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New opportunities in SLAM-Gaussian splatting technology

Tan Zhen, Niu Zhongyan, Zhang Jingpu, Chen Xieyuanli, Hu Dewen”
College of Intelligence Science and Technology , National University of Defense Technology , Changsha 410073, China

Abstract: Simultaneous localization and mapping (SLAM) has undergone a profound evolution, transitioning through vari-
ous stages and methodologies, each of which has contributed significantly to advancements in accuracy, robustness, and
applicability across diverse scenarios. This paper provides a comprehensive exploration of the historical development and
current trends in SLAM, with a particular focus on the progression from manual feature extraction to the adoption of modern
deep learning and 3D graphics-based approaches. In the early stages of SLAM development, the process relied heavily on
manual feature extraction, where visual features were carefully selected and extracted by human operators to facilitate local-
ization and mapping tasks. Although this method proved effective in relatively simple environments, it was highly suscep-
tible to the complexities of more dynamic scenes and variations in illumination. The dependency on human intervention for
feature selection not only limited the scalability of these systems but also constrained their robustness in dynamic or unpre-
dictable environments. The introduction of visual SLAM marked a pivotal advancement in the field. By leveraging the rapid
progress in computer vision technologies, such as improved feature matching algorithms and visual odometry, visual SLAM

systems significantly enhanced both the robustness and accuracy of SLAM. These innovations enabled SLAM systems to
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perform more reliably across a wide array of real-world environments, thereby paving the way for more automated and effi-
cient approaches to SLAM. The integration of deep learning into SLAM methodologies represents a paradigm shift in scene
understanding and reconstruction. One of the most notable advancements in this area is the emergence of neural radiance
fields (NeRF)-based SLAM methods. NeRF-based approaches can model dense depth and color information with unprec-
edented accuracy, providing a more detailed and precise understanding of the environment. However, these methods are
not without their challenges, particularly in terms of computational efficiency and real-time performance. Such challenges
are especially pertinent in applications where rapid data processing and immediate response are crucial. In response to the
limitations of existing SLAM methods, 3D Gaussian splatting (3DGS) technology has emerged as a promising alternative.
SLAM methods based on 3DGS offer significant improvements in rendering speed and high-fidelity scene reconstruction.
This technology enhances the speed and quality of spatial data processing, making it particularly well-suited for applica-
tions such as augmented reality and autonomous navigation systems. The inherent robustness of 3DGS-based SLAM meth-
ods makes them especially effective in large-scale environments and scenarios characterized by dynamic changes. The cat-
egorization of SLAM methodologies can be further refined by considering the types of sensory inputs and the specific appli-
cation needs they address. Initially, SLAM methods utilizing simple RGB and RGB-D sensors were primarily focused on
capturing visual and depth information, which proved effective in controlled environments, particularly indoors. These
methods excel in scenarios with ample lighting, well-defined textures, and minimal occlusions. However, in more chal-
lenging conditions — such as outdoor environments, low-texture or textureless surfaces, and areas with significant lighting
variations — RGB and RGB-D SLAM methods often face substantial limitations. For instance, in outdoor environments,
changes in lighting, shadows, or exposure to direct sunlight can severely degrade the performance of these methods, lead-
ing to inaccuracies in localization and mapping. Similarly, in textureless regions like white walls or glass surfaces, RGB-D
sensors struggle to capture sufficient visual features, resulting in failed or unreliable reconstructions. These limitations
underscore the need for more robust SLAM solutions that can operate effectively across a broader range of conditions. Multi-
modal SLAM approaches have been developed to address these challenges by integrating data from multiple sensors, such
as LIDAR, thermal cameras, and inertial measurement units (IMUs). By combining visual data with other sensory inputs,
multimodal SLAM systems can overcome the weaknesses inherent in RGB and RGB-D-based methods. For example,
LiDAR can provide accurate depth measurements even in low-light or textureless environments, whereas thermal cameras
can detect heat signatures, aiding in environments where visual data are insufficient or unreliable. Moreover, IMUs con-
tribute to maintaining accurate localization in scenarios with rapid motion or poor visual conditions by providing supplemen-
tary motion and orientation data. In scenarios where precise geometric reconstruction and higher-level environmental under-
standing are required, recent advancements have combined semantic information with SLAM methods based on 3DGS tech-
nology. By incorporating semantic cues, these methods not only enhance the accuracy of scene reconstruction and localiza-
tion but also provide crucial perceptual information for downstream tasks such as robotic navigation, augmented reality,
and embodied intelligence. This integration allows SLAM systems to interpret and adapt to complex, dynamic environments
more effectively, making them suitable for a wide range of real-world applications, from indoor mapping to outdoor naviga-
tion in varied lighting and textural conditions. The nuanced understanding of when to deploy RGB or RGB-D SLAM versus
multimodal SLLAM is critical for optimizing the performance and applicability of these systems. Although RGB and RGB-D
methods are efficient and effective in controlled, well-lit indoor environments, multimodal SLAM approaches are indispens-
able for applications in outdoor, textureless, or dynamically changing environments where robustness and adaptability are
paramount. Despite the significant advancements in SLAM technology, current 3DGS-based methods still face several chal-
lenges. These include issues related to scalability in large-scale scenes, adaptability to dynamic environments, and the
optimization required for real-time performance. Addressing these challenges is a key focus of ongoing research, which
aims to integrate deep learning techniques with traditional geometric methods. Such integration is expected to further
enhance the overall performance and versatility of SLAM systems. Moreover, the establishment of unified evaluation bench-
marks is crucial for standardizing performance metrics across different SLAM methodologies. Such benchmarks will facili-
tate greater transparency and comparability in research outcomes, thereby driving further innovation in the field. In conclu-

sion, the evolution of SLAM methodologies — from manual feature extraction to deep learning and 3D graphics-based
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approaches — has significantly advanced the capabilities of SLAM systems. By examining the historical developments, cur-

rent methodologies, and future research directions, this paper provides researchers and engineers with comprehensive

insights into the complexities and opportunities associated with advancing SLAM technology. Continued innovation and

interdisciplinary collaboration will be essential in driving further advancements, enabling SLAM systems to fulfill their

potential across a wide range of practical applications.

Key words: simultaneous localization and mapping (SLAM) ; neural radiance fields (NeRF) ; Gaussian splatting (GS) ;

RGB-(D) ; multimodal ; semantic information
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*1 BEKS SLAMEXEERLE
Table 1 The summary of different SLAM methods with Gaussian splatting
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