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Abstract : Accurate perception is critical for unmanned ground systems in unstructured outdoor environments. LiDAR

sensors utilize laser beams to generate point-based 3D spatial information. However, they are vulnerable to external impact.

Conversely, camera sensors, known for their affordability and durability, require indirect methods, such as stereo vision and

deep learning, to generate spatial information. Creating datasets for deep learning in outdoor environments is challenging due
to the absence of specialized data acquisition platforms and the time-consuming and costly process of generating manual
annotations. To address these issues, this study proposes an outdoor data acquisition platform and a LiDAR-based technique
to generate depth estimation datasets. The platform was employed to construct real outdoor datasets, and to conduct a
qualitative evaluation of the constructed dataset. The dataset was then used to train and evaluate a depth-estimation network,
validating the method's effectiveness. In conclusion, this study offers a comprehensive solution to acquire data in

unstructured outdoor environments.

Key words : Unstructured outdoor environment(®F<] $+7), Image depth estimation(%d /- Z1 ©] 5=4), Dataset construction
platform( & o] B Al -5 &%), Deep learning(d £1d), Dataset( | ©] B All)
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Table 1 Computing unit, LIDAR, camera sensor specification

Model Neousys Nuvo-7501
SRy ( 4122111(15 IZS%Z%EP\
Memory 2x DDR4 16GB
e, 2x GbE, 4x USB3.0
4x COM ports
Storage 2.5”SSD 1TB
Power 12V 160W DC
Environmental MIL-STD-810G
(a) computing unit
Model Ouster OS1-128 Rev.7
Vertical FOV -22.5° ~22.5°
Vertical Resolution 0.351°
Horizontal FOV 360°
Horizontal Resolution 512, 1024, 2048
# of Layers 128
Framerate 10 or 20 Hz
(b) scanning LiDAR
Model CanLab CLCC-G-01C
Sensor Type CMOS
Horizontal FOV 98°
Resolution 1920 x 1080
Frame Rate 30hz
Dynamic range 120dB

(c) camera
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Table 2 Depth estimation quantitative result

ot | duer | Soed | RusEl
Kitti Kitti 8.30 17.03

Proposed Kitti 27.34 18.08

Proposed Proposed 33.44 1.86
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