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Abstract

This paper analyzes the impact of multiview video compression using MV-HEVC (Multiview High Efficiency Video Coding) on
the performance of deep learning-based novel view synthesis models. To achieve this, a single dataset captured for one scene was
used, where 21 viewpoints were grouped into sets of three, and encoding and decoding were performed with various compression
levels (QP values) using MV-HEVC. The decoded data was then utilized to train a 4D Gaussian Splatting model for generating novel
view images. Experimental results showed that as the QP value increased, the PSNR tended to decrease. However, the quality of the
synthesized novel view images generated by the deep learning model remained largely unaffected. Additionally, a comparison between
manually grouping visually similar cameras and an automatic grouping method based on COLMAP demonstrated that both approaches
maintained the performance of the model, even with compressed datasets. Nevertheless, since this study was conducted on a single
scene, further verification is required to assess its generalizability to diverse environments. Despite this limitation, the study
empirically confirms that multiview video datasets can be stored and managed at high compression rates without significantly
degrading the performance of deep learning-based novel view synthesis models. These findings suggest the potential for efficient data
utilization in VR (Virtual Reality), AR (Augmented Reality), and 3D video synthesis technologies.
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Fig. 7. From the left, we present examples of the original video and the multi-view videos compressed with MV-HEVC (QP=18,
QP=42). Each was used to train a 4D Gaussian Splatting model, and the inferred results for three novel viewpoints (cam10,
cam15, cam20) are shown alongside the original video
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Table 3. Comparison of deep learning performance at different compression levels
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QP Original 18 24 30 36 42

Cam 10 PSNR 26.1 26.58 26.96 26.85 26.3 26.4
SSIM 0.904 0.905 0.909 0.906 0.903 0.898
PSNR 18.23 18.78 18.61 18.58 18.64 18.14
Cam 15 SSIM 0.754 0.905 0.909 0.906 0.903 0.898
PSNR 23.79 23.77 23.92 235 23.84 241
Cam 20 SSIM 0.858 0.862 0.862 0.856 0.856 0.852
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Fig. 8. From the left, we present examples of the original video and the multi-view videos compressed with MV-HEVC (QP=18, QP=42).
Each was used to train a 4D Gaussian Splatting model, and the inferred results for three novel viewpoints (cam4, cam15, cam20) are

shown alongside the original video
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Table 4. Comparison of deep learning performance at different compression levels

QP Original 18 24 30 36 42

Cam 4 PSNR 12.25 12.24 12.21 12.72 12.52 11.95
am

SSIM 0.712 0.707 0.7 0.716 0.722 0.702

PSNR 18.15 18.07 18.89 18.53 18.8 18.9
Cam 15

SSIM 0.747 0.746 0.758 0.755 0.756 0.742

PSNR 23.97 24.2 23.9 24.22 23.92 23.8
Cam 20

SSIM 0.863 0.867 0.857 0.864 0.857 0.848
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