JPNT 15(1), 45-53 (2026) Journal of Positioning,
https://doi.org/10.11003/JPNT.2026.15.1.45 ] P N T Navigation, and Timing

23 o1X| 21pe|E Sim-to-Real S
e 7

0|83l HRrU, HEE'

mjo
do
ro
oM
oN
ok
uz
r
]
>
T
Hl
re
|m

Augmented Reality LiDAR Point Cloud Fusion for Sim-to-Real
Validation of Autonomous Driving Perception
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Autonomous Navigation Lab., Department of Electrical and Computer Engineering, Inha University, Incheon 22212, Korea

ABSTRACT

While perception in autonomous driving enables the detection of surrounding objects, such as pedestrians, vehicles, and
road infrastructure, inaccuracies in perception algorithms may lead to critical situations, such as critical safety risks. Extensive
validation across diverse object classes, repetitive experiments, and rigorous edge-case testing is thus required. Although
driving simulators provide scalable and cost-effective testing environments, they are limited in accurately reproducing
real vehicle dynamics and are therefore mainly used in the early development stages. This study proposes an augmented-
reality LiDAR point cloud system for sim-to-real validation that integrates the advantages of real-world and simulation-
based testing. Virtual LiDAR point clouds generated from simulator environments are fused with real-world LiDAR data,
enabling the injection of virtual objects into real driving scenarios while preserving real vehicle dynamics and geometry.
The implementation includes analysis and integration of point cloud density in both domains for realistic fusion, occlusion
modeling of virtual LiDAR point clouds as observed in real environments, and a parallel processing algorithm for real-time
data handling. The proposed approach can safely and accurately evaluate perception algorithms by allowing the injection
of virtual objects into real-world scenarios, thereby ensuring that vehicle dynamics and geometry are faithfully represented.
Furthermore, this method addresses the data-hungry nature of recent Al-based autonomous driving models by leveraging the
scalability of simulator-based data augmentation.
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1. INTRODUCTION 2017), @& (Imai 2019) 5 BFet =71, 713, FAell M & A&
Fe A 2 Foltt. A5 Ao Bl met AlaLs
AEFR 71E wdo] wet S oHos o Akead 2t ERF FASH As st Utk AR Aol glel 551 )1A] AlA
ol el Hasa ok sujoflx t AR AR 57 A dof EAle AgAolnt. A A|AR 2 2pFe] = oL &
oA 2he-F-3Y ThEE Aol 23 Folm (Lee 2020), Xl—%—zrﬁ“ e Ao s FENL Ao R A Holglom, g o] 2-&
A £ ol Gt (Park et al, 2023). 9] 9] Aol F AALE O] BESHE BE 79k AH T AlAwle] glof 7}
= waymo (Sun et al. 2020), o}a}E (Lee 2022), 5=+ (Yu et al. ZF A GA o] BEO|EZE (Tang et al. 2018), YIafX o2 o2 &
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2. METHODOLOGY

2.1 Mixed-Reality in LIDAR Point Cloud Augmented
Reality
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Fig. 1. Overall system architecture of the proposed Sim-to-Real AR LiDAR framework. Virtual objects are generated in the simulator and injected at the LiDAR
sensor level into the real vehicle perception pipeline, while real vehicle dynamics, sensor geometry, and real-time processing are preserved.
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2.2 LiDAR Point Cloud Augmented Reality System
Data Packet
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Fig. 2. Sim-to-Real AR point cloud integration, where simulator-generated object point clouds (blue) are injected into real-vehicle LIDAR measurements (green)

after GNSS/INS-based pose synchronization.
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2.3 CUDA Parallel Processing for Sim2Real LiDAR
Augment-Reality
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2.4 Real-time Occlusion Culling via LiDAR Depth-
Buffer
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3. EXPERIMENT

3.1 CUDA Point Cloud Parallel Processing Ability
Experiment
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Table 1. Experiment setting.

Category Contents
GPU NVIDIA RTX 4080 SUPER
CPU 12" Gen Intel(R) Core i7-12700KF
0s Windows 11
Programming language Python

Deep-learning framework TensorFlow 2.13.0
GPU accelerate environment CUDA 11.8, cuDNN 8.6
Simulation environment MORAI simulator

Fig. 3. Performance comparison of GPU-CUDA parallel processing and
CPU-Numba processing for AR point clouds, demonstrating faster frame
processing on GPU as object number increases.
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3.2 Augmented Point Cloud Object Clustering
Experiment
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Fig. 4. Visualization of DBSCAN clustering on AR point clouds. The AR object is successfully clustered as a single entity, clearly separated from noise, with point

distributions closely following the object contours, resembling real LiDAR clusters.

Fig. 5. Temporal evolution of 3D loU over the first 200 frames. Both scenarios are evaluated over the same frame range to ensure a fair comparison.
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3.3 Augmented Point Cloud Object Long-Range
Fidelity Experiment
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3.4 Augmented Point Cloud Object Latency
Experiment
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Fig. 6. Long-range fidelity, Density Uniformity (DU) evaluation of AR point clouds. The system maintains object shape stability beyond 10 m up to 110 m,

showing consistent clustering despite distance and viewing angle variations.

Fig. 7. Within-Cluster Variance (WCV) analysis for long-range AR point clouds. WCV remains low and stable beyond 50 m, demonstrating effective point
density retention through 128-channel high-resolution virtual LIDAR and CUDA-based occlusion optimization.

Fig. 8. Frame processing time versus object distance. Processing time remains stable between 0.022 s and 0.032 s, corresponding to real-time performance of
~30 Hz, enabled by parallel CUDA processing and optimized point cloud occlusion algorithms.
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