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ABSTRACT

Recent developments in 3D reconstruction and neural rendering have significantly
propelled the capabilities of photo-realistic 3D scene rendering across various aca-
demic and industrial fields. The 3D Gaussian Splatting technique, alongside its
derivatives, integrates the advantages of primitive-based and volumetric repre-
sentations to deliver top-tier rendering quality and efficiency. Despite these ad-
vancements, the method tends to generate excessive redundant noisy Gaussians
overfitted to every training view, which degrades the rendering quality. Addition-
ally, while 3D Gaussian Splatting excels in small-scale and object-centric scenes,
its application to larger scenes is hindered by constraints such as limited video
memory, excessive optimization duration, and variable appearance across views.
To address these challenges, we introduce GaussianFocus, an innovative approach
that incorporates a patch attention algorithm to refine rendering quality and im-
plements a Gaussian constraints strategy to minimize redundancy. Moreover, we
propose a subdivision reconstruction strategy for large-scale scenes, dividing them
into smaller mergeable blocks for individual training. Our results indicate that
GaussianFocus significantly reduces unnecessary Gaussians and enhances render-
ing quality, surpassing existing State-of-The-Art (SoTA) methods. Furthermore,
we demonstrate the capability of our approach to effectively manage and render
large scenes, such as urban environments, maintaining high fidelity in the visual
output. (The link to the code will be made available after publication)

1 INTRODUCTION

Novel View Synthesis (NVS) is fundamental for modern computer graphics and vision, extending to
virtual reality, autonomous driving, and robotics. Primitive-based models such as meshes and point
clouds (Lassner & Zollhofer, 2021; Munkberg et al., 2022; Yifan et al., 2019), optimized for GPU
rasterization, deliver fast but often lower-quality images with discontinuities. The introduction of
Neural Radiance Fields (NeRF) by (Mildenhall et al., 2021) marked a significant advancement, em-
ploying a multi-layer perceptron (MLP) to achieve high-quality, geometrically consistent renderings
of new viewpoints. However, NeRF’s reliance on time-consuming stochastic sampling can lead to
slower performance and potential noise issues.

Recent advancements in 3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) have significantly en-
hanced rendering quality and speed. This technique refines a series of 3D Gaussians initialised with
using Structure from Motion (SfM) (Snavely et al., 2006) to model scenes with inherent volumetric
continuity, facilitating fast rasterization by projecting onto 2D planes. However, 3DGS often pro-
duces artifacts when camera viewpoints deviate from the training set and lack detail during zooming.
To address these issues, newer models (Yu et al., 2024; Lu et al., 2024) employ a 3D smoothing filter
to regularize the maximum frequency and utilize anchor points to initialize 3D Gaussians, thereby
enhancing visual accuracy and applicability in diverse scenarios. Despite these advances, 3DGS-
based models still tend to use oversized Gaussian spheres that ignore scene structure, leading to re-
dundancy and scalability issues in complex environments. Additionally, these models struggle with
detail reconstruction, particularly at edges and high-frequency areas. This often leads to suboptimal
rendering quality. Moreover, reconstructing large-scale scenes like towns or cities represents a sig-
nificant challenge due to GPU memory constraints and computational demands. To mitigate these
problems, models often reduce training input randomly, which compromises reconstruction quality
and results in incomplete outcomes.
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