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Abstract

Recently, the Segment Anything Model (SAM) emerged as a powerful vision
foundation model which is capable to segment anything in 2D images. This paper
aims to generalize SAM to segment 3D objects. Rather than replicating the data
acquisition and annotation procedure which is costly in 3D, we design an efficient
solution, leveraging the Neural Radiance Field (NeRF) as a cheap and off-the-
shelf prior that connects multi-view 2D images to the 3D space. We refer to the
proposed solution as SA3D, for Segment Anything in 3D. It is only required to
provide a manual segmentation prompt (e.g., rough points) for the target object
in a single view, which is used to generate its 2D mask in this view with SAM.
Next, SA3D alternately performs mask inverse rendering and cross-view self-
prompting across various views to iteratively complete the 3D mask of the target
object constructed with voxel grids. The former projects the 2D mask obtained by
SAM in the current view onto 3D mask with guidance of the density distribution
learned by the NeRF; The latter extracts reliable prompts automatically as the
input to SAM from the NeRF-rendered 2D mask in another view. We show in
experiments that SA3D adapts to various scenes and achieves 3D segmentation
within minutes. Our research reveals a potential methodology to lift the ability
of a 2D vision foundation model to 3D, as long as the 2D model can steadily
address promptable segmentation across multiple views. Our code is available at
https://github.com/Jumpat/SegmentAnythingin3D.

1 Introduction

The computer vision community has been pursuing a vision foundation model that can perform basic
tasks (e.g., segmentation) in any scenario and for either 2D or 3D image data. Recently, the Segment
Anything Model (SAM) [25] emerged and attracted a lot of attention, due to its ability to segment
anything in 2D images, but generalizing the ability of SAM to 3D scenes remains mostly uncovered.
One may choose to replicate the pipeline of SAM to collect and semi-automatically annotate a large
set of 3D scenes, but the costly burden seems unaffordable for most research groups.

We realize that an alternative and efficient solution lies in equipping the 2D foundation model (i.e.,
SAM) with 3D perception via a 3D representation model. In other words, there is no need to establish
a 3D foundation model from scratch. However, there is a prerequisite: the 3D representation model
shall be capable to render 2D views and register 2D segmentation results to the 3D scene. Thus, we
use the Neural Radiance Fields (NeRF) [38} 153} 3] as an off-the-shelf solution. NeRF is a family
of algorithms that formulates each 3D scene into a deep neural network that serves as a 3D prior
connecting multiple 2D views.
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Figure 1: Given any pre-trained NeRF, SA3D takes prompts from one single rendered view as input
and outputs the 3D segmentation result for the speci c target.

As shown in Figurg]1, our solution is named Segment Anything in@BBD). Given a NeRF trained

on a set of 2D images, SA3D takes promm@g( click points on the object) in a single rendered
view as input, which is used to generate a 2D mask in this view with SAM. Next, SA3D alternately
performs two steps across various views to iteratively complete the 3D mask of the object constructed
with voxel grids. In each round, the rst stepmisask inverse rendering in which the previous

2D segmentation mask obtained by SAM is projected onto the 3D mask via density-guided inverse
rendering offered by the NeRF. The second stepass-view self-prompting in which NeRF is

used to render the 2D segmentation mask (which may be inaccurate) based on the 3D mask and the
image from another view, then a few point prompts are automatically generated from the rendered
mask and fed into SAM to produce a more complete and accurate 2D mask. The above procedure is
executed iteratively until all necessary views have been sampled.

We conduct variouss(g, object, part-level) segmentation tasks on the Repbdhdnd NVOS 7]
datasets. Without re-training/re-designing SAM or NeRF, SA3D easily and ef ciently adapts to
different scenarios. Compared to existing approaches, SA3D enjoys a simpli ed pipeline that typically
completes 3D segmentation within minutes. SA3D not only offers an ef cient tool for segmenting
anything in 3D, but also reveals a generic methodology to lift 2D foundation models to the 3D space.
The only prerequisite lies in the ability to steadily address promptable segmentation across multiple
views, and we hope it becomes a general property of 2D foundation models in the future.

2 Related Work

2D Segmentation Since FCN(BE] has been proposed, research on 2D image segmentation has
experienced a rapid growth. Various sub- elds of segmentation have been explored deeply by
numerous studieslB, 24, 14, [77]. With transformers/$8, [10] entering the eld of segmentation,
many new segmentation architecturi@g, [7, |6, 52, [63] have been proposed and the whole eld

of segmentation has been further developed. A recent signi cant breakthrough in this eld is the
Segment Anything Model (SAMJZ5]. As an emerging vision foundation model, SAM is recognized

as a potential game-changer, which aims to unify the 2D segmentation task by introducing a prompt-
based segmentation paradigm. An analogous model to SAM is SEEMWhich also exhibits
impressive open-vocabulary segmentation capabilities.

3D Segmentation Numerous methods have explored various types of 3D representations to perform
3D segmentation. These scene representations include RGB-D in6&pé2, |64,8], point clouds/i4,

45,[70] and grid space such as voxe®l[|55,35], cylinders [74] and bird's eye view spac®&l, 16].
Although 3D segmentation has been developed for a period of time, compared with 2D segmentation,
the scarcity of labeled data and high computational complexity make it dif cult to design a uni ed
framework similar to SAM.

Lifting 2D Vision Foundation Models to 3D To tackle the limitation of data scarcity, many
previous studies?3, 43,9, [17, [69, 31, [65, 22] explored lifting 2D foundation models to 3D. In
these studies, the most relevant work to SA3D is LERH,[which trains a feature eld of the
Vision-Language Modeli., CLIP [46]) together with the radiance eld. Compared with SA3D,



LERF focuses on coarsely localizing the speci c objects with text prompts but not ne-grained 3D
segmentation. The reliance on CLIP features makes it insensitive to the speci ¢ location information
of the target object. When there are multiple objects with similar semantics in the scene, LERF
cannot perform effective 3D segmentation. The remaining methods mainly focus on point clouds. By
connecting the 3D point cloud with speci c camera poses with 2D multi-view images, the extracted
features by 2D foundation models can be projected to the 3D point cloud. The data acquisition of
these methods is more expensive than durs,acquiring multi-view images for NeRFs.

Segmentation in NeRFs Neural Radiance Fields (NeRFSg 53, 3, 1, 40, 19, 13, 61, 30, 12]

are a series of 3D implicit representation. Inspired by their success in 3D consistent novel view
synthesis, numerous studies have delved into the realm of 3D segmentation within NeRFs. Zhi
et al. [73] proposes Semantic-NeRF, a method that incorporates semantics into appearance and
geometry. They showcase the potential of NeRFs in label propagation and re nement. MYJOS [
introduces an interactive approach to select 3D objects from NeRFs by training a lightweight multi-
layer perception (MLP) using custom-designed 3D features. Other approachebI3F [57],

DFF [27], LERF [23] and ISRF [L5], aim to lift 2D visual features to 3D through training additional
feature elds. These methods are required to re-design/-train NeRF models and usually involve
additional feature-matching processes. There are also some other instance segmentation and semantic
segmentation approaches [50, 41, 11, 68, 34, 20, 2, 14, 59, 28] combined with NeRFs.

The most closely related approach to our SA3D is MV, [a component of SPIn-NeRBY],

which focuses on NeRF inpainting. MVSeg adopts video segmentation techniques to propagate a 2D
mask across different views and employs these masks as labels for training a Semantic-NeRF model.
However, video segmentation models lack explicit 3D structure information, which are hard to handle
signi cant occlusions in complex scenes. Our method aims at building NeRF-driven consistency
across views based on self-prompting and lifting 2D masks to robust 3D masks.

3 Method

In this section, we rst give a brief review of Neural Radiance Fields (NeRFs) and the Segment
Anything Model (SAM). Then we introduce the overall pipeline of SA3D. Finally, we demonstrate
the design of each component in SA3D in detail.

3.1 Preliminaries

Neural Radiance Fields (NeRFs) Given a training datasét of multi-view 2D images, NeRFS3B]
learn a functiorf : (x;d) ! (c; ), which maps the spatial coordinates2 R® and the view
directiond 2 S? of a point into the corresponding color2 R® and volume density 2 R.
denotes the learnable parameters of the fundtievhich is usually represented by a multi-layer
perceptron (MLP). To render an imabe each pixel undergoes a ray casting process where a ray
r(t) = xo + td is projected through the camera pose. Ha&kgeis the camera origind is the ray
direction, and denotes the distance of a point along the ray from the origin. The RGB kdloy at
the location determined by rayis obtained via a differentiable volume rendering algorithm:
ts
I (r)= L(r(t))c(r(t); d)dt; 1)

th

R
where! (r(t)) = exp( ttn (r(s))ds) (r(t)), andt, andt; denote the near and far bounds of

the ray, respectively.

Segment Anything Model (SAM) SAM [25] takes an imagé and a set of prompt8 as input,
and outputs the corresponding 2D segmentation rivagkyin the form of a bitmapi.e.,

M sav= S(I;P): (2)
The promptg 2 P can be points, boxes, texts, and masks.

3.2 Overall Pipeline

We assume that we already have a NeRF model trained on the dataBetoughout this paper,
unless otherwise speci ed, we opt to employ the TensaR$ the NeRF model, considering its



Figure 2: The overall pipeline of SA3D. Given a NeRF trained on a set of multi-view 2D images,
SA3D rst takes prompts in a single view for the target object as input and uses SAM to produce a 2D
mask in this view with these prompts. Then, SA3D performs an alternated proaasskinverse
rendering andcross-view self-promptingto complete the 3D mask of the target object constructed
with voxel grids. Mask inverse rendering is performed to project the 2D mask obtained by SAM
onto the 3D mask according to the learned density distribution embedded in the NeRF. Cross-view
self-prompting is conducted to extract reliable prompts automatically as the input to SAM from the
NeRF-rendered 2D mask given a novel view. This alternated process is executed iteratively until we
get the complete 3D mask.

superior ef ciency of training and rendering. As shown in Figure 2, an imidgéom a speci ¢

view is rst rendered with the pre-trained NeRF model. A set of promets, (in this paper, we often

use a set of pointsR™" , is introduced and fed into SAM along with the rendered image. The 2D
segmentation mad 24, 0f the according view is obtained, which is then projected onto the 3D mask
V 2 RS2 constructed voxel grids with the proposedsk inverse renderingtechnique (Section 3.3).
Then a 2D segmentation makk(") from a novel view is rendered from the 3D mask. The rendered
mask is usually inaccurate. We proposgrass-view self-promptingmethod (Section 3.4) to extract
point promptsP (M) from the rendered mask and further feed them into SAM. Thus a more accurate

2D maskM g'RMin this novel view is produced and also projected onto the voxel grids to complete the
3D mask. The above procedure is executed iteratively with more views traversed. Meanwhile, the 3D
mask become more and more complete. The whole process bridges 2D segmentation results with 3D
ones ef ciently. Noting that no neural network needs to be optimized except the 3D mask.

3.3 Mask Inverse Rendering

As shown in Equatioifl), the color of each pixel in a rendered image is determined by a sum of
weighted colors along the corresponding ray. The welidh(t)) reveals the object structure within

the 3D space, where a high weight indicates the corresponding point close to the object's surface.
Mask inverse rendering aims to project the 2D mask to the 3D space to form the 3D mask based on
these weights.

Formally, the 3D mask is represented as voxel gid® R~ W H  where each grid vertex stores a
zero-initialized soft mask con dence score. Based on these voxels grids, each pixel of the 2D mask
from one view is rendered as 7

ts

M() = L)V (r)dt; 3)
tn
wherer (t) is the ray casting through the mask pixXe(r (t)) is inherited from density values of the
pre-trained NeRF, and (r (t)) denotes the mask con dence score at the locatigh obtained from
voxel gridsV 1. DenoteM sapr) as the corresponding mask generated by SAM. WWepyr) = 1,

1V (r (1)) is computed by trilinearly interpolating vertex values of the 3D mask grids.



the goal of mask inverse rendering is to incredge(t)) with respecttd (r(t)). In practice, this can
be optimized using the gradient descent algorithm. For this purpose, we de ne the mask projection
loss as the negative product betweMngA,\ﬁr;(andM (r):

Lproj = M sanr) M(r); 4)
r2r (1)

whereR (1) denotes the ray set of the imalge

The mask projection loss is constructed based on the assumption that both the geometry from the
NeRF and the segmentation results of SAM are accurate. However, in practice, this is not always the
case. We append a negative re nement term to the loss to optimize the 3D mask grids according to
multi-view mask consister;(cy:

X
Lproj = M sanr) M(r)+ (I Msanr)) M(r); 5)
r2R (1) r2R (1)

where is a hyper-parameter to determine the magnitude of the negative term. With this negative
re nement term, only if SAM consistently predicts a region as foreground from different views,
SA3D marks its corresponding 3D region as foreground. In each iteration, the 3Dvniaskpdated

viavV VvV % with gradient descent, wheredenotes the learning rate.

3.4 Cross-view Self-prompting

Mask inverse rendering enables projecting 2D masks into the 3D space to form the 3D mask of a
target object. To construct accurate 3D mask, substantial 2D masks from various views need to
be projected. SAM can provide high-quality segmentation results given proper prompts. However,
manually selecting prompts from every view is time-consuming and impractical. We propose a

cross-view self-prompting mechanism to produce prompts for different novel views automatically.

Speci cally, we rst render a novel-view 2D segmentation mask™ from the 3D mask grid¥
according to EquatiofB). This mask is usually inaccurate, especially at the preliminary iteration of
SA3D. Then we obtain some point prompts from the rendered mask with a speci ¢ strategy. The
above process is named cross-view self-prompting. While there are multiple possible solutions for
this strategy, we present a feasible one that has been demonstrated to be effective.

Self-prompting Strategy ~ Given an inaccurate 2D rendered ma&gk™), the self-prompting strategy
aims to extract a set of prompt poirRg from it, which can help SAM to generate 2D segmentation
result as accurate as possible. It is important to noteNh@ is not a typical 2D bitmap, but rather a
con dence score map computed using Equati®n Since each image pixel corresponds to a ray

in a rendered view, we ugefor an easier demonstration of the prompt selection strategy on images.

As Ps is initialized to an empty set, the rst prompt poipp is selected as the point with the highest
mask con dence scoreno = arg max, M (M (p). To select new prompt points, we rst mask out
square shaped regidhen M (") centered with each existing point pronfip2 P . Considering the
depthz(p) can be estimated by the pre-trained NeRF, we transform the 2Dppixethe 3D point
G(p) = (x(&A(p)); y(G(p)); 2(G(p))) :

|

x(G(p))” x(p)

y(&p)) =z(P)K * y(p) (6)

z(G(p)) 1
wherex(p); y(p) denote the 2D coordinates pf andK denotes the camera intrinsics. The new
prompt point is expected to have a high con dence score while being close to existing prompt points.
Considering the two factors, we introduce a decay term to the con dence scord( L¢tdenote the
min-max normalized Euclidean distance. For each remaining paimM ("), the decay term is

M ™ (p)=minfM ™M @) d(G(p);GP)) P 2Psg: (7
Then a decayed mask con dence scité) (p) is computed as
™ p)y=M™M(p) MM (p): ®)

2The side length of the region is set as the radius of a circle whose area is equal to the rendefdd Thask



Figure 3: Some visualization results in different scenes (LERF-do@G}sl/ERF- gurines, Replica-
room0 [51] and 360-kitchen [1]).

The remaining point with the highest decayed scobeg,p = argmaxpze . M (" (p), is added to
the prompt setPs = P [f p g. The above selection process is repeated until either the number of

promptsjPsj reaches a prede ned threshaig or the maximum value dft (") (p) is smaller than 0.

loU-aware View Rejection When the target object is rendered in heavily occluded views, SAM
may produce incorrect segmentation results and degrades the quality of the 3D mask. To avoid such
situations, we introduce an additional view rejection mechanism based on the intersection-over-union
(loU) between the rendered makk(") and the SAM predictioM g}\)M If the loU falls below a

prede ned threshold, it indicates a poor overlap between the two masks. The prediction from SAM

is rejected, and the mask inverse rendering step is skipped in this iteration.

4 Experiments

In this section, we quantitatively evaluate the segmentation ability of SA3D on various datasets. Then,
we qualitatively demonstrate the versatility of SA3D, which can conduct instance segmentation, part
segmentation, and text-prompted segmentagton

4.1 Datasets

For quantitative experiments, we use the Neural Volumetric Object Selection (NMASHPIn-
NeRF B9], and Replica$1l] datasets. The NVOSI] dataset is based on the LLFF datassf|
which includes several forward-facing scenes. For each scene, NVOS provides a reference view
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