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Designing a Reinforcement Learning-Based 3D Object
Reconstruction Data Acquisition Simulation

Young-Hoon Jin
Professor, Division of Advanced IT, BaekSeok University
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Abstract The technology of 3D reconstruction, primarily relying on point cloud data, is essential for
digitizing objects or spaces. This paper aims to utilize reinforcement learning to achieve the acquisition
of point clouds in a given environment. To accomplish this, a simulation environment is constructed
using Unity, and reinforcement learning is implemented using the Unity package known as ML-Agents.
The process of point cloud acquisition involves initially setting a goal and calculating a traversable path
around the goal. The traversal path is segmented at regular intervals, with rewards assigned at each
step. To prevent the agent from deviating from the path, rewards are increased. Additionally, rewards
are granted each time the agent fixates on the goal during traversal, facilitating the learning of optimal
points for point cloud acquisition at each traversal step. Experimental results demonstrate that despite
the variability in traversal paths, the approach enables the acquisition of relatively accurate point

clouds.
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{Table 1) 3D Reconstruction Process

Process Content

Measuring and collecting data of real-world

Data Collection )
objects or scenes

Point Cloud
Generation

Processing the information obtained during the
data collection phase

Data Refinement Refining and filtering noise, outliers, and

and Filtering empty spaces

Point Cloud Integrating data acquired from various
Registration perspectives

Point Cloud Extracting surfaces, mapping textures, and
Processing adjusting color and lighting conditions

3D Model Processing the data to create a polygon mesh
Generation model

3D Model

Post-Processing Adding texture, color, and lighting information
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[Fig. 1] The Operation of ML-Agents[15]
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[Fig. 2] Virtual environment and object traversal path
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[16,17].

[Fig. 3] The Object Reconstruction Process Using SfM
Algorithm[16]
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[Fig. 4] Reconstruction Procedure Through SfM
Feature Correspondences[17]

{Table 2) Reconstruction Procedure Using
Reinforcement Learning in 3D

Process Content

Objective Verification Target Detection Using Raycasting

Traversal Path Calculation of a 360-Degree Traversable
Confirmation Path

Acquisition of Point Set Acquisition of Point Cloud

Construction of Rewards for Traversal/Data
Acquisition

Reward System
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[Fig. 5] Traversal Path Computation
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[Fig. 6] Reinforcement Learning Reward System and
Coordinate System Configuration
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4. Mg

ANEF oIS Hgt AlIAEL Core(TM) i9-12900K
3.19 GHz®} 32GB |&g], ML-Agents 0.30, PyTorch
2.0 9 Cuda 117 ¥ AM&3ITE A¥L2 (Table 3)
9] 9A} F=(pseudo-code)E W} AHETH PPO

(Proximal Policy Optimization) ¥1L2&S ARS3HY.

{Table 3) ML-Agents pseudo code

—
agent forward : Afw,
Init agent to target : Vtg

agent : A, step position : D
distance between A and D : D

1 360° loop ray each 1°

—_— —

2 observation {A4,, . V;g . D, Afw * V;g

w

}

if distance B, A ( 0 then reward, stept+
if distance @, A ( @ and Ay, * V) 7 then reward

4 repeat 2~ 3 lines

ok 89t H Ale & [Fig. 719 F4 EX{(Cumulative
Reward), o|g4XE Zo](Episode Length), <4
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Cumulative Reward
tag: Envitonment/Cumulative Reward

Episode Length
tag: Environment/Episode Length
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Value Loss
tag: Losses/Value Loss

Policy Loss
tag: Losses/Poliey Loss

0012
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[Fig. 7] Results Reinforcement Learning
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[Fig. 9] Point Cloud Acquisition Results

5. 22

2 =0l Aljtshe Aeteks 7R ZRJIE SEReE
FE2 [Fig. 99} o] 7FsoZ EAiH vF o5 F=
oF Flo] WAL A7} 7PHA Y= EstaL Altsl=
Yo s shgshd vl Aot Hloly 0] 7kt

th 3 BOlE SeH9o UEg kolx, Wt 54



16 AEQEUgEE=EX H9H H6S, 2023

Qo] H5FEE S aste] wiel 759 o
YAiele AT ST ool

(1]

(2]

(3]

4]

(5]

(6]

(71

8]

9]

[10]

(11]

(12]

REFERENCES

To, Alex, et al. "Drone-based Al and 3D reconstruction
for digital twin augmentation." International
Conference on Human-Computer Interaction. Cham:
Springer International Publishing, pp.511-529, 2021.

Navarro, Francisco, et al. "Integrating 3D reconstruction
and virtual reality: A new approach for immersive
teleoperation." ROBOT 2017: Third Iberian Robotics
Conference: Springer International Publishing, Vol.2,
pp.606-616, 2018.

Ham, Hanry, Julian Wesley, and Hendra Hendra.
"Computer vision based 3D reconstruction: A review."
International Journal of Electrical and Computer
Engineering Vol.9, No.4, pp.2394-2402, 2019.

Han, Xian-Feng, Hamid Laga, and Mohammed
Bennamoun. "Image-based 3D object reconstruction:
State-of-the-art and trends in the deep learning era."
IEEE transactions on pattern analysis and machine
intelligence Vol.43, No.5, pp.1578-1604, 2019.

Guo, Yulan, et al. "Deep learning for 3d point clouds:
A survey." IEEE transactions on pattern analysis and
machine intelligence Vol.43, No.12, pp.4338-4364,
2020.

Samavati, Taha, and Mohsen Soryani. "Deep
learning-based 3D reconstruction: A survey." Artificial
Intelligence Review pp.1-45, 2023.

Gu, Shixiang, et al. "Deep reinforcement learning for
robotic manipulation with asynchronous off-policy
updates." 2017 IEEE international conference on
robotics and automation (ICRA). IEEE, pp.3389-3396,
2017.

Lillicrap, Timothy P., et al. "Continuous control with
deep reinforcement learning." arXiv preprint
arXiv:1509.02971, 2015.

Mirowski, Piotr, et al. "Learning to navigate in complex
environments." arXiv preprint arXiv:1611.03673, 2016.

Tatarchenko, Maxim, et al. "What do single-view 3d
reconstruction networks learn?." Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition. pp.3405-3414, 2019.

Riou, Kevin, Kevin Subrin, and Patrick Le Callet.
"Reinforcement Learning Based Point-Cloud Acquisition
and Recognition Using Exploration-Classification
Reward Combination." 2022 IEEE International
Conference on Multimedia and Expo (ICME). IEEE,
pp.1-6, 2022.

Ali, Waleed, et al. "Yolo3d: End-to-end real-time 3d
oriented object bounding box detection from lidar

point cloud." Proceedings of the European conference
on computer vision (ECCV) workshops. pp.716-728,
2018.

[13] Placed, Julio A., and José A. Castellanos. "A deep
reinforcement learning approach for active SLAM."
Applied Sciences Vol.10, No.23, p.8386, 2020.

[14] Swazinna, Phillip, et al. "Comparing model-free and
model-based algorithms for offline reinforcement
learning."  IFAC-PapersOnLine  Vol.55,  No.15,
pp.19-26, 2022.

[15] The Operation of ML-Agents Graphics [Internet],
https://unity-technologies.github.io/ml-agents/ML-Ag
ents-Overview/.

[16] Bianco, Simone, Gianluigi Ciocca, and Davide Marelli.
"Evaluating the performance of structure from motion
pipelines." Journal of Imaging Vol.4, No.8, p.98, 2018.

[17] Jin, Young-Hoon, Kwang-Woo Ko, and Won-Hyung
Lee. "An indoor location-based positioning system
using stereo vision with the drone camera." Mobile
Information Systems, Vol.2018, 2018.

¥ Z(Young—Hoon Jin) [EAE¢]
= 20194 8€ : FUstw
(@4FstErAp

20219 3 ~ FA : Bt
HHT 2o

Al Eop)

XR, RL, IoT, Network, Reverse Engineering



