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CAMERA POSE ESTIMATION USING
A 3D GAUSSIAN SPLATTING RADIANGE FIELD

Introduction. Accurate camera pose estimation is crucial for many applications ranging from
robotics to virtual and augmented reality. The process of determining agents pose from a set of
observations is called odometry. This work focuses on visual odometry, which utilizes only images
from camera as the input data.

The purpose of the paper is to demonstrate an approach for small-scale camera pose
estimation using 3D Gaussians as the environment representation.

Methods. Given the rise of neural volumetric representations for the environment
reconstruction, this work relies on Gaussian Splatting algorithm for high-fidelity volumetric
representation.

Results. For a trained Gaussian Splatting model and the target image, unseen during training,
we estimate its camera pose using differentiable rendering and gradient-based optimization
methods. Gradients with respect to camera pose are computed directly from image-space per-pixel
loss function via backpropagation.

The choice of Gaussian Splatting as representation is particularly appealing because it allows
for end-to-end estimation and removes several stages that are common for more classical
algorithms. And differentiable rasterization as the image formation algorithm provides real-time
performance which facilitates its use in real-world applications.

Conclusions. This end-to-end approach greatly simplifies camera pose estimation, avoiding
compounding errors that are common for multi-stage algorithms and provides a high-quality
camera pose estimation.

Keywords: radiance fields, scientific computing, odometry, slam, pose estimation, Gaussian
Splatting, differentiable rendering.

INTRODUCTION

Accurate pose estimation is an important part of many algorithms. In particular
interest are the algorithms that operate only on a given set of images as
obtaining them is extremely easy and cheap.
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The task of estimating changes to the position over time with the use of data from
motion sensors is called odometry [1]. And when motion sensor is a camera and data
is images, then such task is called visual odometry [2].

There are many approaches to solving this problem [3], from different camera
setup (monocular or stereo), using feature-based (tracking a sparse set of key-points)
or direct methods (using whole image and processing pixel intensities). However,
these approaches operate in 2D image without fully reconstructing the environment
requiring several stages from keypoint detection [4], matching, triangulation and only
then tracking. Each such stage introduces errors which

lead to a loss of accuracy.

Recent advancements in scene reconstruction [5, 6] and representation such
as Neural Radiance Fields perform high-quality scene reconstruction utilizing
only a set of images, where reconstruction itself is performed using
differentiable rendering methods and gradient-based optimization.

While original Neural Radiance Fields perform ray-tracing [5] to render an
image a more computationally efficient Gaussian Splatting algorithm [7] does it
via rasterization which is especially important for real-time applications.

This work demonstrates an approach of how to estimate camera pose given
a trained Gaussian Splatting model.

To perform a reconstruction using Gaussian Splatting algorithm an initial set of
images must have known camera poses. However, once a reconstruction is obtained,
camera poses for new images can be recovered by optimizing camera parameters via
gradient descent by minimizing a per-pixel loss function of the rendered image and
the target image for which we want to find its corresponding camera pose.

OVERVIEW OF A 3D GAUSSIAN SPLATTING ALGORITHM

Gaussian Splatting algorithm [7] represents the environment with a set of
anisotropic 3D Gaussians. Each 3D Gaussian is parametrized by its mean
(position), covariance matrix X; and opacity o;. View-dependent color of each
Gaussian is represented via spherical-harmonics.

Rendering procedure follows the same image formation model as with
Neural Radiance Fields (NeRF) [5], specifically:

C:

M=

Il
~

T; (1 - exp(—GiSi ))cl»

(D
i1
1; =exp —ZGJSJ- ,
j=1
where C is a color of the ray emitted from the pixel. Each point in the space is
characterized by its density o; and emitted color c;, which are taken with §;

intervals along the ray. 7; is a transmittance or equivalently, a differential
probability of a ray being absorbed by particles up to i-th step.
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INITIALIZATION AND TRAINING

To train Gaussian Splatting model, it is first necessary to initialize it.
Given a set of images [/ = [, ..., I, and known camera intrinsic parameters
(focal length, principal point, distortion coefficients) an off-the-shelf
Structure-from-Motion algorithm is used [8] to estimate camera poses
T=T,..T.

This is typically done by finding keypoints, then matching them
across im- ages, obtaining an initial point-cloud with triangulation and
then performing global Bundle-Adjustment procedure to optimize both
camera poses and point-cloud [8].

After that, Gaussian Splatting model can be initialized with the
point-cloud obtained from Structure-from-Motion step.

Training is then done by randomly selecting an image /; € /, rendering the

model as described in (1) to obtain an image I computing the loss function
(T =1 (+(1-2)SSIM (L 1), )

where SSIM is a Structural Similarity Index Measure [9] and 4 € [0, 1] is a
scalar value.

Finally, given a loss function we compute gradients w.r.t. Gaussian
Splatting model which are then used to update its parameters. This
procedure repeats until convergence.

Given that we compute a gradient, the entire rendering procedure
must be differentiable. In contrast to other Neural Radiance Fields which use
raymarching for image formation, Gaussian Splatting does it with
rastereization. This has several benefits, as rasterization is more efficient
and because positions of 3D Gaussians are known there is no need to skip
empty spaces.

However, since each 3D Gaussian is parametrized by its density
(opacity) o, in order to compute the final pixel color we need to perform
alpha-composing of L ordered 3D Gaussians overlapping that pixel.

To compute ordering efficiently and avoid recomputing it for each pixel,
3D Gaussian Splatting algorithm performs one global sorting of every
3D Gaussian according to the following key [7]:

1 # Depth value of a 3 D Gaussian

2 depth::Float32 = ...

3 #Id of the 16 x16 tile that this 3 D Gaussian overlaps.
4 tile_id::UInt64 = ...

5 key:UInt64 = (tile_id << 32) | reinterpret(UInt64, depth)

3D Gaussian Splatting uses a tiled renderer, where it divides image into
16x16 tiles and each tile is processes on GPU by a block of 256 threads.

Therefore, tile id is the ID of the 16x16 tile that the current 3D Gaussian
overlaps and depth is the distance to the camera. Using this key, gives a
list of 3D Gaussians that are first sorted (and thus grouped) by tiles they
overlap and within each tile by depth. This way sorting can be done only
once globally, afterwards a final color can be computed efficiently by
fetching 3D Gaussians from the sorted list.
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DENSIFICATION

At the beginning of the optimization gaussians are initialized with the initial
point cloud obtained from = Structure-from-Motion  algorithms
(e.g. COLMAP [8]) that was used to compute camera poses. However, the
initial set of points may not be enough for high-quality representation of the
environment. Therefore, during training the Gaussians may grow in its
quantity, either by

— cloning existing Gaussian and shifting its position along the
positional gra- dient. This may be done in under-reconstructed
regions with small fine details.

— or by splitting Gaussians if they are too big in size. In this
case they are split into two smaller ones with randomly sampled
position within the original Gaussian.

This allows 3D Gaussians to represent fine-details structures given

enough training time.

Fig. 1. Point-cloud obtained from Structure-from-Motion (left) and initial Gaussian
Splatting model (right).

Fig. 3. Example of reconstruction of the bicycle, where densification procedure al lows
to represent thin spokes. Left figure is the color rendering mode, right is the depth
rendering mode.
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In the next section we describe camera pose estimation task and outline
the algorithm to efficiently optimize camera poses given trained Gaussian
Splatting model.

CAMERA POSE ESTIMATION

As was mentioned above, camera pose estimation is an important part of many
algorithms such as Simultaneous Localization and Mapping (SLAM), where the
goal is to estimate both camera pose and reconstruct map of the environment.
Also, Gaussian Splatting algorithm currently relies on off-the-shelf Structure-
from-Motion algorithm to obtain its initialization. Having two sepa rate stages
introduces its own challenges such as increasing engineering complex ing by
having to integrate two separate algorithms and introducing errors from previous
stages which may decrease reconstruction quality.

Therefore, it is tempting to have a single stage” [10], where both the
environ- ment map and camera poses can be learned using Gaussian
Splatting algorithm. Here we consider a simplified scenario, where given a
trained Gaussian Splat- ting model from the set of images / and known
camera poses T our goal is to estimate camera pose for the new, previously
unseen, image /e, ¢ L

However, finding camera pose for the arbitrary image is an ill-posed problem
and out of scope of this work, therefore we make following restrictions:

- New image I, must observe the same environment as the
other images I.

- The true camera pose 7;new that we want to estimate must be
relatively close to other camera poses from T (small-scale constraint).
These restrictions will be explained a greater detail later on, but in

short, it is related to the gradient-based optimization procedure. And our
goal with this work is to target scenarios similar to SLAM, where new
unseen images are close to the previous ones.

As can be seen in Fig. 4, a target camera pose that we want to estimate (blue
frustum) located around images that were used during training (green frustum).

To represent a camera pose we use an unnormalized quaternion
qg = {w, x, y, z} for the rotational component and 3D vector ¢ = {x, y, z}
for the translational component. Usage of quaternions allows for a gradient-
based optimizations comparing to 3x3 rotation matrices for which their
properties are not guaranteed to hold during optimization.

Another point to note, is that because of gradient-based optimization, co-
variance matrix 2 is decomposed into to a scaling matrix S and rotation matrix R,
since 2 has to be positive semi-definite, which gradient descent cannot pre- serve.
Furthermore, scaling matrix S is represented as a 3-component vector
s = {Sx, 8, -} and rotation matrix R again as a quaternion gz = {w, X, y, z}.
Therefore, covariance matrix is computed as [7]:

V=RSS'R" . (3)

Starting with the initial pose estimation 7o = (qo, %) at each
optimization step we apply the following steps:
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L. Before passing 3D Gaussians to the rasterizer, we first have
to transform their means g, to the camera view given camera pose
T; = (g, t;). To do that we first obtain a normalized quaternion g = ﬁ ,

q
then obtain a 3x3 rotation matrix R from it (Fig. 4).
1—2(y2 +ZZ) 2(xy—wz) 2(xz+wy)
2(xy+wz) 1—2(x2 +22) 2(yz—wx) 4)
2(xz—wy) 2(yz+wx) l—2(x2 +y2)
and transform the means:
p=Rp+t. 5

Fig. 4. Visualization of initial camera poses (in green) used during training and a
new target pose that we must find (in blue) given its corresponding image.
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2. We also need to apply transformation to the rotational component
gr of the covariance matrix 2. We multiply two quaternions g;- gz to obtain
rotational component in the camera space:

q; :{Wl’xl’yl’zl}

dr = {Wz’xz:yz’zz}

Wy FWy =Xy ¥ Xy =y ¥y, —2z;*2)
G- WXyt X EWy Y ¥z -z Ry, ()
Wk Yy Ty kwy, Tz *x, — X k2

Wy Hkzytzp*wy Fx; %y, =y *x;

3. Even, new Gaussian means p and g we pass them along with

other parame ters to the differentiable rasterizer to obtain rendered image I
and compute loss w.r.t. target image /; :

L=|r-1]. (7)

Here we compute only L; loss, without SSIM loss term and compute
gradi- ents w.r.t. camera rotation ¢; and translation #,.

4. Finally, we update ¢g; and ¢ using Adam optimizer with
learning rates 1e—3 and le—2 accordingly.
5. This procedure continues until convergence, which is when

the distance be- tween previous and new camera positions is < le—2.

When the optimization procedure finishes, we can move on to the next
unseen image. This can be trivially extended to track camera path for a
moving camera, not just separate unordered images.

RESULTS

Here we showcase camera pose estimation results, show impact of different ren-
dering resolutions on the convergence and display its limitations.

All experiments were done using Adam optimizer with le — 2 learning rate
for translational part #; and le — 3 for the rotational part g;.

On Fig. 5 we can see examples paths that were taken by the camera during
optimization procedure, for better contrast and clarity images were rendered in depth
mode. The goal is given starting pose (red frustum) estimate the target pose
(visualized with blue frustum) given its corresponding image. Optimization
continues until convergence which typically takes around 100200 optimization steps.
Starting pose is obtained from the known camera poses that were used during training
of Gaussian Splatting model with some noise & added to them.

CONVERGENCE AREA

We also explore how far the starting pose can be from the target pose until
convergence fails. To do that, we shift starting pose from the target pose by XY
0 values in [—0.2, 0.2] range with 0.05 step. We then run 100 optimization steps
for each 4 and record if it has converged.
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Fig. 5. Examples of camera paths taken during pose optimization. Blue frustum is the
target pose, red — starting pose

Fig. 6. Convergence area. Blue frustum — target pose, green frustums — starting poses
that have managed to converge to the target pose within 100 optimization steps and red
frustums — failed to do so

Fig. 7. Difference in the convergence area with changes in the rendering resolution.
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On Fig. 6 blue frustum is the target pose, green frustums are the starting
poses that successfully converged to the target pose within 100 steps and red
ones are those that failed to do so.

We can see that the area within [—0.1, 0.1] range is almost entirely con-
vergable which agrees with the second constraint that we’ve put on the task,
specifically that the distance must be relatively small between the starting pose
and the target pose. This approach is suitable for camera pose estimation from
dense image captures such as video feed.

Next we observe the impact of resolution on the convergence area. Here the
setup is equivalent to the previous one, the only difference is the rendering
resolution and the resolution of the target image. We explore three cases: the
original image resolution at 10801920 pixels and two downsized resolutions,
540x%960 pixels (x2 smaller), 270x480 pixels (x4 smaller).

As can be seen in Fig. 7, left image (270x480 pixels) has biggest
convergence area, while middle (540%960 pixels) and right (1080x1920 pixels)
see small degradation. This is likely because image downsizing acts as a low-
pass filter in this case, removing unnecessary information from the image that
might prevent convergence.

PERFORMANCE

Rendering resolution and the amount of Gaussians are the two most important
factors that impact performance. However, at smaller resolutions this approach
can be used even in the real-time setting which is reinforced by the fact that
smaller resolutions give better convergence.

Table below gives rendering times for 3 different resolutions, where the
scene contains 1 million 3D Gaussians.

Results were obtained with AMD Ryzen 7 5800HS and NVIDIA GeForce RTX
3060 Mobile GPU. Implementation of the Gaussian Splatting algorithm and camera
pose estimation is done in the Julia programming language [11] and supports multiple
backends such as Nvidia CUDA, AMD ROCm and Apple Metal.

LIMITATIONS

While camera pose estimation work for short distances it is appealing to relax
this constraint which presents an interesting research direction.

Additionally, for large scenes with many 3D Gaussians, rendering times be-
come prohibitively slow since testing whether or not a Gaussian is visible
involves transforming it to the camera space and checking if it projects on the
image plane. To improve this situation, a hierarchical volume structures can be
used to efficiently filter out invisible Gaussians. Particular interest presents
Octree-GS [12] which provides consistent real-time rendering times with
multiple levels of details.
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Fig. 8. : Left — image rendered at the starting pose, middle — image rendered at the
converged pose, right — target image.

Table 1. Performance comparison of camera pose optimization step

Performance comparison for 1 optimization step

Resolution 279%x480 540%x960 1080x1920
Time 30 ms 80 ms 240 ms
GONCLUSIONS

In conclusion, we present an algorithm for small-scale camera pose estimation
using 3D Gaussian as an environment representation.

The choice for Gaussian Splatting as the environment representation is par-

ticularly appealing, since it allows for an end-to-end pose optimization. While
fast rendering times allow for a wide applications from pose recovery given the
trained model to real-time Simultaneous Localization and Mapping.

Further research can be conducted to improve convergence properties of the

algorithm and to relax the ”small-scale” constraint.
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MiXHapOHHI HAYKOBO-HAaBYATBHUH EHTp 1HPOPMAIiifHAX TEXHOOTIH
ta cucteM HAH VYkpainu Ta MOH VYkpainu,
npocin. Axkaz. ['imymikosa, Kui, 40, 03187, Ykpaina

OLIIHKA TTOJIOXXEHHS KAMEPH 3 BUKOPUCTAHHSIM ITOJIEI
BUITPOMIHIOBAHHST HA OCHOBI 3D TAYCUAH

Bcemyn. Touna oyinka nonodicents kamepu € KI0408UM emanom 6a2amvox aicopummis, sxi
MAoms  WUpoKe 3AaCmocyeants K 6 pobomomexwiyi maxk i 6 eipmyanvuiii (VR) ma
poswupeniii peanvHocmi (AR).

Ipoyec @usHaueHHs NONOJCEHHS A2eHMA 3 GUKOPUCHMAHHAM OAHUX CHOCHMEPEdCeHHs
HA3UBAEMBCS 0OOMEMPIEIO.

L poboma oxycyemvca Ha 8i3yanvHiti 00omempii, AKA BUKOPUCMOBYE MINbKU 8XIOHI
300padicen s 3 Kamepu K 6XIOHI OaHi.

Memoio yici pobomu € demoHcmpayis anopummy 015 OYIHKU NONOACEHHS Kamepu 8
Manenvkux macuwmabax euxopucmogyrouu 3D I'aycuanu 0na npedcmagnents cepedoguuya.

Hetipouni 00’emui npedcmasnieHts HABKOMUUHBbO20 cepedosuna HAOYIU WUpoOKo2o
3aCMOCY8aHHSL AK MEMOO 01 NOOAHHA CepedosuLya.

Memoou. [[sn poboma cnupacmocsa Ha aneopumm Gaussian Splatting 0ns 6UCOKOAKICHO20
00’ €MHO20 nodanHs cepedosuud.

Pesynomamu. /[ naguenoi mooeni 3D Iaycuan ma yinboeoeo 300pagicenns, ke He
0yno 6 Habopi Oanux, AKUU 3ACMOCO8Y8ABCA OJil MPEHYBAHHA, OYINKA NOJOJICEHHA Kamepu
6100Y6aAEMbCS 3 GUKOPUCTIAHHAM Memooie OuhepeHyiiilogano2o peHoepurey ma mMemooie
epadieHmHoi onmumizayii.

Tpadieumu ioHocHO napamempié HNOAONCEHHS Kamepu OOYUCTIOIOMbCS MemoooM
360pomHb020 nowupernus (backpropagation) 3 euxopucmanuam wmpaguoi Qynryii, sxa
BUBHAYEHA 8 NPOCMOPT 300PAICEND.

Bubip memooa Gaussian Splatting 01 nooaunHs cepedosuiya € 0coOIUB0 NPUBAOIUBUM,
aodce BIH YMOJNCTUBTIOE HACKPI3HY (end-to-end) onmumizayito nonodceHHs Kamepu,
npubupae OeKiibKa emanis, RPUCYMHIX 6 OiLiblU KIACUYHUX AI20PUMMAX.

Hugpepenyitiosana pacmepusayis sax npoyec opmyeanns 306padicens 3abe3neuye
pobomy @ pedicumi peanbHO20 Yacy, WO CAPUACE WUPOKOMY 3ACMOCYB8AHHIO YbO2O MENOIY.

Bucnoeku. 3anpononosanuii Hackpiznuii (end-to-end) memod 3HauHO cnpowgye
OYIHIOBANHS NOJIOJHCEHHSL KAMEPU, YHUKAIOYU HAKONUYEHHS NOXUOOK, HASIGHUX @ ANeOPUMMAX
3 dexinbKoma emanamu, ma 3a0e3neyye GUCOKY AKICb OYIHKU NOJOJHCEHHS KAMePU.

Knwuogi cnosa: ooomempis, oyinka nonodxcenHs kamepu, oughepenyiliosanull peHoepume,
HeUpoHHi Nosl BUNPOMIHIOBAHHSL.
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