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Abstract— With the increasing demands for perception ac-
curacy in autonomous driving, there is a growing focus on
fine-grained 3D semantic occupancy prediction. Effectively
representing detailed three-dimensional scenes has become a
significant challenge in the development of this task. In this
paper, we present a novel transformer-based framework named
CVFormer, which leverages two-dimensional circum-views from
the ego to excavate three-dimensional features of the surround-
ing environment. Circum-views provide a novel solution for ef-
fectively addressing the representation of dense and fine-grained
scenes. Specifically, a multi-attention module CTMA is designed
for fusing temporal features from circum-views to fully exploit
the spatiotemporal correlations between frames and capture
more comprehensive clues. Furthermore, a novel 2D projection
constraint is established by observing objects from different
perspective directions, and multiple 3D constraints based on
object invariance and semantic consistency are also conducted
for supervising the network, which enhances its performance
of understanding the scene. Experimental results on nuScenes
dataset demonstrate that the proposed CVFormer obviously
outperforms existing methods for occupancy prediction.

I. INTRODUCTION

With the advancement of autonomous driving technology
and the increasing demand for enhanced driving experiences,
more comprehensive and precise 3D environmental percep-
tion algorithms have become increasingly crucial. Despite
the effectiveness of LiDAR-based methods [29]-[33] in
accurately determining depth, vision-based approaches [15],
[18] are more commonly applied in vehicles due to their
lower cost and better robustness. In order to achieve effective
perception in all directions around the vehicle, a series
of algorithms based on Bird’s-Eye View (BEV) have been
proposed and applied to tasks such as 3D object detection,
semantic segmentation, and motion prediction. However,
road scenes are often intricate, and object-centric techniques
may struggle in open-world traffic scenarios where the shape
or appearance of targets is ambiguous [34]. This is espe-
cially evident in cases of shape-shifting long-tail obstacles,
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Fig. 1. Typical 3D environment feature representation of different semantic
occupancy prediction methods and our approach.

irregular obstacles, and obstacles of unknown categories.
Hence, this paper focuses on utilizing fine-grained voxels
to represent the surrounding environmental information of
vehicles, specifically addressing the task of 3D semantic
occupancy prediction.

The challenge in the 3D Occupancy Prediction task lies
in effectively representing fine-grained 3D road environment
information over a large area. The simplest and most straight-
forward approach involves using 3D features directly as
intermediaries to predict the feature for each voxel through
a series of operations [18], as shown in Fig.1 (a). However,
this method’s complexity results in excessive computational
demands and poses challenges for deployment. Algorithms
like BEVFormer [15] extend the BEV-based approach by
incorporating height prediction to generate three-dimensional
predictions, as illustrated in Fig.1 (b). Nevertheless, this
method lacks optimization for shape-shifting long-tail ob-
stacles and fails to achieve the desired outcomes. The
TPVFormer [2] introduces the concept of using three or-
thogonal perspective views to reconstruct three-dimensional
features, as depicted in Fig.1 (c). However, in both the
side and front views, the method needs to describe features
from different objects of opposite directions on the same
coordinate, which leads to inaccuracies in predicting the
3D scene. Therefore, we propose a circum-vehicle surround
view scheme, named circum-view, which obtains projections
from the vehicle itself in five directions: forward, backward,
left, right, and BEV, as shown in Fig.1 (d). This scheme
aligns with the camera distribution and perceptual intuition.
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This approach overcomes the issues present in Fig.1 (c) and
improves algorithm accuracy without significantly increasing
computational cost. Additionally, because each view aligns
with the camera distribution, it effectively reduces retrieval
costs compared to other methods.

In addition, we noticed that many methods regard 3D
semantic occupancy prediction as a voxel-level fine-grained
segmentation task, and it inevitably leads to some outliers.
The fact is that the semantic labels of the internal or surface
voxels of the same object in the 3D space of a driving scene
should be the same unchanged, and the geometric shape
or volume composed of these voxels should also remain
unchanged and show continuity in space (the moving object
only changes its position over time). To mitigate the risks
posed by outliers during driving, we introduce a consistency
constraint based on object invariance. This module utilizes
the features of surrounding voxels to influence the classifica-
tion of the current point’s category. Furthermore, to guide the
view in acquiring semantic and depth features in 3D space,
we utilize the characteristics of the circum-views to design
a 2D projection constraint based on perspective consistency.

In summary, our main contributions are as follows:

« We pull out a circum-view representation for describing
the 3D scene efficiently and construct a multi-attention
module to fuse features of long-term range and wide-
space perspective frames. It successfully generalizes
object-centric perception to fine-grained 3D voxel per-
ception, avoiding redundant computations for dense
voxel information.

e We develop a 3D semantic perception framework,
named CVFormer. It integrates a novel 2D constraint
and multiple 3D constraints based on perspective con-
sistency and object invariance, improving the prediction
accuracy by observing objects from different directions.

e We evaluate the proposed CVFormer on nuScenes
benchmark for the 3D semantic occupancy prediction
task. Under comparable parameters and computational
overhead, CVFormer outperforms existing techniques,
achieving a mloU of 43.09%, particularly excelling at
small moving objects that are challenging to observe.

II. RELATED WORK
A. 3D Semantic Occupancy Prediction

In recent years, with the advancement of the autonomous
driving field, there has been an increasing demand for higher
perception accuracy and comprehensiveness, leading to a
shift towards multi-view perception. As a result, several solu-
tions [15]-[28] based on Bird’s Eye View (BEV) perception
have been proposed. These solutions include those utilizing
the Lift-Splat-Shoot (LSS) [24] technique for forward infer-
ence [18]-[22] and others employing Transformers [25] for
reverse inference [15]-[17], [28]. This series of approaches
typically revolves around object-centric tasks such as 3D
object detection. However, there is a continuous increase in
the requirements for perception accuracy and granularity.

For a more accurate perception of the surrounding envi-
ronment and safer autonomous driving, occupancy predic-

tion was introduced as a solution and received increasing
attention. It involves partitioning the 3D space into voxels
and describing environmental information by classifying
the occupancy probability of each voxel. This subsequently
paved the way for the development of various algorithms
for the occupancy prediction task [3]-[11]. MonoScene [1]
introduced the first monocular method for completing seman-
tic scenes. This method employs a 3D UNet [42] to process
voxel features. Occformer [4], on the other hand, handles 3D
features through a multi-scale approach.

The most significant challenge in the occupancy prediction
task lies in efficiently describing the 3D scene. Given the
substantial number of empty voxels present in the scene,
EsscNet [12] proposed combining non-empty voxels before
performing 3D convolutions. DDRNet [13] and AIC-Net
[14] altered the convolution approach to reduce algorithmic
complexity. BevFormer [15] employs BEV features to predict
height and describe the 3D space. TPVFormer [2] introduced
a three-view representation to depict the 3D scene. While the
three-plane representation simplifies computation, it has not
achieved optimal performance.

B. Temporal Modeling for Multi-view Perception

In camera-only BEV-based methods, temporal information
is often utilized to optimize motion and occlusion informa-
tion in autonomous driving scenes. Temporal features can ef-
fectively enhance the detection performance of 3D perception
algorithms [26]. Methods like BEVDet [19] introduce tempo-
ral modeling, while BEVFormer [27] proposes the utilization
of attention mechanisms to integrate previous BEV features.
Algorithms like SoloFusion [27] and Hop have also explored
fusion through various approaches. Similarly, in lidar-based
3D perception, many temporal fusion approaches have been
proposed, incorporating methods such as RNN [36] and
LSTM [35] into the framework. However, in the context of
the occupancy prediction task, there has been relatively less
exploration of utilizing temporal information. The FB-occ [7]
method attempts to leverage temporal information to smooth
the predicted results.

III. METHOD

To perform fine-grained occupancy prediction of the scene,
we propose a transformer-based circum-view perception
scheme called CVFormer. Fig.2 illustrates the overall algo-
rithmic pipeline. After extracting image features, we utilize
a Circum-view and Temporal-view Multi-Attention module
(abbreviated as CTMA) to construct and fuse features of
spatial-temporal views to obtain fine-grained 3D information.
Subsequently, the multiple spatial and semantic consistency
constraints on object invariance are employed to enhance
contextual features across voxels, ultimately resulting in the
prediction of a 3D voxel grid with classification labels.
Follow-up to introduce their implementation details.

A. Circum-view and Temporal-view Multi-Attention

Circum-View. Taking full account of the surface infor-
mation observation of 3D space by vision, we first construct
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Fig. 2. CVFormer first extracts image features using a pre-trained backbone. Then, it generates 2D circum-view features with historical information through
multiple layers of Circum-view and Temporal-view Multi-Attention. Subsequently, it obtains 3D voxel features using a Decoder, which is supervised by

2D grid constraint and the class homogenization constraint.

a concept of circum-view. It consists of five projection view
planes originating from the vehicle’s coordinate system and
extending forward, backward, left, right, and in the BEV
direction. These projections include visible surface image
features. The circum-view aligns with sensor configuration
schemes and adheres to common visual perception practices.
Each view v corresponds to a certain number of camera
images I;, which are associated into a sequence S using
the correspondence relation fy.;. The Query Qp, ., directly
within the sequence of images formed by these projections
significantly reduces the computational complexity:

S:frer(liavv)v (D

where i = 1,..., k, and k depends on the field of observation
corresponding to the view. This approach, while simplifying
representation, effectively captures 3D features, especially
those of objects near the vehicle. It is more efficient than
methods that attempt to recover the features of all voxels
from several images, including occluded voxels. It is more
accurate than TPVFormer [2], which ignores the difference
between the left and right sides of the ego as well as the
front and rear.

Based on the circum-view, the multi-attention module
CTMA is implemented by two modules: the Circum-View
Cross-Attention (CVCA) module and the Temporal-View
Multi-Attention (TVMA) module. The former fuses the per-
ceived six image features through cross-attention structures
to obtain circum-view feature slices. The latter combines
historical frame feature information with the current frame to
enhance the temporal features in pursuit of higher accuracy
and robustness to occlusions.

Circum-View Cross-Attention. Specifically, We con-
struct 3D pillar regions orthogonal to the view plane at the
scene scale and generate feature sampling points in them.
We then build a circum-view query in the corresponding
view and refine the data using the camera image. After
that, we add learnable positional embeddings to circum-view
query Q.. For efficiency, we use deformable attention
DA to achieve cross-attention between images [25]. The
construction of the reference point and Foyca can refer
to the formula:

Fevea (Qnuw,I) = ‘1§| Zis DA (Qh,w»Refﬁziv Ipos) , (@

where Ref,iw = ((h—&) xs, (w—Y%)xs, z), it represents
the corresponding reference point in the (h,w) position
within the sequence S. We sample and map the image
features by projecting them into pixel coordinates. Each
view mapping uses a 2D grid representation. Each grid cell
corresponds to the direction information of the region from
the coordinate center of the ego car.

Temporal-View Multi-Attention. Building upon the
circum-view features obtained through CVCA, we further in-
troduce the Temporal-View Multi-Attention(TVMA) to fully
exploit the inter-frame correlations and historical informa-
tion. Fig.3 shows its architecture in detail.

Since the features from different historical frames are in
different coordinate systems, it’s necessary to unify them into
one coordinate system. To align the features, we transform

the current frame from ego coordinate Locgg’(f) to the global

coordinate Loc;?;?al through the matrix Tgelgo‘;gl’v) in view v
at time ¢:
t L, it lobal (v,4—1
LOCSZOZM = T;ﬁi(az”)Loci?w) - H—ITSgZ(f—l,v)LOCSZU ), 3)

After alignment, we use deformable attention [25] DA
to construct temporal-attention 7.A, utilizing the preceding
circum-view feature ‘/(1271) as the value which is from the
view v on time t . This process yields and stores view
features for each time step. And recursing from time ¢ —n to
the current time ¢ in this way, we ultimately obtain the view
feature V;” for the current time with temporal information.
This process can be represented as:

Ve = TAQL, V) = DAQY, V2, Lochd) ), (&)

global
Temporal - Temporal 724
Attention Attention

L
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T 1 I 1 Channel
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& =
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Fig. 3. The architecture of Temporal-View Multi-Attention module.
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where 7 represents the query at Locg;tb)al. At the same

time, we stack the saved temporal features V,” ; to increase
the feature density along the view. Then, we construct a
channel attention CA to filter out useful geometric and
semantic features V' f from historical information. Finally,
we fuse V'] with V;? those obtained through 7 A, resulting
in fine-grained circum-view features Voxel_feats enhanced
with historical information.

Vozxel_feat = Conv(CA(Z Vi) + Vo). 3

€N

B. Consistency Constraints with Object Immutability

For the 3D occupancy prediction task in autonomous
driving applications, objects in the scene can basically be
regarded as rigid objects undergoing rigid motion, relative to
the perceptual granularity of voxels. Therefore, the geometry
of the scene is fixed at the current moment, and objects
show continuity in space and are not isolated. Here, we
use these properties to construct more constraints between
the occupancy output and the semantic labels of each 3D
voxel as well as the projection 2D prediction between the
corresponding ground truth, driving the model to perceive
scene semantics and geometric information better.

Projected perspective grids have consistent categories.
Currently, occupancy perception methods focus on the con-
straints between predictions and ground truth in a unified
3D space, including both geometric and semantic aspects.
However, image features from the six views cannot fully
correspond to all locations in 3D space. The prediction of
many voxels does not have good enough feature support,
so the 3D supervision is difficult for these occluded voxels,
and may even cause the network to fall into a deadlock.
Therefore, we add a 2D head branch to the framework based
on the circum-view projection and introduce the 2D grid
constraints to enhance supervision.

This 2D constraint is implemented in a similar way
as TSDF (Truncated Signed Distance Function) [40]. We
obtain the 2D prediction label maps SurP"® corresponding to
five different views through projection, which represent the
semantic labels of the 3D surface viewed from circum-views:

Sury’® = argmazx(Prey[H/2: H —1,::],1), (6)
Surblc = argmazx(Prey[0: H/2—1,:,:],1), (7)
Surl€,, = argmaz(Prey[:,0: W/2 —1,:],0), (8)

Surf)’:fght = argmax(Prey[:, W/2: W —1,:],0), (9)
Surl’® = argmax(Prey[:,:,0 : Z —1],2), (10)

where Prey; is the binarization of the output prediction Pre
whose dimension is W x H X Z. Prey;(z,y,z) = 0 when its
label is free, and otherwise Prey;(x,y, z) = 1. In the same
way, the 2D ground truth maps Sur!®" can be constructed.
By projecting the 3D prediction onto different view planes,
the loss function of the 2D head branch is calculated as:

Lossag = — Z[Surf)ar log Surl"®

(11)
+(1 — Surt® ) log(1 — Surf")],

where v belongs to the five circum-views.

Connected voxels have Consistent categories. Using the
influence of surrounding voxels on the processed current
voxel for semantic labeling, we can solve the problem of
outliers in the predicted 3D results. Specifically, we proposed
a class homogenization constraint branch after circum-view
feature fusion to adjust the feature of the current voxel
using the class prediction probabilities of surrounding voxels
because the category within an object should be the same.
This branch has two functions. One is to output a 3D
occupancy result and calculate the spatial continuity of each
voxel based on the result for constructing the loss. The
other is to selectively integrate the learned high-dimensional
features into the 3D label prediction head to enhance the
final semantic occupancy estimation. For the latter, we filter
out features that favor the prediction of category continuity
using channel attention.

As for the former spatial continuity loss, it is assumed
that two adjacent voxels are connected if they have the
same category label. To simplify the calculation, we first
use the neighboring elements of the six faces of the voxel
to approximate. Within the object’s scope, the category of
a voxel is consistent with other voxels in the 6-connected
direction. Then, we predict the number of connected voxels
Chum With the same category as the current voxel v;:

Cnum(”?ia d) = C’ount(yi, d), (12)

where d = 1,2, ...,6 represents the specified direction and
Count is the connectivity prediction function. To ensure
efficient execution speed, this function is implemented using
CUDA code programming. Finally, we build the constraint
between CP'¢  of the predicted result and C%% ~ of the
ground truth via smoothing L1:

Lossse = Y smoothyp, (C" (v, d) — CP"¢ (v;,d)), (13)

num num

Through this constraint, the network further learns the spatial
semantic context information of voxels, effectively expand-
ing the receptive field and addressing the issue of outlier
voxels in the prediction.

In addition, our 3D head not only has the semantic label
cross-entropy loss but also introduces semantic and geomet-
ric affinity losses according to MonoScene [1]. Therefore,
the entire loss function can be expressed as:

Lossai = L0SSce + aLoss?SS + BLossson” "

+vLossag + 0 Lossge, (14)

where a, f3, v, § are hyperparameters. In experiments, we

found that their small changes have little impact on the final

results of the model. Therefore, we follow the principle of

controlling all loss values to be of the same magnitude and
set them as: « =0.2, 5 =0.2,v=1,0 = 3.

IV. EXPERIMENTS

In this section, our experimental settings and the perfor-
mances on occupancy prediction are presented to demon-
strate the effectiveness of the proposed framework. We con-
ducted comprehensive experiments on the Occ3D-nuScenes
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TABLE 1
OCCUPANCY PREDICTION RESULTS ON NUSCENES VAL SET. * REPRESENTS METHOD WITH OTHER BACKBONE

D

$ e .§ g 5 = i 3 g

) = @ = = 9 Q = @

Method backbone |mloU| W | | | | | [ | [ ] [ ] ] [ |
BEVFormer [15]|ResNet101|26.88 | 5.85 37.83 17.87 40.44 42.43 7.36 23.88 21.88 20.98 22.38 30.70 55.35 28.36 36.00 28.06 20.04 17.69
TPVFormer [2] |ResNetl101|21.29 | 4.67 19.24 7.54 31.93 31.28 11.01 10.08 10.16 6.43 10.72 23.51 59.14 32.1 31.51 26.80 11.96 17.17
CTF-Occ [5] |[ResNetl01|28.53| 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 18.00
BEVDet* [19] | ResNet50 | 36.01 | 8.22 44.21 10.34 42.08 49.63 23.37 17.41 21.49 19.70 31.33 37.09 80.13 37.37 50.41 54.29 45.56 39.59
BEVDet [19] |SwinTrans |42.02 [12.15 49.63 25.10 52.02 54.46 27.87 27.99 28.94 27.23 36.43 42.22 82.31 43.29 54.62 57.9 48.61 43.55
PanoOcc [6] |ResNetl01|42.13 [11.67 50.48 29.64 49.44 55.52 23.29 33.26 30.55 30.99 34.43 42.57 83.31 44.23 544 56.04 45.94 40.40
FB-Occ [7] ResNet50 | 42.06 |14.30 49.71 30.00 46.62 51.54 29.3 29.13 29.35 30.48 34.97 39.36 83.07 47.16 55.62 59.88 44.89 39.58
ours ResNet101 | 43.09 | 14.01 50.89 29.82 50.94 54.57 28.63 32.70 31.5 32.72 37.36 43.17 81.84 43.94 53.02 57.78 47.42 42.25

e b

gd

Camera Images BEVFormer [15]

TPVFormer [2]

BEVFDet [19]

Fig. 4. Qualitative results on the dense annotated Occ3D-nuScenes validation set for 3D semantic occupancy prediction. With circum-view representation
and multiple constraints, our CVFormer can predict better and denser occupancy.

[5] dataset, which generates dense annotations for 3D se-
mantic occupancy prediction from nuScenes [39].

A. Implementation Details

Our algorithm uses ResNet101 [38] as the backbone net-
work, which is commonly used in this task. Then using FPN
[41] as neck, multi-scale features are obtained, which are
1/16, 1/32 and 1/64 of the original feature size respectively.
For 3D semantic occupancy prediction, the default size of
queries is 200x200x16 and the number of sampled points is
4, following the standard baseline BEVFormer-occ [15]. The
perception ranges for the X and Y axes are [-40m, 40m], and
for the Z axis, it is [-1m, 5.4m]. The resolution of the voxel
grid is set to 0.4m. Our models are trained with AdamW
optimizer, in which gradient clip is exploited with learning
rate 4 x 10~%, a total batch size of 8. For the following
experimental results of our models, the maximum number
of epochs for training is set to 24.

B. 3D Semantic Occupancy Prediction

We compare our CVFormer with other algorithms for
the occupancy prediction task on the nuScene validation
set. As shown in Tablel, compared to TPVFormer [2] and
BEVFormer [15], which serve as our baselines and has no
temporal feature fusion, our method shows significant per-
formance improvements (as 21.29%,26.88% wvs. 43.09%),
and outperform the PanoOcc [6] and VoxFormer [3] (with

mloU 40.7% reported in OccTransformer [11]) with the
same backbone ResNetl01. At the same time, our model
performs better than BEVDet-occ [19] and SurroundOcc
[10](with mIoU 40.7% reported in OccTransformer [11])
even if it uses a more sufficient backbone. It also achieves
better accuracy than the current SOTA method FB-occ [7] on
ResNet50, even though FB-occ has been trained with a range
of larger models and pre-trained networks. Comparing the
results of different categories, our algorithm has advantages
in locating and identifying small moving objects such as
pedestrian, traffic cone and trailer. It can also achieve slightly
better or more competitive results than the SOTA method
in other categories. This indicates that our effective utiliza-
tion of temporal information and object surface consistency
significantly enhances the accuracy of sparsely annotated
objects, particularly those around vehicles, which are critical
elements in driving scenarios.

In Fig4, we visualize the results of TPVFormer [2],
BEVFormer [15], BEVDet-occ [19], and our model on
3D semantic occupancy prediction. Our method produces
denser and more accurate results compared to TPVFormer
and BEVFormer, especially for distant objects. Additionally,
compared with BEVDet using dense 3D features, our method
provides smoother predictions, and multiple emphasis on
circum-views solves the problem of missed and false de-
tection of small-sized targets to a certain extent.
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Fig. 5. Qualitative comparison results of TPVFormer and our method from
different views perception.

C. Ablation Studies

To delve into the effect of different modules, we conduct
numerous ablation experiments here.

Effectiveness of the proposed components. We first
study the improvement due to the various components that
we propose in our CVFormer architecture. Results from this
experiment are shown in Table II. We adopt TPVFormer [2]
as the original setting at baseline and reproduce according
to the TPVFormer using our CTMA consisting of circum-
view and temporal-view attention modules. The results in
the second and third rows illustrate that the proposed rep-
resentation achieves a larger improvement compared to the
baseline regardless of whether the temporal fusion module
has channel attention or not. Of course, the result is better
with “ac”, which can selectively fuse the temporal feature
series The fourth row shows the improvement brought by
multiple constraints from our 2D and 3D head when the
reference frame sequence length is 0. Finally, we incorporate
all proposed modules into the model in the last row that fuses
features and learns consistency effectively which enables it
to obtain the best mloU 43.09%.

Effectiveness of circum-view representation. To observe
the effect of the circum-view representation with different
perspective supervision, we visualize the semantic prediction
of different views. We combined predictions from the left and
right views as well as the front and rear views, aligning our
approach with TPVFormer’s [2] scheme, and then compared

TABLE I
ABLATION STUDY ON THE PROPOSED NETWORK. “CA” REPRESENTS THE
CHANNEL ATTENTION IN MODULE TVMA.

methods | Multi-Attention | Multi-Constraints | mloU
Baseline 21.29
+CTMA v (w/o ca) 38.28
+CTMA V' (w/ ca) 40.16
+Log&Lse v 35.93
All v (w/ ca) v 43.09

TABLE III
THE EFFECTIVENESS OF THE GLANCING PERSPECTIVE.

. A
methods Fr."“t Sfde Blrd.s Eye Final Result
View View View
TPVFormer [2] 8.36 11.78 19.88 21.29
ours(w/o temporal) | 23.89 25.96 33.21 35.93
ours(w/ temporal) | 28.17 31.28 38.47 43.09

the results. Qualitative and quantitative results are shown in
Table III and Fig. 5. The parameters for different models are
adjusted to be the same except for the view. The first three
columns in Table III illustrate an interesting phenomenon,
that is, the results of the front and side view are far worse
than the results of BEV. This is related to the characteristics
of the driving task environment, and once again demonstrates
the importance of BEV perception. Among the three views
of TPVFormer, the perception accuracy of the front view
and the side view are almost only half of that of BEYV,
and the final 3D occupancy result combined with three
views is improved by less than 3% compared with the
result of BEV. However, our circum-view representation and
the corresponding consistency constraint in the 2D head
have increased the mloU of the front view by nearly three
times and the mloU of the side view by more than twice,
greatly shortening the gap between them and that of BEV.
Moreover, with the support of temporal features, the final
result integrated of the three views is nearly 5% higher than
the result of the corresponding BEV. It is also obvious from
Fig.5 that the three views’ results of our CVFormer are
significantly better than the results of TPVFormer, whether
it belongs to the small moving targets or the large static
background.

V. CONCLUSIONS

In this paper, we presented our CVFormer architecture
for 3D semantic occupancy prediction that achieves state-
of-the-art performance among equivalent models. Different
from the previous works, our method explores a circum-
view representation that aligns with sensor distribution and
perceptual habits, efficiently describing the 3D environment.
First, we introduced the multi-attention module based on
circum-view and temporal-view, which adequately leverages
the temporal and spatial correlations between frames to
meet the requirements of fine-grained predictions. Further,
we investigated the continuity of the semantic target in 3D
space and the consistency of observation from different views
and proposed multiple constraints to supervise the network
in training through our 2D head as well as the 3D head.
Qualitative and quantitative results on the nuScenes dataset
demonstrate the effectiveness of CVFormer on semantic
perception from 3D voxel occupancy and 2D view projection.
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