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Abstract— Autonomous UAV path planning for 3D recon-
struction has been actively studied in various applications
for high-quality 3D models. However, most existing works
have adopted explore-then-exploit, prior-based or exploration-
based strategies, demonstrating inefficiency with repeated flight
and low autonomy. In this paper, we propose PredRecon, a
prediction-boosted planning framework that can autonomously
generate paths for high 3D reconstruction quality. We obtain
inspiration from humans can roughly infer the complete con-
struction structure from partial observation. Hence, we devise a
surface prediction module (SPM) to predict the coarse complete
surfaces of the target from the current partial reconstruction.
Then, the uncovered surfaces are produced by online volumetric
mapping waiting for observation by UAV. Lastly, a hierarchical
planner plans motions for 3D reconstruction, which sequentially
finds efficient global coverage paths, plans local paths for max-
imizing the performance of Multi-View Stereo (MVS), and gen-
erates smooth trajectories for image-pose pairs acquisition. We
conduct benchmarks in the realistic simulator, which validates
the performance of PredRecon compared with the classical and
state-of-the-art methods. The open-source code is released at
https://github.com/HKUST- Aerial-Robotics/PredRecon.

I. INTRODUCTION

Recently, high-quality 3D reconstruction has been an
active topic in various applications including cultural relics
digitalization, AR/VR, and structural inspection. Due to its
high flexibility, the unmanned aerial vehicle (UAV) is ideal to
achieve the fast, accurate, and complete 3D reconstruction of
the target areas. To effectively improve reconstruction quality
and efficiency, a path planning framework for autonomous
aerial reconstruction is essential.

Existing reconstruction planning works [1]-[7] demon-
strate unsatisfactory efficiency in reconstructing the target
areas. First of all, many previous methods [1]-[4] adopt
explore-then-exploit strategy which requires two scanning
trails, or rely on coarse prior models to obtain the recon-
struction paths. Such strategies present several drawbacks.
1) Two scanning trails lead to task completion inefficiency.
2) As requiring input prior model, the task cannot be fully
automated. 3) They cannot guarantee accurate and complete
details of the target areas owing to planning only based
on coarse or prior models, which cannot adjust flight paths
in real-time based on actual observation. Recently, online
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Fig. 1. (a) Illustration of the proposed framework results during executing
trajectory for 3D reconstruction, (b) 3D reconstruction result of the above
target produced by the proposed framework.

planning methods requiring a single scanning trail and not
relying on prior models have been proposed [5]-[7], which
partially resolve the above issues. However, the efficiency is
not satisfactory enough, due to the fact that the target areas
are previously unknown and significant time is distributed
to explore the unknown regions. Besides, some of them
demonstrate a prohibitive computation time, which usually
results in undesirable stop-and-go behaviors or even requires
communications with external high-end computers.

To address the above issues, we propose PredRecon, a
prediction-boosted planning framework that can efficiently
reconstruct high-quality 3D models for the target areas in
unknown environments with a single flight. Our method is
inspired by the fact that humans can reasonably infer those
incomplete structures based on partial observations according
to their knowledge and experience. The inferred structures
or surfaces enable more purposeful viewpoints generation,
which in turn allows a more efficient global coverage path of
the entire target without wasting significant time on exploring
unknown space. Motivated by this, we introduce a learning-
based surface prediction module (SPM), which predicts the
coarse complete surface of the target from the current partial
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Fig. 2. The overview of the proposed prediction-boosted path planning

framework for 3D reconstruction.

reconstruction. Afterwards, online volumetric mapping ex-
tracts incomplete observed surfaces from the prediction and
the current reconstruction as the uncovered parts. Then, a
hierarchical planner generates motions for reconstructing the
uncovered surfaces in a coarse-to-fine manner. It first finds an
efficient global path for full coverage. Secondly, a local path
segment from the current pose to the next viewpoint (NBV)
is generated under the guidance of the global path while
optimizing the crucial factors for MVS performance. Then,
the executable local trajectory is produced to acquire image-
pose pairs of the target. The collected database is processed
by COLMAP [8]-[10] for dense 3D reconstruction.

We compare the proposed method with the classical and
state-of-the-art methods in a realistic simulation. Results
present that our method achieves higher efficiency and better
reconstruction quality in benchmark scenarios. Moreover,
benchmark experiments demonstrate the higher autonomy
level of our method and our method can realize real-time
planning on typical onboard computers. The contributions
of this paper are summarized as follows:

1) A surface prediction module (SPM), which directly
infers the complete target surfaces from partial reconstruction
information and facilitates efficient global coverage of the
target without wasting significant time on extra exploration.

2) A hierarchical planner based on SPM, which sufficiently
considers MVS-related factors on the fly and global cover-
age, achieving higher reconstruction quality and efficiency.

3) Benchmark comparisons that validate the performance
of PredRecon. The source code of our implementation has
been made public.

II. RELATED WORK
A. Surface Prediction and Completion

Surface prediction and completion have been an essential
topic in 3D reconstruction. Existing works can be roughly
classified into geometry-based and learning-based methods.

The geometry-based methods predict the entire surface
through geometric heuristics from partial input data. Some

classical works [11]-[14] generate complete surface models
using smooth interpolations from incomplete local holes.
Those approaches assume that the whole surface can be
inferred directly from the geometric input structure. Thus,
they cannot work well during most of the flight time.

The learning-based methods take inputs from point clouds
acquired through surface voxelization. They [15]-[18] di-
rectly output the complete surface model with an implicit
parameterized model (deep neural network), which has better
adaptiveness to complex situations. Our SPM belongs to
this category. However, most existing methods suffer from
unstable accuracy, primarily influenced by normalization.
Hence, an extra detector is essential for predicting the scale
and center of the target model. Additionally, many apply 3D
CNNss for higher accuracy, while heavy architecture leads to
slower inference time.

Based on this approach [15], our SPM directly uses map
point cloud as input and achieves end-to-end surface predic-
tion without an extra detector for normalization. Moreover,
we optimize the network architecture with a more lightweight
structure and more accurate performance (Sect.VI-C).

B. Path Planning for Aerial Reconstruction

For efficient and high-quality 3D reconstruction, view-
points path planning, which selects a minimum quantity of
viewpoints while maximizing contributions to reconstruction
quality, has been intensely studied for years. The fundamen-
tal problem is how to model the bridge from viewpoints
selection to quality. Several methods [2, 19, 20] leverage
viewpoint information gain (defined as coverage of the coarse
model) as the planning objectives. Furthermore, other works
[1, 21] distribute a coverage hemisphere to each surface, en-
suring selected viewpoints scan whole surfaces from diverse
view directions.

MVS-based methods [5, 7, 22, 23] determine the optimal
viewpoints considering MVS factors for better depth esti-
mation, as this paper does. [5, 7] formulate the problem as
an information path planning problem while [22, 23] adopt a
selection strategy based on reconstructability heuristics. They
all consider the factor of stereo matching and triangulation.

In this paper, we base our hierarchical planner on MVS-
based works but with a more concise formulation of MVS
heuristics cost. Moreover, it fully utilizes SPM results to gen-
erate paths with high reconstruction efficiency and quality.

III. SYSTEM OVERVIEW

Fig.2 illustrates the overview of the proposed pipeline
consisting of online and offline modules. The online subsys-
tem is composed of the SPM (Sect.IV), online volumetric
mapping (Sect.IV-C) and a hierarchical planner (Sect.V).
SPM predicts both the scale and point cloud of the whole
target model surfaces from the current partial map (Sect.IV).
Then, online volumetric mapping extracts the remaining
uncovered surfaces with SPM results (Sect.IV-C). After that,
the hierarchical planner works to find a global path and
generate a local trajectory for maximizing global cover-
age efficiency and MVS performance. UAV collects image-
pose pairs from odometry and onboard camera (Sect.V).
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The online subsystem will end the flight if mapping finds
no uncovered surfaces. Afterwards, the image-pose pairs
database is processed using offline COLMAP to acquire the
3D reconstruction model of the target.

IV. SURFACE PREDICTION MODULE

SPM enables predicting the whole surfaces of the target
from partial map in entirely unknown environments, as
depicted in Fig.3. Surface prediction effectively decreases the
redundant flight since no extra time is spent for exploring
unknown environments. Moreover, it facilitates generating
fewer viewpoints with the sufficient observation of the target,
which reduces the complexity of the subsequent planner.

A. Data Pre-process

The input of SPM is a down-sampling point cloud Mo of
the current partial map (Sect.IV-C) with the fixed quantity
N¢. Different from previous works [15]-[17], we directly
process each point p; € M via a local transformation 7,
as follows:

Tp(pich):pi_CCa (1)

where C¢ is the centroid of M. Then, each transformed
point is stored in M, which is sent to the prediction network.

B. Prediction Network Structure

Compared with previous point cloud completion works
[15]-[17, 24], our prediction network adopts end-to-end
manner without the extra detector for normalization. Addi-
tionally, it ensures real-time and lightweight requirements
without 3D convolutional operation in network implementa-
tion. It consists of two headers, the scale estimation header,
and the surface prediction header.

To facilitate the following surface prediction, scale es-
timation header is introduced to predict the coarse scale
of the target. The input M; is represented as an Ngo X 3
matrix containing the 3D coordinate (x,y, z) of each point.
Specifically, we leverage PointNet [25] as the backbone for
its permutation invariance and effective global feature ex-
traction. Then, there are two multi-layer perceptrons (MLP)
as output branches. Regression MLP directly gives a vector
(xs,9Ys, 2s) indicating the scales in three axes. To further
improve the scale estimation accuracy, the local feature map

after PointNet is particularly processed through offset MLP
to acquire corresponding offset (Axs, Ays, Azg). Thus, the
target scale s; can be formulated as:

st = maz(xs + Az, ys + Ays, 25 + Azs). 2)

For the training stage, we use Huber loss to supervise
the scale estimations in each axis. Finally, normalization is
applied on input point cloud M; by scaling down s;-fold.

Surface prediction header is responsible for generating the
complete surfaces of the target according to the normalized
M;. We utilize a shared MLP to encode each point in the
normalized M7 into the feature map F'. Then, a PointPillars
Feature Net [26] is performed on F' as the encoder to
aggregate geometric information in different areas with low
computation cost for its pseudo image operation. Moreover,
PointPillars is eligible for this problem since we expect the
network to have the space-aware capability to extend or
complete partial surfaces in different areas. Similar to PCN
[15], a coarse-to-fine decoder is also leveraged to generate
the prediction for global and local geometry learning. The
fine prediction Y};,. and the coarse prediction Y,,qrsc both
contain N¢ points. For the loss function, the permutation in-
variant Chamfer Distance is used to supervise the difference
between the network outputs with its ground truth Y, as
shown:

1 . 1 )
cd(X.Y) = 7 D minlle—vll3+ 17 > minle—yll
zeX Y yey
3)
L= Cd(Ycoarsm Ygt) + Cd(Yfinea }/gt) (4)

Afterwards, M and the inverse normalized Y;,. is concate-
nated into a 2N x 3 matrix as the predicted surfaces Mp.
To determine correct viewpoints sampling space, we adopt
GHPR [27] to process Mp to obtain the internal space Sy,
which is the prohibited space for viewpoints generation.

C. Volumetric Mapping with Prediction

To online evaluate the reconstructed parts of the target,
we refer to [28] to build a volumetric map, which provides
partial observations for SPM. We define the surfaces that
are observed from two or more different viewpoints as the
complete observed surfaces. After the inference of SPM,
volumetric mapping extracts those incomplete observed sur-
faces from the prediction as the target uncovered areas of
the hierarchical planner.

V. HIERARCHICAL PLANNER

With the uncovered surfaces, path planning can be formu-
lated as generating paths to efficiently and completely cover
the uncovered surfaces of the target. To realize this objective,
the proposed planner takes a hierarchical planning paradigm
into two steps, global coverage path planning (Sect.V-A),
quality-driven local path planning for data collection and
trajectory generation (Sect.V-B).
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A. Global Coverage Path Planning

This planning stage is to output an efficient global visit
sequence of the viewpoints to cover the uncovered surfaces,
as illustrated in Fig.4. First of all, a clustering approach
based on Euclidean distance and normal is performed on the
uncovered surfaces to extract N clusters to be visited. Then,
similar to [5], we apply the dual sampling method for the 4-
DoF viewpoints generation, which samples a set of coverage
viewpoints for each cluster in their own fan-shaped cylinder
from its center to normal direction, as shown in Fig.4.
Lastly, we choose the viewpoint with the highest surface

visibility ratio in each cluster as Vo = {v},v2,...,0¢},
where v; = (P, 0;) indicating position and yaw angle. The
surface visibility ratio of a viewpoint is defined as:
N(v)
r(v,s) = , 5
(0.9 = 3 ®)

where v as viewpoint, s as the observed surface, N (v) as
the number of visible points in s that can be seen from v
and N (s) is the quantity of points in s.

To find the shortest path that passes each viewpoint
from the current pose, we formulate this problem as the
Asymmetric Traveling Salesman Problem (ATSP) [29]. The
ATSP can be solved by existing proven algorithms through
designing proper cost matrix Y. Thus, we present the cost
between two viewpoints cg(v;7 vg) considers the path length
and yaw change, as follows:

L(P! P/
(P, g)+

cg(v;,vg):
i ;e (©)
min(||0 — 07|11, 2m — (|6, — 69[]1)
w b

where L(Pg, Pg) means the path length between P; and Pg
searched by A* algorithm in the free space, v,,q, and w are
the maximum velocity and angular change rate of yaw.
Sometimes, there exist several global coverage paths with
similar cost that leads to unstable path optimization results,
which introduces inconsistent flight directions and low effi-
ciency. Accordingly, global consistency should be essentially
taken into account to generate stable solutions. We define
the last global planning direction (a vector from last current

position Pl%! to last NBV P}4!) dl**, and introduce glocal

cur - nbv
consistency cost cgc(v,) by:
last last
dlast _ Pnb'u B Pcu7‘ (7)
g HPlast . PlastH ’
nbv cur |12
Pi _ prow

9 “eur | jlast (8)
||P; 7Pnow||2 g9

cur

cao (U;) = arccos

Then, we can give the complete form of Y with the
viewpoints index set ( = {1,2,..., Ng} as:

0, k==horh=0
TG(]C h): Cg(”gav_g% kvhec (9)
’ [Bicg(vh, vl)+ k==0andh e
62CGC(’U5};)]7

Therefore, through solving the above ATSP with T, we
can find the efficient global coverage path starting from the
current pose to visit the whole uncovered surfaces.

B. Quality-driven Local Path Planning

Global planning mainly focuses on fast and complete
coverage of the target. To further improve the reconstruction
quality, local planning optimizes a segment path from the
current pose to NBV, which fully considers MVS-related
factors, as depicted in Fig.5.

Different from global planning, the cluster covered by
the local segment is further subdivided into smaller clusters
while viewpoints sampling space in local planning is deter-
mined by two neighboring clusters, as shown in Fig.5. Local
viewpoints set is represented as the form of V; = {V P :
{vll’l,vll’Q,...,vll’"},...,VH- : {vl”l,le’Q,...,vf’k,...}}, and
clusters shown as Cr, = {cls1, clsa, ..., cls;, ...}

Many previous studies [9, 30, 31] demonstrated the high-
quality MVS reconstruction thoroughly depending on the
following factors, including visibility S,;s, relative distance
Sais and triangulation angle Sg,4, presented in Eq.10, 11,
12, 13. To optimize MVS performance of a local path, we
decompose the MVS structure into several basic triangulation
units, which is defined as each of two neighboring viewpoints
in the local path with their co-visible cluster surface. Further-
more, the MVS performance of this path can be viewed as
the reconstruction quality @ sum of all triangulation units in
this path. Then, @) of a triangulation unit can be written as:

Q(’Ul,?)z, 5) = Svis . Sdis . Sang; (10)

where the cluster surface s under two viewpoints v; and vs.
Suis 18 the score for the visibility ratio (r € [0, 1]) of two
viewpoints, shown as:
r(vi, s) + r(vy, s)
. (1
2
Let dis; and diss be the distances from two viewpoints
to the surface centroid. We expect Sy;s to be close to 1
which leads to similar resolution in two viewpoints images
for better depth estimation. The formula follows:

Sm's (U17 V2, S) =

min(disy, disa)
i bl ) == B B . 12
Sais (V1,2 5) max(disy, diss) (12)
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Through fully considering MVS-related factors, a reconstruction quality-
driven local path is produced with its corresponding trajectory. (Sect.V-B)
Sang measures the triangulation performance, both accuracy
and matchability. Let € be the angle between vec; and vecs.
€1 is the angle between the normal A of s and vec; while
€3 is the same for vecy. Hence, S,y can be written as:

vecp, = Cs — Up,
€— €1+ E1—E2.9
)]
where C; is the centroid of s, €4 is the desired triangulation
angle and « is a small constant value for numerical stability.

Thus, we can formulate the MVS heuristics cost cpyvs
and total cost ¢; with movement cost as:

1

Q(Ula U2, S),

ci(vi,v2,8) = arepvs(vi, v, §)+H(1—aq)cg(vi, v2). (15)

(13)
Sang(v1,v2,8) = exp(—(

cmvs(vi,v2,8) = (14)

Assuming there are Ny, clusters totally, the number of Vj,
should be Ny + 1 to satisfy the Ny defined triangulation
units. To optimize the quality-driven cost ¢; of the local
path, we formulate it as a graph search problem. Then, the
Dijkstra algorithm is adopted to search for the optimal local
path, Pr, = {vll’il , v?’iQ, ey leLH’ZN”l
proposed cost:

} that minimizes the

Nr
minzcl(vlk’ik,vlkJrl’Zk“,clsk). (16)
k=1
Lastly, through leveraging [32], we convert the local path
‘Pr, to the safe, smooth, dynamically feasible, and minimum-
time B-spline local trajectory considering MVS performance
to realize an effective collection of image-pose pairs.

VI. EXPERIMENTS
A. Implementation Details

To train our SPM, we use a synthetic CAD model set,
Houses3K [33] to create a construction scene dataset contain-
ing partial and complete point clouds. Also, we collect other
types of construction models in Unreal Engine (UE4!). Spe-
cially, we leverage Blender’ to generate partial point clouds

Uhttps://www.unrealengine.com/en-US/
Zhttps://www.blender.org/

TABLE I
PATH PLANNING AND 3D RECONSTRUCTION RESULTS IN TWO

SCENARIOS.

Method Prior Path Time Recall Precision F-score

Model Length (m) (s) (%) (%) (%)

Plan3D [2] X 375.5 507.7 7448  82.57 78.32

§ CAPP [1] v 243.6 3226 69.21 85.86 76.64
E FUEL [6] X 371.1 469.8 40.31  38.38 39.32
Ours X 2131 2527 7467 8645  80.13

§ Plan3D [2] X 239.3 3106 6428 72.86 68.30
£ CAPP [1] v 193.4 2423 8030  84.60 82.40
::0 FUEL [6] X 405.1 506.8 4435 36.46 40.02
S Ours X 153.2 184.6 84.54 83.13 83.83

with 12900 models from different construction categories.
Additionally, we set No = 8192 in the data pre-processing
phase. As for training details, the SPM is trained for 200
epochs on single NVIDIA RTX 3070Ti taking 13 hours.
We choose the Adam [34] optimizer during training with an
initial learning rate of le-4 with a batch size of 16, decaying
to le-5 at 150 epochs.

In hierarchical planning, we set §; = 1.0 and 83 = 5.0
in Eq.9, ¢4 = 22.5° and x = 0.2 in Eq.13, and a; = 0.8 in
Eq.15. In global coverage path planning, the ATSP is solved
through a Lin-Kernighan-Helsgaun heuristic solver [35].

In all experiments, a geometric controller [36] is used for
tracking control of the (z,y, 2, #) trajectory. SPM runs on an
NVIDIA RTX 3070 Ti (GPU Memory-Usage: ~1GB) and
other modules run on an Intel Core i9-10900K CPU.

B. Benchmark Comparisons

We conduct simulation Experiments in a realistic simula-
tor, AirSim in UE4. We benchmark it in two highly textured
scenarios, Palace (15 x 25 x 14m3) and Village House
(14 x 11 x 12m?). The proposed method is compared with
three methods: Plan3D [2] (explore-then-exploit), CAPP [1]
(prior-based) and FUEL [6] (exploration-based). There is no
open source code for Plan3D [2] and CAPP [1], so we use
our implementation. A UAV mounting a forward-looking
camera with FOV [80°,60°] is adopted as the experimental
platform. It captures images with a resolution 1280 x 720
px. In both scenarios, we limit the v,,q, = 0.85m/s and
w = 0.5rad/s. Plan3D [2] firstly executes a pre-defined
flight for the coarse model, and then generates the global
path using our planner. CAPP [1] produces a global coverage
path also by our planner according to input prior model. As
for FUEL [6], it collects image-pose pairs of the target while
exploring the unknown environments containing the target.
The collected data of each method is processed through
COLMAP to obtain reconstructed 3D models.

We evaluate their performance by two metrics, efficiency
(path length and time) and reconstruction quality (F-score).
The average comparison results are listed in Table.I and
Fig.6. Compared with the other methods, we both achieve
much shorter time and path length, primarily since our
planner gives a more efficient global coverage path with the
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TABLE II
COMPUTATION TIME OF EACH MODULE.

Global  Local Traj. Total
SPM
Planning Planning Opt. Comp.
Time (ms) | ~26.8 ~93.5  ~05 ~3.7 ~1247

support of SPM predictions. As for reconstruction quality,
we refer to the evaluation process and metrics in [37]. First,
we perform point cloud alignment between the reconstructed
model and ground truth. Then, two point clouds are uni-
formly resampled with a voxel size of 0.05m, which are
compared by Precision and Recall. Precision is presented
as the percentage of reconstructed points close to a ground
truth point while Recall is defined as the percentage of
ground truth points close to a reconstructed point. We set
the distance between two points is less than 0.1m, which
are close points. Aftprwards, the F-score is formulated as
F — score = 2grreeccilsi20:+xliecfl‘lllll). Fig.6 and Table.I depicts
the reconstruction quality in two scenarios of each recon-
structed model by four methods. Obviously, the proposed
method achieves higher Precision, Recall, and F-score,
mainly because our local planning aims to optimize MVS
performance, and our method real-time replans the paths for
complete details whenever predictions and map are updated.
Although our Precision is slightly lower than CAPP [1] in
Village House scenario, no prior model is required in our
method.

As shown in Table.II, the proposed system can finish plan-
ning once in approximately 100ms, which enables enough
frequency for real-time planning on the onboard computer
of a realistic UAV.

C. SPM Prediction Performance

Compared with the point cloud completion task, the sur-
face prediction in our system is more difficult since no exact

Benchmark comparisons (Reconstructed 3D models and volumetric maps with the executed trajectories) of the proposed method, Plan3D [2],

TABLE III
POINT CLOUD COMPLETION PERFORMANCE COMPARISONS.

Method #Param(M) L1.CD (le-3m) L2.CD (le-4m) F-score (%)
our SPM 28.20 13.6404 / 9.4461 14.7100 / 3.9368 52.6050 / 68.6693
PCN [15] 28.91 15.5221 7/ 10.4897 18.3987 / 4.7431 50.1210 / 65.7207

scale and center are given for normalization. However, under
Chamfer Distance and F-score metrics, our SPM without
prior scale and center still outperforms PCN [15] in the
above task using the generated data (Sect.VI-A) (Left) and
ShapeNet dataset (Right), as listed in Table.Ill. Considering
reconstructed surfaces, PCN [15] produces smoother surfaces
than coarse prediction results generated by SPM.

VII. CONCLUSIONS

In this paper, we propose a prediction-boosted planning
framework for efficient high-quality 3D reconstruction with
an autonomous single trail. The proposed SPM predicts com-
plete surfaces from the partial map to provide global infor-
mation for the path planner. Based on the SPM, a hierarchical
planner sequentially plans motions for 3D reconstruction. It
finds efficient global coverage paths, optimizes reconstruc-
tion quality-driven local paths to improve MVS performance,
and generates smooth corresponding local trajectories. The
method significantly improves reconstruction efficiency and
quality via introducing SPM and considering MVS-related
factors. Challenging benchmark in realistic simulation shows
the competence of PredRecon compared with the existing
classical and state-of-the-art methods.

The limitation of our method is insufficient real-world
tests as well as the limited generalizability and robustness
of SPM. In the future, we plan to further optimize SPM
architecture for better data representation and implement
more challenging real-world tests.
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