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Figure 1: WildGaussians extends 3DGS [14] to scenes with appearance and illumination changes (left). It
jointly optimizes a DINO-based [27] uncertainty predictor to handle occlusions (right).

Abstract

While the field of 3D scene reconstruction is dominated by NeRFs due to their pho-
torealistic quality, 3D Gaussian Splatting (3DGS) has recently emerged, offering
similar quality with real-time rendering speeds. However, both methods primarily
excel with well-controlled 3D scenes, while in-the-wild data — characterized by oc-
clusions, dynamic objects, and varying illumination — remains challenging. NeRFs
can adapt to such conditions easily through per-image embedding vectors, but
3DGS struggles due to its explicit representation and lack of shared parameters. To
address this, we introduce WildGaussians, a novel approach to handle occlusions
and appearance changes with 3DGS. By leveraging robust DINO features and
integrating an appearance modeling module within 3DGS, our method achieves
state-of-the-art results. We demonstrate that WildGaussians matches the real-time
rendering speed of 3DGS while surpassing both 3DGS and NeRF baselines in
handling in-the-wild data, all within a simple architectural framework.

1 Introduction

Reconstruction of photorealistic 3D representations from a set of images has significant applications
across various domains, including the generation of immersive VR experiences, 3D content creation
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for online platforms, games, and movies, and 3D environment simulation for robotics. The primary
objective is to achieve a multi-view consistent 3D scene representation from a set of input images
with known camera poses, enabling photorealistic rendering from novel viewpoints.

Recently, Neural Radiance Fields (NeRFs) [1, 25, 37, 30, 38, 26, 9, 17, 29] have addressed this
challenge by learning a radiance field, which combines a density field and a viewing-direction-
dependent color field. These fields are rendered using volumetric rendering [12]. Despite producing
highly realistic renderings, NeRFs require evaluating numerous samples from the field per pixel to
accurately approximate the volumetric integral. Gaussian Splatting (3DGS) [14, 50, 49, 51, 15, 54]
has emerged as a faster alternative. 3DGS explicitly represents the scene as a set of 3D Gaussians,
which enables real-time rendering via rasterization at a rendering quality comparable to NeRFs.

Learning scene representations from training views alone introduces an ambiguity between geometry
and view-dependent effects. Both NeRFs and 3DGS are designed to learn consistent geometry while
simulating non-Lambertian effects, resolving ambiguity through implicit biases in the representation.
This works well in controlled settings with consistent illumination and minimal occlusion but typically
fails under varying conditions and larger levels of occlusion. However, in practical applications,
images are captured without control over the environment. Examples include crowd-sourced 3D re-
constructions [34, 1], where images are collected at different times, seasons, and exposure levels, and
reconstructions that keep 3D models up-to-date via regular image recapturing. Besides environmental
condition changes, e.g., day-night changes, such images normally contain occluders, e.g., pedestrians
and cars, with which we need to deal with during the reconstruction process.

NeRF-based approaches handle appearance changes by conditioning the MLP that presents the
radiance field on an appearance embedding capturing specific image appearances [24, 38, 24].
This enables them to learn a class of multi-view consistent 3D representations, conditioned on the
embedding. However, this approach does not extend well to explicit representations such as 3DGS
[14], which store the colors of geometric primitives explicitly. Adding an MLP conditioned on an
appearance embedding would slow down rendering, as each frame would require evaluating the MLP
for all Gaussians. For occlusion handling, NeRFs [24, 31] use uncertainty modeling to discount
losses from challenging pixels. However, in cases with both appearance changes and occlusions,
these losses are not robust, often incorrectly focusing on regions with difficult-to-capture appearances
instead of focusing on the occluders. While NeRFs can recover from early mistakes due to parameter
sharing, 3DGS, with its faster training and engineered primitive growth and pruning process, cannot,
as an incorrect training signal can lead to irreversibly removing parts of the geometry.

To address the issues, we propose to enhance Gaussians with trainable appearance embeddings and
using a small MLP to integrate image and appearance embeddings to predict an affine transformation
of the base color. This MLP is required only during training or when capturing the appearance of a
new image. After this phase, the appearance can be "baked" back into the standard 3DGS formulation,
ensuring fast rendering while maintaining the editability and flexibility of the 3DGS representation
[14]. For robust occlusion handling, we introduce an uncertainty predictor with a loss based on DINO
features [27], effectively eliminating occluders during training despite appearance changes.

Our contributions can be summarized as: (1) Appearance Modeling: Extending 3DGS [14] with a
per-Gaussian trainable embedding vector coupled with a tone-mapping MLP, enabling the rendered
image to be conditioned on a specific input image’s embedding. This extension preserves rendering
speed and maintains compatibility with 3DGS [14]. (2) Uncertainty Optimization: Introducing an
uncertainty optimization scheme robust to appearance changes, which does not disrupt the gradient
statistics used in adaptive density control. This scheme leverages the cosine similarity of DINO
v2 [27] features between training and predicted images to create an uncertainty mask, effectively
removing the influence of occluders during training. The source code, model checkpoints, and video
comparisons are available at: https://wild-gaussians.github.io/

2 Related work

Novel View Synthesis in Dynamic Scenes. Recent methods in novel view synthesis [25, 1, 14, 50]
predominantly focus on reconstructing static environments. However, dynamic components usually
occur in real-world scenarios, posing challenges for these methods. One line of work tries to
model both static and dynamic components from a video sequence [19, 28, 43, 44, 10, 21, 7, 46].
Nonetheless, these methods often perform suboptimally when applied to photo collections [32].
In contrast, our research aligns with efforts to synthesize static components from dynamic scenes.
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Figure 2:Overview over the core components of WildGaussiangd.eft: appearance modeling (Sec. 3.2). Per-
Gaussian and per-image embeddings are passed as input to the appearance MLP which outputs the parameters of
an af ne transformation applied to the Gaussian's view-dependent dRight: uncertainty modeling (Sec. 3.3).

An uncertainty estimate is obtained by a learned transformation of the GT image's DINO features. To train the
uncertainty, we use the DINO cosine similarity (dashed lines).

Methods such as RobustNeRE] utilize Iteratively Reweighted Least Squares for outlier veri cation

in small, controlled settings, while NeRPn-the-gq31] employs DINO v2 feature<[7] to predict
uncertainties, allowing it to handle complex scenes with varying occlusion levels, albeit with long
training times. Unlike these approaches, our method optimizes signi cantly faster. Moreover, we
effectively handle dynamic scenarios even with changes in illumination.

Novel View Synthesis for Unstructured Photo Collectionsin real-world scenes, e.g. the unstruc-
tured internet photo collection8Y], dif culties arise not only from dynamic occlusions like moving
pedestrians and vehicles but also from varying illumination. Previously, these issues were tackled
using multi-plane image (MPI) methoda(. More recently, NeRF-W44], a pioneering work in

this area, addresses these challenges with per-image transient and appearance embeddings, along
with leveraging aleatoric uncertainty for transient object removal. However, the method suffers from
slow training and rendering speeds. Other NeRF-based methods followed NeRF-W extending it
in various ways 37, 47]. Recent concurrent works, including our own, explore the replacement of
NeRF representations with 3DGS for this task. Some methtRI$] address the simpler problem

of training 3DGS under heavy occlusions, or only tackling appearance ch&)és,[8] with no
occlusions. However, the main challenge is integrating appearance conditioning with the locally inde-
pendent 3D Gaussians under occlusions. VastGausataagplies a convolutional network to 3DGS
outputs which does not transfer to large appearance changes, as shown in the Appendix 5PWAG [
and Scaffold-GS73] address this by storing appearance data in an external hash-grid-based implicit
eld [ 26], while GS-W 2] and WE-GS #11] utilize CNN features for appearance conditioning on a
reference image. In contrast, our method employs a simpler and more scalable strategy by embedding
appearance vectors directly within each Gaussian. This design not only simpli es the architecture
but also enables us to 'bake’ the trained representation back into 3DGS after appearances are xed,
enhancing both ef ciency and adaptability. Finally, a concurrent work, Splatfactd8lyjises a

similar appearance MLP to combine Gaussian and image embeddings to output spherical harmonics.

3 Method

Our approach, termed WildGaussians, is shown in Fig. 2. To allow 3DGS-based approaches to handle
the uncontrolled capture of scenes, we propose two key componeneppé@arance modeling
enables our approach to handle the fact that the observed pixel colors not only depend on the
viewpoint but also on conditions such as the capture time and the weather. Following NeRF-based
approaches for reconstructing scenes from images captured under different conditj& e

train an appearance embedding per training image to model such conditions. In addition, we train
an appearance embedding per Gaussian to model local effects, e.g., active illumination of parts of
the scene from lamps. Both embeddings are used to transform the color stored for a Gaussian to
match the color expected for a given scene appearance. To this end, we predict an af ne mapping



[30] in color space via an MLP. (2)ncertainty modeling allows our approach to handle occluders
during the training stage by determining which regions of a training image should be ignored. To this
end, we extract DINO v2 featuregq] from training images, and pass them as input to a trainable

af ne transformation which predicts a per-pixel uncertainty, encoding which parts of an image likely
correspond to static regions and which parts show occluders. The uncertainty predictor is optimized
using the cosine similarity between the DINO features extracted from training images and renderings.

3.1 Preliminaries: 3D Gaussian Splatting (3DGS)

We base our method on the 3D Gaussian Splatting (3DGS B[] scene representation, where the
scene is represented as a set of 3D Gaus$Gigs Each Gaussiaf is represented by its mean

i, a positive semi-de nite covariance matrix [54], an opacity ;, and a view-dependent color
parametrized using spherical harmonics (SH). During rendering, the 3D Gaussians are rst projected
into the 2D image%4], resulting in 2D Gaussians. L&Y be the viewing transformation, then the 2D
covariance matrix 2in image space is given as [54]:

P=IwW Wit 12;12 @

whereJ is the Jacobian of an af ne approximation of the projectib),-».1.2 denotes the rst two

rows and columns of a matrix. The 2D Gaussian's meis obtained by projecting; into the

image usingV . After projecting the Gaussians, the next step is to compute a color value for each
pixel. For each pixel, the list of Gaussians is traversed from front to back (ordered based on the
distances of the Gaussians to the image plane), alpha-compositing their view-depende{ (@glors

(wherer is the ray direction corresponding to the pixel), resulting in pixel cQlor

X
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where ; are the blending weights. The representation is learned from a set of images with known
projection matrices using a combination of DSSINP| and L1 losses computed between the
predicted color€ and ground truth color€ (as de ned by the pixels in the training images):

Lapes= dssimPSSIM(C;C)+ (1 g4esimkC  Cky: ©)

3DGS [14] further de nes a process in which unused Gaussians with a loar a large 3D size are
pruned and new Gaussians are added by cloning or splitting Gaussians with large gradient wrt. 2D
means . In our work, we further incorporate two recent improvements. First, the 2fpadients

are accumulated by accumulating absolute values of the gradients instead of actual grégliéiis [
Second, we use Mip-Splatting [50] to reduce aliasing artifacts.

3.2 Appearance Modeling

Following the literature on NeRF&4, 30, 1], we use trainable per-image embeddihgpg}“zl , Where

N is the number of training images, to handle images with varying appearances and illuminations,
such as those shown in Fig. 1. Additionally, to enable varying colors of Gaussians under different
appearances, we include a trainable embeddjnigr each Gaussian We input the per-image
embedding; , per-Gaussian embeddigg, and the base colay (0-th order SH) into an MLR :

(; )="1(g:00) : (4)

The output are the parameters of an af ne transformation, where) = f( «; «k)gi., for each
color channek. Let € (r) be thei-th Gaussian's view-dependent color conditioned on the ray
directionr. The toned color of the Gaussianis given as:

&= G+ )

These per-Gaussian colors then serve as input to the 3DGS rasterization process. Our approach is
inspired by B0], which predicts the af ne parameters from the image embedding alone in order

to compensate for exposure changes in images. In contrast, we use an af ne transformation to
model much more complex changes in appearance. In this setting, we found it necessary to also use
per-Gaussian appearance embeddings to model local changes such as parts of the scene being actively
illuminated by light sources at night.
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