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Abstract. Multi-modal 3D object detection, which integrates point clouds and
images, has gained increasing attention due to its potential to enhance detection
accuracy. However, challenges such as redundant information and scale inconsis-
tencies hinder effective feature fusion. To address these issues, we propose DMS3D
(Multi-modal 3D object detection algorithm based on discriminant fusion strategy
and multi-scale feature fusion), a Discriminative fusion strategy and Multi-scale
feature fusion-based System for 3D object detection. Our method introduces two
key modules: 1) a multi-scale feature fusion module (MSFF) based on graph neural
networks, which refines point cloud representations by aligning them with image se-
mantics while preserving fine-grained details; and 2) a discriminative fusion module
(DFM) with a lightweight gating mechanism, which selectively fuses multi-modal
features to reduce redundancy and noise while enhancing computational efficiency.
Extensive experiments on the KITTI and nuScenes datasets validate the effective-
ness of DMS3D, demonstrating superior detection performance compared to state-
of-the-art methods.

Keywords: 3D object detection, LiDAR, autonomous driving, graph neural net-
work
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1 INTRODUCTION

In recent years, the significance of environment sensing technology has witnessed
a remarkable surge in both industrial applications, like autonomous driving,
and academic research [1, 2, 3]. Within this realm, 3D object detection holds
a pivotal position, as it enables precise identification and localization of objects
in three-dimensional space using sensor data such as point clouds [4], depth im-
ages [5], or LiDAR [6]. In contrast to its 2D counterpart, 3D object detection
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harnesses a wealth of information, entails intricate data representation and pro-
cessing, and possesses the capability to handle occlusion and multiple perspectives.
These distinctive attributes bestow upon 3D object detection unparalleled advan-
tages and underscore its utmost importance in the domain of autonomous driv-
ing.

In the initial stage, the majority of research on 3D object detection meth-
ods [7, 8, 9, 10, 11, 12] primarily focused on utilizing a single sensor (such as LiDAR
or camera) or single-mode data (point cloud or image). When compared to Li-
DAR, cameras hold a prominent position in the realm of purely visual 3D object
detection due to their cost-effectiveness and well-established image-based 2D object
detection techniques. Remarkable advancements have been achieved in this field
through notable endeavors such as Mono3D [5], MonoRCNN [7], and CaDDN [8],
yielding commendable research outcomes. However, monocular 3D object detection
poses fundamental challenges; The core problem lies in inaccurate depth estimation,
making it difficult to obtain truly accurate depth information. Consequently, this
limitation also results in camera-based approaches exhibiting inferior performance
compared to LiDAR-based approaches. LiDAR, the most common choice in various
fields such as autonomous driving or industrial robotics, can compensate for the im-
perfections of the camera itself. Therefore, some research methods based on LiDAR
have achieved obvious performance advantages, such as VoxelNet [4], SECOND [6]
and CenterPoint [9]. Although LiDAR provides accurate coordinates for environ-
ment sensing, unstructured and sparse point clouds pose certain difficulties for 3D
object detection. PointNet [10] and PointNet++ [11] are the first to solve such
problems. Afterwards, LiDAR-based methods perform greatly better on advanced
datasets [12, 13, 14] than those using only cameras. In practice, however, LiDAR is
subject to factors such as the weather. In addition, the point cloud data obtained by
LiDAR lacks information such as texture and color sharpness of the image, which
makes two different objects with very similar appearance structure belong to the
same class when detected. In summary, both LiDAR and the camera have some
drawbacks, but also complement each other. Therefore, many subsequent studies
have attempted to combine the two sensors to achieve more accurate 3D object
detection.

Data fusion strategies are central to multi-modal 3D object detection. Exist-
ing fusion strategies are mostly fused from feature level [15], followed by sensor
level [16] and task level [17]. While these strategies improve the quality of feature
fusion to some extent, there are still two major challenges. First, redundant in-
formation is introduced. Point cloud and image data commonly contain similar or
repetitive information, such as different representations of the same object. When
fused, if not processed, it may result in the same information appearing multiple
times in the fused data, increasing the redundancy of the data. Second, point cloud
and image data may have different resolutions and object size sensing ranges. In
images and point clouds, the size of the same object may be represented in dif-
ferent ways. For example, in an image, an object may be represented in pixels,
while in a point cloud, the size of an object may be represented by the density
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or relative position of the points. Such size differences may make it difficult for
the model to correctly understand the actual size of the object at the time of fu-
sion.

To solve these problems, various state-of-the-art methods [18, 19, 20] use at-
tention mechanism to fuse key information with high weight and redundant infor-
mation with low weight, which effectively improves the fusion efficiency. However,
the attention mechanism may increase the computational overhead of the model,
especially when dealing with large-scale data, where more computational resources
are required. Moreover, if there is noisy or inaccurate information in the input data,
the attention mechanism may pay excessive attention to such information, resulting
in model performance degradation. In addition, [12, 17] projects 3D data into 2D
(such as BEV, front view, etc.), unifies the perspective, and eliminates the perspec-
tive differences that may exist between different sensors to a certain extent. In the
2D plane, the representation of point clouds is more compact, which can alleviate
the data fusion problem caused by different scales. However, for complex 3D scenes,
the projection method may cause severe or inaccurate information loss, resulting in
degraded detection performance.

To overcome the challenges of redundant information and scale inconsistency
in multi-modal 3D object detection, we propose a novel multi-scale feature fu-
sion module (MSFF). Unlike traditional projection-based methods [13], which of-
ten lead to information loss or distortions in complex 3D scenes, our approach
leverages graph-based representations of point clouds, allowing us to capture rich
geometric details. By employing graph convolutions at multiple scales, we effec-
tively preserve both local and global features of the point cloud, while aligning
it with the image data on a point-by-point basis. This alignment enables the
semantic features of the image to enhance the point cloud features, helping to
mitigate the issues caused by scale discrepancies between modalities. Further-
more, to address the challenge of redundancy in fused data, we introduce a dis-
criminative fusion strategy through a lightweight gating mechanism. This mech-
anism selectively prioritizes relevant multi-modal features and reduces the impact
of redundant or noisy information, leading to more efficient and accurate detec-
tion. The combination of these innovations makes our method robust to the in-
herent challenges of multi-modal fusion, significantly improving detection perfor-
mance.

DMS3D network mainly consists of two modules: multi-scale feature fusion
module (MSFF) and discriminative fusion module (DFM). The MSFF module is
a multi-scale graph convolutional neural network that fuses image information to
enhance point cloud features, and it outputs scale-invariant point cloud features.
This approach reduces the difference between point cloud and image scales, as the
multi-scale mechanism can focus on both local details and overall features without
losing key information due to scale differences. The DFM is a lightweight gating
mechanism that uses multiple fully connected layers and feature concatenation oper-
ations to obtain a final fused feature for detection. This approach explicitly controls
the information flow in the network structure, which helps the model to select and
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fuse information from specific modalities more specifically and reduce redundancy.
To assess the effectiveness of our method, we conduct evaluations on the KITTI
and nuScenes datasets, specifically focusing on the significance of multi-scale fea-
ture fusion and discriminative fusion. The experimental results demonstrate the
superiority of our approach in terms of performance.

Our main contributions are as follows:

• A multi-scale feature fusion module based on graph neural network is designed,
which effectively alleviates the influence of point cloud scale change and rotation
transformation, and makes the model obtain rich detailed features to improve
the recognition of the object.

• A discriminative fusion module based on gating mechanism is proposed, which
selectively fuses the features of different modes to reduce computing time, save
computing resources, and reduce redundant information and noise interference.

• A large number of experiments on the KITTI and nuScenes datasets prove
the superiority and excellent detection performance of the proposed DMS3D
method.

The subsequent sections of this paper are structured as follows: In Section 2,
a comprehensive review of the related work is presented. In Section 3, the pro-
posed DMS3D method is introduced. Section 4 provides an in-depth analysis of the
experiments conducted, while Section 5 presents the conclusions drawn from the
study.

2 RELATED WORK

2.1 Single-Modal 3D Object Detection

Single-modal 3D object detection holds significant prominence within the realm
of 3D object detection. By relying on a single sensor or feature, this approach
streamlines the data acquisition process and circumvents the intricacies associated
with employing multiple sensor combinations. Over the past few years, single-modal
3D object detection has been categorized into two distinct methodologies: those
based on 2D images and those based on 3D point clouds.

2.1.1 2D Images Based Method

The method of 3D object detection using camera-captured images, namely estimat-
ing the 3D position, pose and size information of the object from a single image,
is called monocular 3D object detection. OFT [21] uses voxel features and vertical
projection to detect objects at the BEV level, but it relies on accurate depth esti-
mation which can be affected by occlusion and different scenes. On the other hand,
SMOKE [19] predicts each detected target 3D bounding box by combining a single
keypoint estimation with a regression 3D variable, but insufficient feature fusion
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Figure 1. In the figure a) represents the method of directly fusing features; b) Using
cross attention to fuse point cloud and image features; c) Bar charts represent camera 3D
object detection, LiDAR 3D object detection, and the combination of camera and LiDAR
3D object detection methods.
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may occur due to differences between different modal data. CaDDN [8] combines
various feature representation methods, converts image plane into BEV, and trains
depth prediction and 3D detection to improve accuracy, but it requires a complex
feature alignment network, increasing computational complexity and training diffi-
culty. Pseudo-LiDAR [22] utilizes depth information extracted from monocular or
stereo images to generate a synthetic point cloud, serving as a substitute for the
original LiDAR point cloud, but may introduce inaccuracies impacting detection
accuracy and robustness. Stereo R-CNN [23] leverages sparse and dense, semantic,
and geometric information from stereo images for 3D object detection, predicting
sparse keypoints, viewpoints, and target dimensions in the stereo vision domain, and
combining them with 2D bounding boxes to estimate rough 3D object boundaries.
The overall image-based monocular 3D object detection method achieves the local-
ization and detection of three-dimensional objects solely through a single image,
offering promising applications in various domains. This approach eliminates the
need for costly sensor devices like LiDAR, thereby reducing system expenses and
enhancing practical applicability. However, due to the inherent limitations of depth
information acquisition, inaccuracies may arise, along with challenges posed by oc-
clusion and changes in perspective within the image. Consequently, object detection
and localization exhibit a degree of instability. Moreover, the variations in object
scale and perspective within monocular images further compound the difficulty of
object detection.

2.1.2 3D Point Cloud Based Method

3D object detection method based on point cloud involves utilizing point cloud data
obtained from laser radar or depth sensors for object detection. In this approach,
the point cloud is treated as a collection of points within a three-dimensional space,
with each point representing a sample point on the object’s surface. For instance,
PointNet [10] conducts feature extraction and global pooling on each point in the
point cloud for overall representation, but its limitations in capturing local structures
and arrangement information restrict its expressive capacity for complex point cloud
data during target classification and localization. PointRCNN [24] utilizes Point-
Net++ for foreground-background segmentation, generating redundant bounding
boxes, extracting features through operations like point cloud pooling, and refining
them with initial features, but faces challenges of high computational complexity and
significant memory consumption. IA-SSD [25] leverages a learnable instance-aware
downsampling strategy for hierarchical foreground point selection and introduces
a context-aware center perception module for accurate instance center estimation,
albeit with limited capability in detecting small objects. VoxelNet [4] divides the 3D
point cloud into a certain number of voxels, performs random sampling and normal-
ization on the points for local feature extraction, utilizes 3D convolution for further
feature abstraction, and finally employs the Region Proposal Network (RPN) [26]
for object classification, detection, and position regression. PointPillar [27] pro-
poses a novel point cloud encoding method for PointNet feature extraction and
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subsequently maps the extracted features into a 2D pseudo-image, facilitating 3D
object detection using a 2D approach. SeSame [28] enhances object detection results
by utilizing semantic segmentation, which reduces information loss but may lead to
limited adaptability in other scenarios due to its reliance on semantic segmentation
outcomes. In summary, the 3D point cloud-based method effectively captures the
precise position and shape of objects. However, the presence of noise and incomplete
point cloud data can adversely impact the accuracy of object detection. Moreover,
the large volume of point cloud data and the associated high processing complexity
pose challenges in terms of algorithm efficiency. Finding solutions to enhance the
algorithm’s efficiency is an important problem that needs to be addressed.

2.2 Multi-Modal 3D Object Detection

Multi-modal 3D object detection entails leveraging diverse data types, such as Li-
DAR and camera, acquired from various sensors, to collectively accomplish the task
of detecting 3D objects. This approach capitalizes on the strengths of different
sensors, enabling the utilization of more comprehensive and abundant information,
ultimately enhancing the accuracy and robustness of object detection. Presently,
research in this field can be categorized into three distinct fusion methods: data-
level fusion, feature-level fusion, and object-level fusion. These categories delineate
different approaches for integrating and combining the data from multiple sensors
at various stages of the detection process.

2.2.1 Data-Level Fusion

Data-level fusion involves the integration of raw data from diverse sensors to create
a more extensive and holistic representation of the data. By combining or stitching
together data at this level, data-level fusion addresses the heterogeneity between
different sensor data and enhances the information available from each sensor. This
comprehensive approach provides a more complete set of data features, reducing in-
formation loss and enhancing the overall performance of object detection. However,
it is important to note that data-level fusion may also introduce increased data
dimensionality and complexity, resulting in computational and storage overhead.
Consequently, in practical applications, it becomes necessary to carefully evaluate
the impact and cost of fusion, selecting appropriate fusion strategies and methods
that strike a balance between the benefits gained and the associated computational
and storage requirements. For example, F-PointNet [29] constructed a 3d point
cloud Frustum of candidate boxes extracted from RGB images, and selected points
based on the points in the Frustum. At the same time, the Pointnet++ network
was used for semantic segmentation to select candidate points, and then the subse-
quent real box prediction was performed. F-ConvNet [30] proposed a new grouping
mechanism-sliding cones to aggregate local point vector features. PointPainting [31]
projected each LiDAR point onto the output of the image semantic segmentation
network, and the channel activation was linked to the intensity measurement of the
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corresponding LiDAR point. Data-level fusion plays a pivotal role in enhancing
the accuracy and robustness of 3D object detection. However, such methods still
face many challenges, such as data misalignment, scale mismatch, and context de-
pendence. Among these, scale inconsistency due to sensor heterogeneity remains
a significant challenge. This is mainly because different sensors have different detec-
tion ranges and resolutions, for example, LiDAR can provide accurate 3D positional
information at the centimeter level, whereas cameras provide 2D visual information
related to pixel resolution. In this paper, we design a multi-scale feature fusion
module based on graph neural networks that leverages the properties of multi-scale
mechanisms to mitigate issues such as inconsistent scales.

2.2.2 Feature-Level Fusion

At the feature-level fusion [32], as shown in (a) of Figure 1, the focus shifts to the rep-
resentation of features. It involves more than just concatenating the original data;
instead, it encompasses weighting, fusing, or applying other processing techniques
to the features obtained from different sensors in order to extract more valuable and
representative feature representations. For instance, MVX-Net [15] introduced two
straightforward yet effective early feature fusion methods: point fusion and voxel
fusion. These methods combined RGB and point cloud features within the VoxelNet
framework. ContFuse [33], on the other hand, proposed a more intricate approach
that employed K-nearest neighbors (KNN), bilinear interpolation, and a learning
MLP to gradually fuse the feature maps of the camera and LiDAR branches through
a continuous fusion layer. UberATG-DFM [34] put forward an end-to-end learnable
architecture that leveraged deep completion tasks to acquire improved multi-sensor
features, achieving dense point-by-point feature fusion. PointFusion [14] introduced
a global fusion and network-intensive fusion network that utilized the input 3D
points as spatial anchors to predict multiple 3D box hypotheses and their corre-
sponding confidences. The key advantage of feature-level fusion lies in its ability to
leverage the strengths of different sensors fully, enabling the extraction of compre-
hensive and richer feature information. This, in turn, enhances the accuracy and
robustness of object detection. However, feature-level fusion also encounters certain
challenges. As shown in (b) of Figure 1, It necessitates the rational design of fusion
strategies and weight allocation, while considering the correlation and consistency
between different features. Additionally, the fusion process may lead to different
levels of data redundancy due to different fusion strategies. In this paper, we pro-
pose a lightweight gating mechanism to fuse features to reduce data redundancy
selectively.

2.2.3 Object-Level Fusion

Object-level fusion entails merging the object detection outcomes from various sen-
sors to produce a comprehensive object detection result. It involves utilizing the
diverse information acquired by multiple sensors, such as cameras and LiDARs, to
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detect objects and consolidate them into a unified output. Fast-CLOCs [35] em-
ployed the image-based intersection over union (IoU) metric between 2D detection
and projected 3D detection to measure the geometric consistency between them.
This approach converted all 2D and 3D detection candidates into a harmonized
joint representation, ensuring consistency across both dimensions. Liga-stereo [36]
built upon the DSGN [37] model as its baseline, taking two image features from
a binocular camera as input. For each assumed depth plane in the left image, the
feature map of the right image is obtained through homography transformation.
Subsequently, the left image features are combined with the corresponding right
image features. By merging the object detection outcomes from diverse sensors, the
limitations and deficiencies of individual sensors can be compensated for, leading
to more comprehensive and accurate object detection results. However, object-level
fusion also encounters certain challenges, such as inconsistencies in data between
different sensors and the accuracy of object matching.

3 METHODOLOGY

Our objective is to devise an effective feature fusion mechanism that enhances the
precision of 3D object detection.

In our approach, we introduce a novel module called the Multi-Scale Feature Fu-
sion (MSFF) module. This module leverages a multi-scale graph neural network to
extract point cloud features at various scales. Additionally, it integrates 2D image
features to obtain comprehensive graph features. Simultaneously, we convert the
point cloud data into a voxel representation and fuse it with the 2D image features
to derive voxel features for the point cloud. Furthermore, we have developed a Dis-
criminative Fusion Module (DFM). This module adaptively selects voxel features
and graph features for fusion based on their relative importance. By doing so, we
enhance the richness of the fusion features. Ultimately, this enables us to generate
unified 3D features that facilitate accurate predictions of 3D object bounding boxes.

3.1 Overall Network Structure

As shown in Figure 2, the DMS3D model proposed mainly has three feature ex-
traction branches and a feature fusion module: a 3D graph feature branch, a 2D
image feature branch, a 3D voxel feature branch, and a discriminative fusion mod-
ule. Firstly, the 2D image feature f image is obtained by a 2D backbone network and
feature pyramid (FPN) [38] network. Secondly, the point cloud data is transformed
into graph structure and voxel representation respectively, and the 3D graph feature
f graph is obtained by fusing the feature f image through the multi-scale feature fusion
module, and the 3D voxel feature f voxel is obtained by fusing the feature f image

through the voxel branch; finally, the 3D voxel feature f voxel and 3D graph feature
f graph are input into the discriminative fusion module to obtain the final joint 3D
feature f fusion.
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Figure 2. Overview of DMS3D architecture. Our framework mainly consists of the fol-
lowing parts: a) an image feature extraction network, mainly composed of a 2D backbone
network and a feature pyramid network; b) a 3D graph feature branch; c) a 3D voxel
feature branch; d) a discriminative fusion module; e) a 3D backbone network.

3.2 2D Image Feature

We use ResNet50 [39] network as the backbone network of 2D image feature extrac-
tion to obtain the four-layer image feature fimage = [I1, I2, I3, I4], and then through
a feature pyramid network, the five-layer image feature f image = [f i

1, f
i
2, f

i
3, f

i
4, f

i
5]

is finally obtained, which is obtained by adding an additional pooling layer on the
basis of the original four layers, that is, the fifth layer feature is obtained by pooling
operation on the basis of the top layer feature. This operation can introduce more
features to further improve the detector’s perception of the object.

3.3 Multi-Scale Feature Fusion Module

Point cloud data represent a collection of discrete points in space, where each point
has location information and other attributes (such as color, normal vector, etc.).
There is a certain connection between points, which can help the model to locate
and classify objects more accurately. Different from the existing processing meth-
ods of projecting point clouds to 2D coordinates or converting them into voxel,
we express this connection relationship by constructing graphs, which can not only
adapt to the characteristics of close and sparse point clouds, but also provide rich
context, shape and occlusion information to enrich feature representation. How-
ever, single-scale graph neural networks may not be able to adapt to targets with
large scale variations and have limited understanding of the scale inconsistencies
of different modal features, which may lead to inaccurate detection of distant or
occluded targets. In addition, since a single-scale graph neural network cannot
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Figure 3. Multi-scale feature fusion module mainly includes point-by-point fusion and
graph neural network

capture feature information at multiple scales, the model may not adequately rep-
resent key features of the target, such as shape, texture, and geometric structure,
thus affecting the accuracy and robustness of object detection. To effectively al-
leviate the above problems, we design a multi-scale feature fusion module. Un-
like existing methods that project point clouds or rotate dynamic voxels, we use
multi-scale graph convolution operation to extract 3D graph features at multiple
scales and fuse 2D image features at each scale to obtain richer 3D graph fea-
tures. Our method has the following advantages: 1) the model is more robust
and adapts to changes in targets or scenes at different scales; 2) both local struc-
ture and global context information at different scales are considered at the same
time.

As shown in Figure 3, enter the original point cloud data Praw = {p1, p2,
p3, . . . , pn}, where pi = {(xi, yi, zi, ri) | i = 1, 2, . . . , n} denotes the three-dimensional
coordinates of the i th point, and r denotes the reflection intensity. Firstly, the point
cloud data is transformed into a graph structure G = (V,E), where each point is the
node V of the graph, and E represents the edge. The relationship between points
is represented by an N ×N adjacency matrix A, and its element aij represents the
connection between node i and node j. The distance function F (i, j) is used to
calculate the distance between nodes, and the connection is determined according
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to the threshold ϵ, as shown in Formula (1):

F (i, j) =

⎧⎨⎩ 1, if
√︂
(xi − xj)

2 + (yi − yj)
2 + (zi − zj)

2 ≤ ϵ,

0, otherwise.
(1)

Subsequently, the graph convolution (GCN) [40] operation is used to construct
a three-scale graph neural network. Each layer of graph convolution convolves the
node features while taking into account the intricate interconnections among the
nodes. Specifically, for each node i, its feature representation Xi is fused by con-
volution operation and adjacency matrix A to obtain the updated node feature X

′
i .

This process can be expressed as:

X ′
i = σ

(︄
N∑︂
j=1

aij (WXj + b)

)︄
, (2)

among them, W is a learnable weight matrix, b is a bias vector, and σ(·) is the
activation function Sigmoid. Then we get the feature S = (s1, s2, s3) of three scales,
where s1, s2, s3 represent the feature set of all points in each scale, that is, si =
{X i

s}i=1,2,3, where X i
s = [X ′

1, X
′
2, X

′
3, . . . , X

′
n]i=1,2,3.

Finally, in order to be more robust when dealing with targets of different sizes,
shapes, and backgrounds, we integrate multi-modal features at different scales and
fully utilize their complementarity. In addition, to avoid similarity in adjacent hi-
erarchical features, we use the first, third, and fifth layers of 2D image features and
multi-scale 3D point cloud features for point-by-point fusion. Specifically, the point
cloud is first mapped into a 2D image to align it, and a projection transformation
function Proj(·) is defined. The input is the graph feature X i

s and the transfor-
mation parameter T of each scale of the point cloud, and the output is the graph
feature of each scale of the aligned point cloud:

X i′

s = Proj
(︁
X i

s, T
)︁
, (3)

where X i′
s = [X ′′

1 , X
′′
2 , X

′′
3 , . . . , X

′′
n]i=1,2,3, X

′′
n denotes the position of the nth point

in the ith scale in the 2D image coordinate system. The projection transformation
function Proj(·) can be calculated by the following formula:

X ′′
n = K ·R ·X ′

n + T, (4)

here, K represents the internal reference matrix of the camera, R denotes the ro-
tation matrix of the camera, and T signifies the translation vector of the camera.
Subsequently, the 2D image features are seamlessly integrated with the three-scale
map features of the aligned point cloud, resulting in the acquisition of feature repre-
sentations at the three different scales. This fusion process is depicted in Formula (5):

f i
s = Cat

(︂
FC

(︂
X i′

s

)︂
, f image

)︂
i=1,2,3

, (5)
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FC(·) represents the fully connected layer, which transforms the graph features into
the same dimension, and Cat(·) is the splicing operation. Finally, the features of
the three scales are spliced to obtain the 3D graph feature f graph.

3.4 3D Voxel Feature Branch

While the graph neural network demonstrates efficacy in processing point cloud
data, it encounters challenges when dealing with sparse edges and widely spaced
points. Solely relying on a distance threshold to determine connectivity may result
in indistinct boundary information and the exclusion of numerous valuable boundary
points. Consequently, we propose the utilization of voxel representation for point
cloud data processing. The primary rationale behind this approach is that voxeliza-
tion enables the conversion of sparse boundary points into voxel grids with consistent
resolution, thereby providing a unified representation of the entire point cloud data.
Moreover, voxelization facilitates the generation of adjacent voxels surrounding the
boundary points, thereby preserving crucial information pertaining to the vicinity
of these boundaries. This technique proves instrumental in capturing object shape
and boundary features, ultimately enhancing the accuracy of object detection. To
this end, we use dynamic voxel feature coding (DynamicVFE) to obtain the voxel
feature fV of the point cloud, and then performs voxel-by-voxel feature fusion with
the 2D image feature f image. The reason is to make up for the lack of semantic
information of voxel features.

Specifically, the point cloud data Praw is input and voxelized to obtain the voxel
feature fV . Firstly, the size of the voxel is defined as Vsize = (sx, sy, sz), which
represents the width, height and depth of each voxel. The boundary of the voxel
is defined as Vboundary = (minx,miny,minz,maxx,maxy,maxz), which represents the
boundary range of the point cloud data. Then the dimension of the voxel grid is
calculated, and the dimension of the voxel grid is defined as Vdim = (dx, dy, dz),
which indicates how many voxels are needed in each dimension. The number of
voxels in each dimension was calculated by Formula (6):⎧⎪⎨⎪⎩

dx = (maxx −minx) /sx,

dy = (maxy −miny) /sy,

dz = (maxz −minz) /sz.

(6)

Create an empty voxel grid, expressed as Vzero = zeros (dx, dy, dz), where zeros(·)
means that the value of the voxel is set to 0. Then, for each point pi, its index in
the voxel grid is calculated, as shown in Formula (7):⎧⎪⎨⎪⎩

idxx = floor ((xi −minx) /sx) ,

idxy = floor ((yi −miny) /sy) ,

idxz = floor ((zi −minz) /sz) .

, (7)
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floor(·) represents the mapping from the point cloud to the voxel grid. Finally, the
point pi is assigned to the corresponding voxel grid Grid (idxx, idxy, idxz) = 1,
which indicates that there are points in the voxel, and then the voxel features fV =
(fv1 , fv2 , fv3 , . . . , fvm) are obtained.

The dynamic voxel feature encodes the feature fV , which is then aligned with
the 2D image feature f image, resulting in the generation of feature representations
that are enriched with semantic information. Through the alignment of multimodal
data, various modalities of information are integrated, filling in gaps and ensuring
a consistent representation of the data. This alignment process contributes to en-
hanced task performance, enabling more accurate and comprehensive data analysis
and decision-making. Ultimately, it provides valuable support for precise and com-
prehensive data analysis and decision-making processes. Therefore, we first project
each voxel fvi (i = 1, 2, 3, . . . ,m) onto the image plane, and calculate the pixel
coordinates of the voxel center point on the image plane:

(Uvi , Vvi) =
(K · T · Vvi)

(K · T · Pvi)
, (8)

where K is the internal reference matrix of the camera, T is the external reference
matrix of the camera, Vvi is the coordinates of the center point of the voxel in the
camera coordinate system, and Pvi is the coordinates of the center point of the
voxel in the world coordinate system. The voxel feature fvi is assigned to the image
feature closest to the projection position to align and return the aligned feature
falign. Then falign and f image are fused to obtain the 3D voxel feature f voxel, as
shown in Formula (9):

fvoxel = Cat
(︁
Trans

(︁
f image

)︁
, falign

)︁
, (9)

Trans(·) represents the operation of converting features into the same dimension,
and Cat(·) represents the feature splicing operation.

3.5 Discriminative Fusion Module

Inspired by [41], the data of different modalities have different feature information,
such as the 3D graph feature f graph and the 3D voxel feature f voxel obtained in
the above process. The former contains rich context and multi-scale information,
but there are some deficiencies in the extraction of edge information; although the
latter is not as rich as the feature f graph, it can capture the shape and boundary
features of the object, which is beneficial to complement the 3D graph features to
a certain extent. In addition, if the 3D graph feature f graph and the 3D voxel fea-
ture f voxel are directly fused, it may cause information redundancy and increase
the amount of calculation. Consequently, we have devised a discriminative fusion
module with the objective of selectively merging features using a lightweight gat-
ing mechanism. Different from existing approaches that utilize attention mecha-
nisms or direct concatenation, we develop a lightweight gating mechanism to se-
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Figure 4. Explanation of the discriminative fusion module

lectively fuse features from different modalities. Our method offers several advan-
tages:

1. It reduces computational overhead;

2. It enhances the adaptability of the model to diverse modal features, making the
network more flexible.

By incorporating this module, we achieve an improved ability to discern relevant
features and enhance the overall robustness of the model.

As shown in Figure 4, input the 3D graph feature f graph and the 3D voxel
feature f voxel, and use a lightweight gating unit to control the weight of feature
fusion. Firstly, a gating variable is defined to represent the weight of the selected
graph structure features or voxel features. Let W = {wi} be the gated variable,
where wi is a value between 0 and 1. Subsequently, a fully connected layer is
employed, followed by the utilization of a Sigmoid function as the activation function.
This configuration enables the generation of gating variables by taking the graph
structure features and voxel features as inputs. The specific formula can be expressed
as:

wi = Sigmoid
(︁
W T · fmultiply

)︁
, (10)

among them, W is the parameter of the gating unit, and fmultiply = Multiply(f graph,
f voxel) is a new feature vector formed by multiplying graph structure features and
voxel features. At the same time, the two features obtained by adding and splicing
fmultiply with f graph or f voxel are passed through a fully connected layer to obtain
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the joint feature f fusion finally used for detection, as shown in Formula (11):

f fusion = Cat
(︁
Sum

(︁
fmultiply, f graph

)︁
, Sum

(︁
fmultiply, fvoxel

)︁)︁
, (11)

where Sum(·) denotes the sum of features. Finally, we use a 3D detection head
with an anchor frame for detection. The ground truth frame and anchor points are
defined by (x, y, z, w, l, h, θ). The localized regression residual between the ground
true value and the anchor point is defined as:

∆x = xgt−xa

da
, ∆y = ygt−ya

da
, ∆z = zgt−za

ha ,

∆w = log wgt

wa , ∆l = log lgt

la
, ∆h = log hgt

ha ,

∆θ = sin (θgt − θa) ,

(12)

where xgt and xa are the ground truth value and anchor frame respectively, da =√︂
(wa)2 + (la)2.

3.6 Loss Function

We utilize the multi-task loss function for jointly optimizing the model. The total
loss is:

L =
1

Npos

(βlocLloc + βclsLcls + βdirLdir) , (13)

where Npos is the number of positive anchor points, Lloc is the regression loss for lo-
cation and dimension, Lcls is the classified loss and Ldir is the direction classification
loss, βloc = 2, βcls = 1, βdir = 0.2 are the constant coefficients of our loss formula.

The overall localization loss is:

Lloc =
∑︂

b∈(x,y,z,w,l,h,θ)

SmoothL1(∆b), (14)

since the angle localization loss cannot distinguish flipped bounding boxes, the soft-
max classification loss Ldir is used to learn in the discrete direction, which same to
SECOND [6]. Object classification loss using focal loss:

Lcls = −αa (1− pa)r log pa, (15)

where pa denotes the class probability for an anchor point. We use the original
setting with α = 0.25 and γ = 2.

The loss function is optimized with AdamW, and the initial learning rate is
1× e−4, decaying by 0.1 times every 15 cycles. The number of epochs is 40, and the
batch size is 2.
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4 EXPERIMENT

4.1 Datasets and Evaluation Metrics

KITTI Dataset: All experiments use the KITTI object detection benchmark data
set [42], which consists of samples with both LiDAR point clouds and images.
These samples were initially divided into 7 481 training samples and 7 518 test
samples. There are three different levels: simple, medium, and difficult, which
are determined based on the size of the object, visibility (occlusion), and trun-
cation. Average precision (AP) is calculated using 40 recalls as a validation
metric. For cars, pedestrians and cyclists, the IoU thresholds are 0.7, 0.5 and
0.5, respectively. We divide the official training set into 3 712 training samples
and 3 769 test samples. At the time of test submission, we train on the train-
ing set containing 7 481 training samples, test on the test set containing 7 518
samples, and generate submission documents to upload to the official website
for verification.

nuScenes Dataset: The nuScenes dataset [43] consists of 700, 150, and 150 scenes
for training, validation, and testing, respectively. In each frame, there is one
point cloud data along with six calibrated images, covering a 360-degree hori-
zontal field of view. When it comes to 3D object detection, the primary eval-
uation metrics used are the mean Average Precision (mAP) and the nuScenes
detection score (NDS). Notably, the mAP is calculated based on the Bird’s Eye
View (BEV) center distance instead of the 3D Intersection over Union (IoU).
The final mAP is determined by averaging the results over different distance
thresholds, specifically 0.5m, 1m, 2m, and 4m, across ten object classes. NDS
serves as a comprehensive metric that encompasses mAP as well as various at-
tribute metrics such as translation, scale, orientation, velocity, and other box
attributes.

4.2 Implementation Details

4.2.1 2D Backbone

The pre-trained ResNet50 is used as the backbone network for image feature ex-
traction. In the feature pyramid stage, the number of input channels of each layer
is set to 256, 512, 1 024, 2 048, the number of output channels is set to 256, and the
output is 5 layers.

4.2.2 Multi-Scale Graph Neural Network

We use three scales of graph convolution. The convolution kernel is set to ((32, 32),
(64, 64), (128,)). The last layer is completed by a graph convolution operation, and
the other two layers are completed by two graph convolution layers. The distance
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threshold is set to 0.1 meters, the point-by-point fusion module embedded in each
scale is consistent with that proposed in [15], and the output channel is set to 128.

4.2.3 Voxel Feature Encoding

Four dimensions (x, y, z, r) of 17 600 points were sampled as input. The range of
the point cloud was [0,−40,−3, 70.4, 40, 1]. The point cloud data was encoded by
dynamic voxel feature coding, and the voxel size was set to [0.05, 0.05, 0.1]. The
voxel-by-voxel fusion layer is embedded, and the feature map of the five-layer image
is used for fusion. The image channel is 256, the point cloud channel is 64, and the
output channel is 128.

4.2.4 Discriminative Fusion Module

Sigmoid is used as the activation function of gated multiplication, and ReLU is used
as the activation function of gated addition. The weight is initialized by normal
distribution. In order to prevent overfitting, the Dropout layer is set to 0.2, and the
regularization parameter is set to 0.01.

4.2.5 Other Settings

The 3D backbone network is consistent with [6]. The 3D head of the detected head
anchor, the feature channel is set to 512, the classification loss function is FocalLoss,
the bounding box loss is SmoothL1Loss, the direction loss is CrossEntropyLoss, and
the Sigmoid activation function is not used.

4.3 Main Results

Our comparative data is derived from the official websites of KITTI and nuScenes,
supplemented by corresponding research papers. In the provided results in Table 1, ‘-
’ indicates that the algorithm did not conduct experiments for the respective metrics.
‘L’ represents LiDAR, ‘R’ represents RGB image. Additionally, due to challenges in
obtaining source code, reproducing results for certain algorithms was difficult. Even
for algorithms that could be implemented, variations may occur due to differences
in servers. The primary benchmark for comparison on the KITTI dataset is the test
set.

4.3.1 Results on the KITTI Test Set

We follow the standard KITTI evaluation scheme (IoU = 0.7) to measure the detec-
tion performance, and trains on the LiDAR point cloud and image, and compares
it with the fusion method using LiDAR and image and the method using only Li-
DAR point cloud. Tables 1 and 2 show the mean average precision (mAP) scores of
DMS3D compared to the advanced KITTI test set methods evaluated using 3D and
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bird’s-eye view (BEV), respectively. Our method has a 0.35%, 3.25% and 9.16%
improvement on the 3D AP medium benchmark of cars, pedestrians and cyclists,
respectively, and a 0.81% improvement on 3D mAP. On the BEV AP benchmark,
there are 8.49% and 9.52% increases in the medium tests of pedestrians and cy-
clists, respectively. Under the difficult standards of automobiles, the performance
has improved by 0.02% compared to Pass-PointPillars [48]. In addition, there is
also a 4.64% increase in the BEV mAP compared to SeSame [28]. The performance
improvement primarily stems from the design and implementation of multi-scale fea-
ture fusion and the discriminative fusion module. It effectively alleviates the issue
of inconsistent scales in multimodal data and obtains more comprehensive features,
optimizing the model.

4.3.2 Results on the KITTI Validation Set

Tables 3 and 4 show three different categories of 3D performance and BEV perfor-
mance on the KITTI verification set, and compare them with the fusion method
using LiDAR and image and the method using only LiDAR point cloud. Our
method has certain advantages in pedestrian detection in 3D object detection, and
has achieved an increase of 16.77% compared with other data in the table on the
medium standard. In BEV detection, our method also shows excellent performance
for pedestrian detection, achieving a 15.96% improvement on the medium stan-
dard. Encouraging results have been achieved on the KITTI verification set, and
the experimental results further prove the effectiveness of the method.

4.3.3 Results on the nuScenes Val Set

As shown in Table 5, in order to test the generalization performance of the model,
we tested our model on the nuScenes validation set. Compared to BEVFusion, our
method has improved mAP by 2.6% and NDS by 2.1%. This verifies that our model
has a certain degree of generalization performance.

4.4 Ablation Experiment

We conducted experiments on the KITTI test set to test the hyperparameters, and
verified each component of the proposed method on the 3D benchmark and the BEV
benchmark, respectively.

4.4.1 Single-Scale Graph Neural Network (SSGNN)

In order to verify the effectiveness of the graph neural network in processing point
cloud data, we set the single voxel processing and 2D image feature fusion as the
baseline. It can be seen from the first and second rows of Table 6 and Table 7 that
the car category does not improve on the 3D AP benchmark, but it has 1.76% and
11.01% improvement on the other two categories, respectively. At the same time,
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Methods Modality mAP NDS

TransFusion-L [55] L 60.0 66.8
FocalsConv [56] L 61.2 68.1
CenterPoint [9] L 59.6 66.8
FUTR3D [57] L + C 64.2 68.0
UVTR [58] L + C 65.4 70.2
TransFusion [55] L + C 67.5 71.3
BEVFusion [17] L + C 68.5 71.4

DMS3D (Our) L + C 71.1 73.5

Table 5. Comparison of detection results on nuScenes validation set. L represents LiDAR
and C represents Camera.

Component 3D (%)

Baseline SSGNN MSGNN MSFF DFM Car Ped. Cyc. mAP

✓ 72.34 36.39 46.42 51.72
✓ ✓ 72.34 38.15 57.43 55.97
✓ ✓ 72.61 38.35 61.78 57.58
✓ ✓ 73.22 39.62 62.39 58.41
✓ ✓ 75.20 40.62 63.52 59.78

Table 6. Comparison of 3D average precision (AP) performance on KITTI test set evalu-
ated using online KITTI test server, calculated with recall 40 positions. Ped. denotes the
pedestrian class and Cyc. denotes the cyclist class.

it has increased by 0.73%, 1.35% and 12.77% on the BEV AP benchmark, respec-
tively. This demonstrates that, compared to the single voxel processing method,
incorporating graph-based representations significantly enhances feature expressive-
ness by capturing spatial relationships between neighboring points. Unlike voxel-
based methods that treat points as independent units within discrete grid cells,
the graph structure enables direct information propagation across points, improv-
ing contextual understanding. This enhanced point-to-point correlation allows the
model to better preserve object structures, distinguish between similar objects, and
improve detection performance in complex environments.

Component 3D (%)

Baseline SSGNN MSGNN MSFF DFM Car Ped. Cyc. mAP

✓ 85.09 42.32 51.97 59.79
✓ ✓ 85.82 43.67 64.74 64.74
✓ ✓ 84.73 44.54 69.43 66.23
✓ ✓ 86.85 45.29 69.05 67.06
✓ ✓ 86.25 45.82 69.22 67.10

Table 7. Comparison of BEV average precision (AP) performance on KITTI test set eval-
uated using online KITTI test server, calculated with recall 40 positions. Ped. denotes
the pedestrian class and Cyc. denotes the cyclist class.
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4.4.2 Multi-Scale Graph Neural Network (MSGNN)

Based on the single-scale graph neural network, we have improved it and added
two scales of features. Compared with the single-scale graph neural network on
the 3D AP benchmark, it can be seen from the second and third rows of Table 6
and Table 7 that although there is a slight improvement in the car and the human,
the performance is improved by 4.35% in the cyclist detection, and the average
accuracy is also improved by 1.61%. In addition, on the BEV AP benchmark, there
were 0.87% and 4.69% increases for pedestrians and cyclists, respectively, and the
overall mAP increased by 1.49%. This shows that the multi-scale feature extraction
method is more conducive to adapting to the object detection of multiple scenes and
complex structures than the single scale.

4.4.3 Multi-Scale Feature Fusion (MSFF)

In order to overcome the lack of texture and other information in the graph structure
features, we add the features of 2D images to the graph features of each scale, and
fuses the features of three scales. It can be seen from the third and fourth lines of
Table 6 that on the basis of 3D detection, this method increases by 0.61%, 1.27% and
0.61% respectively compared with the multi-scale graph neural network in the three
categories of automobile, pedestrian and cyclist. The mAP increased by 0.83% and
increased by 6.69% compared with the baseline. In addition, the performance of the
three categories is improved by 2.12%, 0.75% and 0.61% respectively on the BEV
detection benchmark, and the mAP is improved by 0.83%. These improvements
result from 2D images providing rich semantic information (e.g., texture and color)
that graph-based point cloud features lack. By aligning and fusing 2D and multi-
scale graph features, the model enhances both local details and global structure,
leading to better object recognition and detection accuracy.

4.4.4 Discriminative Fusion Module (DFM)

In order to reduce the redundancy of feature information and reduce the interfer-
ence of noise, we design a lightweight discriminative fusion module, which selectively
fuses features. On the 3D AP benchmark, compared with the direct fusion feature
method, the proposed method improves the detection accuracy of cars, pedestrians
and cyclists by 1.98%, 1.0% and 1.13%, and the overall mAP is increased by 1.37%.
Compared with the baseline, the car, pedestrian and cyclist categories are increased
by 1.86%, 4.23% and 12.49%, respectively, and the mAP is increased by 7.73%. In
addition, on the BEV AP benchmark, compared with the direct fusion method, the
performance is improved by 0.53% and 0.17% respectively when detecting pedes-
trians and cyclists. In addition, compared with the baseline, the accuracy of the
three categories increased by 1.16%, 3.5% and 17.25%, respectively, and the mAP
increased by 7.31%. The experimental results show that the selective fusion of
different modal features is beneficial to reducing the redundancy of information to
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improve the accuracy of detection, and further prove that our proposed method has
certain advantages.

4.4.5 Train Time

Component FPS (img/s)
time (iter/s)

Slowest Fastest Average std

DMS3D (without DFM) 7.8 0.6221 0.6018 0.6155 0.0217
DMS3D (with CA) 8.9 0.5431 0.5123 0.5209 0.0163
DMS3D 10.5 0.5042 0.4931 0.4987 0.0182

Table 8. Slowest represents the average training time for each iteration of the slowest
epoch, Fastest represents the average training time for each iteration of the fastest epoch.
Average represents the average training time for each iteration of all epochs, and std
represents the standard deviation of all training time.

time (iter/s)
Component Slowest Fastest Average std

Baseline 1.2024 1.1909 1.1959 0.0028
MSFF 0.5635 0.5114 0.5319 0.0143
DFM 0.5440 0.5058 0.5179 0.0079

Table 9. Slowest represents the average training time for each iteration of the slowest
epoch, Fastest represents the average training time for each iteration of the fastest epoch.
Average represents the average training time for each iteration of all epochs, and std
represents the standard deviation of all training time.

In order to verify the effectiveness of the discriminative fusion module in solving
the problem of long model training time caused by feature redundancy in multi-
mode feature fusion, we compared the benchmark model, multi-scale feature fusion
(MSFF) and discriminative fusion (DFM) three models, in which DFM is the final
model algorithm. The experimental results in Table 8 indicate the effectiveness of
our designed DFM module compared to other fusion methods that do not select
features, such as using cross attention fusion or direct fusion. Our designed model
has improved FPS metrics by 2.7 and 1.6 compared to the other two methods,
respectively. In addition, it has shortened the average iteration time per epoch by
0.1168 s and 0.0222 s. Table 9 shows the results of the comparison. It can be seen
that the discriminative fusion module we designed has a significant change in the
improvement of training time. The average training time is reduced by 0.014 s, and
it can be seen from the standard deviation that the distribution of training time
is more balanced and the model is more stable. The shortened training time is
a direct result of the DFM selectively fusing only the most discriminative features,
reducing the amount of redundant information that needs to be processed. By
focusing on the most relevant features, the model avoids unnecessary computations,
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leading to faster convergence during training. Additionally, the lightweight gating
mechanism in DFM streamlines the fusion process by efficiently controlling the flow
of information, further minimizing computational overhead and improving training
efficiency. As a result, this not only accelerates the model’s training time but also
enhances its stability, as reflected in the more balanced distribution of training times
across epochs.

4.4.6 Component Analysis

3D (%)
Component Car Ped. Cyc. mAP times (s)

SSGNN* 71.95 38.21 56.37 55.51 0.8734
SSGNN 72.34 38.15 57.43 55.97 0.9352
MSGNN* 72.18 38.19 58.46 56.28 0.6812
MSGNN 72.61 38.35 61.78 57.58 0.7903

Table 10. Effect of 2D image features on module performance. “*” indicates that no 2D
image features are added.

Table 10 shows the effect of 2D image features on the performance of the multi-
scale feature fusion module under the 3D AP benchmark. The first and second
rows in Table 10 indicate that adding 2D image features increases the detection
performance by 0.39% and 1.06% for cars and pedestrians, respectively, under the
single scale setting. The fourth and third rows of the table show that under the
multi-scale setting, the accuracy increases by 0.43%, 0.16% and 3.32% for the
three categories, respectively. This indicates the effectiveness of adding 2D image
features.

4.5 Qualitative Results

Figure 5 shows the qualitative results of several comprehensive scenarios from the
KITTI test set. As shown in the figure, the DMS3D proposed can accurately detect
objects even in challenging intersections or complex scenes containing pedestrians
and cyclists. Figure 6 shows the visual detection results of our model on the nuScenes
dataset. It can be observed that our model can still accurately detect targets and
maintain stable recognition performance in different scenarios and complex envi-
ronments. These qualitative examples further provide intuitive evidence for the
effectiveness of our method.

5 CONCLUSION

We are committed to the 3D object detection task and propose a new multi-scale
and discriminative fusion module (DMS3D). The utilization of a multi-scale graph
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Figure 5. Here are the qualitative results of the test set of the KITTI dataset. Six com-
plex scenes containing cars, pedestrians, and cyclists are shown. The red bounding box
represents the car class detected by the model, the green bounding box represents the
pedestrian class detected by the model, and the blue bounding box represents the cyclist
class detected by the model.

neural network allows for the fusion of 2D image features, resulting in point cloud
features that encompass a wealth of contextual and semantic information. To aug-
ment the graph features, the voxel representation is incorporated. Furthermore,
a lightweight gating mechanism is devised to selectively merge the graph and voxel
features, thereby reducing superfluous data and enhancing the model’s detection
capabilities. Evaluations conducted on the KITTI dataset demonstrate the superi-
ority of our proposed method compared to certain existing multi-modal 3D object
detection approaches.

Nevertheless, it should be noted that DMS3D exhibits suboptimal detection per-
formance in complex scenarios characterized by severe occlusion and objects with
similar shapes and colors. This can be attributed to the presence of noise and
misalignment in the multi-modal features, which significantly impairs detection ac-
curacy. To address such issues, we plan to optimize our approach in future work
through methods such as multimodal data cleaning and reinforcement learning. Ad-
ditionally, we prioritize the development of lightweight modules to facilitate efficient
multi-modal 3D detection tasks.
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Ground-Truth Baseline DMS3D

Figure 6. Here are the qualitative results of the test set of the nuScenes dataset. From
top to bottom, it is divided into top level LiDAR perspective and bottom level millimeter
wave radar perspective. The color of the car results is yellow, pedestrians are blue, and
bicycles are pink.
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