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Abstract
Multimodal 3D object detection based on deep neural net-
works has indeed made significant progress. However, it still
faces challenges due to the misalignment of scale and spa-
tial information between features extracted from 2D images
and those derived from 3D point clouds. Existing meth-
ods usually aggregate multimodal features at a single stage.
However, leveraging multi-stage cross-modal features is cru-
cial for detecting objects of various scales. Therefore, these
methods often struggle to integrate features across different
scales and modalities effectively, thereby restricting the accu-
racy of detection. Additionally, the time-consuming Query-
Key-Value-based (QKV-based) cross-attention operations of-
ten utilized in existing methods aid in reasoning the loca-
tion and existence of objects by capturing non-local contexts.
However, this approach tends to increase computational com-
plexity. To address these challenges, we present SSLFusion,
a novel Scale & Space Aligned Latent Fusion Model, con-
sisting of a scale-aligned fusion strategy (SAF), a 3D-to-2D
space alignment module (SAM), and a latent cross-modal fu-
sion module (LFM). SAF mitigates scale misalignment be-
tween modalities by aggregating features from both images
and point clouds across multiple levels. SAM is designed
to reduce the inter-modal gap between features from images
and point clouds by incorporating 3D coordinate information
into 2D image features. Additionally, LFM captures cross-
modal non-local contexts in the latent space without utilizing
the QKV-based attention operations, thus mitigating compu-
tational complexity. Experiments on the KITTI and DENSE
datasets demonstrate that our SSLFusion outperforms state-
of-the-art methods. Our approach obtains an absolute gain
of 2.15% in 3D AP, compared with the state-of-art method
GraphAlign on the moderate level of the KITTI test set.

Code — https://github.com/TLDBN/SSLFusion

Introduction
The rapid advancement of autonomous vehicles and robotics
has driven the need for advanced perception systems capa-
ble of accurately interpreting the 3D environment. A critical
component of these systems is the ability to detect and clas-
sify objects in 3D space, which is essential for safe naviga-
tion and decision-making. Multimodal 3D object detection,
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Figure 1: Comparison of our fusion strategy with other
methods. Feature-level fusion methods can be divided into
two categories: (a) Early-Fusion methods fuse multi-scale
image feature maps with the first-stage voxel features. (b)
Late-Fusion methods employ depth estimation to transform
multi-scale 2D features into 3D space or BEV space, sub-
sequently fusing them with 3D features in those spaces at a
single stage. (c) In contrast, our approach fuses multi-stage
multi-scale 2D and 3D features in an alignment manner, as
opposed to the single-stage fusion in categories (a) and (b).

which combines LiDAR and camera data, has emerged as a
promising solution due to the complementary nature of these
sensors—point clouds providing precise geometric informa-
tion and RGB images offering rich semantic context.

Existing feature-level fusion multimodal 3D object detec-
tion methods have advanced, but challenges remain. These
methods can be categorized into early-fusion, late-fusion,
and multi-stage fusion approaches. For example, early-
fusion methods like those using matrix projection calibra-
tion to combine multi-scale image features with single-scale
voxel features (Sindagi, Zhou, and Tuzel 2019; Song et al.
2023) face difficulties in effectively integrating high-level
semantic information from cameras with geometric details
from LiDAR. Additionally, this fusion strategy may cause a
loss of spatial details when features are downsampled by 3D
sparse convolutions, as shown in Fig. 1 (a), which is crucial
for detecting small objects.

Late-fusion approaches (Liu et al. 2023; Li et al. 2022a)
process the modalities separately and combine the two types
of features in local Regions of Interest (RoI) or Bird’s Eye
View (BEV) space. These methods often utilize depth es-
timation to project 2D features into 3D space for fusion.
While these methods can leverage the semantic richness of
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Figure 2: The overall architecture of SSLFusion. Our model consists of four parts: Lidar branch and image branch to extract
Lidar and image features, respectively; the proposed Latent Cross-Modal Fusion module with Space Alignment fuses LiDAR
and image features at each stage in space aligned manner; and the 3D object detection head generates 3D object detection
results based on the multi-level fusion features.

2D features, they are computationally intensive and can be
less accurate due to the inherent uncertainty in depth esti-
mation. This process is also prone to introduce errors when
dealing with complex scenes or objects at varying distances.

Both early and late fusion methods struggle to align fea-
tures across different scales and modalities. The resolution
and field-of-view discrepancies between LiDAR and camera
data can result in misalignment, particularly in cluttered en-
vironments or with objects of varying sizes. Besides, exist-
ing feature-level fusion methods rely on global cross-modal
interactions through self and cross-modal attention mech-
anisms (Li et al. 2022c; Liu et al. 2023; Li et al. 2022a),
which increases computational complexity. These methods
also struggle with the curse of dimensionality when fusing
features from both modalities, leading to inefficient resource
usage and reduced detection performance.

To address the above limitations, we introduce a novel
Scale & Space Aligned Latent Fusion (SSLFusion) model
for multi-stage cross-modality fusion. SSLFusion is de-
signed to align multi-stage features from both modalities
in a way that mitigates scale misalignment and informa-
tion loss. Specifically, our model employs a Scale-Aligned
Fusion strategy to ensure that features from 2D and 3D
branches are fused at each stage to leverage the strengths of
both modalities without losing detailed spatial information.
Additionally, our 3D-to-2D Space Alignment technique ef-
fectively bridges the gap between the 3D and 2D spaces, en-
abling a more accurate and coherent fusion of features. SSL-
Fusion also incorporates a Latent Cross-Modal Fusion mod-
ule that facilitates efficient interaction between the modali-
ties, further enhancing the quality of the fused features and

the subsequent detection performance efficiently.
The efficacy of SSLFusion is demonstrated through ex-

tensive experiments on KITTI (Geiger, Lenz, and Urtasun
2012) and DENSE (Bijelic et al. 2020), showcasing its supe-
rior performance across various conditions and object scales.
An ablation study further validates the contributions of our
model. To summarize, our contributions are as follows:
• We propose SSLFusion, a novel multi-stage fusion model

that aligns multi-stage features from LiDAR and camera
data in both scale and space, addressing the challenges of
misalignment and information loss.

• We introduce a Scale-Align Fusion strategy that fuses
features at each stage of the detection pipeline, ensur-
ing alignment of receptive fields for cross-modal fusion
across different scales, while simultaneously reducing fu-
sion information loss during the downsampling process.

• Our 3D-to-2D Space Alignment technique provides a
new approach to imbue 3D spatial position information
into 2D image features, reducing the gap between the two
modalities’ spatial disparities before cross-modal fusion.

• Extensive experimental results on KITTI and DENSE
datasets validate the effectiveness of SSLFusion and its
components, demonstrating its robustness and general-
ization capabilities in various driving scenarios.

Methods
Framework Overview
The overall architecture of SSLFusion is shown in Fig. 2
with four components:(a) an image branch with a 2D back-
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Figure 3: Description of the alignment fusion of different
levels of image features and voxels. (a) and (b) demonstrate
the alignment relationship between the pixels of distant ob-
jects of images and the voxels of the first stage of the 3D
backbone. The voxels contained in distant objects are fewer,
and their quantity further reduces with the downsampling of
3D convolutions. (c) and (d) depict the feature attention of
the first and fourth-level image feature obtained by the im-
age backbone on objects. It can be observed from the figure
that the image features of level 1 have foreground features
for distant objects, while stage 4 only has background fea-
tures. Thus, fusing the Stage 1 voxel in 3D with the image
features of Stage 4 would introduce noisy features.

bone that extracts multi-level image feature maps, (b) a Li-
DAR branch containing multi-stage 3D sparse convolutions
with 3D pyramid fusion, (c) a latent cross-modal fusion
module with space alignment which fuses image features
from the image branch and 3D voxel features from each 3D
sparse convolution stage in the 3D backbone. (d) a 3D object
detection head that generates 3D object locations and classi-
fication scores based on the multi-level fusion features from
multi-stage latent cross-modal fusion modules.

Scale-Aligned Fusion
Most existing feature-level Lidar-Camera fusion 3D ob-
ject detection methods ignore or care less about the scale
alignment in the fusion stage. As shown in Fig. 1, some
early-fusion methods, such as MVX-Net (Sindagi, Zhou,
and Tuzel 2019) and Auto-Alignv2 (Chen et al. 2022b) uti-
lize matrix projection calibration to fuse multi-level im-
age feature maps with single-stage voxel features. While
the latter method introduces cross-modality attention feature
alignment to alleviate the impact of noisy image features,
the detriment remains inevitable. Moreover, the early-fusion
may lead to loss of image modal information during the
multi-stage 3D sparse convolution downsampling process.
LSS (Philion and Fidler 2020) and BEVFusion (Liu et al.

2023) are typical late-fusion methods that utilize depth es-
timation to elevate single or multi-level image features into
three-dimensional space based on depth distribution estima-
tion. However, this process is highly time-consuming and
resource-intensive in terms of computation. Furthermore,
it is constrained by the imprecise nature of depth estima-
tion. To address the aforementioned challenges, we present
a novel approach called Scale-Aligned Fusion. Specifically,
the scale-aligned fusion strategy is devised to mitigate the is-
sue of scale-misaligned information fusion. Additionally, a
3D pyramid fusion block is designed to minimize informa-
tion loss, boost the semantic content of fused features, and
capture details across various scales in 3D space.
Scale-Aligned Fusion Strategy. Features are processed us-
ing downsampling operations across multiple stages in 2D
or 3D convolutional backbones. It results in features of each
stage containing information from different receptive fields.
The goal of the scale-aligned fusion strategy is to sequen-
tially fuse the features from both the 2D and 3D branches at
each stage, which aligns the receptive field information and
prevents the fusion of incorrect information.

For multi-level image features from the image branch,
deeper-level feature maps have smaller sizes, resulting in
each pixel encompassing a larger receptive field. Conse-
quently, these deeper-level feature maps tend to lack fore-
ground information on small objects and primarily con-
tain background information over a broader range, while
shallower-level features exhibit the opposite behavior. Simi-
larly, during the downsampling operation of 3D sparse con-
volution, the number of voxels decreases, akin to the features
in the image branch, with fewer voxels in deeper levels and
more in shallower levels. This discrepancy is evident in 3D
voxel data, where objects further away contain fewer vox-
els, as depicted in Fig. 3, the fusion between the shallow-
stage voxel features of 3D sparse convolution and the deep-
level image features may result in excessive incorporation
of noisy background information. Conversely, performing
scale-corresponding fusion would minimize the fusion of er-
roneous information to the greatest extent possible.
3D Pyramid Fusion Block. Inspired by Feature Pyramid
Network (Lin et al. 2017) and voxel-FPN (Kuang et al.
2020), we propose a 3D pyramid fusion block, following
the 3D sparse convolution backbone, as shown in Fig. 2.
This block processes multi-level fused 3D features from
the backbone by performing layer-wise upsampling using
sparse convolution weights and establishing lateral connec-
tions. These connections add the upsampled 3D features
to corresponding backbone levels, effectively fusing image
features, reducing information loss, and enhancing multi-
scale information. Notably, the upsampling operation in the
3D pyramid fusion block is the inverse of the backbone’s
downsampling, meaning it doesn’t increase the model’s pa-
rameter count, ensuring high computational efficiency.

3D-to-2D Space Alignment
Even though we employ the scale-aligned fusion strategy
to alleviate the scale misalignment issue in cross-space-
modal fusion, some misalignment persists due to the inher-
ent gap between 2D and 3D spaces. DeepFusion (Li et al.
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Figure 4: Structure of Latent Cross-Modal Fusion Module
with 3D-to-2D Space Alignment.

2022c) introduces a technique named Learnable-Align that
utilizes a cross-attention mechanism to dynamically cap-
ture correlations between two modalities. HFMI (Li et al.
2022a) adopts the linear increasing depth discretization
(LID) method (Tang, Dorn, and Savani 2020) to discretize
the depth map generated by the point cloud. It produces
depth bins used to lift 2D feature maps into 3D space for
homogeneous fusion, aiming to mitigate the gap between
modalities. Inspired by previous methods, we introduce a
straightforward yet innovative approach termed 3D-to-2D
space alignment, which simply incorporates spatial location
information of 3D space into 2D features by encoding the
voxel center positions corresponding to image features. By
integrating this 3D space information into the image fea-
tures at each position, we assess them in a trainable man-
ner to alleviate the disparity between the two modalities.
Specifically, in stage j, given the voxels’ center coordinates
vji = (xji , y

j
i , z

j
i ), ∀i ∈ {1, ..., Nj}, calibrate matrix CM

and j th level image feature map Ijfpn ∈ RHj×Wj×C from
the image FPN. We first upsample the image feature map
to the original image size (H,W ) by bilinear interpolation,
termed as Ij ∈ RH×W×C . Then we can get corresponded
sparse image features F j

I ∈ RNj×C by F j
I = vj · CM . The

3D depth-embedding D generated by:
D = sigmoid(fc2(α(fc1(v

j)))), (1)
where fc1 and fc2 represent two fully connected layers,
and α denotes a hyperbolic tangent activation function
(Tanh). After that, we can get the depth-guided sparse
image features F̂ j

I = D · F j
I .

Latent Cross-Modal Fusion
Existing deep feature fusion methods (Li et al. 2022c,a;
Chen et al. 2022c) use cross-modal attention mechanism to
fuse LiDAR and image features, in terms of Q,K, V man-
ner, which could aggregate global cross-modal information
better. However, the quadratic complexity of these methods
is O(N2 · c) for N voxels or points with channel dimension
c. To decrease the space and time complexity in the fusion
stage, we propose a Latent Cross-Modal Fusion strategy for
effectively fusing the sparse image features with their cor-
responding voxel features in a non-local manner inspired by

LatentGNN (Zhang, He, and Yan 2019) and Siamese Rep-
resentation Learning (Chen and He 2021). After obtaining
the 3D-to-2d space-aligned sparse image features F̂I and the
corresponding voxel features V in each stage as depicted in
Fig. 4, these features are initially fed into Siamese MLPs
ϵ. These MLPs are parameters shared, which aim to extract
siamese representation features F s

I and V s, respectively.
The purpose of ϵ is to learn to extract homogeneous informa-
tion between the two modalities. Then F s

I = [xI
1, . . . ,x

I
N ]⊺

and V s = [xV
1 , . . . ,x

V
N ]⊺ are fed into the Efficient Cross-

Modal Interaction(ECMI) to get cross-modal enhanced
features, where xi ∈ Rc is a c channel feature vector and
i indexes the spatial location of the feature vector.
Specifically, inspired by LatentGNN (Zhang, He, and Yan
2019) we introduce two sets of latent features Z =
[z1, . . . , zn]

⊺ for two modalities, respectively, where zi ∈
Rc is a c-channel feature vector and the number of latent
features n ≪ N . Let ZI and ZV denote the latent feature
for image modal and LiDAR modal, respectively. Then we
build an augmented cross-modal graph Gc

L = (Vc
L, Ec

L) with
(2×N)+ (2×n) nodes, Vc

L = VI ∪VI
h ∪VV ∪VV

h , where
VI and VV corresponds to the input features of image and
LiDAR modal and VI

h and VV
h is associated with the latent

features. We also define the graph connectivity by three sub-
sets of the graph edges, EI

v ∪ EV
v ∪ Ec

h, where EI
v and EV

v

denote the connections between VI and VI
h, VV and VV

h ,
respectively. Ec

h are the graph edges within VI
h ∪ VV

h .
Concretely, the Efficient Cross-Modal Interaction con-

sists of three parts as shown in Fig. 5, where the GA rep-
resents Graph Affinity. First, it propagates messages from
input feature nodes to latent nodes to obtain modal-specific
latent features:

zIk =

N∑
i=1

ψ(xIi , θ
I
k)W

⊺xIi , 1 ≤ k ≤ n, (2)

zVk =

N∑
i=1

ψ(xVi , θ
V
k )W⊺xVi , 1 ≤ k ≤ n, (3)

where ψ(xi, θk) encodes the affinity between the input fea-
ture node xi and the latent node zk, and θk is the parameter
of the affinity function.

To achieve non-local cross-modal integration while re-
ducing computational costs and time complexity, we choose
to do cross-attention in the latent space in a graph neu-
ral network manner. We first concatenate the two modal
latent nodes to get cross-modal latent features Zc =
[zI1 , z

V
1 , . . . , z

I
n, z

v
n]

⊺ and latent nodes Vc
h = VI

h ∪ VV
h , then

refine the latent features by propagating information in the
fully connected cross-modal latent subgraph (Vc

h, Ec
h):

z̃ck =

n∑
i=1

f(σk, σk,X)zci , 1 ≤ k ≤ n, (4)

where f(σk, σi,X) represents the data-dependent pairwise
relations between two latent nodes. σk and σi are the param-
eters for node k and i, respectively.

Finally, we split the cross-modal interaction latent nodes
Z̃c back to two modal-specific latent nodes Z̃I and Z̃V . We
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KITTI test set KITTI val set
Car 3D AP Car BEV AP Car 3D AP Car BEV APMethod Modal.

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
PointRCNN (Shi, Wang, and Li 2019) L 87.0 75.6 70.7 92.1 87.4 82.7 88.9 78.6 77.4 - - -
PV-RCNN (Shi et al. 2020a) L 90.3 81.4 76.8 95.0 90.7 86.1 92.6 84.8 82.7 95.8 91.1 88.9
Voxel-RCNN† (Deng et al. 2021) L 90.9 81.6 77.1 94.9 88.8 86.1 92.4 85.3 82.9 95.5 91.3 89.0
M3DETR (Guan et al. 2022) L 90.3 81.7 77.0 94.4 90.4 86.0 92.3 85.4 82.9 - - -
Octr (Zhou et al. 2023) L 90.9 82.6 77.8 93.1 89.6 86.7 89.8 87.0 79.3 - - -
MVXNet (Sindagi, Zhou, and Tuzel 2019) L+C 83.2 72.7 65.2 89.2 85.9 78.1 85.5 73.3 67.4 89.5 84.9 79.0
CLOCs (Pang, Morris, and Radha 2020) L+C 89.2 82.3 77.2 92.9 89.5 86.4 92.8 85.9 83.3 93.5 92.0 89.5
Focals Conv (Chen et al. 2022a) L+C 90.6 82.3 77.6 92.7 89.0 86.3 - - - - - -
VPFNet (Zhu et al. 2022) L+C 91.0 83.2 78.2 93.9 90.5 86.3 - - - - - -
CAT-Det (Zhang, Chen, and Huang 2022) L+C 89.9 81.3 76.7 92.6 90.1 85.8 90.1 81.5 79.3 - - -
HMFI (Li et al. 2022b) L+C 88.9 81.9 77.3 93.0 89.2 86.4 - 85.1 - - - -
DVF (Mahmoud, Hu, and Waslander 2023) L+C 89.4 82.5 77.6 93.1 89.4 86.5 93.1 85.8 83.1 96.2 91.7 89.2
MLF-Det (Lin et al. 2023) L+C 91.2 82.9 77.9 93.4 89.8 84.8 89.7 87.3 79.3 - - -
GraphAlign (Song et al. 2023) L+C 90.9 82.2 79.7 94.5 90.7 88.3 92.4 87.0 84.7 95.7 92.8 91.4
SSLFusion(Ours) L+C 91.4 84.4 80.0 94.9 91.3 88.6 94.1 85.7 85.4 95.6 91.6 91.4

Table 1: Comparison of our model with state-of-the-art models on the KITTI test and validation sets for the car class. ’Mod.’
indicates the moderate difficulty level, and † denotes the baseline method. The best results are highlighted in bold. L and C
stand for the LiDAR and Camera modalities, respectively.
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Figure 5: Structure of Efficient Cross-Modal Interaction.

update the input features by propagating the messages from
the latent nodes back to the feature nodes:

x̃I
k = α(

n∑
k=1

ψ(xI
i , θk)z̃k), 1 ≤ i ≤ N, (5)

x̃V
k = α(

n∑
k=1

ψ(xV
i , θk)z̃k), 1 ≤ i ≤ N, (6)

where α is an activation function. The output of the final
step is pulsed by the input feature as residual connection,
in terms of output are F̃I = [x̃I

1 + xI
1, . . . , x̃

I
N + xI

N ] and
Ṽ = [x̃V

1 + xV
1 , . . . , x̃

V
N + xV

N ]. This process does not re-

quire explicitly maintaining the full affinity matrix and sig-
nificantly reduces the computational cost. Our method only
has linear complexity in terms of graph size, i.e.,O(N ·c ·n)
and achieves N/n times speed-up compared to QKV-based
cross attention operations.

After getting the cross-modal interaction features F̃ I and
Ṽ from Efficient Cross-Modal Interaction aforementioned,
we can get the final fused feature by:

Ff = FuseConv(attenI(F
s
I + V s) · F̃I

+attenV (F
s
I + V s) · Ṽ ),

(7)

where attenI and attenV are MLPs comprising two fully
connected layers, a ReLU, and a Sigmoid. The learned at-
tention weights from attenI and attenV effectively balance
the contributions from image and point cloud features. The
Fusion block contains a fully connected layer with a norm
layer and a ReLU activation function.

Experiments
Datasets and Metrics
KITTI Dataset. The KITTI dataset stands as one of the
most widely used multimodal 3D object detection datasets.
It comprises 7481 training samples and 7518 testing sam-
ples consisting of RGB images and LiDAR point clouds,
along with annotated 3D bounding boxes and object cate-
gories. Due to the unavailability of ground truth for the test
set, we follow common practice (Shi et al. 2020a; Deng et al.
2021; Sindagi, Zhou, and Tuzel 2019) and split the train-
ing samples into two sets: the train split set (referred to as
the train set) comprising 3712 samples and the validation
split set (referred to as the val set) comprising 3769 samples.
When conducting the ablation studies, we train the model on
the train set and evaluate its performance on the val set. For
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evaluating results on the test set, we utilize the entire training
samples, which include both the train and val sets. The re-
sults on the test set are obtained by uploading to the server.
We evaluate the performance using 3D and BEV Average
Precision (AP) calculated from 40 recall positions. The In-
tersection over Union (IoU) thresholds for cars, cyclists, and
pedestrians are set to 0.7, 0.5, and 0.5, respectively.
DENSE Dataset. DENSE Dataset serves as an object de-
tection benchmark specifically designed to evaluate algo-
rithms in challenging adverse weather conditions. Follow-
ing the previous works (Hahner et al. 2021; Nisar, Anand,
and Waslander 2023), we set a train-validation-test split ratio
of 60%, 15%, and 25%, respectively. Additionally, frames
containing fewer than 3000 LiDAR points within the cam-
era field of view are filtered out. The train split contains all
weather conditions, including clear day, clear night, dense
fog, light fog and snow. We evaluate all models on two main
conditions in the test split, namely all weather and dense fog.
Specifically, the all weather test set comprises 2998 scenes
and the dense fog test set comprises 88 scenes. Our experi-
ments leverage the DENSE Dataset to evaluate the effective-
ness of our proposed approach under diverse weather condi-
tions. As the same as the KITTI dataset, we choose the 3D
and BEV AP calculated from 40 recall positions. Addition-
ally, the IoU threshold for cars is set as 0.5.

Implementation Details
Since the KITTI and DENSE datasets only provide the field
of vision annotations and RGB images, we set the voxel size
as (0.05, 0.05, 0.1) meters with the point cloud in the range
of [0, 70.4], [-40.0, 40.0], and [-3.0, 1.0] meters along the
X, Y, and Z axes, respectively. And the image resolutions
are set to 1224 × 370 pixels and 1920 × 1024, respectively.
For training on both datasets, ResNet50 (He et al. 2016) with
traditional feature pyramid network (FPN (Lin et al. 2017))
is chosen as the image backbone. We employed the Voxel-
RCNN (Deng et al. 2021) head as the Region of Interest
(ROI) head and a regular anchor head for the network. Our
model is trained from scratch in an end-to-end manner us-
ing the AdamW optimizer and the one-cycle policy with a
learning rate of 0.01 with epoch 80. The batch size is set as
16 and 4 for KITTI and DENSE datasets, respectively.

Results on KITTI Dataset
Comparison on test set. Here, we evaluate the performance
on the KITTI test set for car class. We compare our pro-
posed SSLFusion with other state-of-the-art methods. The
results are reported in Table 1. It can be observed that SSL-
Fusion outperforms the state-of-the-art methods in terms of
3D AP across all levels. Additionally, it achieves superior
performance in terms of BEV AP on both moderate and
difficult levels. Compared with the baseline method Voxel-
RCNN (Deng et al. 2021), our SSLFusion increases the 3D
AP by 2.76% and 2.98% on moderate and hard difficulty
levels, respectively. Additionally, it enhances the BEV AP
by 2.43% and 2.42% on moderate and hard difficulty lev-
els, respectively. Among existing multimodal 3D object de-
tection methods, the recently proposed VPFNet (Zhu et al.

Method Modal. Cyc. 3D AP Ped. 3D AP
Easy Mod. Hard Easy Mod. Hard

VoxelNet L 67.2 47.7 45.1 57.9 53.4 48.9
SECOND L 78.5 56.7 52.8 58.0 51.9 47.1

PointPillars L 82.3 59.3 55.3 58.4 51.4 45.2
PointRCNN L 83.7 66.7 61.9 63.3 58.3 51.6

Octr L 85.3 70.4 66.2 61.5 57.2 52.4
Voxel-RCNN†

∗ L 90.1 71.8 68.3 64.5 58.5 53.3
Point-Fusion L+C 49.3 29.4 27.0 33.4 28.0 23.4

MVXNet L+C 73.1 54.6 51.4 61.2 55.7 52.2
CLOCs L+C 90.3 64.8 59.6 60.3 54.2 46.4

SSLFusion L+C 93.0 74.3 71.6 66.0 60.4 56.2

Table 2: Performance comparison on KITTI val set for Cy-
clist and Pedestrian classes, † means baseline models and ∗
means our re-implementation results. Cyc. and Ped. denote
the Cyclist and Pedestrian classes respectively.

2022) reports the best results on the moderate level. Com-
pared with VPFNet, our SSLFusion achieves improvements
of 1.17% on the moderate level.
Comparison on val set. Here, our SSLFusion is compared
with recent state-of-the-art methods on the KITTI val set
specifically for the car class. Table 1 gives the results. Our
SSLFusion obtains the best results on the easy and hard
levels in 3D AP. Our SSLFusion outperforms Voxel-RCNN
with an absolute gain of 1.73%, 0.42%, and 2.50% on the
easy, moderate, and difficult levels, respectively, in terms of
3D AP. It can be observed that among the three difficulty
levels, the most substantial improvement occurred in the dif-
ficult level, indicating employing our method to aggregate
image features into point cloud features can effectively en-
hance the detection accuracy of hard samples. In addition,
we also report the performance on the KITTI val set for cy-
clist and pedestrian classes. As shown in Table 2. It can be
observed that our method obtain the best performance on
cyclist and pedestrian classed on the KITTI val set across
all difficulty levels in both 3D AP and BEV AP. The results
for cyclist and pedestrian classes demonstrate the robustness
and effectiveness of our SSLFusion. Additionally, we test
the inference time of SSLFusion on an NVIDIA RTX 3090
GPU, it achieves around 11.3 frames per second (FPS).

Results on DENSE Dataset
To evaluate generalization and weather robustness, we
conduct experiments on the DENSE dataset, which com-
prises various weather conditions. Different from KITTI,
the DENSE dataset lacks an official leaderboard server for
comparing the detection performance of existing methods.
Therefore, for fair comparisons, we train some recent 3D ob-
ject detectors, including SECOND (Yan, Mao, and Li 2018),
Part-A2 (Shi et al. 2020b), Voxel-RCNN, VoxelNeXt (Chen
et al. 2023) and MVXNet, using the same dataset and
the code provided by MMDetection3D (Contributors 2020)
and OpenPCDet (Team 2020). The results for both the all
weather and dense fog sets are presented in Table 3. It can be
observed that SSLFusion outperforms state-of-the-art meth-
ods in terms of 3D and BEV AP across all difficulty levels
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3D AP BEV APW Method Easy Mod. Hard Easy Mod. Hard
SECOND 65.7 63.1 59.1 69.9 68.2 64.6

PartA2 64.7 61.6 56.7 69.1 67.2 62.6
MVXNet 71.8 70.4 65.8 75.7 75.3 71.2

Voxel-RCNN† 72.0 69.7 67.0 73.3 72.0 69.4
VoxelNeXt 73.2 71.6 68.7 77.0 75.7 72.9

AW

SSLFusion 81.4 79.0 74.0 84.7 82.3 77.3
SECOND 56.3 58.8 55.0 63.2 64.7 62.2

PartA2 50.6 51.0 46.7 57.7 58.9 56.1
MVXNet 60.0 60.9 58.1 63.8 66.2 63.3

Voxel-RCNN† 69.0 69.3 66.2 72.2 73.2 69.8
VoxelNeXt 66.0 66.5 63.1 71.0 72.0 69.0

DF

SSLFusion 78.2 76.4 71.8 82.4 80.5 77.9

Table 3: Performance comparison on the DENSE test set for
the Car class, including all-weather and dense fog splits. †
means baseline models. W, AW and DF refer to weather
split, all-weather set and dense fog set, respectively. Best in
bold.

Method SAF SAM LFM 3D AP
Easy Mod. Hard

Baseline - - - 92.38 85.29 82.86

Ours
✓ - - 92.93 85.50 83.01
✓ ✓ - 93.91 85.67 84.75
✓ ✓ ✓ 94.12 85.71 85.36

Improvements +1.74 +0.42 +2.50

Table 4: Effect of each component of our SSLFusion on
KITTI val set for the car class.

in both the all-weather and dense fog sets. Among exist-
ing methods, VoxelNeXt reports the best results on the all
weather set with 3D AP of 73.17%, 71.64%, and 68.73%
and BEV AP of 76.94%, 75.66%, and 72.93% across all
difficulty levels. Our SSLFusion method outperforms Vox-
elNeXt, achieving an absolute gain of 8.22%, 7.39%, and
5.27% in terms of 3D AP across difficulty levels, as well as a
gain of 7.75%, 6.65%, 4.4% in terms of BEV AP across dif-
ficulty levels. Additionally, on the dense fog set, the Voxel-
RCNN reports the best results among existing methods with
3D AP of 69.03%, 69.31%, 66.24% and BEV AP of 72.23%,
73.18%, 69.79% across all difficulty levels. Our SSLFusion
achieves superior results with 3D AP of 78.15%, 76.36%,
71.76% and BEV AP of 82.42%, 80.47%, 77.90% across all
difficulty levels. This observation highlights the superior de-
tection accuracy achieved by our method under various com-
plex weather conditions in the real world, demonstrating the
robustness and generalization capability of our approach.

Ablation Study
In this section, we perform an ablation study to analyze the
impact of each component of our SSLFusion, including the
Scale-Aligned Fusion (SAF), 3D-to-2D Space Alignment
Module (SAM), and Latent Cross-Modal Fusion Module
(LFM), on the KITTI val set for the car class. The Voxel

RCNN is chosen as the baseline method. The results are
given in Table 4. It can be observed that compared with the
baseline method, our SSLFusion obtains an absolute gain of
1.55% of average 3D AP over three difficulty levels.
Effect of Scale-Aligned Fusion Strategy (SAF). From Ta-
ble 4, it is evident that SAF leads to performance gains of
0.55%, 0.21%, and 0.15% in terms of 3D AP on the easy,
moderate, and hard difficulty levels, respectively. The per-
formance improvements can be attributed to SAF signifi-
cantly reducing irrelevant information during fusion while
minimizing disparities between the two modalities. This is
achieved by aggregating features extracted from images and
LiDAR point clouds in a scale-aligned manner, provides
stronger hierarchical information for scale-aligned fused
features and significantly reduces information loss during
downsampling through its substantial residual connections.
Effect of 3D-to-2D Space Alignment Module (SAM).
From Table 4, we can observe that the 3D-to-2D Space
Alignment Module (SAM) can bring 0.98%, 0.17%, and
1.74% performance gains in terms of 3D AP on the easy,
moderate, and hard difficulty level, respectively. The most
significant gains are observed on hard difficulty levels, in-
dicating that SAM is particularly effective at handling chal-
lenging examples. This is mainly attributed to the fact that
SAM incorporates 3D information from the 3D voxels with
image features to achieve 3D-to-2D space alignment.
Effect of Latent Cross-Modal Fusion Module (LFM).
From Table 4, it can be observed that LFM enhances the 3D
AP by 0.21%, 0.04%, and 0.61% on the easy, moderate, and
hard difficulty levels, respectively. The performance gain
highlights the significance of our LFM, which enriches the
non-local context information during feature fusion between
the two modalities. This enrichment is useful in inferring the
existence and locations of objects. Additionally, compared
to the QKV-based attention fusion method on single-stage
fusion, our latent cross-modal fusion achieves better accu-
racy (86.68% vs. 86.49%) and faster inference (10.75 FPS
vs. 9.69 FPS), further demonstrating its efficiency.

Conclusion
In this work, we introduce SSLFusion, a novel approach for
multimodal 3D object detection that focuses on aligning the
scale and spatial discrepancies between features from 2D
images and 3D point clouds. Our SSLFusion leverages a
multi-stage fusion strategy that integrates features from both
modalities, ensuring a more coherent and discriminative rep-
resentation. A key contribution of SSLFusion is the Scale-
Aligned Fusion Strategy, which mitigates scale misalign-
ment by fusing two modalities features at each stage of the
detection pipeline. The 3D-to-2D Space Alignment module
reduces the inter-modal gap by attributing 3D spatial infor-
mation to 2D features. Additionally, the Latent Cross-Modal
Fusion module efficiently and effectively captures non-local
contexts by introducing latent space, which significantly re-
duces computation time and improves detection accuracy.
Experiments conducted on the KITTI and DENSE datasets
demonstrate SSLFusion’s superior performance. It outper-
forms existing state-of-the-art methods and showcases its ro-
bustness under various conditions and object scales.
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