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