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Abstract

This study proposes an integrated method to improve the efficiency and accuracy of large-scale indoor space 3D reconstruction
based on 3D Gaussian Splatting (3DGS) technology. The process consists of three stages: data preprocessing, object removal,
and point cloud merging. First, HyperIQA and ResNet50 models are used to effectively remove low-quality or duplicate images
from the dataset, thereby constructing a dataset optimized for 3DGS. Second, Grounded-SAM?2 and ProPainter are combined to
detect and remove unnecessary objects present in the scene, ensuring visual consistency through inpainting. Finally, to merge
the spaces (PLY files) reconstructed in multiple parts, initial alignment is performed using CloudCompare, and the final merging
is completed by applying precise transformation matrices with the GaussReg algorithm. This two-step registration approach
maintains structural consistency even in spaces with complex shapes and few feature points. This study enhances the practical
applicability of 3DGS technology by integrating processes from image preprocessing to object removal and precise registration,
and is significant in that it lays the foundation for efficient indoor space data construction in the fields of digital twins and the

metaverse.
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Figure 1: Overall research pipeline
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Figure 2: Image filtering pipeline
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Figure 3: Comparison of two data preprocessing pipelines used in Experiment. (a) performs image filtering first, while (b) applies object

removal first.
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Table 4: Image Filtering Results(HyperIQA + ResNet50)

Similarity(S) Location HyperIQA(H) Filtered Images Metric Time()/;) 3DGS Time(GS;) Total Time(7) Notes
1F - 439 - 69 69 GT
2F - 905 - 102 102 GT
0.991 IF 60, 213 3 11 14
504 358 2 20 22
2F 60, 665 8 79 87
504 843 8 107 115
0.957 IF 60, 61 1 31 32
504 88 1 9 10
2F 60, 295 4 35 39
504 351 5 37 42
0.907 IF 604 33 1 Tracking Failed - -
501 43 1 10 11
2F 60J 125 3 Tracking Failed - -
504 165 3 22 25
4. /é od ‘;'_l 7251'7,]- Table 5: Dataset quality Evaluation
Method 1F 2F
4.1 dloJ¥ (S,H) | PSNR SSIM LPIPS | PSNR SSIM  LPIPS
0.99,60 | 14.17 0.7790 05663 | 12.62 0.8602 0.3811
:ij 4z I:VIDIA RT)E_4093}GPU’ Ub‘;muiz_;m fﬁ NI 0050 | 1390 07771 o0ssas | 1316 08525 03528
a2 Ao, dofs= teral Wl A2 1534 255 ofelE 095,60 | 14.10 07764 0.5961 | 12.47 0.8549 0.3748
14Proc} Insta360 ONE RS Zpe| etz goto] a7he] HlOTBAE o5 50 | 1440 07860 05587 | 1116 08237 04281
TSt 0.90,50 | 1435 0.7832 0.5833 | 1339 0.8784 0.3559
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Figure 5: Result images after filtering_1F

HpyerlQA 60 / Smilarity 0.99 HpyerlQA 60 / Smilarity 095 HpyerlQA 50 / Smilarity 0.99 HpyerlQA 50/ Smilarity 0.95 HpyerlQA 50 Smilarity 0.90

(RS G WE
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Table 6: Calculation results of the combined indicator (C),eq)

Method 1F 2F
(S, H) Equal Weighting | Quality Priority | Efficiency Priority | Equal Weighting | Quality Priority | Efficiency Priority
0.99, 60 -0.1876 0.0752 -0.3191 -0.2959 0.0856 -0.4866
0.99, 50 -0.5625 -0.3375 -0.6750 -0.3937 0.0914 -0.6362
0.95, 60 -0.3870 -0.2284 -0.4663 -0.0195 0.2405 -0.1495
0.95, 50 0.1472 0.4883 -0.0233 -0.2605 -0.1563 -0.3126
0.90, 50 0.0455 0.2674 -0.0655 0.1956 0.5174 0.0348
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Table 7: Definition of weight scenarios for calculating the com-
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(b) Object removal pipeline after image filtering
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Table 8: Inpainting time comparison

Time per Time
Key Time Frame .
Data . Frame Reduction
(min) Count .
(min/frame) (%)
(0] 175.7 302 0.58 -
F 40.9 259 0.16 76.69
(0] 230.8 302 0.76 -
F 50.9 259 0.20 77.92

Table 9: Inpainted Image Quality Evaluation

719 = PSNR1 SSIM1T LPIPS |
Bench(Original) 48.97 0.9957 0.0073
Bench(Filtered) 51.26 0.9981 0.0033
Tree(Original) 48.27 0.9871 0.0190
Tree(Filtered) 48.77 0.9914 0.0129
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Table 10: Image filtering results (HyperIQA + ResNet50)

. Detail Object Background .
Image Pair Conclusion
Preservation Detection  Consistency

. . Partially i The original dataset showed superiority in close-range object removal,

Pair 1 Insufficient Inconsistent
Successful but both datasets lacked detail preservation.

. . Both datasets failed to detect objects, and the tree region was not

Pair 2 - Failure -
clearly recognized.

. . Partially The filtered dataset showed better performance in background

Pair 3 Inconsistent  Successful

Successful reconstruction, but still failed to produce a perfect result.
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(b) Pointcloud using hybrid registration approaches

Figure 12: Comparison with GaussReg & hybrid registration ap-
proach

Table 12: Quantitative evaluation results of hybrid registration

Evaluation Combined
GaussReg
Metric Method
RMSE 2.577 2.306
Time 7min 12min
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