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Abstract

The multi-modal 3D semantic occupancy task provides a
comprehensive understanding of the scene and has received
considerable attention in the field of autonomous driv-
ing. However, existing methods mainly focus on processing
large-scale voxels, which bring high computational costs
and degrade details. Additionally, they struggle to accu-
rately capture occluded targets and distant information. In
this paper, we propose a novel LiDAR-Camera 3D semantic
occupancy prediction framework called RIOcc, with collab-
orative feature refinement and multi-scale cross-modal fu-
sion transformer. Specifically, RIOcc encodes multi-modal
data into a unified Bird’s Eye View (BEV) space, which
reduces computational complexity and enhances the effi-
ciency of feature alignment. Then, multi-scale feature pro-
cessing substantially expands the receptive fields. Mean-
while, in the LiDAR branch, we design the Dual-branch
Pooling (DBP) to adaptively enhance geometric features
across both the Channel and Grid dimensions. In the cam-
era branch, the Wavelet and Semantic Encoders are devel-
oped to extract high-level semantic features with abundant
edge and structural information. Finally, to facilitate ef-
fective cross-modal complementarity, we develop the De-
formable Dual-Attention (DDA) module. Extensive experi-
ments demonstrate that RIOcc achieves state-of-the-art per-
formance, with 54.2 mloU and 25.9 mloU on the Occ3D-
nuScenes and nuScenes-Occupancy datasets, respectively.

1. Introduction

3D semantic occupancy prediction is a complex and vital
task that aims to jointly estimate the geometric structure and
semantic categories of voxels within a scene. Compared to
traditional tasks [13, 25, 37, 42] like 3D object detection,
3D semantic occupancy prediction focuses more on under-
standing the overall scene, which includes not only objects
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Figure 1. Comparison between OpenOccupancy and the pro-
posed RIOcec. Instead of processing voxel features like OpenOc-
cupancy, we choose BEV features to achieve higher computational
efficiency. Additionally, we extracted refined multi-modal BEV
features and fed them into the efficient fusion module (DDA). The
fused BEV features are then transformed into 3D features for oc-
cupancy prediction. “VT” is view transform.

but also details in the background and environment. Con-
sequently, it provides richer and more reliable environmen-
tal perception, which is essential for applications such as
high-precision map construction and path planning in au-
tonomous driving [5, 50].

In contrast to traditional methods that rely solely on a
single modality [19, 22, 23, 51], multi-modal fusion [1, 6,
15, 41, 59] provides higher accuracy and robustness for 3D
perception. In various 3D perception tasks, effectively com-
bining data from cameras and LiDAR presents a crucial
challenge for achieving high-precision predictions. Cam-
eras provide rich semantic and texture information, while
LiDAR captures accurate geometric and depth information.
The complementary of the two has driven research on fu-
sion strategies to improve the performance of 3D semantic
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occupancy prediction. Nevertheless, due to the heterogene-
ity of camera and LiDAR data, along with the complexity
of feature integration, interactions between different modal-
ities often lead to inconsistencies in occupancy prediction.
It can degrade semantic information and introduce signifi-
cant uncertainty into the predictions.

However, the task of semantic occupancy prediction [2,
9, 10, 12, 39, 40, 49] also faces significant computational
challenges, especially when it involves real-time process-
ing of large-scale voxel data, which demands high compu-
tational resources. To manage this computational burden,
previous single-modal approaches [7, 17, 18, 21, 24, 55, 57]
processed data from a Bird’s Eye View (BEV) perspec-
tive and achieved considerable results. While multi-modal
occupancy methods can significantly improve performance
compared to previous approaches, they also increase com-
putational complexity. To find a better balance between
computational efficiency and perception accuracy in multi-
modal methods, reasonable and effective design is essen-
tial. Additionally, data imbalance in complex environments
hinders models from learning rare but important spatial fea-
tures, which is critical issue that needs to be addressed.

To address the aforementioned issues, we propose RI-
Occ, a novel multi-modal 3D semantic occupancy predic-
tion method. The comparison with the pioneering work
OpenOccupancy is shown in Figure 1. RIOcc avoids re-
liance on 3D convolutions, enabling the extraction of finer
features from the BEV perspective and enhancing informa-
tion complementarity between different modalities. Specif-
ically, we first extract features from LiDAR and camera
data and project them into a unified BEV space. To reduce
the impact of redundant features on overall performance
while preserving rich geometric depth information, we de-
sign Dual-branch Pooling (DBP). In addition, the Wavelet
Encoder can effectively capture important edge and struc-
tural features in images. It compresses data in the chan-
nel dimension, which helps reduce computational complex-
ity. The Semantic Encoder is employed to extract high-level
features with rich semantic information from the input data.
These features are then combined with geometric features
in multi-modal fusion, enhancing the comprehensive under-
standing of the scene.

In the feature fusion stage, RIOcc employs Deformable
Dual-Attention (DDA) to facilitate interaction and dynamic
adjustment of features from LiDAR and camera. This ap-
proach significantly bridges the differences between modal-
ities and enhances information exchange and prediction
consistency. Through the DDA module, our model can
leverage data from multiple modalities to achieve a compre-
hensive understanding of both the geometric and semantic
aspects of the scene. Finally, the integrated features are fed
into the occupancy prediction module. Similar to FlashOcc,
we convert the fused BEV features from the channel dimen-

sion to the height dimension. This operation provides se-

mantic labels for each voxel and generates a 3D scene rep-

resentation rich in semantic information.
Our contributions are summarized as follows:

* We propose a novel multi-modal 3D semantic occupancy
prediction framework, RIOcc. The LiDAR and camera
branches respectively extract refined structural informa-
tion and semantic features, with balanced computational
load and performance.

* The proposed Deformable Dual-Attention facilitates
multi-modal feature fusion, bridging the gaps caused by
modality differences, which enhances semantic consis-
tency and reduces modality heterogeneity.

* We conduct extensive experiments on the nuScenes-
Occupancy and nuScenes-Occ3d dataset, which demon-
strate the effectiveness of our method and achieve state-
of-the-art performance.

2. Related Work

BEV-based 3D Perception. In recent years, BEV percep-
tion has become crucial for autonomous driving due to its
global view and efficiency. With declining camera costs,
vision-based 3D object detection has rapidly advanced. A
key work is LSS [34], which uses geometric methods to cre-
ate depth maps. This approach was first integrated into a full
detection pipeline in BEVDet [13]. Later, BEVDepth [22]
added explicit depth supervision, and Far3D [16] intro-
duced sparse queries and adaptive 3D query generation.
However, single-modal methods still struggle with accurate
depth and spatial understanding, leading to a growing focus
on multi-modal BEV perception. BEVFusion [27] was a
pioneering multi-modal approach, projecting different fea-
tures into BEV for unified fusion. MaskBEV [59] further
added task-agnostic masks to the BEV space. While effec-
tive, these methods still face challenges in detecting non-
target objects.

Camera-based 3D Semantic Occupancy Prediction. To
overcome the intrinsic limitations of traditional object de-
tection approaches, 3D semantic occupancy prediction has
gained prominence. MonoScene [5] leverages optically
inspired 2D-3D feature projection to infer dense geomet-
ric and semantic information. TPVFormer [14] employs a
three-view representation combined with Transformers to
project 2D image features into 3D space for prediction.
Recently, OccupancyM3D [33] directly learns occupancy
states in 3D space, and integrates occupancy information
into the feature representation of monocular 3D detection.
PanoOcc [48] employs voxel queries and a coarse-to-fine
approach, effectively processing semantic information for
all objects in complex scenes. However, due to inaccuracies
in depth estimation and insufficient geometric information
in pure visual occupancy, incorporating multi-modal per-
ception presents a more reliable solution.
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Figure 2. The overall framework of RIOcc. This framework includes three main branches: LiDAR, Camera, and Interaction Branch.
The LiDAR Branch processes LiDAR points through an encoder and DBP modules to produce multi-scale BEV features. The Camera
Branch encodes multi-view images, refining the output with Wavelet and Semantic Encoders to capture spatial and semantic details. In
the Interaction Branch, Deformable Dual-Attention integrates features from both branches. These multi-scale features are then adaptively
fused and passed to an Occupancy Head for the final occupancy prediction.

Multi-modal 3D Semantic Occupancy Prediction. To
further improve the precision of 3D semantic occupancy
prediction, researchers have increasingly focused on ex-
ploring multi-modal perception approaches.  OpenOc-
cupancy [47] introduces the first benchmark model for
LiDAR-camera semantic occupancy. Building upon this
foundation, subsequent work OccGen [46] proposes a
“noise-to-occupancy” generative paradigm, which itera-
tively removes random Gaussian noise to generate and
refine 3D semantic occupancy maps. The Co-Occ [31]
method presents a multi-modal 3D semantic occupancy pre-
diction framework that combines explicit features fusion
with volume rendering regularization. OccFusion [30] im-
proves the utilization of information from different sensors
through a dynamic fusion module. OccMamba [20] in-
troduces the Mamba architecture and a 3D-to-1D reorder-
ing strategy to enhance the efficiency of processing large-
scale 3D voxels. Despite significant advancements in multi-
modal perception, challenges like limited interaction, high
computational load, and coarse feature representations per-
sist, requiring further optimization.

3. Method
3.1. Overall Architecture

The overall architecture of RIOcc is illustrated in Figure 2.
The framework takes images and LiDAR point clouds as
inputs, extracting consistent BEV features for subsequent
fusion (Sec 3.2). The designed Dual-branch Pooling (DBP)

removes redundant features while retaining geometric depth
information from the LiDAR branch (Sec 3.3). Simulta-
neously, to extract more effective camera BEV features, a
Wavelet Encoder is employed to suppress noise and en-
hance hierarchical information. The Semantic Encoder is
used to enrich semantic information, improving the under-
standing of the scene (Sec 3.4). Then, we design the De-
formable Dual-Attention (DDA) to strengthen the interac-
tion of BEV features at different scales between modalities
(Sec 3.5). Finally, the fused multi-scale features are input
into the occupancy prediction module (Sec 3.6).

3.2. Features Extraction

During the feature extraction stage, we design LiDAR and
camera branches to encode multi-modal input, following
the BEVFusion [25] setup. The LiDAR branch voxelizes
point clouds and uses a 3D sparse convolutional network to
generate BEV features F2ZV. The camera branch extracts
multi-scale image features using ResNet50 and maps them
to the BEV space using a view transformation, resulting in
feature Fg EV Finally, the features from the two branches
are fused in the BEV perspective, providing basic feature
representations for subsequent occupancy prediction.

3.3. Dual-branch Pooling

To enhance the feature representation of the LiDAR branch,
we design Dual-branch Pooling (DBP), which primarily fo-
cuses on adaptively refining important geometric features
and removing redundant features. Firstly, in order to en-
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Figure 3. The schema of Dual-branch Pooling (DBP). LiDAR
feature representation is improved by adaptively highlighting im-
portant semantic channels and significant geometric regions.

hance the ability to capture long-range semantics and multi-
scale spatial information of global BEV features, the input
feature F] passes through the Windowed Attention mod-
ule followed by the Bottleneck ASPP module. Then, the
features are passed through the Channel-wise Attention and
Grid-wise Attention modules, optimizing information rep-
resentation across different dimensions. The detailed struc-
tures of DBP are shown in Figure 3.

To adaptively highlight channels that are crucial for se-
mantic information, the channel-wised attention utilizes
max pooling and average pooling to aggregate the spatial
dimensions of the input BEV features F7, generating two
descriptors F'gyg and Fzqz. They are processed through
a shared MLP to produce a channel attention weight map,
which is then activated by a sigmoid function to emphasize
the important channel information within the features. The
output from the Channel-wise Attention are given by:

Fchannel :U(MLP(FAU9)+MLP(F]VIQI)) (1)

To focus on regions that are particularly important for
the overall geometric description, the spatial attention mod-
ule also utilizes max pooling and average pooling opera-
tions to the input BEV features to compress them along
the channel dimension to obtain F, ~and F},,.. Subse-
quently, these compressed features are processed through
convolutional layers and ReLU to generate a spatial atten-
tion weight map, which identifies positions that are signifi-
cant in terms of geometric structure. The features outputted
from the Grid-wise Attention can be represented as:

Fgrid = U(RBLU(f’?X?(FI/‘lvg; F]/Wa:r)) (2)
The final output F'ppp can be represented as:
FDBP = (Fchannel QFI/J) & (FgrldGFi) (3)

where o denotes the sigmoid activation operation, and
77 represents a convolution with a kernel size of 7 x 7.

3.4. Efficiency Camera BEV Features
3.4.1. Wavelet Encoder

Due to differences in viewpoints and hardware character-
istics among the different cameras, various noises and in-
consistencies are often introduced. To reduce redundancy,
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Figure 4. Detailed structure diagram of the wavelet encoder.
The input BEV features undergo DWT and IWT to obtain richer
structure and details.

noise impact, and decrease computational burden, we de-
sign the Wavelet Encoder, as shown in Figure 4. This en-
coder retains the primary structure and details of the images
by decomposing features, which enhances the efficiency
and accuracy of the fusion stage. Specifically, the Wavelet
Encoder first applies a wavelet transform to the input cam-
era BEV features, decomposing them into low-frequency
and high-frequency components. The low-frequency com-
ponents typically contain the main structural information
and global features of the images, while the high-frequency
components capture details such as edges and textures. This
approach allows for a more refined multi-scale decomposi-
tion of features, leading to rich semantic and geometric de-
tails. We apply Discrete Wavelet Transform (DWT) to the
input features F, g BV to obtain low-frequency features Fj,,,
and high-frequency features Fj,;gp,

DWT
FEEY 22 {Fiow, Fhigh} 4)

Next, the low-frequency features Fj,,, are retained for
subsequent feature fusion, while the high-frequency fea-
tures Fj,;qn undergo further encoding through a series of
convolutional layers and nonlinear activation to extract
high-contrast information and to eliminate noise. Finally,
we concatenate the processed high-frequency features with
the low-frequency features and then passed through the In-
verse Discrete Wavelet Transform (IWT) to form a multi-
scale feature representation Fly,qqeie¢. This process can be
roughly expressed as:

IwT
Fuavelet — Ooncat(Flowa Conv(Fhigh)) @y (5)

3.4.2. Semantic Encoder

To enhance the semantic expressiveness of the BEV fea-
tures, we propose a lightweight 2D Semantic Encoder for
efficiently extracting rich semantic information. This en-
coder employs a lightweight 2D U-Net [36] architecture,
utilizing multi-scale feature downsampling and upsampling
to extract and fuse both global and local information. The
Semantic Encoder first downsamples the input BEV fea-
tures to capture global contextual information. Subse-
quently, it upsamples to restore the spatial dimensions of the
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Figure 5. Overview of Deformable Dual-Attention (DDA),
which reduces the disparity between LiDAR and Camera BEV fea-
tures and enhances scene understanding.

features and utilizes residual connections to fuse features of
different scales. Additionally, we introduce an Auxiliary
Semantic Loss at the output stage to enhance the semantic
consistency of the features and improve the model’s under-
standing of complex scenes.

3.5. Deformable Dual-Attention

Due to the inherent sparsity of point clouds, certain regions
in the LiDAR BEV representation lack sufficient geomet-
ric details, particularly at longer distances. Conversely, al-
though image BEV features provide extensive semantic and
texture information, they exhibit limitations in depth esti-
mation accuracy. To enhance distant perception and ag-
gregate local information, we propose a multi-modal fusion
transformer that combines the geometric depth information
from LiDAR with the semantic information from cameras,
which enhance the perception of distant objects for more
accurate 3D scene understanding.

As shown in Figure 5, the LiDAR BEV features
Fripar € RHXWXC and Camera BEV features
Feamera € REXWXC are used as inputs. For the LiIDAR
stream, we specially compute the distance d,. from each Li-
DAR point to the sensor and encode it using a Gaussian
function to generate a distance vector ey :

eq = GaussianEncoding (d.) (6)
Next, we apply a linear transformation using the learned

weight vector wy;neqr and the bias b obtained through back-
propagation to compute a distance-weighted value w; ;,

where (i, j) corresponds to the index of the BEV grid.

W; 5 = €4 * Wiinear +0b (7)
Fppanced (i, §) = w;; - Fripar(i, j) (8)

It allows us to enhance the LiDAR BEV features, com-
pensating for distant features. To enhance the correlation
of adjacent spatial features, the features from the k local
regions region,, within Fgnhanced are aggregated and to
extract a single feature vector. Finally, we extract a set of

representative tokens from the enhanced features Tgf)D AR
The specific formula is as follows:

MO

Lipar = Aggregate (Fgrponced

PipARe regiony,)  (9)

Trivar = {tLipar:thipar: -t LiDAR ) (10)
where Aggregate combines multiple features from local
regions into a single feature vector. Subsequently, these en-
hanced tokens are processed through a linear layer to obtain
Qi, K, and V] for the attention mechanism.

For the Camera stream, the input features are tokenized
and undergo self-attention, generating updated Q., K.,
and V., which allow for a comprehensive understanding
of different regions. Then, ) interacts with K., and V_
through a deformable cross-modal attention, and vice versa.
The deformable cross-attention dynamically captures inter-
modal relationships by flexibly selecting feature from the
target modality. It effectively focuses on the complemen-
tary information between the LIiDAR BEV features and the
dense camera semantic features. After cross-modal interac-
tion, the LiDAR and Camera BEV features are each com-
bined with their respective linear weights and then concate-
nated. The DDA module effectively enhances feature inter-
action between the LiDAR and camera modalities, provid-
ing abundant global features for subsequent predictions.

3.6. Occupancy Prediction Module

In our framework, the BEV features obtain from the multi-
scale fusion stage are input into the occupancy prediction
module. These fused features contain rich semantic infor-
mation and fine-grained geometric structures, which allow
for a more comprehensive description of the scene infor-
mation. Similar to FlashOcc [53], the fused BEV features
are processed through the occupancy prediction head be-
fore being passed to the Channel-to-Height module. This
module rearranges the features from the shape C x W x H
to C* x Z x W x H, where C, C*, W, H, Z represent
the number of channels, the number of categories, and the
dimensions in the three-dimensional space (x,y,z). This
transformation enables intuitive semantic classification and
occupancy prediction of the features in 3D space, signifi-
cantly enhancing the model’s ability to express occupancy
situations in the scene.
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Table 1. 3D Occupancy prediction performance on the Occ3D-nuScenes dataset. * means the performance using the camera mask
during training. C, L, and R represent camera, LiDAR, and radar, respectively.
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RIOcc (Ours) |C&L|256x704 | RS0 |VoxelNet|35.4| 25.9 |30.2 19.8 25.8 28.7 18.3 24.8 31.8 21.8 20.5 24.9 37.2 24.5 25.5 24.9 27.0 28.8

Table 2. 3D Occupancy prediction performance on nuScenes-Occupancy validation set. C represents camera and L represents LiDAR.

3.7. Loss

4. Experiment
4.1. Dataset and Metrics

To effectively train the proposed semantic occupancy pre-
diction framework, we combine various types of losses
to comprehensively optimize network performance. The
cross-entropy loss L.. and Lovasz-Softmax loss L;s are
used to optimize the overall framework. Affinity loss Ly,
and L., are applied to optimize scene-wise and class-wise
metrics, while L, provides feedback for the depth-aware
view transform module. Additionally, we introduce an Aux-
iliary Semantic Loss L, to optimize the refined semantic
features extracted by the semantic encoder. Therefore, the
overall loss function can be expressed as:

Ltotal = Lce + Lls + Lgeo + Lsem + Ld + Laum (11)

Dataset. Similar to previous works [29, 31, 47, 52], we
conducted extensive experiments based on the nuScenes
dataset. The dataset is divided into nuScenes-occupancy [4]
and Occ3D-nuScenes [45] according to the source of the
annotated data. Both datasets inherit the data format of
nuScenes, containing 700 training scenes and 150 valida-
tion scenes, with annotations for 17 categories. The evalua-
tion range for OpenOccupancy is [-51.2 m, 51.2 m] in the X
and Y directions, and [-3 m, 5 m] in the Z direction, using
a voxel resolution of 0.2 meters. In comparison, the data
coverage for Occ3D-nuScenes is [-40 m, 40 m] in the X
and Y directions, and [-1 m, 5.4 m] in the Z direction, with
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Figure 6. The additional qualitative comparisons results between RIOcc and M-CONet. The red box highlights the effectiveness in

dealing with distant and occluded targets.

discretization using voxels of size [0.4 m, 0.4 m, 0.4 m].
Metrics. We adopt the official evaluation metrics, including
ToU and mloU.

4.2. Implementation Details

Our method is implemented based on MMDetection3D [8].
For the camera branch, we use ResNet50 pretrained on Im-
ageNet as the image backbone, and the input image size
is cropped to 256x704. For the LiDAR branch, we vox-
elize 10 LiDAR sweeps and employ a voxel encoder for the
nuScenes dataset. During training, we use the AdamW op-
timizer, set the weight decay to 0.01, and an initial learning
rate of le~*, with a multi-step learning rate scheduler for
optimization. Training is conducted on four NVIDIA 3090
GPUs with a batch size of 4, for a total of 24 epochs.

4.3. Comparison with State-of-the-Art Methods

To ensure fair comparison, all results are either provided by
the original authors or reproduced using the official code.
We first compare RIOcc with some classical and advanced
methods on Occ3D-nuScenes. The results are shown in Ta-
ble 1, RIOcc achieves the latest state-of-the-art performance
with an impressive 54.20 mloU, outperforming RadOcc by
4.82 mloU. To further evaluate the effectiveness of our pro-
posed framework, we conduct additional performance tests
on the nuScenes-Occupancy validation set. As shown in Ta-
ble 2, RIOcc again achieves the best performance, with 35.4
ToU and 25.9 mloU.

4.4. Ablation Studies

We conduct ablation experiments using the camera mask on
the Occ3D-nuScenes dataset to evaluate the contribution of

each module to the overall framework.

Effects of Downsampling Layers. We conduct exten-
sive experiments to evaluate the number of downsampling
layers. Notably, all experiments are performed without the
Wavelet Encoder and Semantic Encoder. As shown in the
Table 3, when the number of downsampling layers is set to 0
(no downsampling), the model achieves an mloU of 48.21,
with a memory usage of 5.02 GB. As the number of down-
sampling layers increases, the mIoU continues to grow by
3.82 at 2 layers, with memory usage increasing slightly to
5.58 GB. However, when further downsampling to 3 layers,
the performance improvement tends to plateau. Therefore,
we choose to use 2 downsampling layers, which strikes a
reasonable balance between computational load and signif-
icant performance improvement.

Influences of Wavelet and Semantic Encoders. To val-
idate the effectiveness of the Wavelet Encoder and Seman-
tic Encoder, we present an ablation study shown in Table 4.
The results indicate that adding either the Wavelet Encoder
or the Semantic Encoder alone can improve model perfor-
mance. When both are incorporated, the mloU increases
from the baseline of 51.96 to 54.21. It demonstrates that
introducing the Wavelet Encoder and Semantic Encoder ef-
fectively enhances the model’s ability to capture refined fea-
tures and understand semantic information.

Effectiveness of DBP. As illustrated in the Table 5, we
explore the contributions of the submodules within the DBP
module. It obtains 0.63 mIOU with channel-wise alone and
0.71 mIOU with grid-wise alone. When both branches are
combined to form the complete DBP module, the mIoU in-
creases by 1.14. It indicates that the synergy between the
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Figure 7. Features heastmaps after adaptive fusion.

Downsampling Layer ‘ 0 1 2 3

mloU 48.21 51.12 52.03 52.15
Memory(GB) 502 532 558 5.82

Table 3. Ablation study of downsampling layer.

# ‘ Semantic ‘ mloU
53.32

w/ Wavelet v 5421
51.96

w/o Wavelet v 5337

Table 4. Ablation Study of Wavelet and Semantic Encoders. It
is worth noting that the default downsampling operation is used in
the absence of wavelet or semantic encoding.

Channel-wise and Grid-wise branches has a greater advan-
tage in capturing multi-level feature information.

Impacts of Aggregation Region Size. We illustrate the
results to demonstrate that different region sizes in the DDA
module help identify the optimal local aggregation size for
enhancing feature representation and fusion. To ensure con-
sistency in the number of final tokens, we uniformly sam-
pling of the same number of anchors and test 4 different
region sizes. 1x1 means no feature aggregation, with each
token corresponding to a single feature point. As indicated
in Table 6, when the region size is set to 5x5, the model
achieves the highest mloU at 48.21. This setting proves
an ability to preserve sufficient specificity while enhanc-
ing detection accuracy for large areas and distant objects.
In contrast, when the region size is further increased to
7x7, detection accuracy slightly decreases. This result may
be attributed to an overly large aggregation region, which
smooths the feature maps and blurs local details.

Comparison of Interaction Methods. In Table 7, we
compare the effectiveness of conventional BEV feature fu-
sion methods with our proposed DDA module. The conven-
tional addition and concatenation fusion strategies achieve
mloU of 46.58 and 46.69, respectively. In contrast, the
DDA module results in a significant improvement, with the
mloU gaining about 1.57. The DDA module demonstrates
a stronger impact on feature fusion, effectively enhancing

# | Channel Wised | Grid Wised | mloU
1 53.07
2 v 53.70
3 v 53.78
4 v v 54.21

Table 5. Ablation Study on Channel-Wised and Grid-Wised
Operations. To reduce training time, this experiment uses only a
single-scale feature for training.

region‘ Ix1 3x3 5x5 7x7
mloU | 47.43 4792 4821 48.16

Table 6. Ablation Study of Aggregation Region Size.

# | Strategy mloU
1 Addition 46.58
2 Concatenation 46.69
3 DDA 48.21

Table 7. Ablation study of the Dual-BEYV fusion strategy.

representation and improving scene understanding.

Feature Alignment on Heatmaps. To demonstrate
that our model effectively enhances feature alignment in
the LiDAR-camera fusion process, we present the feature
heatmaps after adaptive fusion for both M-CONet and our
method, as shown in the Figure 7. Note that we only select
the first channel of the sample for visualization.

4.5. Visualization

As shown in Figure 6, we present the visualization of RI-
Occ on Occ3D-nuScenes without the camera mask. The
results indicate that our RIOcc provides a more comprehen-
sive prediction of the scene. It demonstrates improved de-
tection performance for distant and occluded objects, along
with a finer-grained occupancy prediction of the scene.

5. Conclusion

We propose RIOcc, a novel multi-modal 3D semantic occu-
pancy prediction method, which is equipped with advanced
BEV features refinement and interaction mechanisms. RI-
Occ integrates multi-modal data in a unified BEV space to
achieve less computational burden. The LiDAR and camera
branches extract refined BEV features independently, while
the interaction branch effectively mitigates the disparity be-
tween multi-modal BEV features. Finally, the fused BEV
features are transformed into voxel representation for oc-
cupancy prediction. Extensive experiments on the Occ3D-
nuScenes and nuScenes-Occupancy datasets demonstrate
the superiority of RIOcc over existing approaches. We be-
lieve our model will inspire new insights in the field.
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