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Multi-Sem Fusion: Multimodal Semantic Fusion for
3D Object Detection
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Abstract—LIDAR and camera fusion techniques are promising
for achieving 3D object detection in autonomous driving. Most
multi-modal 3D object detection frameworks integrate semantic
knowledge from 2D images into 3D LiDAR point clouds to
enhance detection accuracy. Nevertheless, the restricted reso-
lution of 2D feature maps impedes accurate re-projection and
often induces a pronounced boundary-blurring effect, which is
primarily attributed to erroneous semantic segmentation. To
address these limitations, we present the Multi-Sem Fusion (MSF)
framework, a versatile multi-modal fusion approach that employs
2D/3D semantic segmentation methods to generate parsing results
for both modalities. Subsequently, the 2D semantic information
undergoes re-projection into 3D point clouds utilizing calibration
parameters. To tackle misalignment challenges between the 2D
and 3D parsing results, we introduce an Adaptive Attention-based
Fusion (AAF) module to fuse them by learning an adaptive fusion
score. Then the point cloud with the fused semantic label is sent
to the following 3D object detectors. Furthermore, we propose a
Deep Feature Fusion (DFF) module to aggregate deep features
at different levels to boost the final detection performance. The
effectiveness of the framework has been verified on two public
large-scale 3D object detection benchmarks by comparing them
with different baselines. And the experimental results show that
the proposed fusion strategies can significantly improve the
detection performance compared to the methods using only point
clouds and the methods using only 2D semantic information.
Moreover, our approach seamlessly integrates as a plug-in within
any detection framework.

Index Terms—3D Object Detection, Multimodal Fusion, Self-
Attention

I. INTRODUCTION

SION-BASED perception tasks, like 3D Object Detec-
tion, semantic segmentation, and lane detection, have
been extensively studied with the development of Autonomous
Driving(AD) and intelligent transportation systems. Among
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Fig. 1: The proposed Multi-Sem Fusion (MSF) is a general multi-
modal fusion framework which can be employed for different 3D
object detectors. a) is the result of our framework on the KITTI
test split on both 3D detection and BEV detection mAP. b) gives
the performance of our proposed framework on the public nuScenes
benchmark on both NDS and mAP.

them, LiDAR-based 3D Object detection is the mainstream of
current research. The depth information can be easily obtained
from LiDAR sensors to localize objects. However, the texture
and color information has been totally lost due to the sparse
scanning. Therefore, False Positive (FP) detection and wrong
categories classification often arise for LiDAR-based object
detection frameworks.

On the other hand, images can provide details texture
and color information while the depth information has been
totally lost. The fusion method with various sensor data is
an encouraging way for boosting the perception performance
of AD. Generally, Wang et al. [I] shows that multi-modal
fusion approaches in object detection tasks can be divided
into early fusion-based [2], [3], cascade fusion-based [4]-
[©] and late fusion-based approaches [10]. Early fusion-based
approaches aim to create a new type of data by directly
combining the raw data before inputting it into the detection
framework. Typically, such methods require pixel-level corre-
spondence between different sensor data types. Different from
the early fusion-based methods, late fusion-based approaches
fuse the detection results at the bounding box level. While
deep fusion-based methods usually extract the features with
different types of deep neural networks first and then fuse
them at the features level. Currently, most multi-modal 3D
object detection frameworks leverage semantic information
from 2D images to improve detection accuracy in 3D LiDAR
point clouds. For instance, PointPainting [3] , a classic early
fusion-based approach, takes both the point cloud and 2D
image semantic predictions as input and outputs detection
results, which can be utilized with any LiDAR-based 3D object
detector implemented using either point cloud or voxel-based
frameworks.
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Fig. 2: (a) shows the point cloud with the 2D segmentation results,
where the frustum within the blue line highlight indicates misclas-
sified areas due to the blurring effect at the object’s boundary; (b)
displays the 3D segmentation results, where misclassified points are
colored in red; (c) and (d) show the results based on 2D painted
point cloud (with an obvious False Positive (FP) Detection) and the
proposed Multi-Sem Fusion (MSF) framework respectively.

However, the blurring effect at object’s boundary often
happens inevitably in image-based semantic segmentation
methods. This effect becomes much worse when reprojecting
the 2D semantic projections into the 3D point clouds. An
example of this effect has been shown in Fig. 2. Taking the
big truck at the left bottom of the sub-fig, an instance of
this issue is illustrated in Fig. 2-(a), the significant frustum
area in the blue line highlight of the background (i.e., orange
points) incorrectly classified as foreground due to inaccurate
projection. Additionally, the re-projection of 3D points onto
2D image pixels is not a one-to-one process because of
the digital quantization and many-to-one projection issues.
Notably, segmentation results from the 3D point clouds as seen
in Fig. 2-(b) outperform the 2D image at obstacle boundaries.
However, the category classification from 3D point clouds
often yields worse results (as demonstrated by points in red)
when compared to the 2D image, primarily due to the loss of
detailed texture information in point clouds.

The effectiveness of utilizing 2D image semantic informa-
tion for 3D object detection has been demonstrated, despite the
presence of some semantic errors. However, a natural question
arises: can the final detection performance be further improved
by fusing both the 2D and 3D semantic results in an effective
way? To address this question, we introduce a general multi-
modal fusion framework Multi-Seg Fusion which fusing the
multi-modal data at the semantic level to improve the final 3D
object detection performance. First of all, we obtain the 2D/3D
semantic information throughout 2D/3D parsing approaches
by using images and raw point clouds. Then, each point has
two types of semantic information after projecting point clouds
onto 2D semantic images based on the intrinsic and extrinsic

calibration parameters. However, the semantic results conflict
usually happens for a certain point, rather than concatenating
the two types of information directly, we propose an AAF
strategy to fuse different types of semantic information in
point or voxel-level adaptive manner. It’s achieved by the
learned context features with the self-attention mechanism.
Specifically, attention scores are learned for each point or
voxel to balance the importance of the two different semantic
results.

Furthermore, in order to detect objects with different sizes
in an efficient way, a DFF module is proposed here to fuse the
features at multi-scale receptive fields and a channel attention
network to gather related channel information in feature map.
Then the fused features are passed for the following classifi-
cation and regression heads to generate the final detection.

The results on both the KITTI and nuScenes dataset test
splits are illustrated in Fig. 1. The figures distinctly showcase
that our framework attains SOTA results, surpassing other
recent SOTA methods in whether single-modality or multi-
modality 3D object detection methods. These extensive ex-
periment results serve to underscore the effectiveness of our
proposed framework.

Compared to the FusionPainting [11], We enhanced it
with new relevant state-of-the-art methods, theoretical devel-
opments, and experimental results. This work significantly
improves the 3D object detection accuracy hugely on the
nuScenes 3D object detection benchmark. Moreover, we also
evaluate the proposed framework on the KITTT 3D object
detection dataset, and the experimental results on both public
datasets demonstrate the superiority of our framework. In
generally, this work can be characterized by the following
contributions:

1) The proposed Multi-Sem Fusion framework offers a
general approach for multi-modal fusion at semantic
level, which improves 3D object detection performance
by integrating multi-modal data.

2) Rather than combining different semantic results di-
rectly, an adaptive attention-based fusion module is
proposed to fuse different kinds of semantic information
at point or voxel-level by learning the fusion attention
scores.

3) Furthermore, a deep feature fusion module is proposed
to fuse deep features at different levels to better detect
objects of various sizes. This is achieved by fusing deep
features extracted from different layers of the network
and channel attention technology.

4) The proposed fusion framework for 3D object detection
is evaluated on two public benchmarks, demonstrating
its superiority and achieving state-of-the-art (SOTA)
results on the KITTI and nuScenes dataset. Taking
the proposed framework as the baseline, we also won
the champion in the fourth nuScenes object detection
challenge at ICRA Workshop.

II. RELATED WORK

A. Single-sensor 3D Object Detection

Typically, the classification of single-sensor 3D Object De-
tection methods can be categorized into two groups: LiDAR-
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based and image-based approache, which take LiDAR point
cloud and image-captured data as inputs, respectively.

LiDAR-only. The existing LIDAR-based 3D object detec-
tion methods can be generally categorized into three main
groups as projection-based [12]-[16], voxel-based [17]-[23]
and point-based [24], [25]. SECOND [17] proposes a sparse
convolution operation to replace heavy 3D convolutions for
faster inference. CenterPoint [26] presents an anchor-free
approach for 3D object detection and achieves state-of-the-
art performance on the nuScenes benchmark. PointPillars [27]
divides points into vertical columns and extracts features
with PointNet [28], allowing for use in 2D object detection
pipelines for 3D object detection. [25], [29]-[31] also im-
proved discriminative feature learning.

Camera-only. In previous image-based 3D object detection
methods, features are extracted by constructing a network from
either single or multiple images for predicting 3D bounding
boxes. Some monocular-based approaches [32], [33] attempt
to regress and predict 3D boxes directly from a single image,
while others [34], [35] suggest constructing intermediate-level
representations and performing detection on top of them.
Depth estimation [36], [37] has also been used to enhance 3D
detection ability due to its necessity in the process. Another
approaches [38], [39] for obtaining relatively accurate depth
use stereo or multi-view images to create 3D geometry vol-
umes for object detection. However, although depth estimated
from multi-view images is better than that from a single image,
it still lags behind the accuracy achieved with point clouds.

B. Multi-sensors Fusion-based 3D Object Detection

Multi-modal 3D object detection utilizes the advantages of
both structure information in point cloud and textures infor-
mation in image [40], [41],. F-PointNet [42], PointFusion [43]
and [44] generate object proposal in the 2D image first and
then fuse the features of image and point cloud for 3D BBox
generation. CasA [23] achieves high detection performance
based on three-stage refinement. VirConv [45] is a virtual-
point-based multimodal 3D object detection which addressed
the density and noise problems. HANet [46] presents a novel
representation of point clouds (3-D heatmap), which obtains a
Gaussian response to the Euclidean distance between points
and achieves well performance. Multi-task fusion [47] has
been proven to be effective in various tasks, such as jointing
semantic segmentation with 3D object detection tasks as
demonstrated in [24]. Using the frustum-based association
method, CenterFusion [48] focuses on the fusion of radar
and camera sensors. It associates the radar detections with
objects in the image and creates radar-based feature maps
to supplement the image features through a middle-fusion
approach.

Transformers technology has achieved remarkable success
in 2D detection. Building on this success, recent approaches
such as TransFusion [0], AutoLignV2 [49], and Deeplnterac-
tion [50] have extended the application of Transformers to 3D
object detection. These methods leverage Transformers for fea-
ture interaction between multi-modal data, marking a paradigm
shift in the field. The core concept of such methods involves

leveraging deformable attention to dynamically adjust feature
aggregation to address the challenging projection problem and
facilitate the integration of image semantic features into voxel
features. This integration proves beneficial for the downstream
detection task. 3D perception conducted in bird’s eye-view
(BEV) has attracted immense attention in recent years. Such
interest is attributed to BEV’s capacity to provide a physics-
interpretable approach for fusing information from various
views, modalities, time series, and agents. BEVFusion [7], [51]
applies a lift-splat-shoot (LSS) operation to project image fea-
ture onto bird’s eye view(BEV) space and concatenates it with
LiDAR feature. UVTR [52] generates a unified representation
in the 3D voxel space by deformable attention. How to align
and integrate features from multi-modality input plays a vital
role and thereby leaves extensive space to innovate.

III. MULTI-SEM FUSION FRAMEWORK

As shown in Fig. 3 provides an overview of the Multi-
Sem Fusion framework which is designed to fully leverage the
information obtained from a variety of sensors, we advocate
fusing them at two different levels. First, the two types of
information are early fused by painting the point cloud with
both the 2D and 3D semantic parsing results. To handle the
inaccurate segmentation results, an AAF module is proposed to
learn an attention score for different sensors for the following
fusion purpose. By taking the points together with fused
semantic information as inputs, deep features can be extracted
from the backbone network. By considering that different-
sized object requires different levels features, a novel DFF
module is proposed to enrich features from the backbone with
different levels for exploring the global context information
and the local spatial details in a deep way. Our framework
comprises three primary models: a multi-modal semantic
segmentation module, an Adaptive-attention fusion (AAF)
module, and a deep feature fusion (DFF) module. To obtain
the semantic segmentation from both RGB images and LiDAR
point clouds, we can leverage any existing 2D and 3D scene
parsing approaches. Then the 2D and 3D semantic information
are fused by the AAF module. Bypassing the points together
with fused semantic labels into the backbone network, the DFF
module is used to further improve the results by aggregating
the features information within various receptive fields and a
channel attention module.

A. 2D/3D Semantic Parsing

2D Image Parsing. By incorporating 2D images into our
approach, we can leverage their rich texture and color in-
formation to complement the analysis of 3D point clouds.
For acquiring 2D semantic labels, a modern semantic seg-
mentation method is employed here for generating pixel-
wise segmentation results. More importantly, the proposed
framework allows for the use of a wide range of state-of-the-
art segmentation approaches without requiring modification.
This agnostic approach enables researchers and practitioners to
more easily leverage their preferred segmentation models and
techniques (e.g., [53]-[55], etc). We employ Deeplabv3+ [53]
for generating the semantic results here. The network takes
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Fig. 3: Overview of the proposed Multi-Sem Fusion framework. We first obtain the semantic information from both input point clouds and
2D images with 2D and 3D parsing approaches. The semantic information from the two types of data is then fused at the semantic level
using the proposed AAF module. Furthermore, a DFF module is also proposed to fuse the deep features at different spatial levels to boost
the detection for accurate kinds of size object. Finally, fused features are sent to the detection heads for producing the final detection results.
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Fig. 4: The architecture of the proposed AAF module for 2D/3D semantic fusion. The proposed framework leverages the input points and
2D/3D semantic results to learn attention scores throughout an adaptive attention network, which are then used to paint the raw points or

voxel with adaptive 2D/3D semantic labels

2D images as input and produces pixel-wise semantic classes
scores for both the foreground and background categories.
Assuming that the obtained semantic map is S € RWX"*m,
where (w, h) is the input image size and m is the number of
category. By employing the intrinsic and extrinsic matrices, the
2D semantic information can be easily re-projected into the 3D
point cloud. Specifically, by assuming that the parameter of the
intrinsic matrix is K € R3*3, extrinsic matrix M € R3*4 and
the original 3D points clouds is P € RYV*3, we can derive the
projection of the LiDAR 3D point cloud onto the camera as
Eq.(1) shown:

P’ = Proj(K, M, P), (1)
where P’ represent the LIDAR point in camera coordinates
and “Proj” denote the projection process. By this projection,
we can assign the semantic segmentation results obtained
from the 2D image to their corresponding 3D points which
is denoted by Pyp € RVX™,

3D Point Cloud Parsing. As we have mentioned above, pars-
ing results from the point clouds can well overcome the bound-

ary blur influence while keeping the distance information.
Similar to the 2D image segmentation, any SOTA 3D parsing
approach can be employed here [56]-[58]. We employ the
Cylinder3D [59] for generating the semantic results because of
its impressive performance on the AD scenario. More impor-
tantly, the ground truth point-wise semantic annotations can be
generated from the 3D object bounding boxes roughly while
any extra semantic annotations are not necessary. Specifically,
for assigning semantic labels to the 3D points, we directly
assign class labels to the points inside a 3D bounding box for
foreground instances, while considering points outside all the
3D bounding boxes as the background. This approach enables
our proposed framework to work directly on 3D detection
benchmarks without requiring additional point-wise semantic
annotations. After training the network, we will obtain the
parsing results which is denoted by P3p € RV*™,

B. Adaptive Attention-based 2D/3D Semantic Fusion

As mentioned in previous work PointPainting [3], 2D se-
mantic segmentation network have achieved impressive per-
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formance, however, the blurring effect at the shape boundary
is also serious. Therefore, the point clouds with 2D semantic
segmentation usually have misclassified regions around the
objects’ boundary as shown in the frustum region in Fig. 2 (a)
The points behind the big truck has been totally misclassified.
On the contrary, the parsing results from the 3D point clouds
usually perform a clear and accurate object boundary without
blurring effect e.g., Fig. 2(b). However, the disadvantages of
the 3D segmentor are also obvious. One drawback is that
without the color and texture information, the 3D segmentor
is difficult to distinguish these categories with similar shapes
from the point cloud-only. In order to boost advantages while
suppressing disadvantages, an AAF module has been proposed
to adaptively combine the 2D/3D semantic segmentation re-
sults. Then the Optimized semantic information is ready for
the following 3D object detectors backbone to further extract
the enhanced feature to improve the final object detection
accuracy results.

AAF Module. The detailed architecture of the proposed
AAF module is depicted in Fig. 4. The input point clouds are
defined as a set of points {P;,7 = 1,2,3...N}, with each point
P, containing (z,y, z) coordinates and other optional infor-
mation such as intensity. In the following context, we’ll focus
solely on the coordinates that meaning only the coordinates
(z,y, z) are considered as input data. Our objective is to de-
velop an efficient strategy for integrating semantic information
from both 2D images and 3D point clouds.. Here, we propose a
novel approach that employ the adaptive attention fusion(AAF)
module to learn each cell attention score in voxel level or
point level to adaptively combine the two types of semantic
results. Specifically, the module begins by concatenating the
point clouds coordinate attributes (x, y, z) and 2D/3D semantic
segmentation labels to obtain a fused point clouds with the
shape of N x (2m + 3). In order to reduce memory consump-
tion during the fusion process, we have implemented a voxel-
level fusion approach instead of operating at the point level.
To achieve this, the point clouds are first evenly divided into
voxels, and the voxels are represented as {V;,i = 1,2, 3...E},
where E is the overall count of the voxels. Specially, each
voxel cell V; = (P;, Vi, Vip) € RMX(2m+3) containing a
fixed number of M points, and each point attributes consist
of P;, Vip, Vé p Which represent point coordinates, predicted
2D and 3D semantic segmentation results vector respectively.
To ensure consistency across voxels, we utilize a sampling
technique to maintain a fixed number of points in each voxel.
Subsequently, we utilize local and global feature aggregation
techniques to calculate attention weights for each voxel, which
help to determine the relative importance of 2D and 3D
semantic segmentation labels. In other words, the AFF module
chooses which category of 2D/3D semantic information should
be trusted in the voxel.

In order to get local features, we utilize a PointNet [28]-
like module to extract voxel-wise information within each non-
empty voxel. Specifically, for the i-th voxel, the corresponding
local feature is represented as:

‘/1' = f(p17p27 e ap]\l) = ,:I%la‘XM{MLPl(pi/)} € RCla

Z @)

where {pi/,i/ = 1,2,3...M} indicates the LIDAR points
insize each voxel. MLP;(-) and max represent the muti-
layer perception (MLP) and max-pooling module, respec-
tively. Specifically, MLP;(-) is composed of a linear layer,
a batch normalization layer, an activation layer. Throughout
the network, we got outputs for each voxel local feature with
C7 channels. For global feature information, we aggregate
information based on the E voxels where F is the total number
of voxels. First, we employ a MLP,(-) module to rich each
voxel features from C; dimensions to Co. Then, we apply
another PointNet-like module on all the voxels as follows
expression:

Vglobal - f(Vh ‘/27 T 7VE) = l_I{IaXE{MLPQ(‘/Z)} € Rcz'

3)
To obtain the final fused local and global features, we expand
the global feature vector Vo4 to the same size as the number
of voxels and then concatenate it with each local feature V.
This operation creates a combined feature representation for
each voxel that captures both local and global information as
%l c REX(C1+C2)

After getting fused features V; from the network, we can
estimate an attention score of two kinds of semantic informa-
tion results for each point in voxel throughout another MLP
module MLP,;(-) on Vg and a Sigmod activation function
o(-). Then, we multiply the resulting attention confidence
score with corresponding one-hot semantic vectors for each
voxel, as shown in Eq. (4), Eq. (5):

Vi s=Vipx O(MLPatt(til))a “4)
Vi 1 =Vip x (1 —o(MLP.u(Vy)))) (%)

where Vi, and V%, are the point labels in each voxel
from 2D and 3D semantic segmentation results which are
encoded with one-hot format. The final semantic vector V;mal
of each voxel can be obtained by concatenating or element-
wise addition of V! ;. and V! 4.

After undergoing the Sigmoid operation, the resulting values
fall within the range of O to 1, The weighted semantic
information, represented as V, g and V, 1 is obtained by
element-wise multiplication with their respective semantic
result vectors.

Vfinal =Vaur+Vas (6)

The augmented fusion information is aggregated according
to Eq. (6) shown. Following this, the resultant information is
seamlessly integrated with the raw voxel features (x,y, z). Fi-
nally, the enhanced results denoted as V f;nq1 € REXMx(m+3)
which intricately captures adaptively weighted insights derived
from both 2D and 3D semantic labels.

For point-level operations, it is imperative to treat each point
feature as a local feature and leverage neighboring points’
features, rather than considering the entire point cloud feature
as the global feature. These enhanced features are then fed into
Eq. (4), Eq. (5) and Eq. (6) to obtain the final fused enhanced
feature. However, it’s important to note that this approach may
result in increased GPU memory consumption.

Authorized licensed use limited to: Universidade de Macau. Downloaded on April 18,2024 at 09:57:58 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2024.3387732

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

: Hi2 §
i -‘ Conv2 b—* -‘ Deconv2 i—&-:
i Conv- Wi2

transpose
! ttentlon e RS>

—>ll
|

Fusion Module

S reshape % EB—>

a reshape

RC xHxW

FEG c RC xHxW

Channel Attention(CA) |

€ Addition (©) Softmax @ Multiplication

C 7

plockd | Conv(C,128,k = 3,5 = 2) — Conv(128,128,k = 3,5 = 1) x 3 Conv(256,256 k = 1,5 = 1) Conv(256 - 128 - C',k =1,5 =1)
Conv_ _ _ _ _ _ —

o | conv( 128,256,k = 3,5 = 2) > Conv(256,256,k = 3,5 = 1) x 3 [ Conv3 | Conv(128,256 k = 1,5 = 1)

Fig. 5: An illustration of the proposed Deep Feature Fusion (DFF) module which includes one fusion module and one channel attention
module respectively. The fusion module includes two branches for producing features with different field-of-view.

C. Deep Feature Fusion Module

In AD scenarios, determining the identity and location of
objects is crucial for the subsequent planning and control
modules. Therefore, it is not only necessary to recognize what
objects are present, but also where they are located. In typical
object detection frameworks, they correspond to the classifica-
tion and regression branches respectively. Empirically, global
context information is important to recognize the specific
class attributes. On the contrary, the object’s attributes (e.g.,
dimension, orientation, and precise location, etc) regression
branch prioritize the capture of detailed spatial information
around the ROI (region of interest) in a relatively small range.
For accurate kinds of size object detection, therefore various
scales receptive fields are necessary. This issue has been
considered in most object detection frameworks. However,
how to use various fields of view fields in an efficient way
is vitally important.

To handle this issue, a specific DFF module is proposed to
aggregate both the low-level and high-level features with dif-
ferent receptive fields. The Fig. 5 shows the architecture of the
DFF module. First, the backbone features F' g from the feature
extractor pass the Conv_blockl with several convolution layers
to obtain the F’ é as a basic feature. Here, Conv_blockl has four
Conv modules and the first conv module takes C' channels
as input and outputs 128 channels, and the following three
convs share the same input channels and output channels. For
each conv module in the Fig. 5, it consists one C'on2d, a
batch normalization layer, and a Rectified Linear Unit (ReLU)
activation layer. For easy understanding, we have given the
stride and kernel size for each conv operation at the bottom
of Fig. 5. Then, the feature F'5 will pass two branches to obtain
the features with different receptive fields. For one branch, the
features are down-sampled into 1/2 size with Conv — block2
first and then pass the C'onv2 operation. Finally, the outputs
are up-sampled into the feature map F5 € RT*WxC" with
Deconv2. For the other branch, Fé will pass Covn3 and
Conwv4 to obtain the features F Ig consecutively. And the shape
of the output Fﬁ is the same as F}‘g . Furthermore, we use the

addition operation for fusing different level perception field
features to improve the feature representation.

After adding the high-level and low-level features element-
wisely, a channel-attention (CA) module like [60] is employed
to further fuse both of them. The architecture of the module
can be found in Fig. 5, which is named CA. Usually, the
channel feature from low-level to high-level throughout the
backbone will take the loss of information. In order to min-
imize this influence, we utilize the CA module to selectively
emphasize interdependent channel maps by integrating relative
features among all channel maps. Specially, the enhanced
feature FL € RE*H*W s reshaped to Ff € ROV,
where N is the pixel numbers of each channel. The channel
dependencies for feature F'L are captured using the similar
self-attention mechanism, followed by updating the enhanced
feature through a weighted sum of all channel maps. The
process as shown in Eq.(7), Eq.(8):

exp (ngng)

Tii = — 5 (7
Diz1€xXp (ng ng)
c
ng:BZ(xjing)"_ng (3
i=1
where ;; measures the ‘" channel’s impact on the j*" chan-

nel. In addition, we perform a matrix multiplication between
the transpose of x, which channel attention map x € R¢*¢.
Moreover, (3 is a scale parameter, which gradually learns a
weight from 0. The Eq. (8) shows that the final feature of
each channel is a weighted sum of the features of all channels
and original features, which models the long-range semantic
dependencies between feature maps. Finally, Fg is taken as
the inputs for the following classification and regression heads.

D. 3D Object Detection Framework

The proposed AAF and DFF modules are detector indepen-
dent and any off-the-shelf 3D object detectors can be directly
employed as the baseline of our proposed framework. The 3D
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Car AP (%) Pedestrian AP (%) Cyclist AP(%)

Methods | mAP (Mod.)(%) Easy Mod.  Hard Easy Mod.  Hard Easy Mod.  Hard
SECOND [17] 66.64 90.04 81.22 7822 | 5634 5240 4652 | 8394 6631 6237
SECOND * 68.11 91.04 8231 7931 | 59.28 54.18 5020 | 85.11 67.52 63.36
Improvement +1.47 +1.00 +1.09 +1.09 | +2.94 +1.78 +3.68 | +1.17 +1.54 +0.99
Pointpillars [27] 62.90 87.59 78.17 7523 | 53.58 4758 44.04 | 8221 6295 58.66
PointPillars™ 65.78 89.58 78.60 75.63 | 60.22 5423 4949 | 84.83 6450 60.17
Improvement +2.88 +1.99 +043 +04 +6.64 +6.65 4545 | +2.62 +1.55 +1.51
PV-RCNN [29] 71.82 9223 83.10 8242 | 6568 59.29 5399 | 91.57 73.06 69.80
PV-RCNN* 73.95 91.85 8459 8266 | 69.12 61.61 5596 | 9490 75.65 71.03
Improvement +2.13 +1.49  +0.24 | +344 4232  +197 | +333 +2.59 +1.23
CasA+PV [23] 71.79 9253 8559 8327 | 6850 5939 5326 | 9035 70.39 6542
CasA+PV* 73.78 9372 86.69 86.54 | 71.02 61.87 5544 | 9223 7279 6732
Improvement +1.99 +1.19 +1.10 +2.67 | 4252 +248 +2.18 | +1.88 4240 +1.90
VirConv [45] 75.28 9348 8859 87.69 | 73.78 65.13 5832 | 8948 7213  66.32
VirConv* 76.67 9391 8895 8841 | 75779 66.75 60.18 | 9335 7432 69.36
Improvement +1.39 +0.43  +0.36 +0.72 | +2.01 +142 +1.86 | +3.87 +2.19 +3.02

TABLE I: 3D object detection evaluation on KITTI “val” split into different baseline approaches, where * represents the boosted baseline
by adding the proposed fusion modules. “Easy”, “Mod.” and “Hard” represent the three difficult levels defined by official benchmark and
mAP (Mod.) represents the average AP of “Car”, “Pedestrian” and “Cyclist” on “Mod.” level. For easy understanding, we also highlight
the improvements with different colors, where red represents an increase and green represents a decrease compared to the baseline method.
This table is better to be viewed in color mode.

. Car 3D AP(%) Car BEV AP (%)
Methods Reference Modality Easy Mod. Hard | Easy Mod. Hard
PointRCNN [25] | CVPR 2019 L 86.96 75.64 70.70 - - -
PV-RCNN [29] CVPR 2020 L 90.25 8143 76.82 | 9498 90.65 86.14
VoxelRCNN [61] | AAAI 2021 L 90.90 81.62 77.06 - - -
CasA [23] TGRS 2022 L 91.58 83.06 80.08 | 95.19 9154 86.82
Graph-Po [62] ECCV 2022 L 91.79 83.18 7798 | 9579 92.12 87.11
3D-HANet [46] TGRS 2023 L 90.79 84.18 7757 | 9433 91.13  86.33
PVT-SSD [63] CVPR 2023 L 90.6 8229 76.85 | 9523 91.63 86.43
3D-CVF [64] ECCV 2020 L+C 89.20 80.05 73.11 | 9352 89.56 8245
Focals-Conv [65] | CVPR 2022 L+C 90.55 8228 7759 | 92.67 89.00 86.33
VPENet [22] TMM 2022 L+C 91.02 8321 7820 | 93.94 90.52  86.25-
Graph-Vol [62] ECCV 2022 L+C 91.89 8327 7778 | 95.69 90.10  86.85
SFD [66] CVPR 2022 L+C 91.73 8476 7792 | 9564 9185  86.83
VirConv-L [45] CVPR 2023 L+C 9141 8505 8022 | 9553 9195 87.07
Ours * - L+C 91.37 8521 8037 | 9576 92.67 8843

TABLE II: Evaluation of bird’s-eye view object detection and 3D object detection results on KITTI test dataset with other SOTA methods.
Notably, the results in Ours is based on VirCon-L and outperform all the other methods in both 3D AP and BEV AP metrics.

detector receives the points or voxels produced by the AAF
module as inputs and can keep backbone structures unchanged
to obtain the backbone features. Then, the backbone features
are boosted by passing the proposed DFF module. Finally,
detection results are generated from the classification and
regression heads.

IV. EXPERIMENTAL RESULTS

To verify the effectiveness of our proposed framework, we
evaluate it on two large-scale 3D object detection dataset in
AD scenarios as KITTI [67] and nuScenes [68]. Furthermore,
the proposed modules is also evaluated on different kinds of
baselines for verifying its generalizability, including SECOND
[17], PointPilars [27] and PVRCNN [29], CasA [23], VirConv
[45], BEVFusion [7] etc.

A. Evaluation on KITTI Dataset

KITTI is one of the most popular benchmarks for 3D object
detection in AD, which contains 7481 samples for training

and 7518 samples for testing. The objects in each class are
divided into three difficulty levels as “easy”, “moderate”, and
“hard”, according to the object size, the occlusion ratio, and
the truncation level. Since the ground truth annotations of the
test samples are not available and the access to the test server
is limited, we follow the idea in [69] and split the training data
into “train” and “val” where each set contains 3712 and 3769
samples respectively. In this dataset, both the LiDAR point
clouds and the RGB images have been provided. In addition,
both the intrinsic parameters and extrinsic parameters between
different sensors have been given.

Evaluation Metrics. We follow the official metrics provided
by the KITTI for evaluation. APz is used for “Car” cat-
egory while AP5 is used for “Pedestrain” and “Cyclist”.
Specifically, before the publication of [70], the KITTTI official
benchmark used the 11 recall positions for comparison. After
that, the official benchmark changes the evaluation criterion
from 11-points to 40-points because the latter one is proved
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to be more stable than the former [70]. Therefore, we use the
40-points criterion for all the experiments here. In addition,
similar to [3], the average AP (mAP) of three Classes for
“Moderate” is also taken as an indicator for evaluating the
average performance on all three classes.

Baselines. Five different baselines have been used for evalu-
ation on KITTI:

1) SECOND [17] is the first to employ the sparse convolu-
tion on the voxel-based 3D object detection framework
to accelerate the efficiency of LiDAR-based 3D object
detection.

2) PointPillars [27] is proposed to further improve the
detection efficiency by dividing the point cloud into
vertical pillars rather than voxels. For each pillar, Pillar
Feature Net is applied to extract the point-level feature.

3) PV-RCNN [29] is a hybrid point-voxel-based 3D object
detector, which can utilize the advantages from both the
point and voxel representations.

4) CasA+PV [23] is a method that aggregates object
features from multiple stages refines region proposals
by cascade attention structure. And +pv means that
conducted experiments on the PV-RCNN framework.

5) VirConv [45] is based on a new operator VirConv
(Virtual Sparse Convolution), for virtual-point-based 3D
object detection.

Implementation Details. DeeplabV3+ [71] and Cylinder3D
[72] are employed for 2D and 3D scene parsing respectively.
More details, the DeeplabV3+ is pre-trained on Cityscape
!, and the Cylinder3D is trained on KITTI point clouds by
taking points in 3D ground trues bounding box as foreground
annotation. For AAF module, m = 4, C; = 64,Cy =
128, respectively. The voxel size for PointPillars and SEC-
OND, CasA+PV, VirConv are 0.16m x 0.16m x 4m and
0.05m x 0.05m x 0.1m, respectively. In addition, both of the
two baselines use the same optimization (e.g., AdamW) and
learning strategies (e.g., one cycle) for all the experiments. In
the DFF module, we set C' = 256 and C’ = 512 for SECOND,
PV-RCNN, CasA+PV and VirConv framework, C = 64 and
C' = 384 for PointPillars network. The kernel and stride size
are represented with k£ and s in Fig.5, respectively.

The proposed approach is implemented with PaddlePaddle
[73] and all the methods are trained on NVIDIA Tesla V100
with 8 GPUs. The AdamW is taken as the optimizer and the
one-cycle learning strategy is adopted for training the network.
For PointPillars, the batch size is 4 per GPU and the maximum
learning rate is 0.003 while the bath size is 2 per GPU and
the maximum learning rate is 0.001 for PV-RCNN, SECOND,
CasA+PV and VirConv.

Quantitative Evaluation. We verified our framework on
five different baselines, including the recent SOTA method
CasA+PV and VirConv. From the Tab. I, we can clearly see
that remarkable improvements have been achieved on the five
baselines across all the categories of the index of 3D mAP
which highlighting its adaptability to different state-of-the-
art approaches. Taking Pointpillars as an example, the pro-
posed method has achieved 0.43%, 6.65%, 1.55% points im-

Thttps://www.cityscapes-dataset.com

provements on “Car”, “Pedestrian” and “Cyclist” respectively.
Interestingly, compared to “Car”, “Pedestrian” and “Cyclist”
give much more improvements by the fusion painting modules.
And we also got impressive results on KITTI test split dataset
based on VirConv baseline. The result of the 3D object and
Bird’s-eye view on ’Car’ category as shown as Tab. II.

B. Evaluation on the nuScenes Dataset

The nuScenes [68] is a recently released large-scale (with a
total of 1,000 scenes) AD benchmark with different kinds of
information including LiDAR point cloud, radar point, Camera
images, and High Definition Maps, etc. For a fair comparison,
the dataset has been divided into “train”, “val”, and “test” three
subsets officially, which includes 700 scenes (28130 samples),
150 scenes (6019 samples), and 150 scenes (6008 samples)
respectively. Objects are annotated in the LiDAR coordinate
and projected into different sensors’ coordinates with pre-
calibrated intrinsic and extrinsic parameters. For the point
clouds stream, only the keyframes (2fps) are annotated. With
a 32 lines LiDAR scanner, each frame contains about 300,000
points for 360-degree viewpoint. For the object detection task,
the obstacles have been categorized into 10 classes as “car”,
“truck”, “bicycle” and “pedestrian” etc. Besides the point
clouds, the corresponding RGB images are also provided for
each keyframe, and for each keyframe, there are 6 cameras
that can cover 360 fields of view.

Evaluation Metrics. The evaluation metric for nuScenes is
totally different from KITTI and they propose to use mean
Average Precision (mAP) and nuScenes detection score (NDS)
as the main metrics. Different from the original mAP defined
in [78], nuScenes consider the BEV center distance with
thresholds of {0.5, 1, 2, 4} meters, instead of the IoUs
of bounding boxes. NDS is a weighted sum of mAP and
other metric scores, such as average translation error (ATE)
and average scale error (ASE). For more details about the
evaluation metric please refer to [68].

Baselines. We integrated the proposed module into four state-
of-the-art (SOTA) baselines to assess its effectiveness. Similar
to the KITTI dataset, we utilized both SECOND and Point-
Pillars and CenterPoint [26]. Additionally, we also extended
our framework to the trending topic of multi-modal fusion,
specifically on BEVFusion [7]. The experiments consistently
demonstrate the efficacy of our method across various SOTA
detection frameworks.

Implementation Details HTCNet [54] and Cylinder3D [72]
are employed here for obtaining the 2D and 3D semantic
segmentation results respectively. We used the HTCNet model
trained on nulmages > dataset directly for generating the
semantic labels. For Cylinder3D, we train it directly on the
nuScenes 3D object detection dataset while the point cloud
semantic label is produced by taking the points inside each
bounding box. In AAF module, m = 11, C; = 64 and
Cy = 128 respectively. In DFF module, C = 256 and
C' = 512 for SECOND, CenterPoint and BEVFusion while
C = 64 and C' = 384 for PointPillars. The setting for kernel
size k and stride s are given in Fig. 5 and the same for all

Zhttps://www.nuscenes.org/nuimages
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AP (%)

Methods NDS (%) | mAP (%) Car  Truck Bus C.V. Trailer Pedestrian Moto. Bicycle T.C. Barrier
SECOND [17] 61.96 50.85 81.61 5193 6853 1795  38.19 77.37 40.14 18.16 56.86  57.75
SECOND* 67.61 62.61 84.77 6032 7241 2359  42.89 83.36 66.50 54.62 7499  63.67
Improvement 1 +5.65 +11.76 +3.16 +8.39 +3.88 +5.64 +4.70 +5.99 +26.36  +36.46 +18.13  +5.92
PointPillars [27] 57.50 43.46 80.67 4935 62.01 11.64  34.86 70.80 26.74 5.27 44.00  49.23
PointPillars* 66.43 61.75 8479 5750 70.52 2243 4232 83.41 66.97 54.68 75.43 59.42
Improvement +8.93 +18.29 +4.12  +8.15 +8.51  +10.79 +7.46 +12.61 +40.23  +49.41 +31.43 +10.19
CenterPoint [26] 64.82 56.53 84.73 5452 66.95 15.81 36.13 83.42 56.81 37.57 64.76  64.56
CenterPoint* 69.91 65.85 87.00 6191 71.53 2397 41.22 87.95 73.85 64.06 79.890  67.14
Improvement 1 +5.09 +9.32 +2.77  +7.39  +4.58  +8.16  +5.09 +4.53 +17.04  +26.49 +15.13  +2.58
BEVFusion-MIT [7] 71.3 68.4 88.5 65.3 75.7 28.6 42.0 89.1 77.1 66.3 77.5 72.8

BEVFusion* 72.1 69.6 89.1 66.4 76.8 29.7 429 89.9 79.5 67.8 80.3 73.6

Improvement 1 +0.8 +1.2 +0.6 +1.1 +1.2 +1.1 +0.9 +0.8 +2.4 +1.5 +2.8 +2.58

TABLE III: Evaluation results on nuScenes validation dataset. “NDS” and “mAP” mean nuScenes detection score and mean Average
Precision. “T.C.”, “Moto.” and “C.V .” are short for “traffic cone”, “motorcycle”, and “construction vehicle” respectively. “ * ” denotes the
improved baseline by adding the proposed fusion module. The red color represents an increase compared to the baseline. This table is also

better to be viewed in color mode.

. AP (%)

Methods Modality | NDS(%) | mAP(%) Car Truck Bus Trailer C.V. Ped Moto Bicycle T.C Barrier
VoxelNeXt [74] L 70.0 64.5 84.6 530 647 558 287 858 732 457 79.0 74.6
Focals Conv [65] L 70.0 63.8 86.7 563 67.7 595 238 875 645 363 814 741
3DSSD [75] L 56.4 46.2 812 472 614 305 126 702 36.0 86 31.1 479
TransFusion-L [6] L 70.2 65.5 86.2 56.7 663 588 282 86.1 683 442 820 782
CenterPoint [26] L 67.3 60.3 852 535 63.6 560 200 546 595 307 784 71.1
VirConv [45] L 71.2 67.2 - - - - - - - - - -
MGTANet [76] L 72.7 67.5 885 59.8 672 615 306 873 758 525 855 663
PointPainting [3] L&C 58.1 46.4 779 358 36.2 373 158 733 415 241 624 602
UVTR [52] L&C 71.1 67.1 875 560 675 595 338 863 734 548 79.6 730
3DCVF [77] L&C 62.3 52.7 83.0 450 48.8 496 159 742 512 304 629 659
BEVFusion [51] L&C 71.8 69.2 88.1 609 399 621 344 892 722 522 852 782
TransFusion [6] L&C 71.7 68.9 87.1 60.0 683 608 331 884 73.6 529 86.7 78.1
BEVFusion-MIT [7] | L&C 72.9 70.2 88.6 60.1 698 638 394 892 741 51.0 86.5 800
Our proposed L&C 73.6 71.2 885 60.8 713 64.6 391 8.7 783 535 871 795

TABLE IV: Comparison with other SOTA methods on the nuScenes 3D object detection testing benchmark. “L” and “C” in the modality
column represent LiDAR and Camera sensors respectively. The result of ours is based on BEVFusion-MIT. For easy understanding, the
highest score in each column is shown in bold font. To be clear, only the results with publications are listed here.

four detectors. The voxel size for PointPillars and SECOND
are 0.2m x0.2m x8m, 0.1m x 0.1m x 0.2m, respectively. And
CenterPoint and Transfusion employed 0.075m x 0.075m X
0.075m. We use AdamW [79] as the optimizer with the max
learning rate is 0.001. Following [68], 10 previous LiDAR
sweeps are stacked into the keyframe to make the point clouds
more dense.

All the baselines are trained on NVIDIA Tesla V100 (8
GPUs) with a batch size of 4 per GPU for 20 epochs. AdamW
is taken as the optimizer and the one-cycle learning strategy is
adopted for training the network with the maximum learning
rate is 0.001.

Quantitative Evaluation.

The proposed framework has been evaluated on nuScenes
benchmark for both “val” and “test” splits. The results of the
comparison with four baselines are given in Tab. III. From
this table, we can see that significant improvements have been
achieved on both the mAP and NDS across all four baselines.
For the PointPillars, the proposed module gives 8.93 and
18.29 points improvements on NDS and mAP respectively. For

SECOND, the two values are 5.65 and 11.76 respectively. Even
for the CenterPoint, the proposed module can also give 5.09
and 9.32 points improvements. Event on the strong baseline
BEVFusion, we still get more appreciable results with 0.8 NDS
and 1.2 mAP profits. And results in Fig. 6.(c) can obviously
find that the proposed modules can robustly boost the detection
performance on different baselines.

The results in Fig. 6 (b) also shows the improvements
on different categories and we can easily find that all the
classes have been improved. Specially, small sizes such as
“Traffic Cone”, “Moto” and “Bicycle” have received more
improvements compared to other categories. Taking “Bicycle”
as an example, the mAP has been improved by 36.46%,
49.41% and 26.49% compared to SECOND, PointPillar and
Centerpoint respectively. This phenomenon can be explained
as these categories with small sizes are hard to be recognized
in point clouds because of a few LiDAR points on them. In
this case, the semantic information from the 2D/3D parsing
results is extremely helpful for improving 3D object detection
performance.
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To compare the proposed framework with other SOTA
methods, we evaluate our method(adding fusion modules on
BEVFusion) on the nuScenes test split. The detailed results are
given in Tab. I'V. From this table, we can find that the proposed
method achieves the best performance on both the mAP and
NDS scores. Even compared to the latest novelty baseline
BEVFusion, 0.8 NDS and 1.2 mAP points improvements have
been achieved by adding our proposed fusion modules. For
easy understanding, we have highlighted the best performances
in bold in each column.
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Fig. 6: The performance of Multi-Sem Fusion (MSF). a) gives
the performance of CenterPoint [80] with the proposed modules
on the public nuScenes benchmark. b) gives the improvements on
different categories respectively. c) illustrate the improvements on
four different baselines. In addition, “w/0” represent “without” in
short.

C. Ablation Studies

To verify the effectiveness of different modules, a series
of ablation experiments have been designed to analyze the
contribution of each component for the final detection results.
Specially, three types of experiments are given as different
semantic representations and different fusion modules and
effectiveness of channel attention.

NDS (%)
57.50
60.69 (+3.19)
61.59 (+4.09)
62.20 (+4.70)

Representations
PointPillar [27]
Semantic ID
Onehot Vector
Semantic Score

mAP (%)
43.46
50.96 (+7.50)
52.18 (+8.72)
53.10 (+9.64)

TABLE V: Ablation studies on the nuScenes [67] dataset for fusing
the semantic results with different representations.

Different Semantic Representations. First of all, we investi-
gate the influence of the different semantic result representa-
tions on the final detection performance. Three different repre-
sentations as “Semantic ID”, “Onehot Vector” and “Semantic

10
) AP(%)
Strategies | .(Mod.)  Ped.(Mod.) Cyc.(Mod.) | ™AP(®)
SECOND [17] | 88.99 56,21 7065 | 7195
3D Sem. |+ 081 +0.70 +063 | +071
2D Sem. |+ 1.09 +135 +120 | + 141
AAF | +1.62 + 178 F191 | 4177
AAF & DFF | +2.63 +345 +263 | +290

TABLE VI: Evaluation of ablation studies on the public KITTI
[67] dataset. Similar to PointPainting [3], we provide the 3D BEV
detection here. To be clear, only the results of “Mod” have been given
and mAP is the average mean of all the three categories.

Score” are considered here. For “Semantic ID”, the digital
class ID is used directly and for the “Semantic Score”, the
predicted probability after the Softmax operation is used. In
addition, to convert the semantic scores to a “Onehot Vector”,
we assign the class with the highest score as “1” and keep
other classes as “0”. Here, we just add the semantic feature to
the original (z,y, z) coordinates with concatenation operation
and PointPillars is taken as the baseline on nuScenes dataset
due to its efficiency of model iteration. From the results in
Tab. V, we can easily find that the 3D semantic information
can significantly boost the final object detection performance
regardless of different representations. More specifically, the
“Semantic Score” achieves the best performance among the
three which gives 9.64 and 4.70 points improvements for mAP
and NDS respectively. We guess that the semantic score can
provide more information than the other two representations
because it not only provides the class ID but also the confi-
dence for all the classes.

Different Fusion Modules. We also execute different experi-
ments to analyze the performances of each fusion module on
both KITTI and nuScene dataset. The SECOND is chosen as
the baseline for KITTI while all the three detectors are verified
on nuScene. The results are given in Tab. VI and Tab. VII
for KITTI and nuScenes respectively. To be clear, the “3D
Sem” and “2D Sem.” represent the 2D and 3D parsing results.
“AAF” represents the fusion of the 2D and 3D semantic
information with the proposed adaptive attention module and
the “AAF + DFF” represents the module with both the two
fusion strategies.

Strategies SECOND PointPillars CenterPoint
mAP(%) NDS(%) | mAP(%) NDS(%) | mAP(%) NDS(%)
SECOND| 50.85 61.96 43.46 57.50 56.53 64.82
3D Sem.| +3.60 +145 | +872 +4.09 | +459 +1.86
2D Sem.| + 855 +4.07 | +15.64 +7.55 | +6.28 + 3.67
AAF| + 1130 +545 | +17.31 +8.54 | +8.46 +4.56
AAF & DFF| + 11.76 +5.65 | +18.19 +893 | +9.32 +5.09

TABLE VII: Ablation studies for different fusion strategies on the
nuScenes benchmark. The first row is the performance of the baseline
method and the following values are the gains obtained by adding
different modules.

In Tab. VI, the first row is the performance of the baseline
method and the following values are the gains obtained by
adding different modules. From the table, we can obviously
find that all the modules give positive effects on all three
categories for the final detection results. For all the categories,
the proposed modules give 2.9 points improvements averagely
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AP(%)

Car(Mod.)  Ped.(Mod)  Cyc.(Mod.) mAP(%)

Strategies

SECOND
One scale CA
Multi-scale CA

88.99 56.21 70.65
89.68 (+0.69) 57.77 (+1.56) 71.39 (+0.74)
90.22 (+1.23) 58.11 (+1.90) 71.77 (+1.12)

71.95
7370 (+1.75)
74.41 (+2.46)

TABLE VIII: Ablation with/without multi-scale channel attention
(CA) on KITTI dataset. The meaning of one-scale CA is we just use
FE to the CA module. And multi-scale denote that we use both fused
FE and F§ feature to the next module.

and “Pedestrian” achieves the most gain which achieves 3.45
points. Furthermore, we find that deep fusion gives the most
improvements compared to the other three modules in this
dataset.

Tab. VII gives the results on the nuScenes dataset. To be
clear, a boosted version of baseline is presented here than in
[11] by fixing the sync-bn issue in the source code. From
this table, we can see that both the 2D and 3D semantic
information can significantly boost the performances while
the 2D information provide more improvements than the
3D information. This phenomenon can be explained as that
the 2D texture information can highly benefit the categories
classification results which is very important for the final
mAP computation. In addition, by giving the 2D information,
the recall ability can be improved especially for objects in
long distance with a few scanned points. In other words, the
advantage for 3D semantic information is that the point clouds
can well handle the occlusion among objects which are very
common in AD scenarios which is hard to deal with in 2D.
After the fusion process, all the detectors achieve much better
performances than only one semantic information (2D or 3D).
The Fig. 6 (a) also illustrates the contribution of each module,
we can also be observed that the detection results consistently
improved by adding more modules gradually on CenterPoint
baseline. More details can be found in Tabel. VII

Furthermore, a deep fusion module is also proposed to

aggregate the backbone features to further improve the per-
formance. From the Tab. Tab. VI and Tab. VII, we find that
the deep fusion module can slightly improve the results for
all three baseline detectors. Interestingly, compared to the
SECOND and PointPillars, CenterPoint gives much better
performance by adding the deep fusion module. This can be
explained that the large deep backbone network in CenterPoint
gives much deeper features that are more suitable for the
proposed deep feature fusion module.
Effectiveness of Multi-scale CA. Additionally, a small
experiment was devised to assess the efficacy of multi-scale
attention in the Deep Feature Fusion (DFF) module. The
baseline for this experiment was established using SECOND
and tested on the KITTI dataset. The ablation experiment
results presented in Tab. VIII indicate that leveraging the one-
scale features led to a notable improvement of 1.75 points in
mAP compared to the baseline. Furthermore, the introduction
of the multi-scale operation resulted in an additional 0.71
points improvement.

D. Computation Time

Besides the performance, the computation time is also very

Types | PointPillars SECOND
Baseline 53.5 (ms) 108.2 (ms)
+3D Sem +3.0 (ms) +0.5 (ms)
+2D Sem +3.4 (ms) +0.2 (ms)
The Proposed 62.5 (ms) 113.3 (ms)

TABLE IX: Inference time of different modules. Here, +3D Sem and
+2D Sem denote the time of adding 3D/2D semantic information to
input data. The Proposed denotes the proposed framework with the
modules including two types of semantic information and AAF &
DFF modules.

important. Here, we test the computation time of each module
based on the PointPillars and SECOND on the KITTI dataset
in Tab. IX. For a single Nvidia V100 GPU, the PointPillars
takes 53.5 ms per frame. By adding the 2D and 3D semantic
information, the inference time increases 3.0 ms and 3.4 ms
respectively while the time increases about 9 ms by adding
two types semantic information and the AFF & DFF modules.
The inference time for SECOND is given at the right column
of Tab. IX. Compared with the baseline, the 2D/3D semantic
segmentation information gives nearly no extra computational
burden. We explain this phenomenon as that in SECOND the
simple mean operation is employed for extracting the features
for each voxel and the computation time of this operation
will not change too much with the increasing of the feature
dimension. For PointPillars, the MPL is employed for feature
extracting in each pillar, therefore the computation time will
increase largely with the increasing of the feature dimension.

In addition, we also record the time used for obtaining
the 2D/3D semantic results. For Deeplab V3+, the inference
time is about 32 ms per frame while for Cylinder3D, it takes
about 140 ms per frame. Furthermore, the re-projection of
2D image to 3D point clouds also takes about 3 ms for each
frame. The almost time consuming here are 2D/3D point
clouds segmentation operations. But in the practical using
there just need a extra segmentation head after detection
network backbone. In other words, multi-head is needed here
for both detection and segmentation task. These just taking
few milliseconds when using model inference acceleration
operation, like C++ inference library TensorRT.

E. Qualitative Detection Results

We show some qualitative detection results on nuScenes and
KITTTI dataset in Fig. 7 in which Fig. 7 (a) is the ground truth,
(b), (¢), and (d) are the detect result of baseline (CenterPoint)
without any extra information, with 2D and 3D semantic
information respectively and (e) is final results with all the
fusion modules. From these figures, we can easily find that
there is some false positive detection caused by the frustum
blurring effect in 2D painting, while the 3D semantic results
give a relatively clear boundary of the object but provides some
worse class classification. More importantly, the proposed
framework which combines both the two complementary in-
formation from 2D and 3D segmentation can give much more
accurate detection results.
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Fig. 7: Visualization of detection results with Open3d [

], where (a) is the ground-truth, (b) is the baseline method based on only point cloud,

(c), (d) and (e) are the detection results based on the 2D semantic, 3D semantic and fusion semantic information, respectively. Especially,
the yellow and red dash ellipses show some false positive and false negative detection. For nuScenes dataset, the baseline detector used here

is CenterPoint, and for KITTI is SECOND.

V. CONCLUSION AND FUTURE WORKS

In this work, we proposed an effective framework Multi-Sem
Fusion to fuse the RGB image and LiDAR point clouds in two
different levels. For the first level, the proposed AAF module
aggregates the semantic information from both the 2D image
and 3D point clouds segmentation, resulting in adaptivity
with learned weight scores. For the second level, a DFF
module is proposed to fuse further the boosted feature maps
with different receptive fields by channel attention module.
Thus, the features can cover objects of different sizes. More
importantly, the proposed modules are detector independent,
which can be seamlessly employed in different frameworks.
The effectiveness of the proposed framework has been evalu-
ated on public benchmark and outperforms the state-of-the-art
approaches. However, the limitation of the current framework
is also obvious. Both the 2D and 3D parsing results are
obtained by offline approaches, which prevent the application
of our approach in real-time AD scenarios. An interesting
research direction is sharing the backbone features for object
detection and segmentation and taking the segmentation as an
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