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[Abstract]

The recent rapid advancements in autonomous driving technology face significant challenges in safely evaluating dangerous
situations that cannot be evaluated in real-world environments. Although virtual simulation technology has been introduced to
evaluate dangerous scenarios, current simulated driving environments are manually reconstructed using CAD programs, resulting in
limitations in reproducibility and realism. To solve these problems, this paper proposes Real-3DGS, a realistic scale environmental
modeling method based on 3D Gaussian splatting using sensor fusion. To address the limitations of the naive 3DGS, which has
high realism but lacks accuracy in distance measurements because it employs images, the proposed Real-3DGS generates initial
Gaussians from LiDAR point clouds augmented with color information from images. Additionally, initial camera poses are aligned
based on pose information estimated by LiDAR-based SLAM, and the distance information obtained from LiDAR is incorporated
into the loss function to enhance the accuracy of regenerated distances. Experimental results show that the proposed method
outperforms the naive 3DGS in image quality and depth performance.
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Algorithm 1: Model Aligner
Input : SfM Pose Data: D,
LiDAR SLAM Pose Data: Dgq;
Number of Iterations: iterations
Output: Best Model: Mpes:
1
2 Mpest 0
3 best_inlier _count < 0
4
s for i - 1 to iterations do

6 z  random_sample(Dgrc, 1)
7 y < random sample(Dgysy, 1)
8 M < umeyama model(z, y)
9 inliers < cal_inlier(M, z, y)
10 inlier_count < len(inliers)
11
12 if inlier_count > best_inlier_count then
13 best_inlier_count < inlier_count
14 Mypest — M

15
16 return best_model

T8 2. Model Aligner #E=3ZE
Fig. 2. Model Aligner pseudocode
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Fig. 3. Color image rendering results
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Table 1. Quantitative evaluation of image restoration
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Table 2. Quantitative evaluation of depth rendering
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Fig. 4. Depth image rendering results
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