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Abstract

This paper presents an integrated framework that utilizes GPU for visual Simultaneous Localization and Mapping (VSLAM) with
Geometry-based Point Cloud Compression (GPCC) using multi-threading for efficient 3D mapping and compression on low-power
embedded platforms. The system is implemented on an NVIDIA Jetson Nano, processing data from an RGB-D camera. The
vSLAM pipeline leverages GPU acceleration to reduce odometry estimation latency by 45% and up to 49% compared to a
CPU-only method. Crucially, this speedup is achieved with little to no loss of mapping quality, as quantitatively verified by ICP
analysis (0.0237m RMSE). For compression, CPU multi-threading is applied to the GPCC encoder, achieving an average encoding
time reduction of 43% on standard datasets. Furthermore, a power analysis confirms the system's suitability for embedded use.
While the instantaneous power (W) increases, the significant reduction in processing time leads to greater overall power (Joule)
efficiency. This work demonstrates that real-time, high-quality 3D mapping and standard-compliant compression are simultaneously
achievable on resource-constrained mobile devices.

Keyword : Point cloud compression, SLAM, Low-power platform, ROS, 3D reconstruction
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VisualSLAM

— GPU Utilization

(Feature Extraction)

RGB-D Stream

Mapped PLY

GPCC Encoder

Multi-CPU Thread
(Parallel Encoding)

Encoded PLY

T2l 1, MF| YIEZP. RGB-D AEZS GPU 714 VSLAMSZ 2|6 PLY WS AASLD, 0|2 GPCC HE| AH=2 AF5iCt
Fig. 1. Overall workflow. RGB-D stream is processed by GPU-accelerated vSLAM to create a PLY map, which is then compressed via

multi-threaded GPCC.
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Jetson Nano in Unmanned Ground Vehicle

Visual SLAM G-PCC Encoder
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Fig. 2. Proposed methodology’s full pipeline. The vSLAM Front-end is GPU-accelerated, while the Middle/Back-end runs on the
CPU. The GPCC encoder uses a 4-worker CPU thread pool for parallel compression of the 3D map.
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Nvidia Jetson Nano
Quad-core ARM®
CPU Cortex®-A57 CPU
@1.5GHz
RAM 4 GB + 4 GB (swap)
128-core Maxwell™
GPU @921MHz
Power 5V 4A (up to 10W)

Intel RealSense L515

RGB res. 1920x1080@30fps

RGB FOV (Hx V) 69° x 42°

Rolling shutter *
1024x768@30fps
70° x 55°

RGB sensor type

Depth res.
Depth FOV

Depth sensor type Global shutter

T2l 3, Clst 22E U 2 Algof| 2R3t 28, Me 3142 Intel RealSense L515 AIA{2t NVIDIA Jetson NanoZ TAIE|04, AA|Zt

0 Hs Lot ARSE[9dCt

Fig. 3. Various robots including the robot used int this experiment. The setup consists of an Intel RealSense L515 sensor and
an NVIDIA Jetson Nano, used to evaluate real-time mapping performance.
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Fig. 4. Comparison of average odometry estimation time by mapping Sequence. (a) Straight-line sequence. The Baseline's performance
increases up to 187ms, while the Proposed method remains under 96ms. (b) Turning sequence. The Baseline averaged 222.14ms,

while the Proposed method averaged 128.05ms.
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Table 1. Encoding time comparison on the JPEG Pleno 8iVFB v2 dataset®!. The Proposed method reduces encoding time
by an average of 43% compared to Baseline while maintaining the same result.

Dataset Encoding time (Baseline)(s) Encoding time (Proposed)(s)( | )
'(silfézr‘éc;xl) (;T:tzi)ﬂ.ply 6.402 3.352 (47.65%)
I((;:%(’izrgzs;)\;(i);l())_1137-ply 5182 3.149 (39.24%)
I(tha\‘/‘%):(;z:;i?-ply 4596 2.641 (42.55%)
redandblack_vox10_1609.ply 4.639 2.658 (42.7%)
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Fig. 7. Geometry compression performance and complexity. (a) ZS/VR and Encoding time by QP. Encoding time more than doubles
from 6.4s (QP 20) to 13.08s (QP 0). (b) RD performance. The graph shows a non-monotonic trend after QP 15 due to increased
Octree overhead bits.
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Fig. 9. Visual comparison of reconstruced bitstream under different QP values for attribute encoding. As QP increases, file size
decreases, but quality degradation appears in fine colors and structures.
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