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Abstract

Integrating LiDAR and camera information in the bird’s eye
view (BEV) representation has demonstrated its effective-
ness in 3D object detection. However, because of the fun-
damental disparity in geometric accuracy between these sen-
sors, indiscriminate fusion in previous methods often leads
to degraded performance. In this paper, we propose BEVDi-
lation, a novel LiDAR-centric framework that prioritizes Li-
DAR information in the fusion. By formulating image BEV
features as implicit guidance rather than naive concatena-
tion, our strategy effectively alleviates the spatial misalign-
ment caused by image depth estimation errors. Furthermore,
the image guidance can effectively help the LiDAR-centric
paradigm to address the sparsity and semantic limitations of
point clouds. Specifically, we propose a Sparse Voxel Dila-
tion Block that mitigates the inherent point sparsity by den-
sifying foreground voxels through image priors. Moreover,
we introduce a Semantic-Guided BEV Dilation Block to en-
hance the LiDAR feature diffusion processing with image se-
mantic guidance and long-range context capture. On the chal-
lenging nuScenes benchmark, BEVDilation achieves better
performance than state-of-the-art methods while maintain-
ing competitive computational efficiency. Importantly, our
LiDAR-centric strategy demonstrates greater robustness to
depth noise compared to naive fusion.

Code — https://github.com/gwenzhang/BEVDilation

Introduction

3D object detection plays an important role in applica-
tions of autonomous driving, virtual reality, and robots. To
ensure precise and robust perception, LiDAR-camera fu-
sion (Huang et al. 2024; Liu et al. 2023b; Liang et al. 2022;
Yang et al. 2022; Wang et al. 2023a; Li et al. 2024a) is em-
ployed to integrate complementary information. In specific,
LiDAR point clouds can offer accurate location and geom-
etry information, while RGB images provide rich semantic
and context information. However, significant view discrep-
ancies and inherent modality limitations make robust and ef-
fective 3D multi-modal detection particularly challenging.
To tackle this challenge, recent works focus on establish-
ing cross-model correspondences to enable unified represen-

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

12448

BEVDilation (ours)
75 °
G74 ISFusion e e DAL
S UniTR
o] SparseFusion
% 73 Deeplinteraction 8
= ° CMT
g .
o Transfusion
€721 BEvFusion-PKU .
BEVFusion-MIT
71
UVTR
.
700 2 4 6 8 10 12

Frame per second (FPS)

Figure 1: 3D object detection performance (NDS) vs speed
(FPS) on nuScenes validation set.

tation learning. Input-based (Vora et al. 2020; Wang et al.
2021; Yin, Zhou, and Krihenbiihl 2021) and query-based
methods (Yang et al. 2022; Li et al. 2024a; Yan et al. 2023;
Bai et al. 2022) enhance LiDAR point clouds or object pro-
posals by integrating semantic information from RGB im-
ages. BEV-based methods (Liu et al. 2023b; Liang et al.
2022; Yin et al. 2024; Jiao et al. 2023) align and fuse multi-
modal features in a unified BEV representation.

However, the fundamental disparity in geometric and lo-
calization accuracy between LiDAR and cameras implies
that indiscriminate fusion can lead to degraded perfor-
mance (Huang et al. 2024). Specifically, cameras lack dense
depth priors, and depth estimation methods (e.g., LSS (Phil-
ion and Fidler 2020)) are prone to errors and overfitting (Li
et al. 2023; Huang et al. 2024). In contrast, point clouds pro-
vide accurate localization information. The superior perfor-
mance of LiDAR-based detectors (Zhang et al. 2024c; Liu
et al. 2025) over image-based detectors (Li et al. 2024b;
Liu et al. 2022) further demonstrates this inherent dispar-
ity. Thus, as shown in Fig 2 (a), naively aligning point cloud
features with those derived from estimated depth constitutes
a suboptimal fusion paradigm. Given the localization accu-
racy gap between point clouds and images, LiDAR infor-
mation should be prioritized. However, this prioritization in
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Figure 2: Comparison of (a) indiscriminate fusion and (b)
our LiDAR-centric strategy.

multi-modal fusion is non-trivial. First, prioritizing LiDAR
also highlights its own limitations. Point clouds are highly
sparse and unevenly distributed, leading to incomplete ge-
ometric information and constrained representation capac-
ity. Besides, in the LIDAR modality, object centers are usu-
ally empty, which weakens the representation power of point
clouds. To address center feature missing (Fan et al. 2022),
previous methods (Zhang et al. 2023; Zhou and Tuzel 2018;
Yan, Mao, and Li 2018) often use feature diffusion (Fan et al.
2022) (e.g., stacked 2D CNN), which struggles to capture
context information and distinguish noise due to insufficient
semantic information. Second, when integrating image in-
formation, it is challenging to design effective fusion mech-
anisms to preserve the primacy of LiDAR data, thereby re-
ducing the noise from image depth estimation.

To overcome the aforementioned limitation, in this paper
we propose a novel LIDAR-centric fusion paradigm, termed
BEVDilation, for multi-modal 3D object detection. As illus-
trated in Fig 2 (b), by formulating the image features as guid-
ance, the fused multi-modal features can primarily derive
their geometric and localization information from LiDAR
point clouds. Specifically, image features provide semantic
and contextual cues to drive sparse-to-dense feature diffu-
sion in the LiDAR detector, rather than being naively aligned
with point cloud features. This strategy reduces the impact
of image depth estimation noise and improves fusion robust-
ness. To address the inherent limitations of point clouds, we
further propose two modules with it. Inspired by voxel gen-
eration (Liu et al. 2025; Sun et al. 2022; Zhang et al. 2024a)
in LiDAR-based detectors, which do not rely on strict geo-
metric information, we introduce the Sparse Voxel Dilation
Block (SVDB) to densify foreground features and enhance
features representation in highly sparse point clouds. It em-
ploys complementary multi-modal features to identify the
foreground regions in BEV space and fills LIDAR’s empty
foreground areas with new learnable voxels. This incorpo-
rates the image instance information into LiDAR and im-
proves the completeness of point cloud features. To cap-
ture long-range context dependencies and refine point fea-
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tures, we propose the Semantic-Guided BEV Dilation Block
(SBDB) for LiDAR feature diffusion. In specific, following
deformable convolution (Dai et al. 2017; Zhu et al. 2019b),
we add offsets to the regular convolution sampling position
to improve feature diffusion efficiency and adapt to geomet-
ric variation. Furthermore, SBDB uses modulation scalars
to filter out noise features based on image semantic infor-
mation. All deformations are conditioned on multi-modal
BEV features but operate solely on LiDAR features. In this
way, better LIDAR representations can be achieved under
our LiDAR-centric design.
In summary, the major contributions of our work are:

* We propose BEVDilation, a LiDAR-centric framework
for multi-modal 3D detection. BEVDilation formulates
image features as guidance while prioritizing LiDAR in-
formation, achieving effective and robust fusion.

To address the limitations of point clouds in the LiDAR-
centric paradigm, we propose the Sparse Voxel Dila-
tion Block (SVDB) and Semantic-Guided BEV Dilation
Block (SBDB) to reduce sparsity and augment semantic
information in BEVDilation.

Extensive experiments on the nuScenes (Caesar et al.
2020) dataset show that our BEVDilation yields a
new state-of-the-art for multi-modal 3D object detection
while maintaining competitive computational efficiency.

Related Work

LiDAR-based 3D Object Detection. LiDAR sensors are
the most widely adopted sensor in autonomous driving
due to the precise geometric information provided by point
clouds. Current LiDAR-based 3D object detection methods
rely on two major representations: point clouds and vox-
els. Inspired by PointNet (Qi et al. 2017), point-based meth-
ods (Shi, Wang, and Li 2019; Qi et al. 2019) directly extract
geometric features from local regions of raw point clouds.
However, these methods suffer from low inference efficiency
and insufficient context modeling due to the irregular and
sparse nature of point clouds. Voxel-based methods (He
et al. 2024; Zhang et al. 2024c; Liu et al. 2025; Zhang et al.
2024b; Mao et al. 2021; Zhao et al. 2024) transform raw
point clouds into regular grids and well balance performance
and efficiency. Voxel-based methods currently dominate the
field of LiDAR-based 3D object detection. They often adopt
a sparse backbone (Zhang et al. 2024c; Yan, Mao, and Li
2018) to extract features from sparse voxels in 3D space.
These features are then converted to dense feature maps in
BEV and processed by a 2D dense backbone (Yan, Mao, and
Li 2018; Zhang et al. 2023) to enlarge the receptive field
and refine features. However, LiDAR-based detectors rely-
ing solely on sparse and irregular point clouds exhibit de-
graded performance in challenging scenarios, such as long-
range and geometrically similar object (e.g., pedestrians and
vertical poles) detection. In this paper, we integrate addi-
tional image information to address the limitation of point
cloud data by densifying sparse features and incorporating
semantic guidance.

Multi-Modality 3D Object Detection. To achieve accu-
rate and robust perceptions, existing approaches (Li et al.



2024a; Wang et al. 2023a; Huang et al. 2024; Yin et al.
2024; Yan et al. 2023; Liu et al. 2023b) explore captur-
ing complementary information from LiDAR and cameras.
Despite the substantial performance gap between camera-
based (Liu et al. 2022, 2023a; Li et al. 2024b, 2023) and
LiDAR-based detectors (Zhang et al. 2024c; Liu et al. 2025),
the rich semantic information in images can further enhance
LiDAR representations. Current multi-modal 3D detection
approaches can be basically classified into three categories:
input-based (Vora et al. 2020; Wang et al. 2021; Yin, Zhou,
and Krihenbiihl 2021), BEV-based (Liu et al. 2023b; Liang
et al. 2022; Yin et al. 2024; Huang et al. 2024) and query-
based (Yan et al. 2023; Li et al. 2024a; Yang et al. 2022).
Pioneering input fusion methods (Vora et al. 2020; Yin,
Zhou, and Krihenbiihl 2021) decorate or densify LiDAR
points with the semantic information from images, which is
more sensitive to calibration errors. BEV-based fusion (Liu
et al. 2023b; Liang et al. 2022; Huang et al. 2024) meth-
ods project LiDAR and image features into a unified BEV
representation with estimated depth. Nevertheless, the un-
certain depth of images introduces spatial misalignment and
reduces the robustness of BEVFusion. Query-based meth-
ods (Li et al. 2024a; Yan et al. 2023; Cai et al. 2023) ex-
tract sparse instance-level representations and refine them
with an attention operation. However, this strategy leaves
several fundamental limitations of individual modalities un-
addressed. In contrast, our proposed BEVDilation resolves
LiDAR sparsity and semantic deficiency while alleviating
spatial misalignment issues.

Method

In this section, we present BEVDilation, a LiDAR-centric
3D backbone that can be applied for multi-modal 3D detec-
tion. First, we introduce the overall architecture of BEVDi-
lation. Then, we describe in detail the fundamental compo-
nents of BEVDilation, including the Sparse Voxel Dilation
Block and Semantic-Guided BEV Dilation Block.

Overall Architecture

An overview of our proposed BEVDilation is shown in
Fig 3. As in previous works (Bai et al. 2022; Li et al. 2024a;
Yin et al. 2024), BEVDilation takes LiDAR point clouds and
corresponding multi-view images as input, which are fed
into two individual backbones to extract multi-modal BEV
features. Unlike previous multi-modal methods that indis-
criminately fuse modality-specific features (Liu et al. 2023b;
Liang et al. 2022; Li et al. 2024a; Yan et al. 2023), BEVDi-
lation introduces a LiDAR-centric framework. It uses im-
age features as guidance to mitigate the inherent limitations
of point clouds, including sparsity, irregular distributions,
and semantic ambiguities. Specifically, a Sparse Voxel Dila-
tion Block working on the sparse voxel features is proposed,
which increases voxel density in foreground instances and
completes features in LiDAR-occluded areas. Image and
LiDAR features are fused to generate a BEV foreground
mask, which subsequently determines the regions for voxel
dilation. To mitigate the semantic ambiguity and improve
geometric accuracy, BEVDilation introduces a Semantic-
Guided BEV Dilation Block that integrates multi-modal
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guidance in feature diffusion, transforming sparse LiDAR
BEYV features into geometrically consistent and semantically
enriched dense LiDAR representations.

Sparse Voxel Dilation Block

Given the challenges of high sparsity of point clouds and
information degradation in LiDAR modality, we propose a
sparse voxel dilation strategy that leverages the autoregres-
sive capacity and global receptive field of Mamba (Liu et al.
2025) to address these issues.

Image Encoder. For each image I, a shared image back-
bone is used to extract multi-scale feature maps that are
subsequently fused into a single-scale representation F; €
RCE*HxW by FPN (Lin et al. 2017), where H and W de-
note the image resolution and C; represents the number of
feature channels. Then, the multi-view image features are
transformed from the perspective view to BEV representa-
tion F4ev € R *1xX¥*X yging the well-established view
transformation (VT.) algorithm Lift-Splat-Shot (LSS) (Phil-
ion and Fidler 2020), where X and Y denote the size of the
BEV feature map and C';, is the number of image BEV fea-
ture channels.

Voxel Sparse Encoder. For a fair comparison, we use the
popular sparse backbone VoxelNet (Zhou and Tuzel 2018)
to extract sparse voxel representations. The irregular point
clouds P are first transformed into sparse voxels by a voxel
feature encoding. Then, we extract sparse voxel features
Fp ¢ RV*% along with their spatial coordinates V €
RN >3 using a series of sparse convolutional blocks. N indi-
cates the number of voxels and C), represents the number of
voxel feature channels.

Sparse Voxel Dilation Block. As shown in Fig 3, to enhance
the accuracy of dilation regions, we use multi-modal infor-
mation to predict the foreground mask. The prediction head
takes the image BEV features F4°* and LiDAR sparse BEV
features F4$? as inputs. Specifically, the foreground mask
predictor is formulated as follows:

Pf!] = O—(fconv((Fl}eU;Fil)Dev))% (1)

where f.,n, denotes two-layer convolutions, o represents
the sigmoid activation, and (;) indicates concat operation.
The binary foreground mask M € {0, 1}¥* is obtained:

Mi,j = H[Pfg(zvj) > T}? 2

where (i, j) denotes the indices within the BEV grid and 7 is
the threshold. Regions corresponding to positive mask val-
ues are designated for padding new voxels. During training,
we treat BEV grid cells within object bounding boxes as the
ground truth foreground to supervise M. The dilated vox-
els can effectively compensate for LIDAR-occluded regions
and densify the foreground instances. Besides, the dilated
features in previous methods (Sun et al. 2022; Zhang et al.
2024a; Liu et al. 2025) are often assigned using K-NN ap-
proaches or zero initialization. These handcrafted strategies
tend to yield sub-optimal results due to their limited adapt-
ability to varying scene contexts. Therefore, as shown in the
Fig 4, all newly dilated features are generated as learnable
embeddings F ;4. Inspired by the recent success of Mamba
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Figure 3: The overall architecture of our proposed BEVDilation. Given the point clouds and multi-view images, we take two
individual backbones to extract multi-modal BEV features. For the LiDAR branch, we enhance the LiDAR BEV features with
our proposed Sparse Voxel Dilation Block and Semantic-Guided BEV Dilation Block.
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Figure 4: An illustration of SVDB. The newly padded and
original voxels are merged with global receptive fields.

in LiDAR detectors (Zhang et al. 2024c; Liu et al. 2025), we
utilize its auto-regressive property to refine voxel features
with global receptive fields. In specific, we merge and sort
the newly dilated and original voxels using Hilbert serializa-
tion (Hilbert and Hilbert 1935), and then refine the features
with a single group-free Mamba layer (Zhang et al. 2024c)
as following:

F%" = Mamba(HS([F%"; Fepa)), ©)

where HS denotes the operation that sorts the voxel se-
quence using a Hilbert curve (Zhang et al. 2024c). Overall,
SVDB effectively tackles point cloud sparsity and LiDAR
blind spots while preserving LiDAR’s geometric primacy.

Semantic-Guided BEYV Dilation Block

Though SVDB mitigates foreground sparsity, the BEV fea-
ture remains sparse, thereby demanding an efficient feature
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diffusion (Fan et al. 2022). The feature diffusion in exist-
ing LiDAR detectors exhibits two major limitations: seman-
tic ambiguity and the rigid geometric constraints in standard
convolutions. Therefore, we introduce the Semantic-Guided
BEV Dilated Block to build a semantic-guided feature diffu-
sion and enhance LiDAR’s ability to model geometric vari-
ations through multi-modal deformation.

As shown in Fig. 3, the SBDB is designed with a multi-
modal deformable convolution (MM-DCN), a feed-forward
network (FFN), layer normalization, and residual connec-
tions. To enlarge the receptive field and improve computa-
tional efficiency, it operates on downsampled BEV features.
In MM-DCN, the deformations, specifically the offset and
modulation scalar, are conditioned on the multi-modal BEV
information. Moreover, to reduce spatial misalignment from
uncertain depth estimation, while the deformations (offsets
and modulation scalars) in MM-DCN are conditioned on
multi-modal BEV features, the deformable convolutions op-
erate solely on LiDAR features. Specifically, image BEV
features are first downsampled using a lightweight convolu-
tional encoder to match the resolution of LiDAR BEV fea-
tures. These downsampled image BEV features are shared
across different stages. Subsequently, the SBDB takes these
processed image BEV features F4°V and the corresponding
LiDAR BEV features Flﬁv as input, defined as:

FUY = LN(MM-DCN((F%", F'"))) + Fisv,

bev Tbev Tbev (4)

FZ’ =LN(MLP(F5")) + F5".
Here, LN(-) stands for Layer Normalization. MM-DCN(+)
represents the deformable convolutions used in the first
residual branch, where deformations (offsets Ap; and mod-
ulation scalars my) are conditioned on multi-modal features.



The convolution is applied solely to the LiDAR features
F%v. Formally, the MM-DCN is denoted as:

M

F5°(po) = > wimy - FY (po + pi + Api),  (5)
k=1

where F?(p) denotes the features at location p from Li-
DAR BEV features, and w; are the standard convolu-
tional kernel weights for the k-th location. M represents
the total number of sampling points. For clarity, groups in
DCN (Wang et al. 2023b) are omitted. By adapting multi-
modal deformable convolutions with the LiDAR-centric
strategy, SBDB achieves precise and robust feature diffu-
sion, enhancing the LiDAR representations.

Integration with Detection

With the proposed SVDB and SBDB, we build BEVDila-
tion, a LiDAR-centric multi-modal fusion paradigm. The
architecture of BEVDilation is illustrated in Fig 3. The
SVDB is placed subsequent to the VoxelNet sparse back-
bone. Our 2D dense backbone, comprising L stages, directly
replaces the dense backbone of the baseline. For the detec-
tion head and loss function, we adopt the same settings as
DAL (Huang et al. 2024), adding a focal loss to supervise
the binary foreground mask.

Experiments
Datasets and Evaluation Metrics

Following previous works (Li et al. 2024a; Yan et al.
2023; Bai et al. 2022), we evaluate our method on the
nuScenes dataset (Caesar et al. 2020). This dataset com-
prises 750 training scenes, 150 validation scenes, and 150
testing scenes. It provides point clouds from a 32-beam Li-
DAR and 6 images from multi-view cameras. For 3D ob-
ject detection, nuScenes employs the mean Average Preci-
sion (mAP), nuScenes detection scores (NDS), mean Aver-
age Translation Error (mATE), mean Average Scale Error
(mASE), mean Average Orientation Error (mAOE), mean
Average Velocity Error (nAVE) and mean Average Attribute
Error (mAEE) to measure model performance.

Implementation Detail

Our method is implemented based on the open-source
framework MMDetection3d (Contributors 2020). For the
camera branch, we use ResNet50 (He et al. 2016) as the
image backbone and initialized it with weights pre-trained
on nulmage (Caesar et al. 2020), following current ap-
proaches (Yang et al. 2022; Yin et al. 2024; Li et al.
2024a). The input image resolution is 800x448. For the
LiDAR branch, we follow DAL (Huang et al. 2024) and
use the voxel size (0.075m,0.075m, 0.2m ), with the point
cloud range defined as [—54m, 54m] along the XY-axes and
[—5m, 3m] for the Z-axis. The initial BEV feature map is
of size 180 x 180. We adopt the sparse 3D backbone from
VoxelNet (Zhou and Tuzel 2018), consistent with previous
works (Li et al. 2024a; Huang et al. 2024; Yin et al. 2024).
For the 2D dense CNN, we stack eight SBDB blocks dis-
tributed over four stages. The 7 in SVDB is set to 0.4. The
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number of groups in the multi-modal deformable convolu-
tions (Wang et al. 2023Db) is set to 16.

Training and Inference. Following previous training
schemes (Yin et al. 2024; Huang et al. 2024), BEVDilation
is trained in an end-to-end manner with one stage. We op-
timize the model using AdamW optimizer with weight de-
cay 0.01, one-cycle learning rate policy, max learning rate
0.0001, and batch size 24 for 10 epochs. The class-balanced
sampling strategy from CBGS (Zhu et al. 2019a) and multi-
modal data augmentation from DAL (Huang et al. 2024)
are adopted during training. We use the CenterPoint (Yin,
Zhou, and Krahenbuhl 2021) detection head. All the mod-
els are trained on 8 RTX A6000 GPUs. During evaluation,
image features are only used for searching proposal candi-
dates, while regression relies entirely on LiDAR features as
in (Huang et al. 2024).

Comparison with State-of-the-art Methods

As shown in Table 1, we compare BEVDilation with state-
of-the-art (SOTA) methods on both the validation and test set
of the nuScenes dataset without any test-time augmentations
or model ensembles. Our proposed BEVDilation achieves
impressive results with 75.0 NDS and 73.0 mAP on the val-
idation set, which is at least +1.0 and +1.5 higher than the
SOTA method, including those with more powerful back-
bones. Our method also exhibits the best mAP and NDS
on the test set. Additionally, as shown in Fig 1, BEVDila-
tion strikes an effective balance between speed and accu-
racy. It outperforms DAL +1.0 NDS in detection accuracy on
the nuScenes validation while achieving comparable speed.
Some methods, like BEVFusion, are faster than BEVDila-
tion; however, their accuracy is substantially lower. A more
detailed performance analysis, as well as additional experi-
mental results, is provided in the supplementary material.

Following common model scaling practices (Huang et al.
2024; Li et al. 2024a), we enhance BEVDilation with Swin-
Tiny (Liu et al. 2021) and a higher input resolution. Ta-
ble 2 presents a comparison between the scaled BEVDi-
lation and other scaled SOTA methods. Despite Mamba-
fusion employing more advanced LiDAR (LION-Mamba)
and image (VMamba) backbones, BEVDilation nonethe-
less demonstrates significant advantages, surpassing it by
+0.3 NDS and +0.7 mAP while achieving faster inference
speeds. BEVDilation also maintains superior computational
efficiency compared to most existing approaches.

Ablation Studies

To better investigate the effectiveness of BEVDilation, we
conduct a set of ablation studies by using the nuScenes vali-
dation set in this subsection. All the models are trained end-
to-end for 10 epochs.

Effectiveness of each component. To more clearly demon-
strate the effectiveness of the SVDB and SBDB in BEVDi-
lation, we conduct experiments by adding each of them to
a multi-modal baseline. The baseline takes VoxelNet (Zhou
and Tuzel 2018) and SECOND (Yan, Mao, and Li 2018)
dense backbone as the LiDAR backbone and ResNet50 (He
et al. 2016) as the image backbone. The detection head fol-
lows the design in DAL (Huang et al. 2024). As evidenced



. LiDAR Camera validation set| test set

Methods Modality Backbone Backbone |NDS mAP |NDS mAP | FPS
PETRvV2 (Liu et al. 2023a) C - ResNet-101 | 524 42.1 | 553 45.6 -
BEVFormer (Li et al. 2024b) C - ResNet-101 | 51.7 41.6 |53.5 44.5 -
SECOND (Yan, Mao, and Li 2018) L VoxelNet - 63.0 526 |63.3 528 -
TransFusion-L (Bai et al. 2022) L VoxelNet - 70.1 65.1 |70.2 65.5 -
FocalFormer3D-L (Chen et al. 2023b) L VoxelNet - 709 664 |72.6 68.7 -
MVP (Yin, Zhou, and Krahenbiihl 2021)| L+C | VoxelNet CenterNet | 70.0 66.1 |70.5 66.4 -
GraphAlign (Song et al. 2023) L+C | VoxelNet DeepLabv3 - - 70.6 66.5| -
FUTR3D (Chen et al. 2023a) L+C | VoxelNet ResNet-101 | 68.3 64.5 - - -
UVTR (Li et al. 2022) L+C | VoxelNet ResNet-101 | 70.2 654 |71.1 67.1] 2.14
TransFusion (Bai et al. 2022) L+C | VoxelNet ResNet-50 |71.3 67.5 |71.6 68.9 | 7.88
AutoAlignV2 (Chen et al. 2022) L+C | VoxelNet CSPNet |71.2 67.1 |724 684 | -
BEVFusion (Liang et al. 2022) L+C VoxelNet Dual-Swin-T | 72.1 69.6 |73.3 71.3| 2.11
BEVFusion (Liu et al. 2023b) L+C | VoxelNet Swin-T 714 68.5 |729 70.2 |11.60
Deeplnteraction (Yang et al. 2022) L+C | VoxelNet ResNet-50 |72.6 69.9 |73.4 70.8 | 2.25
CMT (Yan et al. 2023) L+C | VoxelNet VoV-99 719 694 |73.0 704 | 4.01
FocalFormer3D (Chen et al. 2023b) L+C | VoxelNet ResNet-50 |73.1 70.5 |[73.9 71.6 -
MSMDFusion (Jiao et al. 2023) L+C | VoxelNet ResNet-50 - - 74.0 71.5| 2.57
SparseFusion (Xie et al. 2023) L+C VoxelNet ResNet-50 | 72.8 704 |73.8 72.0| 5.57
UniTR (Wang et al. 2023a) L+C DSVT DSVT 733 70.5 |74.5 70.9 |3.33%
ObjectFusion (Cai et al. 2023) L+C | VoxelNet Swin-T 723 69.8 |733 71.0| -
GraphBEV (Song et al. 2024) L+C | VoxelNet Swin-T 729 70.1 |73.6 71.7|3.12
DAL (Huang et al. 2024) L+C | VoxelNet ResNet-50 |74.0 715 |74.8 72.0| 7.39
BEVDilation (ours) | L+C | VoxelNet ResNet-50 |75.0 73.0 |75.4 73.1| 7.08

Table 1: Comparison with existing methods on nuScenes validation and test set. ‘L’ denotes the LiDAR and ’C’ indicates the
camera. Symbol 1 means UniTR without cache acceleration. The inference speeds are evaluated on an NVIDIA A6000 GPU.

Image Input
Methods Backbone Resolution NDS mAP FPS
CMT VoVNet-99 1600x640 729 70.3 4.01
SparseFusion Swin-T ~ 800x448 73.1 71.0 5.22
DAL ResNet-50 1056x384 74.0 71.5 7.39
IS-Fusion Swin-T  1056x384 74.0 72.8 2.94
MambaFusion VMamba 704x256 75.0 72.7 3.84
BEVDilation Swin-T  1056x384 75.3 73.4 4.13

Table 2: Results on nuScenes validation set with stronger
image backbone and higher input resolution.

in Table 3, both SVDB (+1.2 mAP) and SBDB (+1.9 mAP)
can significantly improve the accuracy over the baseline,
which validates the feasibility of our LiDAR-centric strat-
egy. Combining SVDB and SBDB further improves perfor-
mance, suggesting that densifying sparse BEV foreground
enhances feature diffusion, leading to better completion of
LiDAR occluded regions.

Robustness of our LiDAR-centric paradigm. To vali-
date the robustness and effectiveness of our LiDAR-centric
paradigm against indiscriminate fusion, we conducted ex-
periments between our BEVDilation and BEVFusion (Liu
et al. 2023b). We introduce three types of degradation dur-
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Baseline-LC SVDB SBDB‘mAP NDS FPS
v ‘70.6 73.3 9.12
ve ve 71.8 740 8.62
v ve 72.5 74.8 7.51
v v v 73.0 75.0 7.08

Table 3: Ablations on the nuScenes validation split.
Baseline-LC denotes our multi-modal baseline method.

ing inference: depth random noise, depth one-hot noise (Li
et al. 2023), and spatial misalignment (Dong et al. 2023). As
shown in Table 4, BEVDilation exhibits lower performance
drops than BEVFusion under all degradations, demonstrat-
ing its superior robustness. Furthermore, under noisy condi-
tions, BEVDilation consistently achieves higher mATE than
standard BEVFusion, indicating that prioritizing LiDAR in-
formation helps maintain accurate geometric perception.

Effectiveness of multimodal features. To validate the ef-
ficacy of image semantic information in our LiDAR-centric
framework, we perform experiments on some potential al-
ternatives to SVDB and SBDB. As shown in Table 5, re-
moving image guidance for SVDB foreground mask predic-
tion leads to substantial performance drops, -0.5 mAP and
-0.4 NDS, demonstrating the critical role of images in re-



Stage 1 Stage 2

Stage 3 Stage 4

Figure 5: Visualization of sampling locations of SBDB at different stages. The black dot indicates the object center, and these
red dots denote the sampling locations of this center query point in SBDB.

Methods BEVDilation BEVFusion
mAP?T NDS?T mATE] mAP{ NDS?T mATE|
Baseline 73.0 75.0 26.9 68.5 71.4 28.7

One-hot Noise
Random Noise

703127 73.6 | 1.4 2721 0.3 63.1] 54 6841 3.0 294107
70.0 [ 3.0 734 1.6 273104 623162 68.0] 3.4 29.6 1 0.9

Spatial Misalignment |70.4 | 2.6 73.6 | 1.4 27.110.2 61.2 73 67341 29.81 1.1

Table 4: Robustness to image depth estimation noise on nuScenes validation set.

Methods Modality NDS mAP
Baseline LC 73.3 70.6
+ SVDB (w/o image) LC 73.6 713
+ SVDB (zero init) LC 727 70.4
+ SVDB (ours) LC 740 71.8
+ SBDB (w/o image) LC 742 71.7
+ SBDB (fusion) LC 744 71.8
+ SBDB (ours) LC 748 725

Table 5: Ablation studies for our proposed components on
the nuScenes validation set. ‘w/o image’ denotes the re-
moval of image priors in the current block. ‘fusion’ means
using DCN on multimodal features in SBDB.

covering LiDAR-occluded regions. Furthermore, replacing
our learnable embedding for padded empty locations with
a fixed zero value (Liu et al. 2025; Sun et al. 2022) causes
a significant performance drop of 1.2 mAP. This indicates
that handcrafted features fail to adapt to scene-specific con-
texts and result in suboptimal feature representations. For
SBDB, removing image-conditioned deformations in DCN
leads to a significant decline in performance, which high-
lights the necessity of semantic and context guidance from
images. We also compare our LiDAR-centric fusion within
SBDB against a direct fusion baseline that uses standard de-
formable convolutions on concatenated multi-modal BEV
features. The decreased performance confirms that our ap-
proach can effectively reduce the impact of noise from im-
age depth estimation.

Visualization of BEVDilation. To validate the effective-
ness of our semantic-guided BEV dilation, we visualize
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its sampling locations across different stages. We project
the multi-modal conditioned sampling locations from all
groups (Wang et al. 2023b) onto a unified BEV map and fil-
ter out those locations with modulation scalars below 0.01.
As shown in Fig 5, compared to rigid grid patterns in stan-
dard convolutions, SBDB dynamically adapts its sampling
locations to geometric variations. For example, as shown in
stage 3, SBDB can directly extract features at object bound-
aries, reducing the need for deep CNN stacks that strug-
gle with off-grid points. This clearly demonstrates SBDB’s
ability to handle the irregular distributions in point clouds.
Furthermore, the progressively expanding receptive fields in
the deeper stages highlight SBDB’s capability to aggregate
long-range contextual information, which is important to ad-
dress the Center Feature Missing issue. We further include
visualizations of the predicted foreground occupancy from
SVDB in the supplementary material.

Conclusion

In this paper, we proposed BEVDilation, a LiDAR-centric
backbone for multi-modal 3D object detection. We first ana-
lyzed the degradation from current naive fusion. Thus, we
proposed a LiDAR-centric paradigm to reduce the influ-
ence of image depth estimation noise in fusion. In spe-
cific, the SVDB block is used to densify foreground voxel
features and fill in the LiDAR-occluded regions with im-
age priors. Then, the SBDB equipped with multi-modal
conditioned deformations diffuses sparse voxel features
into dense BEV features with geometry-aware adaptabil-
ity and enhanced semantic context. Experiments demon-
strated that BEVDilation achieved state-of-the-art results on
the nuScenes dataset. BEVDilation presented a new LiDAR-
centric solution for multi-modal 3D detection.
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