2D-guided 3D Gaussian Segmentation
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Abstract—Recently, 3D Gaussian, as an explicit 3D represen-
tation paradigm, has demonstrated strong competitiveness over
NeRF (Neural Radiance Fields) in terms of expressing complex
scenes and training duration. These advantages signal a wide
range of applications for 3D Gaussians in 3D understanding and
editing. Meanwhile, the segmentation of 3D Gaussians is still
in its infancy. The existing segmentation methods are not only
cumbersome but also incapable of segmenting multiple objects
simultaneously in a short amount of time. In response, this paper
introduces a 3D Gaussian segmentation method implemented
with 2D segmentation as supervision. This approach uses input
2D segmentation maps to guide the learning of the added 3D
Gaussian semantic information, while nearest neighbor clustering
and statistical filtering refine the segmentation results. Experi-
ments show that our concise method can achieve comparable
performances on mIOU and mAcc for multi-object segmentation
as previous single-object segmentation methods.

Index Terms—3D Gaussian, 3D semantic Segmentation

I. INTRODUCTION

The recently emerged 3D Gaussian technique [1] marks
a significant advancement over previous 3D representation
methods such as point clouds [2], meshes [3], signed distance
functions (SDF) [4], and neural radiance fields (NeRF) [5],
especially in terms of training time and scene reconstruction
quality. The mean of each 3D Gaussian represents the position
of its center point, the covariance matrix indicates rotation
and size, and spherical harmonics express color. Starting with
point clouds obtained from SFM [6], 3D Gaussians inherently
contain the scene’s geometric information, thus saving time in
locating areas with concentrated objects in space. Moreover,
their explicit expression method further accelerates calcula-
tions of color and density for every 3D Gaussian in space,
enabling real-time rendering. Additionally, adaptive density
control endows them with the capability to express detailed
features. These advantages make it widely applicable in 3D
understanding and editing. Nonetheless, there is little research
on 3D Gaussian segmentation, which is another critical pillar
of the realm.

A few Gaussian segmentation methods have been proposed
recently, yet they require further improvement. For example,
Gaussian Grouping [7] requires an extended training period
of about 15 minutes. SAGA [8] is complex in its imple-
mentation and struggles with segmenting multiple objects
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simultaneously. Additionally, the explicit expression of 3D
Gaussians leads to storage overhead, preventing it from di-
rectly transferring 2D semantic features into 3D, as in NeRF
segmentation [9], [10]. Finally, the scarcity of datasets and
the lack of annotations impede the application of supervised
segmentation methods, commonly utilized in 2D and point
cloud segmentation.

In light of the aforementioned challenges, we propose
leveraging a pre-trained 2D segmentation model to guide
3D Gaussian segmentation. Inspired by the 2D segmentation
approach, which assigns a probability distribution vector for
each pixel across different categories, we first assign an
object code to each 3D Gaussian to indicate the Gaussian’s
categorical probability distribution. Subsequently, we employ
an algorithm that guides the classification of each 3D Gaussian
by minimizing the error between the 2D segmentation map and
the rendered segmentation map at a given pose.

Finally,we employ KNN clustering to resolve semantic
ambiguity in 3D Gaussians and statistical filtering to remove
erroneously segmented 3D Gaussians. We validated the ef-
fectiveness of our approach through experiments in object-
centric and 360° scenes. Our contributions can be summarized
as follows.

e We propose an efficient 3D Gaussian segmentation
method supervised by 2D segmentation, which can learn
the semantic information of a 3D scene in less than two
minutes and segment multiple objects in 1-2 seconds for
a given viewpoint.

o Extensive experiments on LLFF, NeRF-360, and Mip-
NeRF 360 have demonstrated the effectiveness of our
method, obtaining an mIOU of 86%.

II. RELATED WORK

3D Gaussian, a recently proposed explicit representa-
tion method, has attained remarkable achievements in three-
dimensional scene reconstruction [1]. Its biggest advantage
is the capability of real-time rendering. Utilizing a series of
scene images and corresponding camera data, it employs 3D
Gaussians to depict scene objects. Each 3D Gaussian is defined
by parameters including mean, covariance matrix, opacity,
and spherical harmonics. The mean pinpoints the Gaussian’s
central position in the 3D scene. Expressed by a scaling matrix



S and a rotation matrix R, the covariance matrix describes
the Gaussian’s size and shape, while the spherical harmonics
encode its color information. Gaussian Splatting then utilizes
point-based rendering for efficient 3D to 2D projection.

Recent developments have seen numerous advancements in
Gaussian Splatting. Innovations like DreamGaussian [?] and
GaussianDreamer [12] merge this technique with Diffusion
model [13], facilitating text-to-3D generation. 4D Gaussian
Splatting [14] extends these methods to dynamic scene repre-
sentation and rendering. Focusing on segmentation, Gaussian
Grouping [7] and SAGA [8] have made significant strides.
They both employ the Segment Anything Model (SAM) [15]
to derive 2D prior segmentation data, guiding the learning
of added semantic information in 3D Gaussians. In Gaussian
Grouping, this information is conveyed similarly to coeffi-
cients of spherical harmonic functions, whereas SAGA uses
learnable low-dimensional features. However, SAM’s reliance
on geometric structures limits its semantic inclusivity in
each mask. Thus, both methods propose strategies to ensure
consistency of SAM’s segmentation outcomes from various
perspectives. Gaussian Grouping treats images from differ-
ent angles as a sequence of video frames, utilizing a pre-
trained model for mask propagation and matching. In contrast,
SAGA consolidates consistent, multi-granularity segmentation
information across viewpoints, employing a custom-designed
SAM-guidance loss.
3D Segmentation in Radiance Fields. Prior to the advent of
3D Gaussians, NeRF [5] stood as a prominent method in 3D
characterization, sparking a plethora of derivative works [10],
[16]-[21], including several focusing on decomposing and seg-
menting NeRF. A notable example is Object NeRF [17], which
introduced a dual-pathway neural radiance field adept at object
decomposition. Its scene branch processes spatial coordinates
and viewing directions, outputting density and color details of
a point from the viewer’s perspective, primarily encoding the
background of the 3D scene and offering geometric context
for the object branch. Uniquely, the object branch, in addition
to spatial and directional inputs, integrates a learnable object
activation code, enabling the independent learning of neural
radiance fields for each scene object. And the 3D guard msak
helps mitigate occlusion issues between objects during the
learning phase. Similarly, Switch-NeRF [21] demonstrates the
decomposition of large-scale neural radiance fields through a
trainable gating network.

DM-NeRF [16] introduces an object field for NeRF seg-
mentation, using it to generate a one-hot vector indicating
the ownership of each spatial point by an object. SPIn-
NeRF [20] employs a semantic radiance field, assessing the
likelihood of scene locations being associated with specific
objects. ISRF [10] adds semantic features to specific points
and incorporates DINO [22] features of rendered images into
this framework through a teacher-student model, allowing for
feature interpolation at any given point. Techniques such as
K-means clustering, nearest neighbor matching, and bilateral
search are integrated, enabling interactive NeRF segmentation.
Additionally, OR-NeRF [18] chooses to back-project 2D seg-

mentation results into a 3D space, propagating them across
different viewpoints, and then re-rendering them onto a 2D
plane.

These 3D Gaussian and NeRF segmentation methods either
take a long time or struggle to preserve the detailed features
of the scene in the segmentation result. For this reason, we
propose a method that can segment multiple objects while
preserving the detailed features in a short time.

III. METHOD

Given a well-trained scene using 3D Gaussian representa-
tion, scene rendering images, and corresponding camera pa-
rameters, we initially employed an interactive 2D segmentation
model [23] to segment the rendered images. Then, the obtained
2D segmentation maps are used as guidance to facilitate the
learning of semantic information (object code) added to the 3D
Gaussians. Finally, we use KNN clustering to address issues
of semantic ambiguity in certain 3D Gaussians, while optional
statistical filtering can help eliminate those 3D Gaussians that
have been erroneously segmented. The pipeline is depicted in
Fig. 1.

A. Point-Based rendering and Semantic Information Learning

Gaussian Splatting [1] employs a point-based rendering
technique (a-blending) to render a 3D scene onto a plane,
and the color of a pixel on the plane can be calculated as:

i—1
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where A denotes the ordered Gaussians overlapping the pixel,
c; represents the color of each 3D Gaussian projected onto the
current pixel, and «; is given by evaluating a 2D Gaussian with
covariance Y multiplied with a learned per-Gaussian opacity.
It is worth noting that o expresses the opacity of any point
in the projected 2D Gaussian, which decreases as its distance
from the 2D Gaussian center increases.

To achieve segmentation of a 3D scene, semantic informa-
tion needs to be incorporated into the representation of the
scene. Inspired by 2D segmentation, we assign an object code
0 € RX to each 3D Gaussian to represent the probability dis-
tribution of the current 3D Gaussian across various categories,
where K is the number of categories. Note that we defined
a background class and the first dimension of o is used to
represent it.

To use 2D segmentation maps as supervision for learning the
added 3D semantic information, it is necessary to project the
added semantic information from 3D onto a 2D plane. Inspired
by a-blending, we consider the pixel categories in the rendered
2D segmentation map as a weighted sum of the categories of
multiple 3D Gaussians along the current ray during rendering.
We assume that the first 3D Gaussian contributes the most,
with each subsequent 3D Gaussian’s contribution diminishing
in accordance with its distance from the rendering plane, and
this contribution is also proportional to the size of the 3D
Gaussian itself. The category of each pixel on the rendered
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Fig. 1. The pipeline of our method. Given posed training images, we first utilize an interactive model to get the 2D prior segmentation information, then add
semantic information to the 3D Gaussians, and project this information onto a 2D plane to make loss with the 2D prior knowledge, finally we use KNN and

statistical filtering to refine the segmentation result.

image can be represented by the object code of o the 3D
Gaussians as:
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which simply replaces the color ¢ of each 3D Gaussian in Eq.
(1) with the object code of each 3D Gaussian.

Assuming we have L images of 2D ground truth labels
{Ii,---,I,-- I}, I; € RTXW_ L is number of different
camera poses in the dataset, H and W are the height and width
of the label respectively. Each element in the ground truth label
represents the category label of the corresponding pixel. Then
we generate L corresponding projected segmentation maps
{Ii,--- . L,--- I}, I; € REXH>*W in the same camera
viewpoint as the ground truth. In these projected segmentation
maps, each element represents the probability of the pixel
belonging to i*" category, i = 1,2,--- , K.

Next, the original 2D segmentation maps are transformed
into one-hot vector and then reshaped to be M € REXN,
where N = H x W. As the projected segmentation maps,
we perform a similar operation and obtain M € REXN,
Then the ground truth object mask A and corresponding
projected object mask M are used to calculate the Cross-
Entropy Loss(CES):

N
1 _
Li=—% >~ MPloght}, (0 < i< K). 3)
n=1

The final loss is the average of all the losses for the L pairs
of images:

L K
1 1
= — E E ES; = — E L;. 4
L i 2. CES;, where CES I 2 i 4)

B. Gaussian Clustering

During experiments, we observed that employing 2D seg-
mentation maps as the sole guide for learning 3D semantic

information may lead to inaccuracies in the semantic infor-
mation of some 3D Gaussians. These inaccuracies manifest
either as 3D Gaussians approximating an initial state of uni-
form distribution across all categories or as exhibiting similar
probabilities in a limited number of categories. To address this
issue, and considering that objects are continuously distributed
in space, we posit that each 3D Gaussian should typically
be classified within the same category as other 3D Gaussians
located within a certain proximity.

To remedy the inaccuracies in semantic information, we re-
fer to the KNN clustering algorithm. For a 3D scene with pre-
learned semantic information, we initially retrieve the object
code, denoted as o, of each 3D Gaussian used to represent
the scene. These codes then undergo softmax processing to
deduce the probability distribution of each 3D Gaussian across
various categories. 3D Gaussians with maximum probability
values maz(softmaz(o)) < B are selected. Finally, we fed
the object codes of these selected 3D Gaussians along with
their center coordinates into KNN for clustering. For a query
3D Gaussian, we calculate its distance from the surrounding
3D Gaussians, and the £ 3D Gaussians closest in distance are
selected, the object code of the query Gaussian is set to the
mean of these 3D Gaussians’ object code.

C. Gaussian Filtering

During experiments, We also found that after 3D semantic
information learning and Gaussian clustering, some 3D Gaus-
sians not belonging to the object intended for segmentation
were incorrectly segmented out. We observed that these er-
roneously segmented 3D Gaussians are spatially distant from
the rest of the segmented 3D Gaussians, as shown in Fig.
4(a). Therefore, we employ a statistical filtering algorithm
similar to that used in point cloud segmentation to solve
this problem. For each segmented Gaussian, we calculate its
average distance D from the neighboring 3D Gaussians. Then,
we compute the mean g and variance o of these average
distances. Finally, we remove those 3D Gaussians whose
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Fig. 2. The qualitative results of our method. The first and second columns are the original image and the foreground object obtained from the interactive
segmentation model, respectively. The third and fourth columns are renderings of the 3D segmentation effect obtained by our method from the test viewpoint
and a new viewpoint. The last column is the result of converting the different categories belonging to the 3D Gaussian into RGB values.
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Fig. 3. Comparison results. (a) is the GT Mask we used to guide the
segmentation of 3D Gaussians, (b) is the result of ISRF (from the original
paper), and (c) is our result.

average distance D > p + o from the current segmentation
results.

IV. EXPERIMENT
A. Setups

Due to the scarcity of 3D Gaussian segmentation methods
and the lack of open source code for Gaussian Grouping
[7] and SAGA [8], we chose to compare our method with
previous NeRF segmentation methods [10]. For this purpose,
we selected well-known NeRF datasets for our experiments,
including LLFF [24], NeRF-360 [5], and Mip-NeRF 360 [25].
Both LLFF and NeRF-360 are centered on objects in the
scene, with the difference that the camera viewpoint of the

(a) Original points (b) Original

(c) KNN

(d) KNN+Filter

Fig. 4. Ablation results. (a) is the segmented Gaussian center point, (b) is the
original segmentation result without KNN or Filtering, (c) is the result after
KNN, and (d) is the final result with KNN and Filtering

former varies in a small range, while the latter contains a
360° image around the object. Mip-NeRF 360 features an
unbounded scene, and its camera viewpoint also varies in a
large range. In the Gaussian Clustering stage, the probability
threshold 3 of each 3D Gaussian is set at 0.65, while the 50
3D Gaussians closest to its distance are filtered for subsequent
computation. The 3D Gaussians are built and trained on a
single Nvidia Geforce RTX 3090 GPU.

B. Result

Fig. 2 illustrates the segmentation effects of this method in
various scenes. The first two rows demonstrate the segmen-
tation performance when the camera position varies within a
small range. The third row depicts the segmentation effect in a
360° scene. The final row highlights the results of multi-object
segmentation, where distinct objects such as the TV, desk,
and table are segmented separately. Our method’s efficiency
is enhanced by the addition of object code, a simple yet
effective tool for handling complex scenes. In the first row, this



code enables the successful removal of complex background
elements like the leaves behind the flower. In the third row, it
ensures accurate segmentation even when there is a significant
change in the viewing angle. Moreover, the object code, which
encapsulates the probability distribution of the 3D Gaussian
across all classes, facilitates the simultaneous segmentation of
multiple objects in a scene.

Fig. 3 illustrates the comparative results between our
method and ISRF [10]. Owing to the explicit representation
of 3D Gaussians, our segmentation results are more precise in
detail compared to those of ISRF, which is particularly evident
in the leaf section of Fig. 3.

C. Ablations

Fig. 4 presents the results of the ablation experiments,
clearly demonstrating the effectiveness of KNN clustering
and statistical filtering. Fig. 4(b) shows the initial segmented
foreground object obtained without KNN clustering or statis-
tical filtering, where it is noticeable that some leaves behind
the flower are erroneously segmented. Fig. 4(c) displays the
segmented foreground image after KNN clustering. Since
KNN primarily addresses Gaussians with ambiguous semantic
information, its impact on the visualization result is minimal.
However, it can be observed that some incorrectly segmented
Gaussians have been removed. Finally, Fig. 4(d) shows the
result obtained after applying both KNN clustering and statis-
tical filtering, which successfully filters out those Gaussians
that were incorrectly segmented.

V. CONCLUSION

We propose a 3D Gaussian segmentation method guided
by 2D segmentation maps, attaching a probability distribution
vector for each 3D Gaussian on various categories to enable
the segmentation of the majority of 3D Gaussians in the scene.
Meanwhile, we employ KNN clustering to utilize the spatial
continuity of objects, ensuring that nearby 3D Gaussians
belong to the same category. Additionally, optional statistical
filtering is used to help remove those 3D Gaussians that are
incorrectly segmented. As an initial step in 3D understanding
and editing, this method has a wide range of potential applica-
tions in downstream tasks. We demonstrate the effectiveness
of our method on common NeRF datasets.
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