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Multi-threaded GPU-accelerated LiDAR-IMU Localization and
Mapping Framework for High-speed Autonomous Driving
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Abstract: High-speed autonomous driving requires a localization framework that is both computationally efficient and robust against
sensor degradation and global navigation satellite system (GNSS) denied conditions. This paper presents a multi-threaded graphics
processing unit (GPU)-accelerated light detection and ranging (LiDAR) — inertial measurement unit (IMU) localization and mapping
framework designed to achieve real-time, high-precision performance under high-speed driving. The proposed system integrates
adaptive sliding-window mapping, GPU-accelerated voxelized generalized iterative closest point (VGICP) scan matching, and a score-
adaptive extended Kalman filter (EKF) to ensure reliable pose estimation at a 20 Hz LiDAR input and 100 Hz EKF update rates. In the
mapping stage, a geo-referenced LIDAR map is generated using a GPU-based scan context pose graph optimization (SC-PGO) pipeline
to provide global consistency. The multi-threaded architecture (Worker—Buffer—Callback) enables the parallel execution of LiDAR
scan matching, map extraction, and EKF prediction—update cycles, significantly reducing latency compared to conventional single-
threaded pipelines. Real-world experiments using the Dallara AV-24 platform at the Laguna Seca Raceway demonstrate that the
proposed framework achieves robust localization even in GNSS-denied regions such as tunnels and bridge-covered segments.

Keywords: LiDAR-IMU fusion, scan matching, score-adaptive EKF, multi-threaded localization framework, high-speed autonomous
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Fig. 1. Laguna Seca (Left), Team KAIST AV-24 vehicle (Right).
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Table 1. AV-24 vehicle specifications.
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a9 2. 2 A7 LIDAR A% (F), EY AR (r)
Fig. 2. Laguna Seca LiDAR Map (Left), track formation (Right).
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Table 2. Scenario information for the experiment.
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18 30 AUl e A i (), LIDAR A% (3.

Fig. 3. Scenario A. Bridge (Top), LIDAR Map (Bottom).

718 4. AU B, 3% (), LIDAR A% (3h).

Fig. 4. Scenario B. Bridge (Top), LIDAR Map (Bottom).

¥ 5 AU C wFF (), LIDAR A% (3.
Fig. 5. ScenarioC. Bridge (Top), LIDAR Map (Bottom).
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Table 3. Euclidean distance error of each algorithm. Note that GNSS
odometry is evaluated in bridge-induced GNSS-denied
segments where RTK-fix is lost and the receiver loses all its
satellite signals.

A Euclidean Distance Error [m]
verage
Scenario Speed
[kph] GNSS
N 1A Novatel B
ovatel ovatel EKF Ours

A 79.2 35.060 8.998 0300 0.501

B 79.8 59.268 2.810 0372 0495

C 78.8 73.669 5.081 1.149 0.566
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Ours. -

25 30 35

a7 2. AUl AL 91X B HAR] RMS (), 91X o)
H|3L (3.

Fig. 2. Scenario A. RMS of position standard deviations (Top),
position error comparison (Bottom).
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Fig. 3. Scenario B. RMS of position standard deviations (Top),
position error comparison (Bottom).
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Fig. 4. Scenario C. RMS of position standard deviations (Top),
position error comparison (Bottom).
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method maintains stable.
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Table 4. Position error and fitness score of fixed and adaptive method.

Position Position Fitness Fitness
Error [m] Error [m] Score Score

(Fixed) (Adaptive) (Fixed) (Adaptive)
A 0.9251 0.5007 1.3842 0.8848
B 1.9146 04953 1.5502 1.0263
C 0.5581 0.5659 2.3864 2.1008
Avg. 1.1326 0.5207 1.7736 1.3373

—— Adaptive
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Fig. 7. Graph of position error.
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Table 5. 1CP mode for generating LIDAR map.
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