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Figure 1. (Left:) Overview of the ODGS-SLAM system. (Right:) Following [22], any ray can be represented in the spherical coordinate

system S? with the angles ¢ € [—, 7] and 0 € [7; g]

Abstract

This work presents ODGS-SLAM, an omnidirectional si-
multaneous localization and mapping (SLAM) system uti-
lizing 3D Gaussian Splatting (3DGS) as the unified rep-
resentation for tracking and mapping. Thus, it recon-
structs scene geometry from panoramic image sequences
(RGB or RGBD) via splats while also estimating the cam-
era poses. Such a framework is important to understand
the full surrounding, e.g., for augmented reality applica-
tions or autonomous systems. We extended existing 3DGS-
SLAM methods to handle omnidirectional input by includ-
ing closed-form gradients for mapping and camera pose es-
timation, utilizing an equirectangular projection model. To
reduce memory footprint, a key frame removal procedure
based on graph analysis is proposed, enabling the applica-
tion to handle larger input sizes. For evaluation, we pro-
vide a dataset of controlled real-world and synthetic test
scenes (indoor and outdoor), employing a custom devel-
oped virtual camera lens. An extensive evaluation shows
that, for camera tracking, the proposed method achieves
statistically significant lower ATE RMSE scores compared
to a recent omnidirectional SLAM system, as well as other
3DGS-SLAM frameworks, while reaching a similar map-
ping performance.

1. Introduction

Simultaneous Localization and Mapping (SLAM) is a long-
standing challenge in robotics and computer vision, with
applications in autonomous systems [ 1] and augmented re-
ality [36]. Its objective is to create a 3D map of the en-
vironment while determining the sensor’s position within
it using different sensor modalities. Visual SLAM (V-
SLAM) relies solely on cameras, offering advantages such
as portability, low cost, and passive sensing [31, 46, 54].
A key challenge is how to represent the map efficiently
for tracking while maintaining dense and detailed infor-
mation of the surroundings. Recent neural implicit rep-
resentations like NeRFs [30] and 3D Gaussian Splatting
(3DGS) [21] have enabled dense map representations, start-
ing with iMAP [41] and evolving into 3DGS-based SLAM
systems [15, 20, 29, 55, 58], improving mapping quality,
tracking accuracy, and runtime performance.

However, these methods target perspective cameras with
limited field-of-views (FoVs), which creates blind spots
and limits tracking robustness. These limitations are ad-
dressed by omnidirectional sensing, improving environ-
mental awareness for applications like obstacle avoid-
ance [54] and scene understanding as, e.g., in object-level
SLAM [23]. While omnidirectional SLAM systems ex-
ist [16, 23, 54], to the best of our knowledge, none fully
integrate omnidirectional vision with 3DGS.

We introduce ODGS-SLAM, the first omnidirectional
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3DGS-based SLAM system (see an overview in Fig. 1).
Built upon [29, 55] and integrating ODGS [22], the back-
propagation pipeline is extended by analytical gradients
w.r.t. the camera position for omnidirectional camera track-
ing, a weighting scheme in loss calculations to mitigate
equirectangular distortion, and a novel key-frame removal
strategy exploiting the rotational invariance of omnidirec-
tional overlap to reduce memory consumption. We eval-
uate on a new dataset of real-world and synthetic scenes
including realistic fisheye distortions in the rendered data.
The evaluation shows superior tracking performance com-
pared to other 3DGS-based and feature-based omnidirec-
tional SLAM methods. Source code and dataset will be
made available online (please contact authors for the link).

2. Related Work

SLAM has made great advancements since its first introduc-
tion in [37]. Classical approaches can be found in [3, 9] and
more modern ones are summarized in [5, 19]; with RGB
or RGBD images employed as input. V-SLAM approaches
are, e.g., provided in [28, 34, 44]. Newer approaches focus
on deep learning, as recently surveyed, e.g., in [31].

Neural SLAM uses a dense differentiable scene descrip-
tion based on NeRFs [30], where a position- and angle-
dependent continuous color- and density-field is computed
via a multi-layer perceptron. Since the first introduc-
tion [41], improvements have focused on hierarchical tech-
niques [18, 62], neural implicit maps [24], volumetric fu-
sion [56], and coordinate networks with global bundle ad-
justment [48]. RGB-only input was enabled in [63] based
on [62]. A real-time optimizer was introduced in [60] with
efficient loop closure and full bundle adjustment, support-
ing monocular, stereo, and RGBD setups. We also support
RGB and RGBD and target near real-time performance, but
use omnidirectional images and 3DGS for mapping.

3DGS SLAM represents scene geometry via 3D Gaus-
sians [21], enabling fast rendering, scalability, and di-
rect gradient-based optimization. The first methods in-
troduced key innovations: memory-efficient key fram-
ing [29], coarse-to-fine pose refinement [55], and sub-map
based scalability [58]. We base our work on [29] for its
RGB/RGBD support and available implementation, while
adopting the constant velocity assumption from [58]. Re-
cent methods improve 3DGS SLAM by neural radiance pri-
ors to densify the map [26], by domain adaptions [49], by
learned scene priors and a tri-plane neural field architecture
to achieve real-time performance [13], or by multiple agents
reconstructing globally from distributed cameras [57].

Omnidirectional SLAM addresses FoV limitations of
perspective cameras by incorporating wide-angle or multi-
camera images, providing advantages in complex naviga-
tion scenarios [23]. A modular multi-camera approach was
presented in [47] reaching real-time performance through

hierarchical data integration. OmniSLAM [54] is the most
closely related work to ours, employing a wide-baseline
multi-camera rig with four ultra-wide FoV cameras for 360°
coverage, visual odometry [35] with dense depth maps from
omnidirectional stereo matching [52], and loop closure for
global consistency. But, it uses traditional volumetric fusion
rather than 3DGS for dense mapping. Other approaches ex-
tend traditional SLAM frameworks to omnidirectional sce-
narios [50] or use stitched panoramic images [16].

Omnidirectional Neural Implicit Representations
combine omnidirectional input with neural geometric rep-
resentations. NeRFs are extended in [33] for omnidirec-
tional outdoor urban images as captured for, e.g., Google
Street View, in [12] to work with distortions introduced by
two fisheye lenses covering the full scene, and in [14] by in-
troducing methods to address parallax distortion effects of
panoramic images. 3DGS is adjusted for omnidirectional
usage in [25] where Gaussians are directly projected from
3D space onto a sphere, in [2] where Gaussians are pro-
jected first onto a tangent plane and then wrapped around
a sphere, and in [22] where a hybrid approach of the for-
mer is realized by projecting from tangent space onto the
sphere in a second step. We follow the latter approach as
the two step projection provides a better computational per-
formance while still maintaining high accuracy.

Omnidirectional Image Stitching and Depth Esti-
mation: Many omnidirectional methods rely on stitched
panorama images and depth information [4]. Monocular ap-
proaches like [27, 64] estimate depth from single panoramic
images, while stereo methods [40, 52, 53] use multiple cam-
eras with overlapping FoV. Recent advances focus on real-
time performance via optimized networks [8, 17], applica-
ble in robotics and autonomous driving.

3. Method

3.1. 3D Gaussian Splatting

Following [29], our SLAM system employs 3DGS [21] to
represent the scene as a set of [V anisotropic 3D Gaussians
Gi, i € N, defined by a covariance matrix 3; € R3*3, its
center pt,;, and opacity ¢;. Instead of using spherical har-
monics to represent view-dependent radiance, each Gaus-
sian is assigned one single color c;, to prioritize speed over
rendering quality. For rendering, the 3D Gaussians are pro-
jected onto the image plane, given the camera pose T, in
world coordinates and the projection 7. Images are ren-
dered by reprojecting Gaussians to 2D, ordering them front
to back. The color of a pixel p=(u, v) is determined as:

i—1

cp(p) = Y cowi(p) [[(1 — w;(p)), (1)

ieN j=1

with w;(p) determining the contribution of the i-th Gaus-
sian to the pixel position p. Similarly, the depth d,(p) can
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be synthesized, by replacing c; in Eq. (1) with the distance
d; from the camera center to p,. Analogously, the silhouette
sp(p) can also be computed, by replacing c¢; with 1. The
latter denotes the coverage of each pixel with Gaussians G;.
Now, a color image I(G, T.), a depth image D(G, T.), and
a silhouette image S(G, T.) can be rendered for any camera
position T from the Gaussians G;. The rendering process is
fully differentiable. The Gaussian parameters can be opti-
mized to minimize the error between the rendered images
and provided RGB/RGBD input frames via their derived
gradients. As in [29], the extrinsic camera parameters for
a respective frame are included in the optimization. This
enables the usage of the same Gaussian map representation
for mapping as well as for camera tracking; see Sec. 3.2.

Adaptive density control is run every it,gc = 150 itera-
tions [21] and Gaussians with «; below threshold ¢, = 0.7
are deleted. Note that in the further explanations below, in-
dex ¢ of all Gaussian parameters is omitted for readability.

For more details see Supplementary (Sec. S1.1).

Omnidirectional Gaussian Splatting: To support 360°
panorama input frames, the projection operation 7 as well
as the calculation of J has to be adapted from the original
3DGS [21]. To this end, we extend ODGS [22] to support
the optimization of the camera extrinsic parameters. The
captures of an omni-directional camera system are repre-
sented in a spherical coordinate system S?. Thus, each ray
refers to a location on a unit sphere with azimuth angle ¢
and elevation angle 0; see Fig. 1 (right). The normalization
=/ || ]| yields the projections onto the unit sphere with
angular coordinates:

Maa/iz). Q)

The angles (¢, 6) are transformed, using image width W
and height H, to yield p, in centered image space:

¢, =sin"' (,), 0, =tan

W H\"
/1,0—71'0([1)—( ¢/t H/7T 0;/,‘1' 2> . (3

The 3D covariance matrix X is then projected onto the 2D
image plane [22]. First, each X is projected onto a tangen-
tial plane of the unit sphere, using a perspective camera with
unit focal length and principal ray from the sphere center, as
well as the respective Gaussian . The transformation T,
rotates the camera to point to & dependent on transforma-
tions given by ¢,, and 0,,:

T, =Ty, x Ty, 4)

cos ¢y, 0 —sing@,
= |sinf,sing, cosf, sinf,cos¢,|. (5)
cosf,sin¢, —sinf, cosf,cose,

The Jacobian for perspective projection yields

0 el 0

for aligned coordinates. Due to the adaptive density con-
trol of 3DGS [21], small covariance values of the Gaussians
are assumed. Thus, the distortion introduced by projection
from the tangential planes on the unit sphere is neglected.
The resulting covariances on the tangent planes are directly
mapped in the equirectangular image plane. To compensate
for the distortion from the equirectangular projection a hor-
izontal scaling factor of sec(6) = COS(@) is applied, resulting
in the distortion correction matrix Q,. Scaling S, maps
from angles to image pixels. The updated Jacobian is:

Jo = SoQonT;L @)
cos ¢, sin ¢,
Weos 0, 0 — %os 0,

hsin 6, sin ¢,,

__|secf, O (¥
QO|: 0 1:|3 SO|:O

hcosf, hsind,cos g,

} ) ®)

Iz o

s

with w = W and h = ﬁ Finally, Eq. (1) and the
respective equations for depth and silhouette are used with
t, and 3, to create fully differentiable, equirectangular

panorama images for color I, depth D,,, and silhouette S,,.

3.2. SLAM

Following Matsuki et al. [29], the SLAM-system is built
around the 3D Gaussian representation and the differen-
tiable renderer; see Sec. 3.1. It performs three main steps,
tracking, key-framing, and mapping; see Fig. 1 (left). Here,
these steps are described in more detail with focus on the
proposed extensions for omni-directional input images.

Error Functions and Preprocessing: Given a set of [V
Gaussians G and the k-th input frame (either Fi;z = {I*}
or Fopp = {I¥, D*}) the parameters of the scene repre-
sentation and the rendering pipeline can be optimized. De-
pending on the task, i.e., tracking or mapping, and given
input RGB/RGBD, different error functions, preprocessing
steps, masks, and weights are combined. To ensure that the
Gaussians visually represent the input frame, a photometric
residual between the rendered image (G, T¥), at camera
pose T%, and the input I* is defined:

phO_WHZZfIy HIgT oy “/‘

1’
r=1y=1

©)
with the pixel-wise weighting function f(z,y); see below.
In case of RGBD input, a geometric error is calculated by:

ge"_WHZZJC”W HDQ Te)e

z=1y=1

?

1

(10)
with DF the ground truth depth. Further, to avoid too elon-
gated Gaussians that can lead to tracking errors, an isotropic
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regularization term is utilized. For each G; it considers the
axis-wise deviation of the scaling vector s; (Eq. (S5)) from
its mean S;. With j as index for the three axes of the scaling
vector, the isotropic regularization is calculated as:

;N3
150_37NZZHSW_§"H1’ (11)

=1 j=1

Further, to compensate for varying lighting conditions, ren-
dered images I(G, T¥) are exposure-corrected by:

15, = e™ (G, TF) + by, (12)
with optimizable correction parameters ay, and by, specific
to every input frame. A pixel mask Mj,; can be applied to
filter out all pixels for which the sum of the three color chan-
nels is smaller than a threshold A, = 0.01. To focus on ar-
eas with varying pixel intensity, e.g., for tracking, a gradient
mask Mgraq can be applied. This mask is valid for all gra-
dients that are larger than the median gradient of the whole
image, scaled by an edge threshold Acgee = 1.1. Gradients
are calculated from the grayscale image utilizing a Scharr
filter. In addition, for RGBD frames, a depth mask Mgepm
can be setup to filter all pixels with depth d(x, y) outside of
a valid range dyin < d(z,y) < dpax, With dpin = 0.01 and
dmax = 100. This helps with filtering objects on the horizon.

Equirectangular images significantly stretch regions at
the poles. Thus, a latitude weight scaling the pixel errors
based on their distance from the poles [42] is applied to

both Etho and Egeo It is calculated for pixel (x,y) via:
wiat(y) = cos((y/H — 1/2)m). (13)

The rendered silhouette images S(G, T¥) can be used as
pixel-wise weighting, to ensure pixels contribute to the er-
ror depending on their Gaussian coverage. Also, it can be
employed to create a silhouette mask Mg;, filtering pixels
with s, (2, ¥) < Smin, With minimum opacity smin =0.95.
Differentiable Camera Pose Estimation: To estimate
the camera position T* for a new frame F*, gradients of the
camera pose in the rasterization process of 3DGS are calcu-
lated and back-propagated to minimize the loss in Ly,cx; see
Egs. (17) and (18). They can be derived analytically, follow-
ing GS-SLAM [55]. Using the chain rule, the gradients are
calculated independently for the photometric and geometric
errors EI]th and Egeo, respectively. Dropping frame index k
and using previously defined color and blending factor, the
gradient w.r.t. T for one pixel is obtained for EX, as
5Eph0 - aEpho 8cp
oT. dc, OT.

~ O0Epho dcp, Oc;
- oc Z (acz a':[‘c *
P jen

oc, ow; 1Y
awi 0Tc '

9¢p dc; :
Here, the term 722 55 corresponds to view-dependent col-

ors. As specular hlghhghts are not intrinsic to the object’s
surface, this term is neglected for faster computation. Split-
ting remaining terms further, yields derivatives with respect
to the Gaussian means p,,; and covariances X o,

0Fpho ( Jc, 8wi) :8Epho 8cp' (15)
Ocp, \ Ow; 0T, dcp, Ow;
Ow; az;,zm Ow; Oy
(azg,zm IT. Oty aTc) .

As shown by Yan et al. [55], 8“ o is the deterministic com-
ponent for the calculation of T Following them, we ignore
the covariance-term for efficiency. Finally, T\ is split up in
rotation R, and translation t.. The respective gradients are
derived from %‘;:I’:; see Supplementary (Sec. S1.2) for de-
tails.

The gradient of Egeu with respect to T% for the depth

value of one pixel is derived similarly:

aEgeo o aEgeo%

9T. _ ad, OT.
OB < (Ody 0d;
= ad Z(adi oT.
P jeN

Finally, the derivative with respect to w; is also very sim-
ilar to the color term in Eq. (15). Again, the gradient is
split into a rotation and translation term; see Supplementary
(Sec. S1.2).

Initialization: At the start, the system creates Gaussians
by random sampling of |W H/k;y | pixels in the equirect-
angular input image, with kiy; = 32. If available, depth data
is used to determine the distance of the Gaussians from the
camera. Otherwise, they are placed on the unit sphere with
a small random offset within £0.025. The parameters of the
initial Gaussians are optimized for njyj; = 1050 iterations to
minimize the mapping loss Lmap, see Eqs. (20) and (21),
only for the initial input frame without exposure correction.
Then, the next frame is loaded to start the tracking phase.

Tracking: In the tracking module, new input frames are
loaded and the camera pose is estimated. The initial pose
Tk. . for frame k is calculated using a constant motion as-
sumption. A weighted average of the last three frames’ rel-
ative motions (with weights [0.5,0.3,0.2]) is added to the
pose of frame k—1. Then, the new position is optimized via
the 3DGS rendering pipeline by repeatedly minimizing the
tracking losses with respect to T:

od, Ow; (16)
8wi 8TC '

Luack(Fige) = Epo- (17)

For each frame, this optimization is run for itk = 50 iter-
ations or until the relative pose change is below a threshold
Epose-conv = 10~5. Further, I (g, Tf) is exposure corrected
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via Eq. (12). The affine brightness parameters a; and by,
are optimized during tracking, too. In addition, M, and
Miraq are computed from 7% and used to filter 1%, and I*.
Finally, the pixel-wise weighting f(x,y) = wia(y)sp(, y)
is applied (see Egs. (1), (9) and (13)).

For RGBD input, the depth error is included as well and
the two terms are mixed using Appo = 0.95 as follows:

Lirack(Figep) = ()‘PhOEgho +(1— )‘phO)Egeo) . (18)

Depth images D(G,TF) and D¥ are weighted with
f(z,y) = wiu(y). Masks Mgepm and Mg are applied to
filter very close, far away, or little contributing pixels.

Key Framing: Using every input frame for the opti-
mization of the Gaussian map is not feasible due to limited
memory. Thus, it is essential to select a set of active key
frames W based on inter-frame co-visibility. First, we ap-
ply strategies for initial key frame selection, insertion, and
removal from the active window similar to [29]. A new
frame is marked if the overlap of observed Gaussians in
both frames is large; i.e., co-visibility measure 7.y > 0.9.
When adding a new key frame, random Gaussians are ini-
tialized following the same approach as outlined above. For
RGBD input the depth of Gaussians is set to the rendered
depth at the current camera position perturbed by a small
random factor. For RGB they are placed on the unit sphere.
Then, an initial map refinement is run for ity = 10 iterations.

In addition, ODGS-SLAM introduces a novel key frame
removal strategy that leverages properties of omnidirec-
tional imaging. Panoramic images captured from simi-
lar positions with different orientations largely contain the
same scene content. Therefore, spatially close key frames
can be dropped. They are detected employing a graph-based
approach. All key frames except the ones in the active track-
ing window W;, are filtered using a KD-tree [ 1] to identify
pairs that are at most 7gi5; apart. The resulting pairs are then
evaluated for rotation-invariant image similarity through a
spherical warping process. For two candidate key frames
F* and FJ with rotation matrices R; and R, a rotation-
aligned similarity score S (I', I7) between the two input im-
ages I® and I’ is estimated. First, the spherical coordinate
directions v*(¢, #) are calculated for each pixel in I*. Then,
the relative rotation between the two key frames is applied:

v'(¢,0) = (R:R; 1) v'(8,0). (19)
The resulting directions are re-projected back to equirectan-
gular coordinates. With the resulting map, image I is then
aligned with image I7 via bilinear interpolation, producing
I Finally, score S(P IJ) is calculated using a pixel-wise
L, norm, between I* and 7.

All key frame pairs with S (f Ve ) < Tsim are marked
as redundant. Based on this an undirected graph is set up
where nodes represent key frames and edges connect mutu-
ally redundant pairs. A greedy algorithm selects removable

—
8.7 —
g @ retained
N 86 B current window
% toremove
3.0 32 34 3.6 3.8 4.0
X (m)

Figure 2. Key frame redundancy graph constructed from spa-
tial proximity and rotation-aligned similarity: retained (blue), re-
moved (red), and key frames belonging to the current tracking win-
dow (green). Edges illustrate mutual similarity.

key frames, based on the score RF=0.5- A"+ C*. Here,
the temporal age A* of key frame k is measured by its index
in the chronologically ordered list, and C* is its connectiv-
ity within the redundancy graph; i.e., number of redundant
neighbors. Iterating through the sorted list, for each un-
visited node, all its redundant neighbors are removed. This
ensures that the final selection retains a subset of key frames
with minimal redundancy, while prioritizing more recent
and better-connected observations. An example of the re-
sulting redundancy graph is presented in Fig. 2, showing
the spatial distribution of key frames, their redundancy re-
lationships, and the result of the pruning process.

Mapping: The mapping module creates and maintains
an accurate 3D representation of the observed environment.
In ODGS-SLAM, the Gaussian map of the union of recently
observed key frames in the active window and two ran-
domly selected key frames from the set of past key frames,
W=W{UW,, is optimized. The former ensures that the cur-
rently observed region is properly mapped, while the latter
prevents the system from forgetting other parts of the map.
In one mapping step, all the Gaussian parameters are opti-
mized using the following loss over Nt frames in VW, with
isometric mixing factor i, = 10:

Lunap(Fron) ( Z pho> + Aiso Eiso- (20

Again, images [ (Q7Tf) are exposure corrected, masked
with My, and weighted pixel wise via f(z,y) = wi(y)-
Further, depth errors are included in the loss function if
RGBD data is available:

N¢
1 .
Lmap(]:}];GBD) = (Nf § ()\pho pho + (1 - Apho)Egeo)>

k=1
+ Aiso Eiso- 2D

Here, depth inputs are weighted using wj,. Further, very
close as well as far away pixels are filtered using Mgepen-
The masking and weighting of depth inputs follows the
tracking loss calculation, except for silhouette mask Mg,
which is omitted for mapping. Finally, adaptive density
control is applied every ity -th iteration of the mapping.
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4. Dataset

Although there are open datasets available in the context of
SLAM [38, 39] and omnidirectional SLAM [6, 7, 10], these
are either not omnidirectional or do not cover all required
features for a thorough evaluation. RGB images, depth and
positional data are required. Further, a comprehensive set
of sequences, with explorations and varying complexity in
movement and scene structure should be available; with
sequences designed for testing and debugging. Moreover,
identical sequences captured with omnidirectional as well
as perspective cameras are needed, enabling direct compar-
isons between SLAM systems. For these reasons, we opted
to create our own dataset, comprising real world and ren-
dered scenes, for indoor and outdoor; see Tab. 1.

Table 1. Dataset overview; for resolution, f denotes fisheye,
s stitched, o panorama, p perspective; sequences are exploration
(Ex), isolated direction (ID), retracing (Rt), circular motion (C).

Scene Camera Resolution Depth  Sequences

Indoor- Insta360 Pro 6x1440x1920f o Ex, ID, Rt

Real 1920x960s y

Insta360 X4 3840x 19200 n Ex, ID, Rt

6x1440x1920f y

Indoor- . 1920%x960s y

Room Synthetic 3840 19200 y Ex, ID, Rt, C
1440x 1920p y
6x1440%1920f vy

Outdoor  Synthetic 3840x 19200 y Ex
1440 1920p y

Indoor real world sequences were captured using two omni-
directional camera systems mounted on a remote-controlled
robotic platform (myAGV). An Insta360 Pro and an In-
sta360 X4 were chosen to cover professional and consumer
hardware, comprising six and two fisheye cameras, respec-
tively. For the Insta360 X4 two mounting setups were em-
ployed; directly on the robot and with a vertical extension.
Synthetic data was rendered in Blender via a custom de-
veloped lens extension to create realistic fisheye distortions
based on the intrinsic parameters of the Insta360 Pro; cali-
brated using MC-Calib [32]. Two available Blender scenes
were utilized: the Italian Flat [45] and the virtual urban [61]
scene. Rendering resolutions were chosen to match the real
cameras. Additionally, panoramic images and depth maps
were generated, single fisheye camera outputs stitched, and
pinhole cameras rendered. The camera motion sequences
include longer exploration paths (Ex), as well as shorter
evaluation sequences: isolated directional movement (ID),
retracing (Rt), i.e., traversing same trajectory twice with
180° turn in between, and circular movement (C). More
details on the dataset can be found in the Supplementary
(Sec. S3), together with example images (Figs. S3 to S6).

5. Evaluation

5.1. Setup

ODGS-SLAM was evaluated extensively on the generated
dataset. In particular, its performance in tracking and map-
ping, as well as computational performance was compared
with three other baseline methods for 20 different camera
movement sequences in the four different scenes included
in the dataset. Additionally, the contribution of selected sys-
tem components was analyzed in an ablation study.

Tracking accuracy is measured using the root mean
square error (RMSE) of the absolute trajectory error (ATE).
Mapping quality is evaluated by comparing rendered key
frames against corresponding ground truth views using
three pixel-wise image error metrics: peak signal-to-
noise ratio (PSNR), structural similarity index measure
(SSIM) [51], and learned perceptual image patch similar-
ity (LPIPS) [59]. Computational performance is assessed
by measuring per-frame processing time for tracking and
mapping, together with GPU and RAM memory utilization.
Means of three to five runs per method are reported.

For the comparisons, firstly two 3DGS-SLAM sys-
tems for perspective cameras were selected: GS-SLAM
(MonoGS) [55] and Gaussian-SLAM (GASL) [58]. This al-
lows to isolate the effect of omnidirectional imagery and the
extensions particular to ODGS-SLAM w.r.t. SLAM perfor-
mance. Secondly, the feature-based omnidirectional SLAM
method PatchMatch-Stereo-Panorama (PMSP) [43] was in-
cluded to compare to a more traditional omnidirectional
SLAM method employing ORB-features.

All experiments were conducted on workstations
equipped with a NVIDIA RTX 4090 GPU, an Intel Core i7
9700K CPU, and at least 32 GB of RAM. Several
hyper-parameters for ODGS-SLAM were already indicated
above; the full set is listed in the Supplementary (Sec. S2).
For all comparison methods, parameters were set to closely
match the ODGS-SLAM ones, to ensure a fair comparison.
In particular, for GASL the default configuration was ap-
plied. For MonoGS the Replica dataset parameters were
used. These are the same in ODGS-SLAM; with the ex-
ception of the initial point cloud density, which was in-
creased to create 2.67x more points, thus reflecting the
larger amount of pixels present in omnidirectional input.

Input image size was set to 1920 x 960 pixels for omni-
directional and 720 x 960 pixels for perspective data; em-
ploying a FoV of ~ 97°. The outdoor scene had to be run
at half the input resolution, since no system was capable of
handling the large amount of frames and scale of the map
at full resolution. Furthermore, for the outdoor scene the
tracking iteration and learning rate for the camera pose were
increased, reflecting the larger scene scale. Note that de-
pending on the input data, not all methods could be run on
all settings; MonoGS and GASL both require perspective
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Table 2. RMSE ATE (m) for RGB/RGBD synthetic sequences.
Note: * is excluded from average calculation.

Method Ex-O" Ex1 Exls Ex2 Rt C ID-XYZ Avg
RGB
MonoGS  39.555 1.335 - 0986 0.384 0490  0.121 0.663

PMSP 2.365 0.081 0.069 0.138 0.099 0.074 0.095 0.093
O-SLM 36.070 0.008 0.021 0.355 0.004 0.006 0.012  0.068

RGBD
GASL - 0.640 - 0987 0.846 8.844  0.157 2.295
MonoGS  20.999 0.845 - 1.159 0339 0447 0.105 0579

0-SIM 0571 0013 0128 0025 0002 0.001 0002  0.029

Table 3. RMSE ATE (m) for RGB/RGBD Insta360 Pro sequences.

Method ID-Z Rt ID-X Ex1 Ex2 Avg
RGB

MonoGS  0.028 0439 0.109 0582 0394 0310
PMSP 0.092  0.096 0340 0.038 0.047  0.122
O-SLM 0.020  0.036 0.026 0.044 0.028  0.031

RGBD
O-SLM 0.020  0.037  0.129 0.052  0.038  0.055

images, GASL in addition needs RGBD data, and PMSP
only works on RGB input.

5.2. Quantitative Evaluation

Tracking: Detailed tracking results (i.e., RMSE ATE in
meters) are reported in Tabs. 2 to 4, for all sequences in
different scenes and setups in the created dataset (note that
ODGS-SLAM is shortened in the tables to O-SLM, due to
space). Further, the header rows indicate the respective se-
quences, and averages are shown in the last columns.

It can be observed that ODGS-SLAM manages to out-
perform other methods in almost all of the sequences.
For statistical evaluation of the results, first Shapiro-Wilk
tests were carried out; data largely did not follow a nor-
mal distribution, wherefore non-parametric tests were ap-
plied. Kruskal-Wallis H tests indicated that there is a sig-
nificant difference (p < .001) between the methods for
the cases RGB synthetic (x2(2) = 45.77), RGB Insta360
Pro (x?(2) = 24.21), and RGBD synthetic (x*(2) =
38.91). Post-Hoc Dunn’s tests, with Bonferroni corrected
alpha of 0.017, indicated statistically significant improve-
ment of ODGS-SLAM over the other methods. Similarly, a
Mann-Whitney U test was performed to compare between
ODGS-SLAM and PSMP for the Insta360 X4 sequences.
The results indicated a significant difference, U = 135,
p<.000001, with ODGS-SLAM having significantly lower
RMSE compared to PSMP. Note that the outdoor scene
(Ex-O) was excluded from statistical test since only ODGS-
SLAM with RGBD and PMSP with RGB successfully track
the full sequence.

Mapping: In the mapping evaluation, all 3DGS-based

Table 4. RMSE ATE (m) for Insta360 X4 sequences, separated for
direct and extension mount.

Method ID-Z ID-XZ Rt Ex Avg

Direct mount

PMSP 0.086 0.090 0.054  0.043  0.068
O-SLM 0.042 0.008 0.037  0.042  0.032

Extension mount

PMSP 0.176 0.071 0.067 0276  0.148
O-SLM 0.095 0.008 0.028 0116 0.062

SLAM methods were compared. The mean results grouped
by the different scenarios are listed in Tab. 5. Note that
PMSP was excluded, since it only outputs a dense point
cloud. The maps were evaluated at the end of each se-
quence, comparing all selected key frames with the result-
ing renders at the same positions. Overall, ODGS-SLAM
rendering performance is comparable to the other methods.

Memory usage: Finally, for all sequences, the CPU and
GPU memory utilized by the front- and backend, and the
tracking and mapping times were measured. Mean values
for the different scenarios are reported in Tab. 6.

Table 5. Mean rendering results across different scenarios. Arrows
indicate if lower or higher values are better.

Scenario Method PSNR1 SSIMT mSSIM1T LPIPS| mLPIPS |

360 Pro MonoGS  22.50 0.83 - 0.34 -
RGB O-SLM 24.35 0.67 0.83 0.42 0.22
360 Pro  O-SLM 23.19 0.62 0.77 0.48 0.28
RGBD
X4 (ext) O-SLM 23.98 0.75 0.82 0.32 0.19
RGB
X4 (dt)y O-SLM 22.08 0.59 0.77 0.45 0.23
RGB
Synth.  MonoGS  25.99 0.86 - 0.32
RGB O-SLM 28.45 0.89 - 0.21
Synth.  GASL 32.36 0.96 - 0.09
RGBD MonoGS  27.65 0.87 - 0.27
O-SLM 29.37 0.88 - 0.22

Ablation Study: To analyze the impact of the different
modules on the overall system, an ablation study was per-
formed. In particular, the constant movement, large depth
masking, key frame (KF) removal, and latitude weighting
were investigated, by disabling them one at a time. The
first 750 frames of exploration one (Ex1) in the synthetic
room scene was utilized as test sequence. The results shown
in Tab. 7 indicate that without latitude weighting the system
would be much more efficient, but the tracking performance
is much worse without. Further, from the mean GPU mem-
ory utilization, it can be seen, that the key frame removal is
very efficient without much runtime overhead.

Parameter Study: Finally, to analyze the influence of
different parameters on the system performance a parame-
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Table 6. Mean performance metrics across different scenarios,
with frontend (FE) and backend (BE). Lower is better.

Scenario Method FE FE BE BE Track Map
RAM GPU RAM GPU time time
(MB) (MB) (MB) (MB) (ms) (ms)

MonoGS  1984.78 4544.1 154297 4555.7 299.9 871.7
PMSP - - - - 43.0 -
O-SLM 1833.82 53584 1596.62 5414.0 1085.6 3051.2

360 Pro
RGB

360Pro  O-SLM 1930.82 7296.7 1776.71 7508.6 1356.5 2489.6
RGBD

X4 (ext) PMSP - - - - 58.9 -
RGB O-SLM 1921.21 6910.0 1648.02 7025.8 1219.6 31319

X4 (dt)  PMSP - - - - 56.8 -
RGB O-SLM 1943.45 7788.2 1689.93 7953.0 1243.7 2843.8

Synth. MonoGS  1985.73 44289 1532.01 4440.8 283.0 825.7
RGB PMSP - - - - 43.8 -
O-SLM 1910.49 66854 1644.15 6757.8 12745 3126.8

Synth, GASL - - - - 709.8 2911.6
RGBD MonoGS  2487.49 5815.6 1774.10 58354 5054 821.2
O-SLM 2030.25 10315.0 1864.31 10666.3 1709.0 2752.7
Table 7. Results of the ablation runs.

Metric Unit  Control No No No No lat.
const. depth KF re-  weight
mov. mask moval

FE RAM MB 2032.6  2018.1 2032.3 23184 2006.3

BE RAM MB 1811.5 1814.2 1837.7 21434 1781.8

FE GPU MB 7023.9 73985 8077.8 8072.9 6036.8

BE GPU MB 7906.8  8216.6 8942.7 8857.2 6676.8

Track time s 1.532 1.596 1.672 1.540 1412

Map time s 2.495 2.591 2.807 2.543 2.260

RMSE ATE m 0.007 0.006 0.028 0.007 0.030

PSNR (1) db 27.84 27.48 26.55 28.99 28.33

SSIM (1) / 0.817 0.867 0.856 0.885 0.881

LPIPS (}) / 0.254 0.262 0.275 0.236 0.223

ter study was setup. As key parameters, varying image size,
point cloud sampling rate k., tracking iterations itck,
and densification/tracking-convergence thresholds 74¢,s and
€pose-cony Were identified. The study was run in the synthetic
room exploration sequence (Ex1). For RGBD input, reduc-
ing the image size and increasing Ky, Tdens> and €pose-cony
achieved FPS 0.967, tracking time 0.184s, mapping time
0.902s, RMSE ATE 0.032m, PSNR 24.65, SSIM 0.809,
and LPIPS 0.249. Using the same parameters with RGB
input, resulted in FPS 1.925, tracking time 0.112 s, map-
ping time 0.833 s, RMSE ATE 0.029 m, PSNR 25.26, SSIM
0.837, and LPIPS 0.220. The full study results are reported
in the Supplementary (Sec. S6).

6. Discussion and Conclusion

This work introduces ODGS-SLAM, the first omnidirec-
tional SLAM method using 3DGS for tracking and map-
ping. It extends existing 3DGS-based SLAM approaches
to panoramic RGB/RGBD input by integrating an omnidi-
rectional 3DGS pipeline, closed-form gradients for camera
pose optimization, lateral weighting to address equirectan-

cular distortion, and a novel graph-based key frame removal
strategy exploiting rotational invariance in omnidirectional
imagery for memory footprint reduction.

The system is evaluated and compared to two other
3DGS based SLAM methods and an omnidirectional fea-
ture based SLAM using our newly generated dataset. The
latter includes fisheye, perspective and panoramic image
sequences, of real-world and rendered indoor and outdoor
scenes. Additional results including trajectories, depth
maps, and error visualizations are provided in the Supple-
mentary.

Results show that ODGS-SLAM achieves statistically
significant better ATE RMSE scores, compared to all
other methods, while reaching comparable mapping perfor-
mances. Nevertheless, the main limitation of ODGS-SLAM
is its tracking and mapping runtime, with overall track-
ing times of over one second. This likely results from the
larger input resolution and the additional processing over-
head due to the equirectangular imaging. Nevertheless, the
parameter study shows that ODGS-SLAM can reduce run-
time at the cost of higher RMSE ATE. Even with this trade-
off, the RMSE ATE remains about an order of magnitude
lower than that of other 3DGS-SLAM methods while de-
livering comparable rendering quality (see Tabs. 2 and 5).
While longer computation times are a general concern with
3DGS based SLAM methods, this needs addressing in fu-
ture work. Further, several methods faced difficulties with
the outdoor scene. ODGS-SLAM RGB fails due to scale-
drift; MonoGS struggles with rotation estimation (RGBD)
or fails completely (RGB) and GASL runs out of memory
(see in Fig. S9). In future, we intent to explore the perfor-
mance in outdoor environments.

One of our key contributions, the key frame removal,
became necessary due to the large GPU memory require-
ments. This is especially critical for our omnidirectional
approach, where larger maps are created, covering more of
the surroundings, than the other 3DGS-SLAM methods.

We conclude, that ODGS-SLAM establishes a founda-
tion for omnidirectional 3DGS-based SLAM, demonstrat-
ing the benefits of full 360° sensing for tracking accuracy
in dense neural SLAM systems.
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