 15.72
V2 ✓ ✓ 0.012 0.040 1.71 55.96 0.021 0.050 0.83 27.03 0.022 0.049 0.33 13.75
V3 ✓ ✓ 3.12 3.13 89.66 104.30 3.077 3.091 48.02 47.62 3.13 3.15 29.88 31.29
V4 ✓ ✓ ✓ 3.12 3.18 46.78 109.09 3.13 3.17 28.80 53.42 3.05 3.09 13.88 34.55

V5(Ours full) ✓ ✓ ✓ ✓ 0.01 / 3.33 0.03 / 3.37 40.02 108.23 0.01 / 3.06 0.04 / 3.11 26.19 55.56 0.01 / 2.93 0.04 / 2.96 8.41 40.56

TABLE II: Evaluations of the effectiveness and efficiency with existing planning methods.

Bhxhp Rosser Convoy
Method PSNR↑ Acc↓ Comp↓ Recall↑ TGP P.L. PSNR↑ Acc↓ Comp↓ Recall↑ TGP P.L. PSNR↑ Acc↓ Comp↓ Recall↑ TGP P.L.

EVPP [30] 21.83 27.56 34.26 0.53 2138.93 47.75 19.74 4.78 3.25 0.86 973.81 26.58 18.83 7.21 4.52 0.84 933.89 15.06
VPP [19] 24.01 24.36 31.99 0.54 59.62 109.18 20.00 4.77 3.95 0.86 29.37 57.22 20.60 7.20 4.45 0.87 18.12 37.82

Our 30.45 1.90 2.18 0.92 40.02 108.23 22.04 2.76 2.27 0.94 26.19 55.56 21.24 3.24 1.96 0.96 8.41 40.56

(40m2) and Convoy (20m2) from Gibson [25], which are
reconstructed and modified from real scenes. In order to
minimize unproductive exploration beyond the designated
scene boundaries, we have sealed all windows within the
scenes. We maintain the same depth noise and field of view
(FOV) parameters, as specified in prior works such as [15],
[30].

2) Implementation: Our method runs on two RTX3090
GPUs. The implicit surface reconstruction is on one GPU,
Omnidata and view path planning is on the other one, where
view path planning runs in the ROS environment. We set the
maximum planned views to be 250 views for Bhxhp, 130
views for Rosser, and 80 views for Convoy. All scene-
dependent parameters are listed in Table III.

TABLE III: Scene-dependent parameters.

Scene dr df Rloc Rclu Nrec Nmin dnear Lexec

Bhxhp 1.0 2.0 2.5 1.3 15 30 2.0 6.0
Rosser 0.8 1.8 2.0 1.1 10 20 1.5 5.0
Convoy 0.5 1.5 1.5 1.0 10 15 1.0 4.0

3) Metric: Similar to [30], we evaluate our method from
two aspects including effectiveness and efficiency. The qual-
ity of reconstructed scenes is measured in two parts: the
quality of the rendered images and the quality of the ge-
ometry of the reconstructed surface. We adopt metrics from
MonoSDF [29]: Accuracy (cm), Completion (cm), Recall
(the percentage of points in the reconstructed mesh with
Completion under 5 cm. For the geometry metrics, about
300k points are sampled from the surfaces.

For efficiency, we evaluate the path length (meter) and the
planning time (second). The total path length is P.L. and the
time is TGP . For the time of our view path planning for each
step of the reconstruction process, we break it into several
parts for more detailed comparison: 1) the task generation
time Ttask, 2) the time Tatsp for the ATSP based view path
planning, 3) the mode switching time Tswitch during the

planning. We also report the total view planning time for
each step TSP i.e. TSP = Ttask +Tatsp+Tswitch. Tatsp for
all the variants in Table I is about 0.02s to 0.06s. Tswitch

is about 0.003s.

B. Efficacy of the Method

Similar to [30], the efficacy of the method is evaluated
regarding both the effectiveness and efficiency of our contri-
butions. We design variants of our method based on implicit
surface representation. The variants are V1 (Fuel [31]), V2
(Fuel with pitch), V3 (only reconstruction tasks), and V4
(Merging exploration and reconstruction tasks without mode
switching). Our method is best for effectiveness and better
than methods with reconstruction tasks for efficiency.

1) Uncertainty of implicit surface: Fig. 1 illustrates the
evolution of surface uncertainty during the training pro-
cess. It can be observed that surface uncertainty gradually
decreases during the training process. The high surface
uncertainty in regions with poor geometric structures allows
us to allocate viewpoints for scanning these low-quality sur-
faces. This reduces the time required for viewpoint sampling
compared to NBV methods such as [30].

2) Combination of exploration and reconstruction tasks:
We make V1 our baseline, which uses incremental frontiers
to explore unknown environments. We make V2 with a
pitch angle to verify its efficacy. To verify the efficacy of
different tasks, we make V2 (exploration tasks only) and V3
(reconstruction tasks only) as our baselines.

The metrics of V2 in Table I demonstrate pitch angle
can improve reconstruction quality than Fuel [31] and in-
troduce a slight increase in planning time. Focusing solely
on exploration tasks (V2) results in rapid scene coverage,
but it fails to perform further detailed scans of complex
details, thus reducing the reconstruction quality. When only
reconstruction tasks are considered (V3), the reconstruction
quality becomes very poor because it falls into the local
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Fig. 4: Comparison with different methods. Top: novel view synthesis; Bottom: reconstructed meshes.

optimum and cannot cover the entire scene. It is typical
for the incorporation of reconstruction tasks to lead to an
increase in planning time, as it requires surface uncertainty
extraction, similar to other surface inspection methods such
as [7].

3) Adaptive view path planning: To validate the effec-
tiveness of mode switching, we establish V4 as our base-
line. However, the merger of these two tasks significantly
slows down the pace of scene exploration, and even leads
to local optimum, especially when dealing with complex
reconstruction details. The introduction of mode switching
(Ours) ensures the speed of exploration and scanning of
details, without falling into local optimum associated with
scanning low-quality surfaces.

C. Comparison with existing planning methods

We select two recent works EVPP [30] based on view
information gain filed and VPP [19], which uses the nearest
exploration task as the NBV and plans a path to the NBV
using surface inspection methods. The metrics in Table II
show our method outperforms them in the reconstructed
quality and the planning efficiency. This is because EVPP
fails to avoid local minima and cannot explore the entire
scene, VPP only relies on the nearest exploration task, which
slows down the exploration speed.

Fig. 4 shows our method provides better reconstruction
results in novel views and geometry. For more visual com-
parisons and results, we refer readers to the supplementary
video. Fig. 5 demonstrates that the trajectory of our method
expands in scene Bhxhp that of other methods.

D. Robot experiments in real scene

We implemented our proposed method on an actual UAV
equipped with Realsense Depth Camera D435i to perform

Ours Fuel

EVPP VPP

Fig. 5: Comparison of trajectories with different methods.

room reconstruction, specifically targeting a room with di-
mensions of 8m × 2.5m × 3m. The pose of the camera is
provided by Droid-SLAM [20]. For this scene, the UAV takes
about 5 minutes to explore and reconstruct the room. The
exploration and reconstruction results will be presented in
the supplementary video.

V. CONCLUSION

In this paper, we combine exploration and reconstruc-
tion tasks to ensure both global coverage and high-quality
reconstruction. Subsequently, we introduce implicit surface
uncertainty to accelerate view selection. Finally, we employ
an adaptive mode switching method to improve planning
efficiency without falling into local optimum. Comprehensive
experiments demonstrate the superior performance of our
method.

In the future, we plan to study how viewpoint selections
impact pose estimation in our planning process, while also
extending our research to multi-agents.
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