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Abstract— 3D occupancy prediction holds significant promise
in the fields of robot perception and autonomous driving, which
quantifies 3D scenes into grid cells with semantic labels. Recent
works mainly utilize complete occupancy labels in 3D voxel
space for supervision. However, the expensive annotation process
and sometimes ambiguous labels have severely constrained the
usability and scalability of 3D occupancy models. To address
this, we present RenderOcc, a novel paradigm for training 3D
occupancy models only using 2D labels. Specifically, we extract
a NeRF-style 3D volume representation from multi-view images,
and employ volume rendering techniques to establish 2D ren-
derings, thus enabling direct 3D supervision from 2D semantics
and depth labels. Additionally, we introduce an Auxiliary Ray
method to tackle the issue of sparse viewpoints in autonomous
driving scenarios, which leverages sequential frames to construct
comprehensive 2D rendering for each object. To our best
knowledge, RenderOcc is the first attempt to train multi-view 3D
occupancy models only using 2D labels, reducing the dependence
on costly 3D occupancy annotations. Extensive experiments
demonstrate that RenderOcc achieves comparable performance
to models fully supervised with 3D labels, underscoring the
significance of this approach in real-world applications. Our
code is available at https://github.com/pmj110119/RenderOcc.

I. INTRODUCTION

Perceiving the 3D world plays an important role in vision-
based robotic systems and autonomous driving [1], [2]. One of
the currently popular tasks in 3D vision is semantic occupancy
prediction. It requires quantifying continuous 3D space into
grid cells and predicting semantic labels for each voxel.
Compared to 3D object detection [3], [4], 3D occupancy
provides more fine-grained geometric perception, allowing
for a detailed understanding of object shapes and scene-level
geometries, rather than the coarse-grained 3D bounding box.
To this point, many solutions have been proposed and gained
widespread adoption in both industry and academia [5], [6].

Existing methods mostly rely on complete 3D occupancy
labels for supervision. However, directly annotating 3D
occupancy is extremely challenging and expensive. For one
thing, after creating ∼ 30000 frames of 3D occupancy labels
based on other pre-annotated 3D labels, it still requires
costly ∼ 4000 human hours for purification [7]. For another,
the complexity of 3D space would cause ambiguous labels,
distracting the training of occupancy models. We conducted a

1 Mingjie Pan, Jiaming Liu, Xiaoqi Li and Shanghang Zhang are with
National Key Laboratory for Multimedia Information Processing, School
of CS, Peking University. 2 Mingjie Pan, Peixiang Huang and Li Liu are
with Xiaomi Car. 3 Renrui Zhang is with CUHK MMLAB. 4 Hongwei Xie
is with Nanjing University. 5 Bing Wang is with Nanyang Technological
University.

∗ The first three authors contributed equally.
† Corresponding to shanghang@pku.edu.cn or liuli.ll9412@gmail.com.

Previous Work

Multi-View Images 
3D Occupancy Labels

RenderOcc (Ours)

Occupancy 
Network

Occupancy 
Network

Multi-View Images 
2D Labels

2D Rendering
Supervision

Semantic

Depth

Occupancy
Prediction

3D Supervision

Fig. 1. RenderOcc represents a new training paradigm. Unlike previous
works that focus on supervising with costly 3D occupancy labels, our
proposed RenderOcc utilizes 2D labels to train the 3D occupancy network.
Through 2D rendering supervision, the model benefits from fine-grained 2D
pixel-level semantic and depth supervision.

comparison on several benchmarks and found that even when
they use identical raw data, the occupancy labels they produce
still exhibit a 10-15% difference [7], [8], [9]. This reflects the
inherent ambiguity of occupancy annotation, which further
restricts the practical application of 3D occupancy tasks in
real-world scenarios.

Towards these issues aforementioned, we introduce Rende-
rOcc, a novel paradigm for training 3D occupancy models
using 2D labels, free from any 3D-space annotations. As
shown in Fig. 1, the goal of RenderOcc is to eliminate
the dependency on 3D occupancy labels and rely solely
on pixel-level 2D semantics for network supervision during
training. In particular, it constructs a NeRF-style 3D volume
representation from multi-view images and utilizes advanced
volume rendering techniques to generate 2D renderings. This
approach enables us to provide direct 3D supervision using
only 2D semantics and depth labels. With such a 2D rendering
supervision, the model learns multi-view consistency by
analyzing intersecting frustum rays from various cameras,
obtaining a deeper understanding of geometric relationships
in 3D space. Importantly, it is worth noting that autonomous
driving scenarios often involve limited viewpoints, which can
hinder the effectiveness of rendering supervision. Considering
this, we introduce the concept of Auxiliary-Ray, which
leverages rays from adjacent frames to enhance the multi-
view consistency constraints for the current frame. Moreover,
we have developed a dynamic sampling training strategy for
auxiliary rays, which not only screens out misaligned rays,
but also simultaneously mitigates the additional training costs
associated with them.
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To evaluate the effectiveness of our proposed method, we
conduct extensive experiments on two widely recognized
benchmarks, NuScenes [10] and SemanticKiTTI [11]. Re-
markably, with only 2D supervision, our method achieved
competitive performance compared with models supervised
by 3D labels. This highlights the considerable potential of our
approach in real-world perception systems. Meanwhile, our
method outperforms previous state-of-the-art 3D occupancy
prediction methods by leveraging both 2D labels and corre-
sponding 3D labels. The main contributions are summarized
as follows:

1) We introduce RenderOcc, a 3D occupancy framework
based on 2D rendering supervision. We make the first attempt
to train multi-view 3D occupancy networks solely using 2D
labels, discarding the costly and challenging 3D annotation.

2) To learn a favorable 3D voxel representation from
limited viewpoints, we introduce Auxiliary-Rays to tackle
the challenge of sparse viewpoints in autonomous driving
scenarios. Meanwhile, we design a dynamic sampling training
strategy for balancing and purifying auxiliary rays.

3) Extensive experiments show that RenderOcc achieves
competitive performance when using only 2D labels, com-
pared to baselines that supervised by 3D labels. This show-
cases the feasibility and potential of 2D image supervision
for 3D occupancy training.

II. RELATED WORK

3D Object Detection. 3D object detection is a classic per-
ception task in the fields of robot perception and autonomous
driving [12], [13], [14], [15], [16], [17]. Recently, vision-
based 3D object detection has gained increased attention
due to its low cost and rich semantic content, [4], [18],
[19], [20], [21], [22], [23], [24], [25], [26], [27] realize
efficient transformation from multiple perspective views to a
unified 3D space in a single frame, achieving cross-view 3D
perception.
3D Occupancy Prediction. 3D occupancy prediction, which
can generate a dense 3D voxelized semantic representation of
a scene, is an ideal capability for autonomous vehicles. The
release of the SemanticKITTI dataset has drawn attention
to 3D occupancy prediction [28], [29], [30], [31], [32], [33],
but it lacks diversity in driving scenes and only evaluates
front-view predictions [11]. Recent work has extended 3D
occupancy prediction to multi-view surrounding scenes and
produce large-scale benchmarks, which have significantly
propelled the development of the field [8], [7], [9], [6]. Due
to the difficulty of manually annotating dense 3D occupancy,
existing work relies on extra 3D labels such as LiDAR
segmentation to produce 3D occupancy labels Recent works
[34], [35] discussed occupancy estimation based on rendering,
but they do not account for semantic predictions.
3D Reconstruction and Rendering Inferring the 3D geome-
try of objects or scenes from 2D images is a challenging task.
Recent popular methods model 3D scenes through neural
radiance fields and supervise them using volume rendering
based on multi-view 2D images [36], [37], [38], [39]. To
improve training efficiency, significant results have been

achieved by further using voxel-based explicit representations
[40], [41], [42], [43]. Unlike 3D Occupancy Prediction, these
methods focus on rendering quality, pay less attention to
semantic understanding, and lack generalization. However,
their training ideas can be enlightening for 3D occupancy.

III. METHODS

A. Problem Setup

We aim to predict a dense semantic volume, termed as
3D occupancy, of surrounding scenes with multi-camera
RGB images. Specifically, for the vehicle at timestamp t,
we take N images {I1, I2, · · · IN} as input and predict the 3D
occupancy O ∈ RH×W×D×L as output, where H,W,D denote
the resolution of the volume and L denotes the number of
categories (including empty). Formally, the 3D occupancy
prediction can be formulated as

V =G(I1, I2, · · · , IN), O = F(V ), (1)

where G is an neural network that extracts 3D volume feature
V ∈ RH×W×D×C from N-view images, where C denotes the
feature dimension. F is responsible for transforming V into
occupancy representation, for which previous works [7],
[8] tend to use MLP to achieve per-voxel classification.
Considering that all existing approaches require complete 3D
occupancy labels to supervise the voxel-level classification,
we design a new concept to implement F and supervise
{G,F} with only 2D pixel-level labels.

B. Overall Framework

Our overall framework is shown in Fig. 2. In Sec. III-C,
we first extract 3D volume features V from multi-view RGB
images with a 2D-to-3D network G. Note that our framework
is insensitive to the implementation of G and can flexibly
switch between various BEV/Occupancy encoders such as
[18], [19], [31]. Next in Sec. III-D, we predict a volume
density σ and semantic logits S for each voxel to generate
the semantic density field (SDF). Subsequently, we perform
volume rendering from SDF and optimize the network with
2D labels. Finally in Sec. III-E, we illustrate the Auxiliary-
Ray training strategy for volume rendering to address the
sparse viewpoints issue in autonomous driving scenarios.

C. Semantic Density Field

Existing 3D occupancy methods extract volume features V
from multi-view images and perform voxel-wise classification
[31], [32], [9], [6] to generate 3D semantic occupancy. To
employ 2D pixel-level supervision, our RenderOcc innova-
tively transforms V into a versatile representation termed
the Semantic-Density-Field (SDF). Given a volume feature
map V ∈ RH×W×D×C, the SDF encodes the scene by two
representations: volume density σ ∈ RH×W×D and semantic
logits S ∈ RH×W×D×L. Specifically, we simply adopt two
MLPs {φd ,φs} to construct the SDF, formulated as

σ = so f t plus(φd(V )); S = φs(V ), (2)

where σ additionally employs softplus activation to ensure
that density values do not become negative. Based on SDF,
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Fig. 2. Overall framework of RenderOcc. We extract volume features V and predict density σ and semantic S for each voxel through a 2D-to-3D
network. As a result, we generate the Semantic Density Field, which can perform volume rendering to generate rendered 2D semantics and depth {Spix,Dpix}.
For the generation of Rays GT, we extract auxiliary rays from adjacent frames to supplement the rays of the current frame, and purify them using the
proposed Weighted Ray Sampling strategy. Then, we calculate the loss with rays GT and {Spix,Dpix}, achieving rendering supervision with 2D labels.

we gain the capability to perform semantic rendering from any
viewpoints and get 2D supervision for optimization during
training, which will be explained in Sec. III-D.

After optimized, SDF can be directly converted to 3D
occupancy results. We filter out occupied voxels with σ and
determine their semantic categories based on S. The process
can be formalized as follows:

O(x,y,z) =

{
argmax(S(x,y,z)), σ(x,y,z)≥ τ

empty label, σ(x,y,z)< τ
, (3)

where τ serves as the threshold value of σ determining
whether a voxel is occupied.

D. Rendering Supervision with 2D Labels

We utilize volume rendering to form a bridge between
the SDF and 2D pixels, thereby facilitating the supervision
through 2D labels. Specifically, we extract 3D rays from the
current frame using camera intrinsic and extrinsic parameters,
with each 2D pixel corresponding to a 3D ray originating from
the camera. Each ray r carries the semantic and depth labels
{Ŝpix(r), D̂pix(r)} of the corresponding pixel. Meanwhile, we
perform volume rendering [44] based on the SDF to obtain
the rendered semantic Spix(r) and depth Dpix(r), which are
used to compute the loss with 2D labels {Ŝpix(r), D̂pix(r)}.

To render the semantic and depth of a pixel, K points
{zk}K

k=1 ∈ r are sampled on the ray r in a pre-defined range.
Then the accumulated transmittance T and the probability of
termination α of the point zk can be computed by

α(zk) = 1− exp(−σ(zk)βk), (4)

T (zk) = exp(−
k−1

∑
t=1

σ(zt)βt), (5)

where βk = zk+1 − zk is the distance between two adjacent
points. Finally, we query the SDF with {zk} and accumulated

Rays	of	current	frame

Auxiliary Rays

Fig. 3. Auxiliary Rays: Images from single frame cannot capture multi-view
information of objects well. There is only a small overlap area between two
adjacent cameras, and the difference in perspective is limited. By introducing
auxiliary rays from adjacent frames, the model will significantly benefit
from multi-view consistency constraints.

them to get rendered semantic and depth:

Spix(r) =
N

∑
k=1

T (zk)α(zk)S(zk), (6)

Dpix(r) =
N

∑
k=1

T (zk)α(zk)zk, (7)

For loss fuctions, cross-entropy loss Lseg and SILog loss
Ldepth [45] are leveraged to supervise the semantic and depth,
respectively. We also introduce distortion loss [39] and TV
loss [46] as the regularization of SDF, which termed Lreg.
Therefore, the overall loss can be computed by

L =Lseg(Spix, Ŝpix)+Ldepth(Dpix, D̂pix)+Lreg(σ), (8)

E. Auxiliary Rays: Boosting Multi-view Consistency

With the 2D rendering supervision in Sec. III-D, the
model can benefit from multi-view consistency constraints
and learn to account for spatial occlusion relationships
among voxels. However, the viewpoint coverage of the
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surrounding cameras in a single frame is very sparse, and
their overlapping range is limited. As a result, most voxels
cannot be simultaneously sampled by multiple rays with
significant viewpoint differences, which easily leads to local
optima. Therefore, we introduce auxiliary rays from adjacent
frames to complement the multi-view consistency constraints
as shown in Fig. 3.
Generation of Auxiliary Rays. Specifically, for the current
frame with index t, we select nearby Maux adjacent frames.
For each adjacent frame, we generate rays individually and
transform them to the current frame to obtain the final
auxiliary rays raux:

raux = {Tt−k
t (rt−k), k =−1,1, · · · ,−Maux

2
,

Maux

2
} (9)

where Tt−k
t is the transformation matrix from adjacent-frame

coordinates to the current frame. Given ego pose matrices
Et−k from adjacent frame and Et from the current frame,
we can calculate Tt−k

t = E inv
t ·Et−k, where E inv

t is the inverse
matrix of Et .
Weighted Ray Sampling. The introduction of auxiliary
rays significantly enhances 2D supervision but raises two
challenges: (a) Increased rays lead to high memory and
computational costs, necessitating random sampling during
training, which discards many valuable rays. (b) Due to the
presence of dynamic objects, many auxiliary rays exhibit
temporal mismatches, introducing unnecessary errors. To
address this, we have devised the Weighted Ray Sampling
strategy, focusing on sampling high-information-density and
relative correct rays. This not only significantly enhances train-
ing efficiency but also optimizes performance. (a) Category
Density Balance: In outdoor autonomous driving, extreme
category imbalance is common. Most rays correspond to large,
low-information-density background objects like roads and
buildings, while rays associated with pedestrians, bicycles are
scarce but valuable. For this, we calculate weight Wb based
on class occurrence frequency, formulated as

Wb(r) = exp(λs ∗ (
max(M)

N(C(r))
−1)) (10)

where λs represents a smoothing coefficient, M represents
the numbers of rays of all categories, and C(r) denotes
the category of the ray r. (b) Temporal Misalignment
Purification: By Eq. 9, auxiliary rays can be aligned with the
current frame for SDF supervision. However, the movement
of dynamic objects can cause misalignment, leading some
auxiliary rays to point to incorrect voxels in the SDF.
We employed a simple yet effective strategy to reduce
the sampling probability of mismatched rays, by masking
dynamic objects and preserving the rays from the current
frame as much as possible.

Wt(r) =

{
λdyn, C(r) ∈Cdynamic

λadj, C(r) /∈Cdynamic
(11)

where λdyn and λadj are coefficients less than 1 and Cdynamic
denotes the set of categories for dynamic objects. By utilizing
λadj, we can lower the likelihood of rays from the current

frame being omitted. Setting λdyn to a value close to 0 allows
us to significantly mitigate misalignment issues caused by
dynamic objects.

Finally, we calculate a weight W for each ray as W =
Wb ·Wt . This weight acts as the probability weight of random
sampling. Throughout the training process, we sample a fix
number of rays for each batch using W , and the remaining
rays are discarded and do not contribute to the loss computed
by Eq. 8. Through proposed Weighted Ray Sampling, we
can significantly reduce memory and computational costs
of RenderOcc during training while achieving superior
performance. Detailed discussions are provided in Sec. IV-D.

IV. EXPERIMENTS

We evaluate proposed RenderOcc by comparing it with
other baselines on NuScenes and SemanticKiTTI. For a deeper
understanding of RenderOcc, we also conducted extensive
ablation experiments on NuScenes dataset in Sec. IV-D.

A. Dataset

We evaluate our method on NuScenes and SemanticKiTTI,
respectively for surrounding-view and front-view setting. The
NuScenes dataset includes 1000 outdoor driving scenes with
six surrounding-view cameras, and the 3D occupancy ground
truth provided by [8] of each sample covers a range of [-
40m, -40m, -1m, 40m, 40m, 5.4m] with a voxel size of
[0.4m,0.4m,0.4m]. It has 17 classes. The SemanticKiTTI
dataset includes 22 outdoor driving scenes, and the benchmark
is interested in areas ahead of the car. Each sample covers
a range of [0.0m, -25.6m, -2.0m, 51.2m, 25.6m, 4.4m] with
a voxel size of [0.2m,0.2m,0.2m]. It has 19 classes. Neither
NuScenes nor SemanticKITTI directly provide ground truth
(GT) for 2D segmentation and depth. Therefore, we project
3D LiDAR points with segmentation labels onto images to
generate 2D labels.

B. Architecture and Implementation Details

We use the available network BEVStereo [21] as G to test
the performance of RenderOcc. We maintain the majority
of the original structure and only replace the classification
head F with {φd ,φs} to predict the Semantic Density Field,
thereby supporting the training by 2D rendering supervision.
For G, we use Swin Transformer [48] as the image backbone,
resize the image to 512x1408, use Adam as the optimizer,
set the Batchsize to 16, and train approximately ∼ 10K iters
with a learning rate of 1e-4. All experiments are conducted
on NVIDIA A100 GPUs.

C. Main Results

Results on NuScenes. In this section, we provide experi-
mental results on the NuScenes dataset, as shown in Tab.
I. We employs 6 adjacent frames to generate auxiliary
rays and sample 38400 rays for a batch. RenderOcc, when
supervised solely with 2D labels, achieves a mean mIoU
of 23.93, demonstrating competitive results when compared
to Baselines supervised by 3D occupancy labels. In details,
RenderOcc exhibits only a marginal decline of 0.58 mIoU
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TABLE I
3D OCCUPANCY PREDICTION PERFORMANCE ON THE OCC3D-NUSCENES DATASET. GT REPRESENTS WHICH LABELS WE USED DURING TRAINING.

MEAN IS THE AVERAGE VALUE OF MIOU ACROSS ALL CATEGORIES.
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MonoScene [28] 3D 6.06 1.75 7.23 4.26 4.93 9.38 5.67 3.98 3.01 5.90 4.45 7.17 14.91 6.32 7.92 7.43 1.01 7.65
BEVFormer 3D 23.67 5.03 38.79 9.98 34.41 41.09 13.24 16.50 18.15 17.83 18.66 27.70 48.95 27.73 29.08 25.38 15.41 14.46
BEVStereo 3D 24.51 5.73 38.41 7.88 38.70 41.20 17.56 17.33 14.69 10.31 16.84 29.62 54.08 28.92 32.68 26.54 18.74 17.49
OccFormer [47] 3D 21.93 5.94 30.29 12.32 34.40 39.17 14.44 16.45 17.22 9.27 13.90 26.36 50.99 30.96 34.66 22.73 6.76 6.97
RenderOcc (Ours) 2D 23.93 5.69 27.56 14.36 19.91 20.56 11.96 12.42 12.14 14.34 20.81 18.94 68.85 33.35 42.01 43.94 17.36 22.61
RenderOcc* 2D+3D 26.11 4.84 31.72 10.72 27.67 26.45 13.87 18.2 17.67 17.84 21.19 23.25 63.2 36.42 46.21 44.26 19.58 20.72

TABLE II
3D OCCUPANCY PREDICTION PERFORMANCE ON THE SEMANTICKITTI DATASET.
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MonoScene 3D 11.30 23.29 0.28 0.59 9.29 2.63 2.00 1.07 0.00 55.89 14.75 26.50 1.63 13.55 6.60 17.98 2.44 29.84 3.91 2.43
LMSCNet [29] 3D 9.94 23.62 0.00 0.00 1.69 0.00 0.00 0.00 0.00 54.90 9.89 25.43 0.00 14.55 3.27 20.19 1.06 32.30 2.04 0.00
AICNet [30] 3D 6.73 15.30 0.00 0.00 0.70 0.00 0.00 0.00 0.00 39.30 19.80 18.30 1.60 9.60 5.00 9.60 1.90 13.50 0.10 0.00
VoxFormer [31] 3D 12.35 25.79 0.59 0.51 5.63 3.77 1.78 3.32 0.00 54.76 15.50 26.35 0.70 17.65 7.64 24.39 5.08 29.96 7.11 4.18
RenderOcc (Ours) 2D 8.24 14.83 0.42 0.17 2.47 1.78 0.94 3.20 0.00 43.64 12.54 19.10 0.00 11.59 4.71 17.61 1.48 20.01 1.17 0.88
RenderOcc* 2D+3D 12.87 24.90 0.37 0.28 6.03 3.66 1.91 3.11 0.00 57.2 16.11 28.44 0.91 18.18 9.10 26.23 4.87 33.61 6.24 3.38

compared with BEVStereo, surpassing other baselines such as
MonoScene, OccFormer and BEVFormer. Under our proposed
2d rendering supervision, RenderOcc performs significant vari-
ations in its performance across different categories compared
to 3D supervised baselines. For static background categories
like driveable surfaces, terrain, and vegetation, RenderOcc
achieves exceptionally high mIoU, effectively identifying
road structures, benefiting from an explicit understanding of
3D spatial relationships. However, RenderOcc’s performance
is relatively poorer for dynamic objects, often predicting
artifacts such as ghosting. Our proposed Auxiliary Rays
strategy can alleviate this issue to some extent. For small
foreground objects like bicycles, motorcycles, and traffic
cones, RenderOcc also outperforms Baselines, thanks to the
fine-grained supervision provided by 2D pixel-level labels.
Additionally, RenderOcc supports simultaneous supervision
using both 2D and 3D labels, achieving the best result with an
mIoU of 26.11. The result demonstrates that our method of 2D
rendering supervision can aid in improving the construction
of voxel representations for existing 3D occupancy labels
and enhance overall understanding of 3D scenes. Finally, we
conducted a qualitative analysis in Fig .4, and observed that
our method yields improved accuracy in capturing semantic
information and the shapes of objects within the 3D scene.

Results on SemanticKITTI. In this section, we provide
experimental results on the SemanticKITTI dataset, as shown
in Tab. II. We employs 4 adjacent frames to generate
auxiliary rays and sample 25600 rays for a batch. RenderOcc
achieves a mean mIoU of 8.24 supervised solely using
2D label, showing competitive result with other baseline
methods that supervised by 3D occupancy GT. Unfortunately,
SemanticKITTI relies on a single front-facing camera, leading

RGB

(b) Ground Truth

(c) BEVStereo (3D) (d) RenderOcc (Ours, 2D)

(a) RGB Image

Fig. 4. Qualitative results on NuScenes. Compared to the baseline that
uses 3D labels for supervision, our proposed RenderOcc exhibits a more
acute perception of object boundaries and small objects as shown in the
red boxes. The crane’s arm in the image is finely perceived by RenderOcc,
while BEVStereo supervised by 3D labels fails to perceive the arm floating
in the air. At the same time, RenderOcc successfully identifies distant traffic
cones that the baseline overlooks.

to a lack of multi-view consistency constraints due to its
fixed and singular viewpoint. This limitation causes 2D
rendering supervision to become trapped in local optima.
While auxiliary rays strategy partially mitigate this issue,
it validates the effectiveness of our approach in monocular
3D occupancy prediction. Furthermore, when incorporating
existing 3D labels, RenderOcc overcomes the optimization
problem stemming from the single viewpoint, resulting in
a 12.87 mIoU. This result showcases the practicality of our
method in real-world applications, whether the input images
are from multi-view cameras or single-view camera.
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TABLE III
ABLATION STUDY FOR EACH COMPONENT ON THE OCC3D-NUSCENES.

RenSup-S RenSup-D Aux Rays WRS mIoU ↑
✓ 16.94
✓ ✓ 19.28
✓ ✓ ✓ 22.41
✓ ✓ ✓ ✓ 23.93

TABLE IV
ABLATION STUDY FOR RENDERING SAMPLING WAYS.

Method step size point number mIoU ↑
unified-sampling 1.0*voxel_size / 19.42
unified-sampling 0.5*voxel_size / 21.10

hierarchical-sampling / 64→64 22.34
hierarchical-sampling / 64→128 22.98

mip360-sampling 1.0*voxel_size / 22.61
mip360-sampling 0.5*voxel_size / 23.93

TABLE V
ANALYSIS OF DEPTH SUPERVISION. "LIDAR PROJECTION" REFERS

EXTRACTING DEPTH LABELS FROM LIDAR POINT CLOUDS. "STRUCT

FROM MOTION" REPRESENTS DERIVING DEPTH LABELS FROM

IMAGE-BASED ALGORITHMS [49] WITHOUT LIDAR DATA.

Depth Label Label Modality mAP ↑
/ / 16.92

LiDAR Projection L 23.93
Struct From Motion C 21.11

D. Ablation Study & Analysis

Ablation Study for each Component To clarify RenderOcc’s
component contributions, we present ablation results in
Table III. When supervised solely with 2D semantic labels
(RenSup-S), RenderOcc achieves an mIoU of 16.94. Adding
depth supervision (RenSup-D) increases mIoU by 2.34.
Introducing the auxiliary rays strategy (Aux Rays) further
boosts performance by 3.13 mIoU but at the cost of increased
training overhead. Utilizing the Weighted Ray Sampling
strategy yields a total mIoU improvement of 1.52. Importantly,
WRS effectively addresses the training overhead introduced
by auxiliary rays, which we will discuss in detail later.
Selection for Points Sampling Ways We compared three
typical point sampling methods for zk and make corre-
sponding adjustments to the rendering formula., namely
unified-sampling (perform sampling with a fixed step size) ,
hierarchical-sampling [36] and mip360-sampling (introduced
in mip-NeRF 360 [39] to address unbounded scenes). As
shown in Table IV, both hierarchical-sampling and MN360-
sampling methods outperform unified-sampling. Moreover,
with an increase in sampling frequency (step size), there is a
noticeable improvement in performance. Therefore, we finally
select mip360-sampling for volumn rendering.
Auxiliary Rays and Weighted Ray Sampling As shown
in Table. III, the usage of auxiliary rays can yield significant
benefits, but there are clear drawbacks: they consume more
GPU memory and computational resources during training
and inevitably introduce misaligned rays. We conducted
comprehensive ablation experiments, and the results are
presented in Fig .5. Without using Weighted Ray Sampling,

(a)

(b)

Adjacent Frames

Fig. 5. Ablation Study For Auxiliary-Ray. (a) With the increased
utilization of adjacent frames, there is a corresponding rise in mIoU. (b)
Weighted Ray Sampling (WRS) effectively mitigates the additional training
cost associated with auxiliary rays while improving performance.

as the number of auxiliary frames increases from 0 to 6, the
mIoU gradually improves from 19.28 to 23.01. However, as
shown in Fig. 5(b), GPU memory usage increases significantly
with the doubling of ray numbers, incurring additional training
costs. With the introduction of Weighted Ray Sampling, we
keep the Ray numbers fixed at 38400 and focus on sampling
valuable rays with high information density, achieving higher
mIoU without incurring additional overhead.
Training Without LiDAR In Table V, we compare vari-
ous depth supervision methods. Without depth supervision,
RenderOcc scores 16.9 mIoU. Leveraging Raw LiDAR
for depth supervision yields an mIoU of 23.44. However,
expensive LiDAR data is often inaccessible in many scenarios.
Therefore, we also attempted to compute depth labels directly
from images using a struct-from-motion approach, following
[50]. Although the generated depth labels are quite sparse,
RenderOcc still achieves 21.11 mIoU. This demonstrates
potential in training 3D Occupancy models without LiDAR
data, meriting deeper investigation in future work.

V. CONCLUSION

We dive into the potential of using 2D image labels to train
3D occupancy networks, and propose a general framework
RenderOcc to effectively implement this idea. This approach
circumvents the production of costly and ambiguous 3D
occupancy labels, training vision-centric models in a cheap
and more intuitively direct manner. The extensive experiments
validate the effectiveness of our method, offering a new
perspective for the community.
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