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Abstract: 3D scene reconstruction is a critical research topic in autonomous driving, robotics,
and related fields, with extensive applications in navigation mapping, environmental interaction,
and virtual/augmented reality tasks. Current deep learning-based reconstruction methods can be
primarily categorized into five groups from the perspectives of scene representation and core
modeling techniques: cost volume-based depth estimation methods, truncated signed distance
function (TSDF)-based voxel approaches, transformer architecture-based large-scale

feedforward methods, multilayer perceptron (MLP)-based neural radiance fields (NeRF), and
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3D Gaussian Splatting (3DGS). Each category exhibits unique strengths and limitations. The
emerging 3DGS method distinguishes itself by explicitly representing scenes through Gaussian
functions while achieving rapid scene rendering and novel view synthesis via efficient
rasterization operations. Its most significant advantage lies in diverging from NeRF's
MLP-based scene representation paradigm - 3DGS ensures both efficient rendering and
interpretable editable scene modeling, thereby paving the way for accurate 3D scene
reconstruction. However, 3DGS still faces numerous challenges in practical scene
reconstruction applications. Based on this analysis, this paper first provides a concise
introduction to 3DGS fundamentals and conducts comparative analysis with the aforementioned
four categories. Following a systematic survey of existing 3DGS reconstruction algorithms, we
summarize the key challenges addressed by these methods and review current research progress
on core technical difficulties through representative case studies. Finally, we prospect potential
future research directions worthy of exploration.
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Figure 1 Development timeline of NeRF and 3DGS reconstruction methods
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Figure 2 The workflow diagram of 3DGS
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Table 2 Comparison of Storage Compression Performance of Multiple Reconstruction Algorithms on
Three Datasets
Tanks and Temples Mip-NeRF 360 Deep Blending
PSNR1|SSIM1|LPIPS|| Size| |PSNR?1|SSIM1t|LPIPS|| Size| |PSNR?1|SSIM¢t|LPIPS}| Size|
Niedermayr et al. [41] | 23.58 | 0.851 | 0.191 |17.65M| 27.12 | 0.801 | 0.232 |28.61M| 29.45 | 0.912 | 0.254 |23.87TM
Lee et al. [43] 23.32 [ 0.831 | 0.201 [39.43M| 27.08 | 0.798 | 0.247 |48.80M| 29.79 | 0.901 | 0.258 |43.21M

LightGaussian [13] | 22.83 | 0.822 | 0.242 |22.43M| 27.00 | 0.799 | 0.249 [44.54M| 27.01 | 0.872 | 0.308 |33.94M
Scaffold-GS [45] 23.96 | 0.853 | 0.177 |86.50M| 27.50 | 0.806 | 0.252 |253.9M| 30.21 | 0.906 | 0.254 |66.00M

Jrik:

HAC [46] 24.04 | 0.846 | 0.187 | 8.10M | 27.53 | 0.807 | 0.238 |15.26M| 29.98 | 0.902 | 0.269 | 4.35M
HAC (highrate) 2440 |1 0.852 | 0.176 (11.80M| 27.77 | 0.811 | 0.230 | 22.9M | 30.34 | 0.906 | 0.258 | 6.70M
HAC++ [50] 24,22 10.849 | 0.190 | 5.18M | 27.60 | 0.803 | 0.253 | 8.34M | 30.16 | 0.907 | 0.266 |2.91M

HAC++ (highrate) | 24.32 | 0.854 | 0.178 | 8.63M | 27.82 | 0.811 | 0.231 |18.48M| 30.34 | 0.911 | 0.254 | 5.28M
Morgenstern et al. [49]| 22.78 | 0.817 | 0.211 [13.05M| 26.01 | 0.772 | 0.259 (23.90M| 28.92 | 0.891 | 0.276 | 8.40M

3DGS [4] 23.69 | 0.844 | 0.179 |431.0M| 27.49 | 0.813 | 0.222 |744.7M| 29.42 | 0.899 | 0.247 |663.9M
3DGS-30K 23.14 1 0.841 | 0.183 |411.0M| 27.21 | 0.815 | 0.214 |734.0M| 29.41 | 0.903 | 0.243 |676.0M
IGS [51] 23.70 | 0.836 | 0.227 | 8.90M | 27.34 | 0.811 | 0.255 |13.40M| 30.63 | 0.904 | 0.293 | 6.60M
IGS (high) 24.05 | 0.849 | 0.211 |13.10M| 27.62 | 0.820 | 0.245 |27.00M| 32.33 | 0.924 | 0.253 | 8.10M
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Figure 3 Basic Flowchart of Virtual World Reconstruction
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Table 4 Comparison of Accuracy and Efficiency of Multiple Reconstruction Algorithms on Two Datasets

Waymo Dataset KITTI Dataset
WIRES HEAREE BB BORG E FPSt AR TR G BORE FE FPSt
PSNR1|SSIM1|LPIPS | PSNR 1[SSIM1|LPIPS PSNR1|SSIM1|LPIPS |[PSNR1[SSIM1|LPIPS |

3DGS[4] 27.99 | 0.866 | 0.293 | 25.08 | 0.822 | 0.319 | 63 | 21.02 | 0.811 | 0.202 | 19.54 | 0.776 | 0.224 | 125
PVG[74] 32.46 | 0.910| 0.229 | 28.11 | 0.849 | 0.279 | 50 | 32.83 | 0.937 | 0.070 | 27.43 | 0.896 | 0.114 | 59
SplatFlow[73] | 33.64 [ 0.951 | 0.198 | 28.71 | 0.874 | 0.239 | 40 | 33.37 [0.943 | 0.057 | 28.32 | 0.932 | 0.089 | 44
SUDS[81] |28.83|0.805| 0.317 | 25.36 |0.783| 0.384 (0.008| 28.83 | 0.917 | 0.147 | 26.07 |0.797 | 0.131 (0.29
DeSiRe-GS[70]| 33.61 |0.919 | 0.204 | 29.75 [0.878 | 0.213 | 36 | 33.94 [0.949| 0.04 | 28.87 (0.901 | 0.106 | 41

OmniRe[82] | 34.25 | 0.954 - 32.57 | 0.942
DeformGS[83] | 28.40 | 0.929 - 27.72 |1 0.922
StreetGS[6] | 29.08 | 0.936 - 28.54 |1 0.928
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