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Abstract—High-fidelity online 3D Gaussian Splatting (3DGS)
relies heavily on the quality of robot pose estimates and geo-
metric initialization, yet the exact influence of different SLAM
paradigms remains underexplored. In this work, we present
a modular, decoupled framework to systematically compare
filtering-based (OpenVINS), optimization-based (ORB-SLAM3),
and learning-based (VGGT-SLAM) tracking frontends running
alongside a unified 3DGS backend. Evaluating on the RPNG
AR Table dataset, we find that the feature-based ORB-SLAM3
yields the lowest trajectory error, directly enabling the highest
reconstruction fidelity. Crucially, we uncover a counter-intuitive
fidelity penalty when utilizing raw RGB-D streams for map
seeding; the continuous injection of depth points acts as high-
frequency noise that disrupts photometric optimization, caus-
ing RGB-only initialization to ultimately yield superior visual
quality and faster convergence. Our results demonstrate that
online 3DGS benefits more from highly accurate, high-frequency
pose tracking and selective geometric priors than from dense,
unconstrained depth initialization. We additionally validate a
distributed edge-to-server architecture to highlight the feasibility
of offloading heavy neural rendering. Code is available at:
https://github.com/losterberg3/AA273Project

Index Terms—SLLAM, 3D Gaussian Splatting, State Estimation,
Robotics, Vision Foundation Models.

I. INTRODUCTION

High-fidelity 3D environment modeling is essential for
advanced robotic tasks such as precision landing and semantic
scene understanding. While Neural Radiance Fields (NeRFs)
[1] introduced photo-realistic implicit representations, their
heavy computational cost typically restricts them to offline
processing. 3D Gaussian Splatting (3DGS) [2] has emerged
as a faster, explicit alternative capable of real-time rendering
[3], yet transitioning this technology to online Simultaneous
Localization and Mapping (SLAM) remains a significant chal-
lenge.

The performance of online 3DGS is inherently sensitive to
the quality of robot pose estimates and landmark initialization.
In modular “plug-and-play” SLAM architectures, where state
estimation is decoupled from the mapping backend, it is often
unclear how specific estimator characteristics—such as drift,
latency, or noise profiles—affect the final scene quality. This
creates a gap in understanding how localization accuracy and
geometric initialization affect reconstruction fidelity.

We present a modular evaluation framework for studying
how SLAM frontend design affects online 3D Gaussian Splat-
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Fig. 1. An overview of the functionality of the SplatBridge for integrating
streaming dataset with real-time Gaussian Splatting training.

ting. Using a fixed 3DGS backend, we compare filtering-
based, optimization-based, and VFM-based tracking frontends
in terms of trajectory accuracy, geometric initialization quality,
reconstruction fidelity, and computational latency. We further
study a distributed edge-to-server deployment setting to quan-
tify when low-power tracking hardware can support high-
quality remote digital twinning.

The main contributions of this work are as follows:

e We present a modular evaluation framework that de-
couples SLAM frontends from an online 3D Gaussian
Splatting backend.

e We compare filtering-based, optimization-based, and
VFM-based tracking frontends under a unified recon-
struction pipeline.

« We analyze how pose accuracy, geometric prior density,
and computational latency jointly affect 3DGS recon-
struction quality.

o We demonstrate a distributed edge-to-server deployment
workflow for real-time tracking with offloaded dense

mapping.



II. RELATED WORK
A. 3D Scene Representations and Online Training

The domain of 3D scene representation has shifted from
explicit geometric primitives, such as voxel grids and TSDF
fusion [4], to implicit Neural Radiance Fields (NeRF) [1].
While NeRFs offer high-fidelity continuous modeling, their
reliance on costly volumetric ray-marching typically restricts
them to offline processing. To bridge this gap, recent works
have focused on online adaptation: architectures like iMAP [5]
and NICE-SLAM [6] utilize sparse feature grids to accelerate
convergence, while frameworks like NeRFBridge [7] demon-
strate robust system-level integration with robotic middleware
(ROS) to enable real-time operation. Despite these advances,
implicit MLP-based methods often suffer from limited up-
date rates or “catastrophic forgetting” during trajectory loop
closures [8], creating a bottleneck for high-rate maneuvering.
These limitations motivate explicit scene representations that
can be updated at higher rates under streaming observations.

To overcome these latency issues, 3D Gaussian Splat-
ting (3DGS) [2] was developed, utilizing explicit anisotropic
Gaussians for rapid differentiable rasterization. Very recent
efforts have begun to adapt 3DGS for SLAM, with systems
like SplaTAM [9] employing silhouette-guided densification
and GS-SLAM [10] proposing adaptive pruning strategies.
However, these methods typically assume a specific, tightly-
coupled tracking frontend and do not systematically evaluate
how different state estimation paradigms—filtering, optimiza-
tion, or learning—influence the convergence and fidelity of the
Gaussian map.

B. Filtering-based State Estimation

Filtering-based state estimation applies Recursive Bayesian
Estimation to the SLAM problem, updating the probability
distribution of the camera pose and map features sequentially
with every new image. Unlike optimization approaches that re-
process past keyframes, filtering methods rely on the Markov
assumption, maintaining a state vector and a covariance matrix
that summarizes the entire history of observations.

A common paradigm for high-rate visual-inertial estima-
tion is the Extended Kalman Filter (EKF), particularly in
sliding-window forms such as MSCKF. While early works
like MonoSLAM [11] modeled the camera and features in a
single state vector, they suffered from cubic computational
complexity O(N?). To address this, modern frameworks often
utilize the Multi-State Constraint Kalman Filter (MSCKEF)
architecture, which maintains a sliding window of previous
camera poses to perform feature triangulation without adding
landmarks to the state vector. We select OpenVINS [12] as our
baseline to represent the filtering paradigm.

C. Optimization-based SLAM

Optimization-based SLAM approaches formulate localiza-
tion as a non-linear least squares problem, typically solved
via Factor Graphs. Unlike strictly recursive filters, which
marginalize past states (fading memory), optimization methods
like PTAM [13] and its successors maintain a history of

keyframes, allowing for re-linearization and global consis-
tency.

Feature-based methods, exemplified by ORB-SLAM3 [14],
extract descriptors (ORB, SIFT) and minimize reprojection er-
ror, offering robustness to lighting changes and wide-baseline
loop closure. Conversely, direct methods like LSD-SLAM [15]
and DSO [16] operate directly on pixel intensities to optimize
geometry. We employ ORB-SLAM3 in its visual-inertial mode
as our optimization baseline due to its strong localization
performance and its ability to provide a refined sparse point
cloud. This allows us to test if geometric anchors can mitigate
the “blurring” artifacts often seen in online neural rendering.

D. Vision Foundation Models and Learning-based SLAM

The integration of deep learning into SLAM has evolved
from replacing specific modules, such as SuperPoint [17], to
end-to-end pose estimation. Droid-SLAM [18] represented a
breakthrough by utilizing recurrent iterative updates inspired
by optical flow. More recently, Vision Foundation Mod-
els (VFMs) leveraging Transformer architectures [19] have
emerged, with models like TartanVO [20] demonstrating that
large-scale pre-training enables motion estimation to general-
ize across diverse domains.

In this work, we use VGGT-SLAM [21] as a representa-
tive learned dense SLAM frontend. This architecture builds
upon the geometric priors established by DUSt3R [22] and
StreamVGGT [23], utilizing Vision Transformers (ViT) [24]
to perform joint optimization of camera poses and dense
scene geometry. Unlike classical sparse methods, VGGT-SLAM
provides an early dense geometric prior, which has potential to
fix the “cold-start” problem with 3DGS. Future research may
further justify the computational cost of transformer-based
SLAM by leveraging its dense geometric priors to enable high-
fidelity digital twin reconstruction.

III. METHODOLOGY

We use a modular framework to evaluate how state estima-
tion affects dense 3D reconstruction. Our system decouples the
Tracking Frontend, which provides sensor poses and geometric
priors, from the Mapping Backend, which optimizes a 3D
Gaussian Splatting representation.

A. 3D Gaussian Splatting Formulation

The environment is represented by a set of 3D Gaussians
M = {G;} N |. Each primitive G; is parameterized by a mean
w; € R3, covariance X;, opacity «;, and spherical harmonic
coefficients c;. To enforce physical validity, the covariance is
factorized into scaling S and rotation R.:

S =RSS'R' (1)

Novel views are synthesized via differentiable rasterization.
The color C'(u) of a pixel u is computed by alpha-blending
K ordered Gaussians overlapping the ray. Let the contributing
Gaussians be depth-sorted along the ray.
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The mapping backend optimizes parameters © ¢ by minimiz-
ing the loss between the rendered image / and ground truth [
given the estimated pose T;:

LOMT) =0 =N =11 + Mssiae(I,T)  (3)
B. State Estimation Baselines

We evaluate three distinct tracking paradigms. To ensure
consistent notation, let ¢ denote the current time step, T; €
SE(3) the camera pose, and P; the set of map landmarks.

1) Filtering: OpenVINS (MSCKF): We adopt the filtering
formulation used in OpenVINS, which is based on the Multi-
State Constraint Kalman Filter (MSCKF) for visual-inertial
odometry. Unlike MonoSLAM-style EKF formulations, the
filter does not maintain all observed landmarks directly in the
state [11]. Instead, it estimates the current IMU state together
with a sliding window of cloned past camera/IMU poses:

L Xom) | (4)

where x7 ; contains the current inertial navigation state (typi-
cally orientation, position, velocity, and IMU biases), and X¢ ;
are the cloned poses in the sliding window. The filter therefore
maintains the posterior

Xt = (XI,hXC,la ..

p(Xt \ Zl:t) (5)

over the active navigation state and pose history, rather than
over an explicit map of all visual features.

When a feature track ¢ has been observed across multiple
cloned views, OpenVINS first linearizes the stacked reprojec-
tion residual

ri~H,;x; +Hf,;p; +n,; (6)

where p; is the feature perturbation. In the MSCKF update,
the feature state is eliminated by nullspace projection, yielding
a constraint that depends only on the filter state:

Toi ~ Ho,i it + nNg;. (7)

These multi-view constraints are then incorporated through the
standard Kalman correction

Xep = Xyi—1 + Kiro s, (3

with covariance updated accordingly. This provides a strictly
causal, uncertainty-aware state estimate while avoiding the
cost of explicitly augmenting the filter with every tracked 3D
landmark.

2) Optimization: ORB-SLAM3: We use ORB-SLAM3 [14]
as the optimization-based baseline. Unlike strictly recursive
filtering methods, ORB-SLAM3 maintains a set of keyframes
and map points and refines them through repeated nonlinear
optimization. Its frontend extracts sparse ORB features and
establishes correspondences across views, while its backend
improves both camera poses and landmark positions through
local bundle adjustment and loop-closure correction.

Let K denote the set of active keyframes and X = {x;}
the set of reconstructed 3D map points. For an observation of
landmark x; in keyframe i, the reprojection residual is

ri; = u;; — (T, x;), )

where u;; is the measured image location of feature j in frame
i, T; € SE(3) is the camera pose of keyframe ¢, and TI(-)
denotes the camera projection model.

The optimization problem can be written in the standard
bundle-adjustment form

2

(2,7)€0O

i 10
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where O is the set of valid landmark observations, X;; is
the associated measurement covariance, and p(-) is a robust
loss function that reduces the influence of outliers. In practice,
ORB-SLAM3 alternates between tracking, local mapping, and
loop-closure optimization to maintain both short-term accuracy
and long-term global consistency.

For our study, ORB-SLAM3 provides two outputs of interest
to the 3DGS backend: (i) a refined camera trajectory with
reduced drift, and (ii) a sparse geometric landmark set that
can be used as an initialization prior.

3) VEM-based SLAM: VGGT-SLAM: To represent the
learning-based paradigm, we use VGGT-SLAM [21], a vision
foundation model-based SLAM frontend that leverages large-
scale learned visual priors to infer camera motion and scene
geometry. In contrast to classical feature-based pipelines,
which rely on hand-crafted keypoints and explicit data asso-
ciation, VGGT-SLAM predicts dense geometric information
directly from image observations, enabling reconstruction even
in regions with weak texture or ambiguous sparse correspon-
dences.

Given an input image sequence {I;}, the learned model
produces an estimated camera pose T, together with a dense
geometric representation, which we write abstractly as

(T4, Di, X4) = fo(l1t), (11)

where D; denotes a dense depth prediction, X; denotes dense
correspondences or geometric features inferred by the network,
and fp is the pretrained transformer-based model. Depending
on the implementation, these quantities may be refined jointly
over a window of frames to improve temporal consistency and
reduce drift.

The refinement of the estimated camera poses T, is per-
formed by optimizing over the SL(4) manifold. Unlike stan-
dard SFE(3) optimization which is restricted to rigid body
transformations, the use of the SL(4) group—representing
the set of 4 x 4 real matrices with unit determinant—allows
the system to directly optimize projective transformations and
homographies inferred from the dense transformer features.
This formulation provides a mathematically principled way to
minimize alignment errors between dense feature maps while
preserving the projective consistency of the underlying scene
geometry.

Rather than modeling the method through sparse landmark
reprojection alone, we treat VGGT-SLAM as a frontend that
produces a dense geometric prior for downstream mapping.
The key distinction from OpenVINS and ORB-SLAM3 is
therefore not only the pose estimate itself, but also the density



and spatial coverage of the initialization supplied to the 3DGS
backend.

Within our evaluation framework, VGGT-SLAM serves as a
learned tracking baseline. Its principal advantage is the ability
to provide robustness on weakly featured regions, and to esti-
mate pose purely on RGB images without calibration or IMU
measurements. Its principal drawback is higher computational
cost and lower update frequency relative to classical filtering
and optimization-based pipelines.

C. Evaluation Framework

The system is benchmarked on the RPNG AR Table dataset
[25], utilizing the RGB image streams for estimation while us-
ing Vicon ground truth for validation. We assess performance
using:

o Localization: Absolute Trajectory Error (ATE) RMSE:

N
1 ~
ATE = NE ||trans(Tg_t%iTi)H2 (12)
i=1

o Reconstruction: Pgak Signal-to-Noise Ratio (PSNR) of
the rendered view I vs. observed image I:

MAX?
PSNR=10-log;o [ —=— (13)
MSE(], I)

« Efficiency: We measure Pose Estimation Frequency to
assess real-time tracking feasibility, and the 3DGS Con-
vergence Step to quantify backend optimization speed.
To objectively identify the convergence step, we apply
an exponentially weighted moving average to smooth
the logged loss values. Convergence is defined as the
earliest step where the relative change in the smoothed
loss over a fixed lookback window remains strictly below
a defined tolerance threshold for a sustained patience
duration, marking the onset of the stable optimization
plateau.

IV. SYSTEM ARCHITECTURE

To evaluate the influence of different state estimation
paradigms on 3D Gaussian Splatting, we developed a modular,
decoupled architecture. This design allows for the independent
execution of the Tracking Frontend and the Mapping Backend,
ensuring that computational bottlenecks in the neural rendering
process do not induce artificial drift in the state estimator.

A. Modular Software Pipeline

Our system is built upon the Robot Operating System (ROS
2), utilizing a high-performance publisher-subscriber model
to facilitate inter-process communication. The architecture is
logically divided into three primary layers:

o Sensing Layer: This layer interfaces with the RPNG AR
Table Dataset [25]. It streams synchronized 640 x 480
RGB and Depth images from the Intel RealSense D455
at 30Hz and BMIO55 IMU measurements at 400Hz.

o Estimation Layer (Frontend): This layer hosts the
three candidate paradigms: the EKF-based Open-
VINS, the factor-graph optimized ORB-SLAM3, and the
Transformer-based VGGT-SLAM. Each estimator pro-
cesses the raw image stream and publishes a high-
frequency transform message T,.

« Optimization Layer (Backend): The 3DGS engine sub-
scribes to RGB, Depth images and the pose estimates.
It maintains a global Gaussian map, performing adaptive
densification and pruning while simultaneously optimiz-
ing the spherical harmonic coefficients and anisotropic
covariance of the primitives.

B. Hardware Decoupling and Data Logging

Due to the high VRAM requirements of 3DGS training and
the GPU-intensive nature of Vision Foundation Models, we
adopt a hardware-isolated approach. During the online phase,
the state estimator runs on an isolated runtime environment. To
ensure scientific reproducibility and strictly evaluate the “real-
time” nature of the tracking, all metadata—including camera
intrinsics, estimated 6-DOF poses, and timestamped image
frames—are serialized into a high-bandwidth .db3 ROS 2 bag.

This logging strategy allows for a synchronized replay
evaluation. By replaying the serialized state estimates on
a high-performance workstation, we simulate the real-time
arrival of data while maintaining a repeatable environment for
benchmarking PSNR and ATE. This ensures that the mapping
backend receives the exact trajectory produced by the tracker
without the timing jitter associated with running multiple
heavy-weight neural networks on a single shared GPU.

C. Initialization and Gaussian Seeding

To evaluate the influence of state estimation accuracy on
mapping quality, we test the 3DGS engine across two distinct
configurations: RGB-only and RGB-D. In the RGB-only case,
the system is initialized without a geometric prior, instead
seeding the global map with a sparse point cloud generated
from random noise within the initial camera frustum. This
forces the backend to rely entirely on the photometric loss
and the provided trajectory T, to recover spatial structure.
Conversely, in the RGB-D case, we utilize the depth image
from the Intel RealSense D455 to back-project a point cloud
for the first frame, providing an initial geometric seed for the
Gaussian primitives. This dual-track approach allows us to
quantify the fidelity penalty of operating without active depth
sensing and isolates whether certain tracking paradigms are
more resilient to the lack of an initial geometric anchor.

D. Hardware Diversity and Resource Constraints

A unique aspect of our experimental setup is the hetero-
geneous computing environment, which reflects a realistic
robotics deployment where state estimation occurs on low-
power edge devices while mapping is offloaded to high-
performance servers. Notably, the filtering frontend (Open-
VINS) was executed on a resource-constrained Apple Ml
Silicon mobile processor. This allows us to quantify the



precision-power trade-off—specifically, the trajectory drift in-
curred when using low-power hardware for real-time track-
ing—relative to the high-performance desktop CPUs used for
the optimization and VFM-based frontends.

V. IMPLEMENTATION DETAILS

The experimental validation is conducted across a dis-
tributed computing setup. The hardware and software specifi-
cations, including the specific mobile and desktop processors
used for each module, are detailed in Table 1.

TABLE I
SYSTEM IMPLEMENTATION AND MULTI-COMPUTER SPECIFICATIONS
Component Specification
Operating System Ubuntu 22.04.3 LTS / macOS (Linux VM)
Middleware ROS 2 Humble Hawksbill
GPU (VGGT) NVIDIA GeForce RTX 4090 (24GB VRAM)

GPU (SplatBridge)
CPU (VGGT/ORB)
CPU (OpenVINS)
CPU (SplatBridge)
CUDA Version
3DGS Backend
Dataset Format

NVIDIA GeForce RTX 3090 (24GB VRAM)
Intel Core i7-14700 @ 5.4 GHz

Apple M1 Silicon @ 3.2 GHz

Intel Core i9-13900K @ 5.8 GHz

11.8 7 12.1

Nerfstudio / SplatBridge

RPNG / ROS 2 Bag (MCAP)

VI. RESULTS AND DISCUSSION

We evaluate our framework on the RPNG AR Table
Dataset, leveraging the heterogeneous computing environment
described in Section IV. Our analysis focuses on the relation-
ship between frontend design, initialization density, and the
resulting 3DGS map fidelity.

A. Comparative Tracking and Localization

The three frontends exhibit clear differences in localization
accuracy and update rate. To quantify global consistency, we
computed the RMSE of the translational APE following a
Sim(3) Umeyama alignment. These metrics were visualized
alongside error plots to distinguish between linear and angular
inaccuracies.

TABLE II
LOCALIZATION METRICS ON RPNG AR TABLE DATASET
Metric OpenVINS | ORB-SLAM3 | VGGT-SLAM
ATE RMSE 0.047 m 0.014 m 0.051 m
Frequency (Hz) 30 Hz 30 Hz 4 Hz

1) Filtering Performance (Edge Tier): The EKF-based
OpenVINS maintained a stable trajectory despite the resource-
constrained 3.2 GHz mobile processor on the 2020 MacBook
Pro. As seen in Table II, it achieved a positional RMSE of
0.047m at 30Hz, suggesting that optimized C++ implemen-
tations can provide reliable VIO on dual-core ARM silicon,
though it exhibited minor drift over the longer 80s sequences.

Fig. 2. Position and Orientation Error Plots

2) Optimization Performance (Desktop Tier): The feature-
based ORB-SLAM3 was the most accurate among the evaluated
frontends on the tested sequences. Leveraging the worksta-
tion i7 CPU for continuous bundle adjustment, ORB-SLAM3
achieved an RMSE of 0.014m. The position error suggests
that ORB-SLAM3 maintained sub-5cm error across 100% of
the trajectory.

3) VFM Performance (Workstation Tier): The transformer-
based VGGT-SLAM demonstrated competitive performance
(Position RMSE of 0.051m) but was limited by its inference
latency. While executing on the workstation tiers, the model
only achieved an update rate of 4 Hz, which is insufficient for
high-speed robotic maneuvering but useful for dense mapping
initialization.

B. Impact of Geometric Initialization

To isolate the mapping backend’s dependency on geometric
priors, we evaluated the resulting 3DGS maps initialized via
purely stochastic means against those seeded with raw depth
sensor data. For our empirical analysis, the convergence step
reported in our metrics is calculated using an exponential
smoothing factor of a = 0.05, a lookback window of 3000
steps, a relative change tolerance of 3%, and a sustained
patience duration of 250 steps.

TABLE III
RECONSTRUCTION QUALITY UNDER DIFFERENT INITIALIZATION
STRATEGIES
Input State Estimator | PSNR (dB) | Converged Step
OpenVINS 19.80 11740
RGB VGGT-SLAM 18.10 6750
ORB-SLAM3 23.68 10130
OpenVINS 18.69 16850
RGB+Depth | VGGT-SLAM 18.53 16410
ORB-SLAM3 20.75 16370

1) RGB-Only Initialization: When forced to rely entirely on
the state estimator’s poses and photometric loss, the feature-
based trajectory from ORB-SLAM3 yielded the highest re-
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Fig. 3. Gaussian Splatting Loss and PSNR for Each Estimation Method.
Vertical dotted lines indicate the automatically calculated convergence step
for each tracking paradigm.

construction fidelity. As detailed in Table III, ORB-SLAM3
achieved a peak PSNR of 23.68 dB at its calculated conver-
gence step. The loss curves in Fig. 3 corroborate this, demon-
strating that ORB-SLAM3 consistently maintained the lowest
loss throughout the optimization process. The vertical dotted
lines superimposed on these plots explicitly mark the conver-
gence step for each respective method, visualizing the point
at which the map structure stabilized. Conversely, while the
transformer-based VGGT-SLAM produced the lowest overall
PSNR (18.10 dB), it exhibited the fastest initial convergence,
stabilizing at step 6750. We hypothesize that this rapid, yet
suboptimal, convergence is a direct artifact of VGGT-SLAM’s
lower update frequency (4 Hz). Because the mapping backend
receives fewer tracking poses, the 3DGS optimizer is subjected
to fewer multi-view constraints, causing it to quickly settle into
a local minimum that lacks the geometric refinement needed
for higher-fidelity reconstruction.

2) The Depth-Seeding Penalty: Contrary to the standard
intuition that an explicit geometric prior accelerates conver-
gence, the introduction of depth-guided seeding resulted in
a distinct “fidelity penalty” across all tracking frontends. To
contextualize this behavior, it is important to note that the 80s
dataset streaming concludes at approximately step 5000, after
which we extend the training iterations strictly to observe the
final convergence of the global map.

Table III shows a universal decrease in converged PSNR
and a notable rightward shift in the required optimization
steps (denoted by the dotted lines in Fig. 3) when depth
is introduced. This penalty occurs because, during the ini-
tial streaming phase (steps 0 to 5000), back-projecting the
raw depth map continually introduces novel points to seed
new Gaussians. Because these new primitives are instantiated
without a well-defined prior covariance, they act as high-
frequency noise that actively disrupts the photometric opti-
mization. As seen in the depth-based loss curves, the loss
struggles to descend while the dataset stream is active. Once

VGGT-SLAM OpenVINS

ORB-SLAM3

Trained w/ RGB

Trained w/ RGB+Depth

Fig. 4. Representative 3DGS renderings initialized from OpenVINS (top),
VGGT-SLAM (middle), and ORB-SLAM3 (bottom). The left column displays
models trained strictly with RGB inputs, while the right column shows models
initialized with RGB+Depth prior.

the stream concludes at step 5000 and the injection of noisy
depth points ceases, the 3DGS engine must expend substantial
computational iterations attempting to correct and prune these
poorly initialized primitives, ultimately leading to delayed
convergence and degraded final visual quality.

3) Qualitative Evaluation: The quantitative metrics are
directly reflected in the qualitative renderings presented in
Fig. 4. The maps optimized strictly using RGB inputs (left
column) display sharper structural boundaries and finer preser-
vation of high-frequency details, such as the checkerboard
calibration target and the patterned tablecloth. In contrast,
the renderings resulting from RGB+Depth initialization (right
column) exhibit noticeable cloudiness, floaters, and blurring
artifacts. Among the estimators, the map generated using
ORB-SLAM3’s trajectory (bottom row) provided the clear-
est visual reconstruction, aligning with its superior tracking
accuracy and sub-5cm positional error.

C. Edge-to-Server Offloading

Our hardware-isolated architecture also enabled an edge-
to-server offloading workflow. By logging the low-power
Apple M1 trajectory to a ROS bag and replaying it through
SplatBridge on the RTX 3090/4090 workstation, we observed
reconstruction quality comparable to that of a desktop-only
mapping configuration. These results suggest that edge de-
vices can focus on low-latency localization while the more
computationally intensive 3DGS optimization is offloaded to
higher-performance hardware.

VII. CONCLUSION AND FUTURE WORK

In this paper, we presented a modular, decoupled frame-
work to systematically evaluate the impact of state estimation
paradigms on the fidelity of online 3D Gaussian Splatting. By
isolating the tracking frontend from the mapping backend, we



demonstrated that the underlying trajectory’s accuracy and the
mapping engine’s initialization strategy are critical drivers of
final scene reconstruction quality.

Our comparative analysis revealed that the optimization-
based ORB-SLAM3 provided the most accurate camera poses,
directly enabling the highest reconstruction fidelity (23.68 dB
PSNR) when relying purely on photometric optimization. We
also demonstrated the feasibility of a distributed computing
workflow, showing that filtering-based methods like Open-
VINS can maintain robust, high-frequency localization on low-
power edge silicon while the demanding 3DGS optimization
is successfully offloaded to a remote high-performance server.
While the VFM-based VGGT-SLAM offered dense geometric
tracking, its high inference latency restricted the update rate,
leading the 3DGS optimizer to prematurely settle into subop-
timal local minima.

Most notably, our experiments uncovered a significant fi-
delity penalty associated with raw depth-guided initialization.
Contrary to the assumption that explicit geometric priors uni-
versally improve neural rendering, the continuous injection of
un-covarianced depth points during the online streaming phase
acted as high-frequency noise. This disrupted the photometric
loss landscape, forcing the 3DGS engine to expend substantial
computational effort correcting poorly initialized primitives
rather than refining global scene structure.

Future work will focus on mitigating this initialization
penalty. A highly promising avenue is to transition away
from naively seeding the entire raw depth map and instead
selectively initialize new Gaussians using only the novel,
triangulated landmarks actively tracked and validated by the
state estimator. By leveraging these sparse but highly reliable
geometric priors, the system can avoid flooding the opti-
mization landscape with unconstrained noise. Additionally,
we plan to explore dynamic, uncertainty-aware covariance
scaling for these newly seeded points and investigate adaptive
pruning strategies that can more aggressively remove volatile
primitives during the active streaming phase. Resolving these
bottlenecks will be crucial for fully harnessing geometric
priors in high-speed, online 3DGS applications.
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