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Abstract

Virtually all autonomous robotic system requires an en-
vironment representation to perform its intended task. How-
ever, a map of the environment is not always available, ne-
cessitating the ability to create a map in real time — partic-
ularly for mobile and agile systems. To this end, this work
explores the feasibility of applying 3D Gaussian splatting
to real-time scene mapping. This work implements an ap-
proach based on [2]] which accelerates mapping by focus-
ing on a local region at a given instant, creating environ-
ment submaps. A full map is assembled by gradually ap-
pending these submaps to a single persistent global map.
By focusing on mapping a local region at a time, we find
that this method can operate at roughly 1 Hz with high-
resolution images, or 2 to 3 Hz with lower-resolution ob-
servations — a promising result towards real-time opera-
tion. The code for this project can be found at https://
github.com/AmineElhafsi/CS231A Project.

1. Introduction

A key requirement for an autonomous robotic system
to navigate or interact with its surroundings is a useful
map of its environment. This environment map must ac-
curately encode spatial details to enable the performance of
diverse tasks such as motion planning for mobile systems
like quadrotors, autonomous vehicles, or rovers, and grasp
identification for manipulators. The environment map rep-
resentation should store information efficiently in a format
that facilitates downstream task design and support real-
time robot operation. This necessitates the ability to add
or modify information based on new observations at a rea-
sonably fast rate, which is particularly important for various
robotic systems. For instance, mobile robots often navigate
into unexplored areas and must quickly react to their sur-
roundings to avoid collisions.

Inspired by the recent success of 3D Gaussian Splat-
ting (3DGS) [10], a differentiable rasterization approach for
novel viewpoint rendering, this work explores the feasibility

of applying this method to real-time scene mapping. This
method represents a scene as a collection of 3D Gaussians
with positions and viewing properties (e.g., color, opacity,
etc.) that are optimized to reconstruct the training views. Of
interest to this work is the arrangement of these Gaussians
in 3D space, which defines the scene geometry.

An environment represented by 3D Gaussian presents
several benefits that meet the key desiderata previously put
forth. First, the explicit scene representation as a collection
of 3D Gaussians is amenable to modification and down-
stream task design. Map modification is easily achieved
through the addition or removal of Gaussians as needed
to accommodate new observations or a changing environ-
ment. Furthermore, the Gaussians model physical scene el-
ements, which avoids wasting storage representing empty
space ensuring that resources are focused only where they
are needed. This approach also supports modeling geom-
etry to arbitrary levels of detail,! providing detailed and
precise environmental maps. Ultimately, this representation
produces a collection of 3D Gaussians as an environment
representation that can indicate occupied space for naviga-
tion, or represent scene geometry and appearance for more
complex task reasoning.

Towards a real-time 3DGS-based mapping solution, this
work implements an approach based on [21] which acceler-
ates scene mapping by only optimizing a local submap at a
given instant. A full scene map is assembled by gradually
appending these submaps to a persistent global map. An
overview of this approach is shown in Fig. 1.

2. Prior Work

A typical strategy for summarizing a robot’s knowledge
of its environment is by encoding its observations as an oc-
cupancy grid or voxel grid [4, 14]. This representation typ-
ically represents occupied and vacant regions of the robot’s
workspace, making it a convenient explicit representation
for motion planning and obstacle avoidance. However, a

IThis can theoretically be achieved by adding arbitrarily many Gaus-
sians to model a detailed region of space. Of course, this is subject to the
data coverage for this region.



key limitation is the resolution of the grid cells which must
generally be fixed a priori, although limited adaptability is
afforded by hierarchical data structures [7].

To reason about object and environment semantics,
robotic perception systems often directly process 2D im-
ages by employing an object detector [2, 5, 6] to inform
downstream decision making (e.g., stop the autonomous ve-
hicle if a red light is observed), or by training end-to-end
pixel-to-action policies [8, 17]. Although these methods
have shown some degree of success in robotics, associating
object detections with 3D entities in the world requires addi-
tional effort. Furthermore, end-to-end trained policies learn
implicit internal scene representations that are challenging
to interpret. This makes adapting such methods to diverse or
novel tasks challenging, and less reliable for safety-critical
systems.

In recent years, neural rendering methods have seen a
rise in popularity thanks to the emergence of Neural Ra-
diance Fields (NeRF) [1, 12, 13]. These approaches train
a neural network to implicitly represent a 3D scene from
a sparse set of views. At inference time, the network can
be queried for a particular point and viewing direction in
space to predict volume density and color at that loca-
tion. Novel views can then be synthesized by querying
the network along camera rays and projecting the result-
ing output colors and densities onto an image. Initial uses
in robotics employed NeRFs to estimate occupied space
for collision avoidance [3]. However, for robotics appli-
cations one would want to dynamically update or modify
the scene representation, particularly as the robot explores
new spaces. Although real-time NeRF mapping has been
achieved [16], this process is cumbersome and risks catas-
trophic forgetting of previously mapped regions.

Most recently, 3DGS [10] has emerged as a performant
method to efficiently and accurately represent scenes as a
collection of differentiable Gaussians that are individually
parametrized by a location, scale, color, and opacity. Novel
views can by synthesized by projecting each Gaussian into
2D from the camera perspective. The Gaussians can also
be augmented to carry additional information as needed,
such semantic features as shown in [15,22] derived from
2D foundation models. Furthermore, it has been shown that
3DGS can be performed in real time to perform localization
and mapping [9, | 1,21]. As previously mentioned, 3DGS
is also appealing for robotics as it constitutes a world rep-
resentation that adaptively allocates resolution to a scene
through the motion of the particles during optimization and
through the ability to add or eliminate particles depend-
ing on the level of local detail. Furthermore, the explicit
nature of the representation makes it amenable to robotic
planning, with the 3D Gaussians’ density defining occupied
space (without wasting memory encoding unoccupied re-
gions of space).

3. Technical Approach
3.1. Overview

This work focuses on real-time scene mapping with
3DGS. We assume that observations are obtained using an
RGB-D camera and that the camera’s instrinsics and pose
are known at all times.” In this work, we consider static
scenes for simplicity.

Our implementation takes inspiration from the approach
proposed in [21]. In the interest of efficient splatting, this
approach represents the overall environment map as the ag-
gregation of multiple submaps. For a given observation
(i.e., an RGB-D keyframe), an active submap is updated
with the newly acquired information and jointly optimized
with previous observations obtained while operating within
this submap. As the camera enters new regions, a new
submap is initialized while the previous submap is frozen
and saved. As such, only a local submap needs to be opti-
mized, eliminating the computational burden of optimizing
for spatially or temporally distant observations.

An overview of our implemented method is shown in
Fig. 1. At each map update step, a keyframe is used to seed
3D Gaussians within the active submap. Next, the submap
(i.e., the constituent Gaussian parameters) are optimized to
reconstruct the view from currently and recently observed
perspectives. Finally, the method checks whether the cur-
rent camera pose has moved sufficiently far from the ini-
tial pose captured for the active submap. If so, the active
submap is saved and merged with the global map, and a
new submap is initialized for the next map update.

In the following subsections, we briefly review the
technical details of 3DGS. Then, we describe additional
specifics of our implemented method, which consists of
three steps: Gaussian seeding, submap optimization, and
global map merging.

3.2. 3D Gaussian Splatting

As previously mentioned, 3DGS [10] is a differentiable
rasterization technique which uses multiple views of a scene
to optimize a set of 3D Gaussians to represent the environ-
ment permitting the generation of novel views. A 3D Gaus-
sian is parametrized by a mean value ;. € R3, a covari-
ance matrix > € R3*3, an opacity o € [0, 1], and a color’
[7,g,b] € R3. Rendering a particular camera view given by
the world-to-camera transform T,,, € SE(3) can be per-
formed by projecting (splatting) the visible Gaussians onto

2We believe it is reasonable to assume that the pose is known since
robotic systems generally perform accurate state-estimation (e.g., using
differential GPS, wheel odometry, IMU measurements, etc.) and the cam-
era transformation with respect to the robot’s body frame is known from
the system’s design.

3For rasterization, a 3D Gaussian’s color content uses spherical har-
monics coefficients as an intermediate/internal representation to account
for view-dependent object color appearance.
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Figure 1. An overview of the implemented real-time 3DGS mapping approach. This performs the following steps at each map update:
First, a keyframe is used to add seed 3D Gaussians with the observed pixel colors at the observed positions using the depth measurements.
Second, all 3D Gaussians in the submap are optimized over a specified number of iterations by rendering the view from the current and
recent observations and minimizing color and depth reconstruction losses. Finally, the method checks whether the current camera pose has
moved sufficiently far from the initial pose captured for the active submap. If so, the active submap is saved and merged with the global
map (as shown by merging of the blue and red submaps), and a new submap is initialized for the next map update.

the image. The mean can be projected onto the image plane
as p™e = My, where M € R34 is a projection matrix
mapping homogeneous world coordinates to homogeneous
image pixel coordinates. Note that M is a function of the
camera matrix K € R3*3 and camera pose T.,,. Similarly,
as given by [23], the 3D covariance ¥ can be projected to
the 2D image as ¥ = JR.,, S RL J7T, where J € R?*3
is the Jacobian of the affine approximation of the projec-
tive transformation and R.,, is the rotation matrix extracted
from T,,. To maintain positive semi-definiteness of the co-
variance matrices, we decompose ¥ as RS STRT, where R
and S are respectively rotation and scaling matrices.

The color ¢ for a given channel at pixel ¢ is computed
from m ordered Gaussians (by distance from the camera)
as

¢ = Z cjoj exp(—oj) H(l —opexp(—o%)) | ,

i<m k<

1 .
with o = iAf’z';“‘"‘geAj.

Here, A; represents the distance between the evaluated
pixel coordinates and ;Li;mge. Essentially, this sums the color
contribution from each Gaussian accounting for its distri-
bution (i.e., projected mean and covariance) and occluding
Gaussians as given by the product term within the summa-

tion.

3.3. Gaussian Seeding

To add information to a submap, Gaussians are seeded
from a point cloud generated from a subset of the pixels
observed in a given RGB-D keyframe. The Gaussians are
initialized with the color of the corresponding pixel at cor-
responding 3D position observed by the depth camera, with
covariances initialized isotropically. When a new submap
is initialized, Gaussians are seeded from significant subset
of the observed pixels (on the order of 50-75% of the to-
tal number of image pixels). For an existing submap, sig-
nificantly fewer Gaussians (10-20% of the total number of
image pixels) are instead seeded from pixels corresponding
to detected edges* or regions of space that have not been
observed by previous keyframes. This strategy attempts
to focus the mapping on salient scene geometry and previ-
ously unseen regions. Furthermore, new Gaussians are only
seeded if there are no existing Gaussians within a specified
radius around the proposed location to avoid allocating un-
necessary information to previously mapped regions.

3.4. Submap Optimization

Additionally, Gaussians that are larger or smaller than
specified thresholds are respectively split and cloned, while
Gaussians that are below an opacity threshold are pruned.

4We take the color image corresponding to the current keyframe, con-
vert it to a grayscale image and apply a Sobel filter along both vertical and
horizontal grayscale image directions. We then compute the magnitude of
the resulting gradients at each pixel and the resulting grid of magnitudes
is normalized to form a probability distribution from which we can sample
pixels.



The parameters of these Gaussians are then iteratively
optimized via gradient descent to minimize color, depth,
and isotropic regularization losses. Compared to [10], the
depth and isotropic losses are new. The depth loss ensures
that Gaussians do not “float” in the scene, but rather re-
main localized to physical scene surfaces. The isotropic loss
discourages Gaussians from becoming excessively long or
skinny. Formally, the overall loss function is

L= )\color : Lcolor f )\dep[h : Ldeplh + )\isotmpic : Lisotmpim

where

Leoior = (L= A) - || = I|j1 4+ A - (1 — SSIM(I, I))
Loeps = ||D = D1

o _ Zkexllsk =3kl
isotropic — T

Here, I and D correspond to the ground truth color and
depth images, respectively. The variable s, € R® repre-
sents the scale of Gaussian & from which we construct the
scaling matrix Sj (from the aforemention covariance ma-
trix decomposition) as diag(sx). A hat indicates the corre-
sponding reconstruction. The depth at pixel 7 is rendered in
a similar manner to color; for m ordered Gaussians D; is
computed as

Di=) pi-ojexp(—o;) - [ [1(1—okexp(—on)) |,

j<m k<j

where p% is the z-coordinate of the mean of Gaussian j. We
set the weighting parameters Acolor = Adepth = Aisotropic = 1
and A = 0.2.

3.5. Global Map Merging

To ensure computational efficiency, only a local
“submap” is optimized at each iteration. This means that
only Gaussians corresponding to the camera’s local vicin-
ity are updated from a recent set of keyframes. A submap
starts from an initial reference camera pose and grows in-
crementally as new keyframes are observed and Gaussians
are added to the map and optimized.

Once a submap accumulates more than a specified num-
ber of frames, or the camera surpasses a distance or rota-
tion threshold (e.g., in this work, 2 meters translation or 45
degrees rotation in any Euler angle), the active submap is
saved to a global map stored to disk freeing GPU mem-
ory. This process is quite straightforward and appends the
Gaussians, along with associated parameters, to the exist-
ing global map up to that point. Once this is complete, a
new camera reference pose is registered from the robot’s in-
stantaneous state and this process starts again with the next

submap. This strategy is suggested to bound the mapping
computation cost to ensure that the Gaussian parameter op-
timization remains fast [21].

Optionally, after mapping is completed, all submaps may
be jointly refined by performing additional gradient steps
using all observed keyframes. Additional post-processing
may be performed to prune Gaussians from regions where
submaps may overlap to further reduce the scene storage
size.

4. Evaluation and Results

In this section, evaluate our implementation along sev-
eral dimensions. We evaluate the scene reconstruction qual-
ity and runtime performance of our method on two datasets:
the Replica dataset [ 1 9] a synthetic, high-resolution dataset,
and the TUM-RGBD Dataset [20], a real-world dataset,
consisting of lower-resolution images. Dataset information
is provided in Tab. 1 along with the corresponding hyperpa-
rameters used for Gaussian splatting in Tab. 2.

First, we present a set of quantitative results that eval-
uate the image rendering quality along with visualizations
to illustrate some of the reconstructed scenes. Finally, we
present and discuss runtime statistics and show that our
method approaches real-time performance.

4.1. Scene Reconstruction Results

To evaluate the quality of the mapped scene, we gen-
erate renders of our mapped scenes from a set of valida-
tion viewpoints and compute the standard Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index Mea-
sure (SSIM) metrics. Given that the datasets used consist of
a fixed sequence of keyframes (i.e., we do not have access
to the environments used to generate them), for our valida-
tion set we select the N — 1 unseen inbetween observations
that lie between our NV training frames. We present render-
ing quality results in Tab. 3 and Tab. 4 for the Replica and
TUM-RGBD datasets, respectively. We note that our results
match with those found in [2 1], validating our implementa-
tion. We also present visualizations of an Office0 and
Freiburgl Desk frame along with their respective re-
constructions in Fig. 2.

Interestingly, we find that our implementation generally
outperforms [21] in the Replica dataset scenes despite hav-
ing used similar hyperparameters (Tab. 2) during mapping.
It is believed that this performance difference is due to a
bug in the implementation provided by [21]. Specifically,
at each map update Gaussians should be added to the scene
at salient regions (e.g., image gradients or regions that have
not been observed by previous viewpoints as described in
Sec. 3.2). However, their code does not correctly identify
the existing Gaussians within the camera frustum of the cur-
rent training view and as such redundantly seeds Gaussians
to these previously mapped regions. This is a relatively



Table 1. Dataset information.

Dataset Name Image Height | Image Width | Num. Scenes | Num. Training Frames
Replica [19] 680 1200 3 100 per scene
TUM-RGBD [20] 480 640 3 {167, 1030, 750}

Table 2. Hyperparameters used for 3DGS scene mapping.

Dataset Name Submap Initial Num. Seeded Submap Per Frame
Num. Gaussians Gaussians Per Initialization Gradient Steps
Frame Gradient Steps
Replica [19] 600000 100000 1000 100
TUM-RGBD [20] 100000 50000 200 100

Freiburgl Desk (TUM RGBD Dataset)

Office0 (Replica Dataset)

Input RGB

Rendered RGB

Depth Error

Figure 2. Visualizations of frames from the Freiburgl Desk
(left) and OfficeO (right) scenes. In particular, notice that the
Gaussian scene representation captures high-frequency scene de-
tail, as seen in the text on the books (left) and in the map and wall
art detail (right).

minor, non-catastrophic issue in the broader algorithm, but
seems to have non-negligible impact particularly in the high
resolution Replica scenes.

On the other hand, both our implementation and [21] see
significantly lower PSNR and SSIM values in the TUM-
RGBD scenes. We attribute this to both the lower reso-
lution training images, which results in a lower resolution
map, and due to the lower quality images. The latter is due
to the fact that this is a real-world dataset subject to camera
issues such as motion blur as well as noisy depth measure-
ments, examples of which are depicted in Fig. 3. Our imple-
mentation is generally outperformed by [21] in these scenes
despite, again, using similar hyperparameters. Aside from
countless subtle or inscrutable implementation differences,

Figure 3. An example of a noisy observation from the Freiburgl
Desk scene from the TUM-RGBD dataset. Note the motion blur
in the background and certain foreground elements such as the
laptop and chocolate bar. Similarly, the depth measurements are
quite noisy and do not always accurately match the scene contents.

it is possible that this discrepancy arises due to different
data preprocessing. In this work, we performed scene map-
ping with the raw observations, while it is possible that [21]
filters and eliminates noisier images.

Finally, we present visualizations of the resulting maps
of the Office3 and RoomO scenes from the Replica
dataset in Fig. 4° We visualize these scenes as they
demonstrate desirable environment map characteristics for
robotics applications.

In particular, we note that fine geometry is captured such
as the potted plant in the Room0 map. Additionally, the

SNote that these images depict the Gaussians in the scene and are not
renders (i.e., rasterized Gaussians) from the shown viewpoint.



Table 3. Rendering quality results for the Replica dataset [19]. In this table, we present the mean value of the corresponding metric and
include the corresponding metric obtained in [21] in parentheses.

Scene Name Office0 Officel Office2 Office3 Room( Rooml1 Room2
PSNR 50.3 (38.9) 48.8 (41.8) 44.4 (42.4) 43.0 (46.4) 43.4 (40.1) 45.4 (39.1) 46.3 (42.7)
SSIM 0.994 (0.993) | 0.994 (0.996) | 0.990 (0.996) | 0.988 (0.998) | 0.986 (0.997) | 0.990 (0.997) | 0.990 (0.997)

Table 4. Rendering quality results for the TUM-RGBD dataset [20]. In this table, we present the mean value of the corresponding metric
and include the corresponding metric obtained in [21] in parentheses.

Scene Name | Freiburgl Desk | Freiburg2 XYZ | Freiburg3 Long Office
PSNR 20.8 (24.0) 23.7 (25.0) 24.8 (26.1)
SSIM 0.797 (0.924) 0.833 (0.924) 0.857 (0.939)

depth loss ensures that Gaussians are localized to physical
objects, which minimizes the presence of floating Gaussians
in the scene representation, a common issue scene in [10].
This is particularly important for robotic navigation as such
“floaters” could be interpreted as obstacles by a downstream
motion planner. Similarly, the isotropic regularization term
ensures that Gaussians do not become overly long or skinny
during optimization, which is relevant to manipulation tasks
as it ensures that object geometry can be accurately mod-
eled by a collection of Gaussians’ centers (e.g., for grasp
identification).

In these maps, we also observe that there are some gaps
present in the scene. This is due to the fact that the datasets
imperfectly covered the scene, either due to occlusion or
due to a limited scene traversal. For online robotic mapping,
this introduces an additional challenge: ensuring that the
robot’s observations sufficiently cover the scene for its task.
However, we defer this challenge to future work.

4.2. Runtime Performance

In our experiments, we also recorded computation time
statistics to evaluate the feasibility of such an approach for
online operation. Over all Replica dataset scenes, we find
that the average submap initialization time is 10.2 seconds
(st. dev. 0.29 seconds), with subsequent map updates tak-
ing 1.06 seconds on average (st. dev. 0.078 seconds). Over
the TUM-RGBD scenes, the average submap initialization
time is 0.75 seconds (st. dev. 0.055 seconds), with subse-
quent map updates averaging 0.37 seconds (st. dev. 0.023
seconds). Submap initialization notwithstanding, these re-
sults indicate that this mapping approach can run at approxi-
mately 1 Hz with high-resolution observations and between
2 to 3 Hz with lower resolution observations, which are
promising figures for an initial exploration of this method.

We plot the computation time per update over an entire
mapping sequence from each dataset in Fig. 5. We note
that the submap initialization imposes a high computation
cost in Replica scenes due to the large number of Gaussians
seeded. However, the computation time does not vary sig-

nificantly in subsequent frames once the submap is already
established. This suggests that the criteria set for initializing
a new submap were too stringent; a strategy that reinitial-
izes the submap less frequently is possible and would likely
mitigate such spikes in computation time greatly. In con-
trast, the submap initialization is much less prohibitive for
TUM-RGBD scenes as these scenes seed fewer Gaussians
and require a fraction of the optimization steps to initialize
a submap (see Tab. 2).

We also evaluate the effect of map size, as measured by
the number of Gaussians modeling the scene, on optimiza-
tion step time in Fig. 6. For smaller numbers of Gaussians
(as in the TUM-RGBD scenes), the optimization step times
appear relatively insensitive to map size and cluster around
a lower bound likely determined by PyTorch overhead. In
contrast, once the map size grows sufficiently, the step time
appears to scale linearly with map size. This linear trend
appears roughly consistent for range of map sizes result-
ing from the Replica scenes. This suggests that a hierarchi-
cal tree-based data structure [ 18] (e.g., analogous to octrees
for grid-based representations) could benefit computation
time for sufficiently large scenes or scenes with significantly
varying scales of detail.

5. Conclusion

In this work, we explored the feasibility of applying
3DGS to real-time scene mapping, motivated by applica-
tions to autonomous robotics. This is also relevant to set-
tings beyond robotics such as construction inspection, dis-
aster site surveying for search and rescue, or the mapping of
historical or archaeological sites. By focusing on mapping
alocal region at a time, we find that this method can operate
at roughly 1 Hz with high-resolution imagery, or 2 to 3 Hz
with lower-resolution observations.

Immediate improvements to this work could explore the
development of keyframe selection heuristics. In this work,
we simply optimize the map based on keyframe stream in
the sequence provided. However, when multiple keyframes
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Figure 4. Gaussian splat maps of the Replica Office3 (left) and RoomO (right) scenes. Note that these images depict the Gaussians in
the scene and are not renders (i.e., rasterized Gaussians) from the shown viewpoint.
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Figure 5. Computation time vs. map update step for two mapping
sequences (Replica Office0 left, TUM-RGBD Freiburgl
Desk right).

are too similar, computation time is wasted for minimal in-
formation gain. We also find that submap initialization time
can be quite costly, especially when a large number of Gaus-
sians need to be seeded, which could be addressed by tuning
the submap initialization strategy. Alternatively, a more so-
phisticated approach could explore “continuously” updating
the submap as opposed to the current discrete strategy. This
would involve maintaining a set of “optimizable Gaussians”
(i.e., a persistently active submap) to which we could dy-
namically add Gaussians to new regions or removing Gaus-
sians that are far away and out of view (of course, saving
them to a global map).

Longer term research directions could consider identify-
ing and handling dynamic objects in real-time. Another di-
rection, particularly relevant to robotics, could explore em-
bedding semantics in the scene map to develop more so-
phisticated environment interactions (e.g., segment and lo-
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Figure 6. Optimization iferation time (i.e., gradient step) vs. map
size measured as the number of Gaussians present.

cate specific objects, semantic or social context-dependent
behaviors, etc.).
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