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Abstract. In this paper, we explore a novel point representation for 3D
occupancy prediction from multi-view images, which is named Occupancy
as Set of Points. Existing camera-based methods tend to exploit dense
volume-based representation to predict the occupancy of the whole scene,
making it hard to focus on the special areas or areas out of the perception
range. In comparison, we present the Points of Interest (Pols) to repre-
sent the scene and propose OSP, a novel framework for point-based 3D
occupancy prediction. Owing to the inherent flexibility of the point-based
representation, OSP achieves strong performance compared with exist-
ing methods and excels in terms of training and inference adaptability. It
extends beyond traditional perception boundaries and can be seamlessly
integrated with volume-based methods to significantly enhance their ef-
fectiveness. Experiments on the Occ3D-nuScenes occupancy benchmark
show that OSP has strong performance and flexibility. Code and models
are available at https://github.com/hustvl/osp.

Keywords: 3D Occupancy Prediction - Autonomous Vehicles - Multi-
view 3D Perception

1 Introduction

Holistic 3D scene understanding is crucial for autonomous driving systems,
directly affecting the efficiency and accuracy of subsequent tasks. Considering
the cost-effectiveness and ease of deployment of cameras compared to other sen-
sors, developing visual-based methods for 3D scene understanding has become
a significant and widely researched challenge.

To tackle this challenge, 3D Semantic Scene Completion (SSC) [22] has been
proposed and widely studied to jointly infer the geometry and semantics infor-
mation of the scene from limited observations. The SSC task requires the model
to accurately predict the visible locations and complete the information for the
invisible locations. Recently, Oce3D [25] introduces a new task definition called
3D occupancy prediction. The main difference between this task and SSC is
that 3D occupancy prediction only focuses on the visible areas and is tailored
for dynamic scenes.
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Fig.1: Comparison between volume-based methods and our method. The
volume-based methods, represented by BEVFormer, infers every region within the scene
and gets standard occupancy as shown in (a). Our method uses a point-based decoder
as shown in (b). Thus it infers the Points of Interest including standard, adaptively
sampled, and manually sampled grids as shown in (c).

Existing 3D occupancy prediction methods are mostly based on dense BEV
methods, e.g., BEVFormer [15], BEVDet [7]. These methods integrate a BEV
encoder with an occupancy head to generate the output and enhance BEV per-
ception capabilities for better results. However, they share some common draw-
backs. (1) Uniform Sampling: BEV-based methods fail to differentiate between
different areas within the same scene, treating them equally. This leads to coarse
sampling and hinders dynamic or multi-resolution sampling capabilities. (2) Lim-
ited Inference Flexibility: During inference, these methods can only process the
entire scene at once. They lack the ability to infer different parts of the scene
based on varying downstream tasks or specific practical needs.

Those limitations highlight the need for more flexible 3D occupancy predic-
tion methods that can handle complex scenes while adapting to different infer-
ence requirements. In this paper, we propose a novel point-based representation
for 3D occupancy prediction. Instead of dividing the scene into uniform grids
applied by existing volume-based methods, we propose Points of Interest (Pols)
to view the scene as a collection of points that help in flexibly sampling the
scene during both training and inference stages. Fig. 1 compares volume-based
and point-based representations. Compared to volume-based representations, our
point-based representation has the following advantages: (1) it can accept inputs
of any scale and position to make occupancy predictions, including manually de-
signed and adaptively designed input, offering flexibility; (2) it can pay extra
attention to certain areas rather than treating all areas equally, enhancing the
model’s perceptual capabilities.
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We introduce Occupancy as Set of Points (OSP), a novel and flexible point-
based framework, which is built upon the foundational concept of Points of
Interest (Pols). OSP excels in 3D occupancy prediction and is composed of an
image backbone, a 3D positioning encoder, and a decoder, as illustrated in Fig.
2. Central to our methodology is the innovative use of Pols, which we have
categorized into three distinct types to meet diverse needs, thereby significantly
enhancing various aspects of our model’s performance. Detailed descriptions of
these Pols will be provided in Sec. 3. Notably, Pols can be designed as needed
beyond the three types initially proposed by us.

Our method stands out for its strong performance and flexibility. The flexibil-
ity enables it to process any arbitrary local scene without necessitating retrain-
ing. Additionally, our method can serve as an augmentative plugin module for
existing volume-based methods by adaptively resampling areas of low confidence
to yield more accurate occupancy predictions. It is also adept at predicting areas
beyond the scene. The key contributions of our approach can be summarized as
follows:

— A novel point-based occupancy representation, established by interacting
point queries with 2D image features, enables a comprehensive understand-
ing of 3D scenes.

— A flexible framework that allows for inference at any area of interest without
retraining or sacrificing accuracy and predicts areas beyond the scene.

— A plugin module that enhances the performance of the volume-based baseline
significantly.

— OSP has obtained strong experiment results, i.e., 39.4 mIoU in the 3D oc-
cupancy prediction task on the Occ3D-nuScenes benchmark.

2 Related Work

2.1 3D Occupancy Prediction

3D occupancy prediction, a concept recently defined by Occe3D [25], exhibits
notable parallels with Occupancy Grid Mapping (OGM) [20, 24, 27] used in
robotics. This task aims to predict the state of each voxel grid in a scene based
on a series of sensor inputs. Occ3D establishes two benchmarks leveraging the
Waymo Open Dataset [23] and the nuScenes Dataset [2] to facilitate this. In
vision-based 3D Occupancy prediction, Occ3D implements camera visibility es-
timation and creates visibility masks to ensure evaluations are confined to visible
areas. It also evaluates various SSC methodologies on its benchmarks, includ-
ing MonoScene [4], TPVFormer [9], BEVDet [7], OccFormer [32], and BEV-
Former [15].

2.2 3D Semantic Scene Completion

Scene Semantic Completion (SSC) represents a task closely associated with
3D occupancy prediction. The concept of SSC is initially presented in SSC-
Net [22], with a focus on predicting the comprehensive semantic information
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of a scene based on its partially visible regions. Over recent years, the study
of SSC has expanded significantly, particularly in the context of small indoor
scenes [3,5,11-13,16,30,31]. In recent times, the study of Scene Semantic Com-
pletion (SSC) for expansive outdoor environments has gained momentum, par-
ticularly following the introduction of the SemanticKITTI dataset [1]. Notably,
MonoScene [4] emerges as the first method to apply monocular pure vision-based
SSC. In a parallel advancement, OccDepth [19] enhances 2D to 3D feature trans-
formation by incorporating depth data from stereo input. TPVFormer [9] argues
against the limitations of single-plane modeling in capturing intricate details,
hence it adopts a tri-perspective view (TPV) approach, combining a Bird’s Eye
View (BEV) with two additional vertical planes. Additionally, Symphonies [10]
highlights the significance of instance representation in SSC tasks. While SSC
methods can be directly applied to 3D occupancy prediction, two primary dis-
tinctions exist: (1) SSC primarily aims to infer the occupancy of non-visible
areas based on visible regions, in contrast to 3D occupancy prediction which
focuses on visible areas; (2) SSC methods usually target static scenes, whereas
3D occupancy prediction methods are often designed to handle dynamic scenes.

Most existing volume-based SSC and 3D occupancy prediction methods are
characterized by their dense nature, encompassing inputs and outputs that span
the entire scene. Consider the BEVFormer baseline as an example: it segments
the scene into uniform BEV grids, failing to distinguish between grids in vary-
ing areas. This uniformity restricts the ability of volume-based methods like
BEVFormer to sample areas of interest for better performance during training.
Besides, if we want to focus on a specific area in the inference stage, volume-based
methods are limited to infer the entire scene and then perform post-processing,
inevitably leading to increased and unnecessary costs. Moreover, as scene size
and voxel resolution increase, the computational demands skyrocket exponen-
tially. In stark contrast, our point-based model introduces much-needed flexibil-
ity by focusing on Pols. Our method facilitates direct inference in specific areas,
eliminating the need for post-processing and avoiding additional computational
burdens.

A point-related SSC method is PointOce [34], a point cloud-based SSC pre-
diction method using three complementary view planes for efficient point cloud
feature modeling and an efficient 2D backbone for processing to reduce computa-
tional load, while our method focuses on the flexibility of training and inference.

2.3 Camera-based 3D Detection

Camera-based 3D perception tasks have gained substantial attention in re-
cent research, largely due to the convenience and cost-effectiveness of cameras as
data collection sensors. Initial efforts, such as FCOS3D [26] and DETR3D 28],
explore the transition from 2D to 3D predictions. BEVFormer [15] represents a
significant advancement in this area, transforming images captured from vehicle-
mounted cameras into a bird’s eye view (BEV) representation. This technique
not only enhances a vehicle’s environmental understanding but also finds appli-
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cations in various downstream tasks like BEVStereo [14] and BEVDet [7] and
extends to 3D occupancy prediction.

3D detection tasks are important in camera-based 3D perception and also
have a high similarity to 3D occupancy prediction. The primary objective of
3D detection involves estimating the position and dimensions of objects in 3D
space. DETR3D [28], drawing inspiration from DETR [33], innovatively com-
bines 3D object queries with image features, incorporating camera intrinsic and
extrinsic parameters. PETR [17] and its successor, PETRv2 [18], further refine
this approach by addressing the accuracy of reference point sampling and the
inclusion of global information, enhancing 3D detection through historical data
integration. Compared to object detection, 3D occupancy prediction offers a
finer granularity, which is crucial for navigating irregular obstacles or overhang-
ing objects. It is imperative to explore how insights from BEV representation
and 3D object detection can inspire innovative solutions tailored to the specific
requirements of 3D occupancy prediction.

3 Preliminary

Problem setup. We aim to provide occupancy predictions around the ego-
vehicle, given only N surround-view RGB images. More specifically, we use as
input current images denoted by I; = flg; 11;::;; In0, and use as output an
occupancy prediction Y; 2 fcy;ci;:camg? W 2 defined in the coordinate of
ego-vehicle, where each occupancy prediction is either empty (denoted by ¢g) or
occupied by a certain semantic class in fcy;C,p,; 5 Carg. We assume known cam-
era intrinsic parameters TK;g and extrinsic parameters f[R;jt;]g in each frame.
We assume to know whether each area is visible or not by applying a camera
visibility mask.

Points of Interest. In our model, we innovatively introduce the concept of
Points of Interest (Pols), which is a set of sparse points to represent the 3D scene.
Pols can flexibly represent objects or regions that require extra attention such as
pedestrians or regions near ego-vehicles and can be designed as needed in both
training and inference phases. We use three types of Pols and the definitions and
functions are introduced as follows:

(1) Standard Grids: By sampling center points of grids in the inference stage
and making predictions of standard 3D occupancy grids, our model makes a fair
comparison with existing methods and achieves good results.

(2) Adaptively Sampling: During the training stage, our model adaptively
samples points and oversamples points around them to enhance accuracy. Rec-
ognizing that volume-based methods uniformly treat all locations, our point-
based approach allows for resampling in either areas of special interest or those
that are challenging to learn. This adaptively resampling strategy is also used to
augment the performance of volume-based methods. Consequently, our method
can function as a versatile plugin, seamlessly integrating with and enhancing
existing volume-based approaches.
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(3) Manually Sampling: Our model excels in its exibility to sample any
area, speci cally catering to the unique demands of various downstream tasks.
Our model can make predictions of areas beyond the standard perception range
by setting Pols to areas outside the scene manuallye.g. 200 meters away from
ego-vehicle, which is a feat unattainable by traditional volume-based methods.
This extension not only broadens the scope of inference but also introduces a
new dimension to scene understanding. These Pols are the foundation of our
method, o ering precision and high exibility.

Fig. 2: Overall framework of Occupancy as Set of Points. OSP leverages the
Transformer architecture to derive 3D point features from 2D images to make 3D occu-
pancy predictions. Initially, we extract 2D features from multi-view images. Following
this, we employ a set of 3D point queries to index these 2D features. The selection of
these 3D point queries depends on the Points of Interest (Pols).

4 Method

4.1 Overall Architecture

Fig. 2 shows the overall architecture of the proposed Occupancy as Set of
Points. Given the images!| = fl;;i = 1;2;:::;;Ng from N views, We feed these
images into ResNet [6] to obtain their features.

OSP begins with sampling a set of 3D points in the space, which are the initial
Pols. In our experiments, we use center points of grids as the initial Pols to make
a fair comparison with traditional volume-based methods and provide a reliable
baseline for performance comparison and evaluation. We sampli€ (K = 8000)
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points within the camera's visible region and introduce random perturbations
to these points.

Then we normalize the 3D points. To these normalized coordinates, we ap-
ply sine and cosine functions as a form of positional encoding. This encoded
positional information is then utilized to create query position embeddings. In
the training phase, within each decoder layer, the query position corresponding
to each individual query remains consistent. The 3D coordinates, along with
the camera's intrinsic and extrinsic parameters, are used to map these points
onto the pixel plane. This mapping process yields corresponding key and value
pairs. Subsequently, we employ point cross-attention mechanisms to compute
the output. Then we adaptively oversample a group ofM points (M = 8000)
whose coordinates are calculated by a linear layer and employ group point cross-
attention to fuse the features of the additional sampling points.

4.2 3D Position Encoder

After obtaining 3D points by applying Pols, we rst normalize coordinate
points using equations as follows:

X Xmin . Y Ymin . Z Zmin

Xmax Xmin , Ymax Ymin ' Zmax Zmin

where Kmin , Ymin » Zmin » Xmax » Ymax » Zmax] = [ 40m; 40m; 1m; 40m; 40m; 5:4m],
are the preset boundaries of the scene. Through sine and cosine functions, we en-
code the normalized coordinates into high-dimensional positional information.
Then we use a small MLP containing two linear layers and one RelLU layer
to transform the high-dimensional positional information into learnable embed-
dings.

X y,Z =

; (1)

4.3 Point Decoder

We used three decoder layers to build our point decoder. Each layer of the
decoder contains point cross-attention (PCA) and group point cross-attention
(GPCA).

The purpose of PCA and GPCA is to integrate position embedding with
image features, thereby facilitating a more cohesive representation. Owing to the
high e ciency of deformable attention [15], our point decoder mechanisms
employ this technique. Consequently, each query within our framework can be
updated as follows:

s

DAQ;p;F)=  AWFP (p+ po); )
s=1

where N represents the number of sampling o sets,A s represents the learn-
able attention weights, F?® (p+ ps) represents the image features collected at
location p + ps in which ps represents the o set apply to position p.
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Point cross-attention. The point cross-attention mechanism begins by tak-
ing point queries, initially set to zero, and combines them with point position
encoding derived from our 3D position encoder. This combination forms the in-
put queries. Subsequently, these queries undergo deformable cross-attention with
2D image features. Given that not all 3D points project onto the image plane,
particularly in the context of the six surround views provided by the nuScenes
Dataset. Each point is likely to map onto only one or two of these views. We
utilize the camera's intrinsic and extrinsic parameters to ascertain which images
a given point can map to. This approach ensures that for any specic point,
we only consider the features of the image(s) it maps onto, signi cantly reduc-
ing memory consumption. F2P = fF2P;F2P ;g represents the mapped 2D
image features where indexes the images. Therefore, the formula of the point
cross-attention can be described as follows:

PeRaF™®) = - DAGIP(i0iFT) ©

Vi) t2v

where V; represents the hit image,t indexes the imagesP (p;t) represents the
projection function of input position p.

Group point cross-attention. The group point cross-attention mechanism is
aimed at solving the lack of local context in PCA since each point independently
interacts with the image features. We adaptively oversample a group oM (M =
8000) points around our Pols whose coordinates are calculated by a linear layer.
We use the attention obtained from PCA and the 2D image features mapped by
our group of points. Therefore, the formula of the group point cross-attention
can be described as follows:
X
GPOfy:F™°) = s DAGsiP(psi)iFE); @
t2v ¢
where qg represents attention calculated by PCA andpg represents the input
position of the oversampled group of points.

4.4 Loss Function

We apply class-wise cross-entropy loss and dice loss to this task. The ground
truth & 2 fco;cr;iiom g represent semantic information of a group of spatial
points. The class-wise cross-entropy loss can be computed by:

)(\I XM egn;c
Lee = WeGnie |09(%): ®)
n=1 c=co c
where n is the index of points, N is the number of selected points,c indexes
class,gn.c is the predicted logits for the n-th point belonging to classc, w; is a
weight for each class according to the inverse of the class frequency as in [21].
The dice loss can be computed by:

P
2 iN:1 i O )

Ldice :1 N N )
i PP i o

(6)
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where p; is the predicted probability for the point and g is the ground truth
binary label for the point. Our nal loss is the sum of the two losses:

Lai = Ldice + Lce: (7

5 Experiment

5.1 Experimental Setup

Dataset. We perform our experiments on the nuScenes Dataset with annotation
provided by Occ3D. Occ3D-nuScenes benchmark is interested in a volume of
80.0m to the front and back of the car, 80.0m to the left and right side, and
6.4m in height. Each sample is divided as a group of 3D voxel grids with a
dimension of[200, 200, 16] since each voxel has a size §:4m; 0:4m; 0:4m]. There
are 18 categories of occupancy semantics, of which the 18th category is empty
and does not participate in the evaluation. Occ3D-nuScenes provides ground-
truth semantical voxel grids by aggregate points of the static scenes and moving
objects, respectively. Furthermore, Occ3D-nuScenes utilizes ray-casting-based
methods to estimate camera visibility and provides camera visibility masks.
Evaluation metric.  For this task, we use mloU as the evaluation metric, which
can be formulated as follows:

1% TP, _
C_, TP+ FPc+ FN¢’

mioU =

(8)

Following the de nition of 3D occupancy prediction, we only evaluate our results

in visible regions.

Implementation details. We input six images of the original size into ResNet101
to obtain image features. Our image backbone is pre-trained on the FCOS3D [26],
which is the same backbone used in the BEVFormer baseline. Then the features
will be taken by FPN to produce multi-scale feature maps. The dimension of
features isd = 256. We stacked three decoder layers, with point cross-attention
and group point cross-attention in each decoder layer. There is a small MLP
as our point-based occupancy predictor that projects the 256 feature dimension
to the number of classes. We train our model on 8 NVIDIA 3090 GPUs with
24 epochs. We use the AdamW optimizer with a learning rate of2 10 # and

a weight decay of 0.01. The learning rate of the backbone is 10 times smaller.
Besides, we conducted a separate experiment in which we trained our decoder
with a frozen BEVFormer baseline backbone using the same setting above and
this decoder will be used as a plugin module for the BEVFormer baseline.
Baseline methods. We compare Occupancy as Set of Points with existing
methods replicated by Occ3D on Occ3D-nuScenes benchmark, including MonoScene
[4], TPVFormer [9], BEVDet [7], OccFormer [32] and BEVFormer [15]. To make

a fair comparison with the baseline, we provide results using BEVFormer by our
implementation using the camera visible mask during the training.
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Table 1: 3D Occupancy prediction performance on the Occ3D-nuScenes

dataset . * means the performance is achieved by our implementation using the camera
mask during training. ¥ means the performance is achieved with a frozen BEVFormer
baseline backbone.

< o c c
. o 2 %‘ g g 5 ® 3 % '%
g & 3 ¢ 5 & o 58 x 9 5 5 B E %3
2 5 &8 ¢ 5 § 8 3% & ® 5 == £ & £ § 9|z
Method 5 o 8 a S o £ =% = = £ a ° ] ) £ 4 S
MonoScene [4] 175 723 426 493 9.38 567 398 3.01 590 445 7.17 1491 6.32 792 7.43 1.01 7.6%6
TPVFormer [9] 7.22 38.90 13.67 40.78 45.90 17.23 19.99 18.85 14.30 26.69 34.17 55.65 35.47 37.55 30.70 19.40 |15/783
BEVDet [7] 4.39 30.31 0.23 32.26 34.47 12.97 10.34 10.36 6.26 8.93 23.65 52.27 24.61 26.06 22.31 15.04 [159188
OccFormer [32] 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 |@9B3
BEVFormer [15] 5.85 37.83 17.87 40.44 42.43 7.36 23.88 21.81 20.98 22.38 30.70 55.35 28.36 36.0 28.06 20.04 176638
CTF-Occ [25] 8.09 39.33 20.56 38.29 42.24 16.93 24.52 22.72 21.05 22.98 31.11 53.33 33.84 37.98 33.23 20.79|28.83
SurroundOcc [29] 8.7 39.2 19.7 414 46.2 187 206 264 233 27.0 325 78.0 383 46.6 49.6 36.7 31H\.4
OpenOccupancy [27] 104 457 236 424 493 148 246 27.7 278 276 333 79.2 39.8 47.1 505 37.7 3138.1
BEVDet-depth [8] 6.6 412 7.0 427 484 184 129 220 182 282 332 80.1 39.7 49.1 52.1 39.9 33B.7
BEVDet-stereo [8] 8.6 459 143 46.0 512238 189 241 223 336 379 815 40.552.6 559 46.9 41.2 | 38.0
BEVFormer* [15] 8.54 46.24 20.28 47.46 53.04 19.33 25.39 26.16 25.1 33.45 37.75 81.17 38.64 49.32 52.54 42.73 387134
OsP 11.2 47.25 27.06 47.57 53.66 23.21 29.37 29.68 28.41 32.39 39.94 79.35 41.36 50.31 53.23 40.52 1
OspY 8.87 46.33 21.32 47.51 53.14 19.6 26.12 26.84 26.68 33.67 37.94 81.21 39.13 49.48 52.76 42.73 120
BEVFormer w/ OSP ¥110.95 49.0 27.68 50.24 55.99 22.9631.02 30.91 30.25 35.6 41.23 82.09 42.59 51.9 55.1 44.82 38.1/41.21

5.2 Performance

Evaluation strategy.  Our evaluation strategy for the method comprehensively
utilized the three types of Points of Interest (Pols) previously outlined. This
approach entailed: (1) Standard Grids. We conducted sampling at the centers of
grids, enabling us to benchmark our method's mloU against traditional volume-
based methods. This comparison provided a direct assessment of our method's
performance in a standard scenario. (2) Adaptively Sampling. We adaptively
oversample in our training phase to enhance our performance. Furthermore, we
integrated our method as a complementary tool with volume-based approaches.
By adaptively selecting Pols that need re nement, our method enhances and
augments existing volume-based techniques as shown in Fig. 3. (3) Manually
Sampling. We manually select points out of the standard perception range and
test out the model's perceptual ability.

Through these varied and thorough evaluation techniques, we are able to
comprehensively assess the performance and exibility of our method across
di erent scenarios and use cases.

Standard grids. In Tab. 1, we benchmarked our method against existing camera-
based 3D occupancy prediction techniques on the Occ3D-nuScenes benchmark
by setting Pols to standard grids. Our point-based approach achieved a no-
table improvement, obtains 1.57 mloU performance gain compared to
our implementation of the Bevformer baseline. Notably, our method outper-
formed the BEVFormer baseline across almost all category metrics, demonstrat-
ing a particularly clear advantage in detecting small targets, such as the bicycle
(20:28! 27.06), motorcycle (25:39! 29.37), pedestrian (26:16! 29:37) and
trac cone ( 251! 2831). This advantage is mainly because the direct sam-
pling of spatial points is bene cial for feature extraction and mapping of small
objects.
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Fig. 3: Pipeline of re ning volume-based methods with OSP. Given RGB
images, 2D features are extracted by the frozen image backbone of the volume-based
method which in our case is the BEVFormer baseline. We use the volume-based decoder
to infer the entire scene, the point decoder to infer our selected 3D points, and combine
the results of both using a weighted sum method.

Adaptively Sampling. (1) The results shown in Tab. 4 demonstrate that our
adaptively oversampling strategy improved the results from 3801 to 38.48. (2)
In the adaptive re nement experiment, we use our own implementation of the
BEVFormer baseline as a representative of volume-based methods and enhance
it with our method using di erent scales of Pols by adaptively selecting loca-
tions with low con dence. Our model is trained with the frozen BEVFormer
baseline backbone. The experimental results, as shown in Tab. 3, con rm that
our plugin model signi cantly enhances BEVformer's performance. Notably, the
BEVFormer w/ OSP results surpass those obtained from the two models oper-
ating independently. Furthermore, as we increase the size of the re ned scene,
the mloU scores of BEVFormer w/ OSP also exhibit marked improvements,
indicating that our re nement approach is very e ective across various areas.

Manually Sampling.  The Occ3D-nuScenes dataset o ers annotations across an
[80m 80m] range. We manually set the points and annotations within a smaller
[60m 60m] area and set Pols to points out of it. To comprehensively evaluate
our method, we conducted assessments across three distinct ranges: the standard
[60m 60m] range, the full dataset range of[80m 80m], and an intermediate-
range spanning from60m to 80m. Results shown in Tab. 2 demonstrate the
capability of our method to make predictions at manually selected locations
which is outside the prede ned range in this case.
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Table 2: Predict regions beyond the scene. The model was trained on scenes
within a 60m 60m range, and evaluations were conducted on the training scenes, the
entire size of the scene, and the distance from 60m to 80m.

Method Scene Range mioU
OSP Standard Om 60m 42.29
OSP Large Om 80m 29.00
OSP Beyond 60m  80m 23.00
Table 3: Re ne BEVFormer with our decoder. Y means our model is trained

with a frozen BEVFormer baseline backbone. Re ne scale refers to an area de ned by
the length multiplied by the width, centered around the self-vehicle. The entire scene

spans a scale of80m  80m. As the re ne scale increases, the mloU also gradually
increases.

Method Re ne Scale mloU
BEVFormer - 37.84
OoSsPY - 38.20
BEVFormer w/ OSP 20m 20m 38.20
BEVFormer w/ OSP 40m  40m 39.35
BEVFormer w/ OSP 50m 50m 40.32
BEVFormer w/ OSP 80m 80m 41.21

5.3 Ablation studies

Model architecture.  We conducted ablation experiments on the model struc-
ture, particularly exploring variations in the number of transformer layers and
the adaptively oversampling strategy. The results of these experiments are pre-
sented in Tab. 4. Even without an oversampling strategy and with just a 3-layer
transformer, our method's baseline already surpasses the BEVFormer baseline,
advancing from 37:84 to 38:01 in mloU. The oversampling strategy further am-
pli es this improvement by enhancing the connections between spatial points,
culminating in an increased mloU of 38:48.

Table 4: Model architecture. To make a fair comparison with the baseline, we set
the number of layers to three. The oversampling strategy brings 0.47 mloU.

Layer Num Oversample mloU
1 - 36.76
3 - 38.01

3 X 38.48




Occupancy as Set of Points 13

2D image features. The performance of our method is heavily reliant on the
quality of image features. To elucidate this dependency, we conducted ablation
studies focusing on the output from the model's 'neck' component. These exper-
iments demonstrated the substantial impact of using a multi-scale output from
the FPN. This architectural choice boosts the model's performance, as evidenced
by the increase in mloU from 38:67 to 39:41 as shown in Tab. 5.

Grid center sampling method. Our ablation experiments also investigated
the technique for the grid center sampling method during training. While initially
using grid center points as coordinates, we introduced a variation by adding ran-
dom perturbations. The results, as detailed in Tab. 5, indicate the introduction
of this disturbance to the grid center points elevates the mloU t038:67.

Table 5: 2D image features and point perturbation. Increasing the multi-scale
feature maps of images from 2 to 4 brings 0.74 mloU. We randomly applied perturba-
tions of 0:1m to the coordinates of each point in three directions. This strategy brings
0.19 mioU

Multi-scale Images Point Perturbation mloU
Features
2 - 38.48
2 X 38.67
4 X 39.41

Loss design. The task of 3D occupancy prediction bears similarities to segmen-
tation tasks. In the context of the Occ3D-nuScenes dataset, there is a notable
issue of class imbalance. To address this challenge, we opted to incorporate dice
loss into our optimization strategy. The e ectiveness of this choice is evident in
the results presented in Tab. 6, which demonstrate that the integration of dice
loss bene ts our method.

Table 6: Loss design. Incorporating dice loss for optimization brings 0.53 mloU.

Dice Loss mloU
- 38.88
X 39.41
Adaptive point sampling. During the inference process, we apply adaptive

sampling (adaptively select points with high uncertainty) in BEVFormer w/ OSP

and OSP. Adaptive sampling can reduce computational burden while maintain-
ing good performance as shown in Tab. 7. BEVFormer w/ OSP using adaptive
sampling means we re ne BEVFormer by adaptively selecting points with high
uncertainty (around 20%). OSP using adaptive sampling means we only forward
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Table 7: Adaptability of OSP. ‘rel' denotes relative.
Method Adaptive Sampling Rel. Computation mioU
BEVFormer - - 37.84
BEVFormer w/ OSP - 1.0 39.35
BEVFormer w/ OSP X 0.8 39.22
OosP - 1.0 39.41
OSP X 0.93 39.08

points with low con dence to the next decoder layer, while directly outputting
the results for points with high con dence in the decoder. Points of high uncer-
tainty are de ned as those with a con dence score less than a threshold 00:9
after softmax.

Fig. 4: Visualization of our results. Our visualization results have voids compared
to the ground truth ego-vehicle position, which is due to the surrounding view having
gaps near the ego-vehicle.

6 Conclusion

In this work, we present a novel perspective on 3D scene representation, view-
ing it through a set of points. We introduce the innovative concept of Points of
Interest (Pols), which signi cantly advances the exibility in scene representa-
tion. Building upon the foundation laid by Pols, we develop a highly adaptable,
point-based 3D occupancy prediction framework, named OSP. We validate the
strong performance and exibility of OSP on the Occ3D-nuScenes benchmark.
Our work not only contributes to the eld of 3D occupancy prediction but also
paves the way for more dynamic and adaptable methods in 3D scene analysis.
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