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PA3DNet: 3-D Vehicle Detection With Pseudo
Shape Segmentation and Adaptive

Camera-LiDAR Fusion
Meiling Wang , Lin Zhao , and Yufeng Yue , Member, IEEE

Abstract—3-D vehicle detection is a key perception tech-
nique in autonomous driving. In this article, a novel 3-
D vehicle detection framework that fuses camera images
and Light Detection and Ranging (LiDAR) point clouds is
proposed, named PA3DNet. The key novelties of PA3DNet
are the proposing of a pseudo shape segmentation (PSS)
model and an adaptive camera-LiDAR fusion (ACLF) mod-
ule. The PSS model leverages self-assembled vehicle pro-
totypes to learn shape-aware vehicle features. In order
to achieve the adaptive fusion between visual semantics
and LiDAR point features, learnable weight parameters are
developed in the ACLF module to formulate an implicit
complementarity between the two modalities. Extensive ex-
periments on the widely used autonomous driving KITTI
dataset demonstrate that PA3DNet achieves competitive ac-
curacy when compared to advanced methods. It achieves
5.37% higher average precision (AP) on easy difficulty of
30–50 m and 9.67% higher AP on moderate difficulty of
>50 m.

Index Terms—3-D object detection, autonomous driving,
multimodal fusion.

I. INTRODUCTION

W ITH the growing development of the transportation
industry, the safety of intelligent vehicles, especially

self-driving cars, has become increasingly prominent [1]. In
general, safe autonomous navigation requires robust and reliable
3-D perception technology. 3-D vehicle detection, which utilizes
camera or Light Detection and Ranging (LiDAR) sensors to
recognize surrounding vehicles in on-road environments, is con-
sidered a critical perception capability in the field of intelligent
transportation systems. As intelligent vehicles are required to
drive more safely and reduce traffic accidents in complex and
dynamic environments, detecting surrounding 3-D vehicles can
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Fig. 1. Example of 3-D vehicle detection in an autonomous driving
scene. First row: LiDAR point clouds with 3-D detection boxes. Second
row: (3) RGB image with 3-D ground truths, as well as (2-b) image
feature map from the proposed PSS model.

help them maintain a safe following distance, avoid potentially
dangerous collisions, and provide essential environmental infor-
mation for subsequent decision making and vehicle control.

Benefiting from the powerful feature extraction capability
of deep convolutional neural networks, 3-D vehicle detection
based on single-modal data from cameras or LiDAR sensors
has been studied recently [3], [4]. Camera RGB images represent
environments in a perspective view with rich colors and dense
textures; however, existing camera-only 3-D vehicle detection
methods [5], [6] suffer from performance degradation due to
the lack of reliable long-range depth measurements, achieving
only approximately 10% mean average precision (AP) on the
official KITTI test dataset. On the other hand, precise ranging
information from laser scans brings benefits to LiDAR-only
methods. However, 3-D vehicle shape information from LiDAR
point clouds tends to be severely incomplete in occluded or
long-range scenes, inevitably leading to loss of geometric con-
text and occasional erroneous detection results. As shown in
Fig. 1-(1), the LiDAR-only method [8] suffers from missed de-
tection (false negative) and redundant detection (false positive),
while the proposed multimodal approach [in Fig. 1-(2-a,b)] fuses
visual shape features to achieve better performance. Recently,
several image-based algorithms have explored the fine-grained
contextual information in images. Abdel-Basset et al. [2] utilized
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a metaheuristic balancing approach to find the optimal threshold
for grayscale images. Haris and Glowacz [1] studied the feature
prediction capability of the decoder in the lane segmentation
network. Moreover, the authors of [7] further examined that
the combination of camera RGB information and LiDAR depth
information has better performance than using only a single
modality in end-to-end intelligent driving. Therefore, fusing
sensor data from two complementary modalities can fully ex-
ploit dense visual information and accurate LiDAR ranging
measurements, thereby improving the robustness of 3-D vehicle
detection in challenging occlusion and long-range cases. To
this end, this article proposes the multimodal fusion algorithm
between RGB images and point clouds as a more desirable
solution for 3-D vehicle detection.

As summarized above, multimodal 3-D vehicle detection can
complement the strengths of both modalities. Existing mul-
timodal methods [9], [10], [11] utilize image cues obtained
from two-stream extractors to compensate point features, but
are limited to low-level visual feature fusion at the early stage.
To take full advantage of the rich visual information, Pointpaint-
ing [12], PI-RCNN [13], and Sem-Aug [14] directly extracted
high-level image features from pretrained semantic segmenta-
tion models or supervised by 2-D segmentation autolabeling.
While effective, these methods are constrained by the gener-
alization ability of pretrained models or rely on external 3-D
priors to provide autolabeling references. In the absence of
image annotation supervision or external 3-D priors, visual
semantic segmentation networks may fail to learn reliable image
features, resulting in degraded detection performance. There-
fore, the first challenge for multimodal 3-D vehicle detection
is to formulate a practical visual model that bridges the gap
between high-quality image semantic learning and limited data
supervision.

Compared with single-modal methods that learn from
viewpoint-consistent sensor data, the cross-view association
between LiDAR points and camera images poses another
challenge. To localize 3-D objects in large-scale point cloud
scenes, [16] generates 3-D LiDAR frustums from image-based
region proposals to reduce the 3-D search space. In view
of the correspondence between cross-view feature learning,
MV3D [17], AVOD [18] and MVX-Net [19] aggregate region-
based image features through pooling layers and then append
them to point features to jointly learn cross-view information.
The features of the two modalities are only fused at concatena-
tion level in these methods, whereas the fusion layers cannot
determine which image features are complementary for the
corresponding LiDAR points. As a result, the second challenge
is to carefully design a camera-LiDAR fusion layer that adap-
tively modulates the complementary weights between the two
modalities.

The above challenges motivates this article to propose a novel
multimodal 3-D vehicle detection framework, named PA3DNet,
which contains a pseudo shape segmentation (PSS) model and
an adaptive camera-LiDAR fusion (ACLF) module. Specifically,
the PSS model self-assembles vehicle point cloud prototypes
formed from full 3-D shapes without external 3-D prior models,
and projects them as pseudo vehicle shapes on the image plane.

Since the generated shapes approximately represent 2-D full
contours, we exploit them to supervise a shape semantic segmen-
tation network to learn visual shape features of vehicles. In the
ACLF module, bilinear interpolation sampling is first adopted to
fetch point-wise visual features at continuous pixel coordinates
from a high-level image feature map. A camera-LiDAR fusion
layer with learnable weight parameters is then incorporated,
which formulates the contributions of the obtained image se-
mantic information and exploits them to adaptively enhance
LiDAR point features. The main contributions of PA3DNet can
be summarized in threefold.

1) A PSS model utilizing self-assembled vehicle prototypes
to generate 2-D pseudo shapes is proposed, which can
learn visual shape features of vehicles.

2) The proposed ACLF module formulates the concatena-
tion between image semantics and LiDAR point features
via learnable weight variables, enabling adaptive camera-
LiDAR feature fusion.

3) Extensive quantitative and qualitative experiments on a
widely used autonomous driving KITTI dataset demon-
strate that PA3DNet achieves competitive performance
compared to advanced baseline methods.

The rest of this article is organized as follows. Section II dis-
cusses recent related work. Section III demonstrates the pipeline
of PA3DNet. Section IV shows the qualitative and quantitative
experiments on the on-road driving scenarios. Finally, Section V
concludes this article.

II. RELATED WORK

The existing 3-D vehicle detection methods are divided into
three main modes: camera-only, LiDAR-only, and multimodal-
based. This section mainly revisits LiDAR-only and multimodal
methods.

A. LiDAR-Only 3-D Vehicle Detection

Recent LiDAR-only methods are mainly divided into two cat-
egories: point-based and voxel-based. Point-based methods [15],
[20] learn local region features by aggregating key point fea-
tures or employing a transformer-based backbone. 3DSSD [21]
incorporates a refined box prediction subnetwork into a point-
based 3-D object detector. These methods, however, suffer from
costly computation of point feature encoding and have difficulty
extending to large-scale tasks. Instead, voxel-based methods [4],
[22] convert sparse LiDAR point clouds to regular voxels, and
leverage 3-D sparse convolutional layers [8] to encode 3-D
voxel features. SegVoxelNet [23] employs semantic segmen-
tation masks from bird’s-eye-view (BEV) to provide contex-
tual information and actively guide 3-D vehicle detection. In
PV-RCNN [24], a voxel-keypoint 3-D feature encoding module
is proposed to enrich representative point cloud features. He
et al. [30] and Ning et al. [31] exploited multiview represen-
tation and attention mechanism to extract more neighborhood
and contextual information respectively. Although voxel-based
feature extractors are effective, these methods are constrained
by the inherent low-occupancy nature of LiDAR point clouds,
making them suboptimal for complex 3-D scenes.
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Fig. 2. Overview of PA3DNet, where the predicted 3-D detection results are shown in both image and LiDAR point cloud (⊕: concatenation
operations).

B. Multimodal 3-D Vehicle Detection

Early multimodal approaches [16], [17], [18], [19] incorpo-
rate region-based fusion strategies into 3-D vehicle detection
networks. Qi et al. [16] utilized region proposals from image-
based object detectors to generate 3-D bounding frustums. In
AVOD [18], a multiview region proposal network (RPN) is
combined with a region-based fusion module to produce high-
quality 3-D region proposals. Two-branch extractors with shared
camera-LiDAR features were proposed in MV3D [17], followed
by fusion-based RPN strategies to enhance the small-object
prediction. However, these region-based late fusion methods
tend to fuse limited visual information through heavy network
structures. The recent SFD [25] utilizes attention mechanisms to
fuse sparse LiDAR points and dense RGB point clouds. Despite
several improvements, it relies on robust depth completion and
is difficult to generalize in complex scenes.

To further explore the point-level correspondence between
cameras and LiDAR sensors, Yoo et al. [10] and Wen and Jo [11]
developed a cross-view feature fusion module to interpolate
image semantics into dense BEV representations. MVXNet [19]
extends the LiDAR-only detector with an additional camera
branch, where the image features are fetched from a pretrained
visual-based network. EPNet [9] and Three-Attn [11] incorpo-
rate the two-stream feature extractor with multimodal fusion
attention modules, but only fuse low-level visual semantic fea-
tures. By extracting image features from pretrained semantic
segmentation networks, PointPainting [12] and PI-RCNN [13]
directly decorate raw LiDAR point clouds with point-level
image semantics, while Sem-Aug [14] leverages 2-D segmen-
tation autolabeling to provide supervision for their segmenta-
tion subnetwork. However, these methods require external data
assistance, or simply augment the raw LiDAR point clouds.

More recently, Transfusion [34] and BEVFusion [35] investigate
camera-LiDAR fusion in BEV representation space, while their
frameworks are complicated and require 360◦ field of view
(FOV) from multiple cameras.

III. PROPOSED APPROACH

The proposed PA3DNet is modularly designed and consists
of three parts: a PSS model, an ACLF module, and a voxel-based
3-D detector, as shown in Fig. 2. To start, the PSS model
assembles vehicle prototypes with full 3-D shapes and projects
them onto the image plane to generate 2-D pseudo shapes.
These pseudo shapes describe the approximate 2-D contours of
vehicles. Consequently, the PSS model utilizes pseudo shapes
as image labels to learn vehicle segmentation features without
manual labeling. Then, the ACLF module extracts point-wise
image semantics from high-level segmentation feature maps
and incorporates them with LiDAR points in adaptive fusion
layers. Finally, the fused multimodal features are fed into the
voxel-based 3-D detector to predict 3-D vehicles.

A. Multisensor Configurations

1) Multimodal Inputs: The LiDAR sensor employs scanning
laser beams to generate a 3-D representation of the environment,
which is typically described as an unordered set of 3-D points.
Denote P = {p1,p2, . . . ,pN} as a LiDAR point cloud data,
where N is the number of 3-D points and p = [x, y, z]T ∈ R3

is the 3-D coordinate. In contrast, the camera image describes
a perspective view of the environment and is represented by
compact and ordered 2-D grids (also known as pixels). The
input RGB image is denoted as G ∈ RH×W×C and the 2-D
grid coordinates of each pixel on the image plane is denoted
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Fig. 3. Measurements, coordinate systems and coordinate transfor-
mation of LiDAR and camera sensors.

as g = [u, v]T ∈ R2, where H , W , and C = 3 are the height,
width, and number of channels of the RGB image, respectively.

2) Camera-LiDAR Projection: Fig. 3 shows the measure-
ments of the LiDAR and camera sensors along with the co-
ordinate transformation between the two modalities. Denote
Tcam

lidar ∈ R4×4 as the calibrated coordinate transformation ma-
trix of the LiDAR coordinate system (LCS) with respect to the
camera coordinate system, K ∈ R3×3 as the camera intrinsic
matrix. The mapping for projecting a 3-D LiDAR point p onto
the image plane is represented as

zqr = KTcam
lidarp (1)

where zq is the depth of the LiDAR point in the camera
coordinate system, r = [rx, ry]

T denotes the 2-D coordinate
of the projected point, and (1) implicitly transforms between
homogeneous coordinates and nonhomogeneous coordinates.

B. PSS

Image semantics from well-trained semantic segmentation
networks can provide fine-grained compensation for camera-
LiDAR fusion. Compared to labeling-friendly 3-D bounding
boxes, semantic segmentation requires collecting pixel-level
classifications, which is costly and time-consuming. Therefore,
we propose PSS, which utilizes pseudo shapes transformed from
3-D vehicle prototypes to learn fine-grained image semantic
features. The proposed PSS consists of three components: (a)
3-D prototype self-assembling, (b) pseudo shape generation,
and (c) 2-D shape segmentation. The main idea of (a) and (b)
is to automatically generate image segmentation labels from
annotations of 3-D LiDAR point clouds.

1) 3-D Prototype Self-Assembling: Camera-LiDAR projec-
tion makes it possible to map dense vehicle point cloud as a 2-D
vehicle shape on the image plane. However, since LiDAR point
clouds become scattered and sparse with increasing distance, it
is inevitable that distant vehicles have low 3-D point occupancy,
covering only part of the 3-D vehicle’s shape. To perform point

cloud completion for 3-D vehicles, we adopt a strategy of
inserting 3-D vehicle prototypes within each 3-D bounding box.
The prototype is obtained by collecting sparse 3-D vehicle points
on the specified train dataset and assembling them into a dense
point cloud model with complete 3-D vehicle shape. Denote a
3-D vehicle bounding box label as b = [cx, cy, cz, l, w, h, θ]

T ,
where [cx, cy, cz]

T is the 3-D position of the center point, θ
denotes the vehicle’s orientation angle around z-axis, l, w, and
h denote the length, width, and height of the 3-D bounding box,
respectively. To query the 3-D LiDAR points belonging to the
vehicle label b, we first transform raw LiDAR point cloud from
the LCS to the local vehicle coordinate system (VCS), whose
origin is the center point of b:

PV = {qi | qi = Rθ(pi − t),pi ∈ P} (2)

where Rθ ∈ R3×3 is the rotation matrix converted by the ori-
entation angle θ, t = [cx, cy, cz]

T ∈ R3 denotes the transla-
tion vector between LCS and VCS, and PV represents the
LiDAR point cloud in VCS. Then, the 3-D vehicle points within
b are denoted as Ψ = {qi | xi ∈ [− l

2 ,
l
2 ], yi ∈ [−w

2 ,
w
2 ], zi ∈

[−h
2 ,

h
2 ],qi ∈ PV }. The 3-D coordinates of these vehicle points

are divided by the dimensions on each axis to normalize to unit
length:

Ψ̂ =
{
q̂i|x̂i =

xi

l
, ŷi =

yi
w
, ẑi =

zi
h
,qi ∈ Ψ

}
. (3)

Thus, each normalized Ψ̂ is aligned within the same 3-D
bounding box dimensions and can be assembled into a 3-D
vehicle prototype with full shape. Also, we adopt voxel filtering1

to downsample the dense vehicle point cloud model and remove
outliers.

2) Pseudo Shape Generation: The assembled vehicle pro-
totype is denoted as Γ = {q̂1, . . . , q̂n}, where n is the number
of 3-D points. Generally, Γ is a statistical point cloud model
of full vehicle shape in the specified dataset. Given a sparse
LiDAR point cloud PB={b1,...,bK} with K 3-D vehicle labels,
the dimensions of each 3-D vehicle prototype are scaled to fit the
size of the corresponding 3-D bounding box label before vehicle
point completion:

Ok = {qi|xi = x̂ilk, yi = ŷiwk, zi = ẑihk, q̂i ∈ Γ} (4)

where [lk, wk, hk] is the box size of the kth 3-D vehicle label
bk. With the proposed vehicle point completion strategy, we are
able to reconstruct 3-D vehicle shapes in sparse LiDAR point
cloud.

Enforcing the LiDAR-to-camera projection allows for estab-
lishing correspondences between 3-D LiDAR points and 2-D
image pixels. When camera and LiDAR sensors are accurately
calibrated, a 3-D to 2-D shape constraint exists to convert the
complete 3-D vehicle model into the 2-D shape. Since the
assembled vehicle prototype contains dense and complete 3-D
vehicle points, we directly project it onto the image plane and
generate a dense vehicle pixel set. Convex hull2 is then exploited
to estimate the contour curve of dense vehicle pixels. In general,

1[Online]. Available: https://github.com/strawlab/python-pcl
2[Online]. Available: https://github.com/opencv/opencv

https://github.com/strawlab/python-pcl
https://github.com/opencv/opencv
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a convex hull defines the set of all convex combinations of
points in the given subset of the Euclidean space. Therefore,
the estimated contour curve can form a pseudo vehicle shape
that surrounds all the dense vehicle pixels from the prototype
projection. We project the assembled 3-D vehicle prototypes
onto the 2-D image plane in order of distance from far to near
and generate pseudo shapes for all 3-D vehicle labels.

3) 2-D Shape Segmentation: The inner regions enclosed by
the projected pseudo shapes are considered as approximate rep-
resentations of complete 2-D vehicle shapes. PA3DNet utilizes
pseudo shapes to provide supervision for learning high-quality
image semantics without extra image annotations. To obtain
robust image semantics from RGB images of on-road driving en-
vironments, HMANet [27], a multiscale semantic segmentation
network, is exploited to learn pseudo vehicle shape segmenta-
tion. Specifically, we extract the last prediction feature map from
the final stage of HMANet, just before being fed into the softmax
layer. The prediction feature map is of the same resolution as
the input RGB image and represents the highest-level shape
features in the semantic segmentation network. In summary, the
proposed PSS model leverages annotations of 3-D LiDAR point
clouds to generate pseudo image segmentation labels, which are
then utilized to supervise the learning of a shape segmentation
network. It reduces the dependence of our multimodal fusion
approach on different sensor annotations.

C. ACLF

1) Bilinear Interpolation Sampling: Denote the prediction
feature map as I ∈ RC×H×W , where C = 2 is the number of
pixel classifications (i.e., vehicle and background). Given a 3-D
LiDAR pointp, its 2-D projected point r = [rx, ry]

T falls within
a grid coordinate of I. Denote gr = [�rx�, �ry�]T as the grid
coordinate corresponding to r, where �·� denotes the rounding
function. To alleviate the floating-point deviation between the
2-D projected point coordinate r and the correspondence grid
coordinate gr, PA3DNet utilizes bilinear interpolation sampling
to extract point-wise semantic features at continuous image
coordinates:

fp =
∑
i∈U

∑
j∈V

(1 − |rx − i|)︸ ︷︷ ︸
weight in x axis

(1 − |ry − j|)︸ ︷︷ ︸
weight in y axis

I[i,j]

where U = {�rx�, �rx�}, V = {�ry�, �ry�}
(5)

where �·� and �·� represent the floor and ceiling functions,
respectively, i and j denote the neighboring pixel coordinates
of the sampling position r, and fp = [f, ξ]T is the binary seg-
mentation feature appended to the 3-D LiDAR point p. When
the sampling position exceeds the image grid resolution, its cor-
responding segmentation features are filled with zeros. Through
bilinear interpolation sampling, the raw LiDAR point cloud P
is projected onto the full-size prediction feature map to obtain a
semantic feature set, denoted as F = {fp1 , fp2 , . . . , fpN }.

2) Adaptive Fusion Layer: Denote the input LiDAR point
cloud as Pg = {pg

i = [xi, yi, zi, ei]
T ∈ R4}i=1,2,...,N , where

pg
i contains the 3-D geometric coordinates of the ith LiDAR

point, and ei denotes its reflection intensity. Let Ps = {ps
i =

Fig. 4. Details of the ACLF module. Adaptive weight parameters are
learned to fuse features from two modalities.

[xi, yi, zi, fi, ξi]
T ∈ R5}i=1,2,...,N denote the input semantic

point cloud, whereps
i contains the 3-D position of the ith seman-

tic point and its appended image semantics. First, we convert
both the input LiDAR point cloud Pg and the semantic point
cloud data Ps to voxel representations Vg and Vs, respectively,
and utilize two 3-D sparse convolution layers [8], one to extract
LiDAR geometric features fromVg and the other to obtain image
semantic features from Vs. The voxelized LiDAR features and
camera features are then fed into an adaptive fusion layer, to
fuse the rich geometric-semantic dependencies in 3-D space and
refine voxel features.

As shown in Fig. 4. the adaptive fusion layer first utilizes 3-D
sparse convolutions with the same output channels to process
camera features and LiDAR features separately, making the
feature channels consistent for both modalities. Through this
way, voxelized camera and LiDAR features located in 3-D space
share the same sparse voxel coordinates and number of voxels,
allowing features from both modalities to be fused in a voxel-
wise manner. However, directly concatenating the features of
the two modalities cannot achieve flexible associations between
useful image semantics and the corresponding LiDAR point
geometries. To this end, a learnable sparse weight parameter is
embedded in the camera-LiDAR layer to improve the adaptive
fusion between the two modalities.

Let Fg ∈ RM×D and Fs ∈ RM×D denote the geometric and
semantic features of the input nonempty sparse voxels, respec-
tively, where M is the number of nonempty voxels, and D
denotes the channel of nonempty voxel features. First, Fg and
Fs are fed to linear transformation layers, respectively:

Fg∗ = Fgw
T
g + bg (6)

Fs∗ = Fsw
T
s + bs (7)

where ws(g) ∈ RD×D and bs(g) ∈ RD×1 denote the weights
and biases of the linear transformation layers, respectively. The
transformed features Fg∗ and Fs∗ are merged via the element-
wise addition operation to form multimodal fusion features:

Fsg1 = LNw1,b1(tanh (Fg∗ + Fs∗)) (8)

where tanh(·) denotes the element-wise hyperbolic tangent
activation function, and LNw1,b1 : RM×D → RM×D represents
a linear transformation layer with learnable parameters (w1,b1).
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Fig. 5. Precision recall curves of 3-D vehicle detection methods in the official KITTI object detection evaluation test dataset. The performance of
PA3DNet compared to state-of-the-art methods at three detection difficulty levels is reported separately.

Fig. 6. Visualization of multiclass 3-D object detection results on the KITTI dataset. (1-A to 4-A): LiDAR point cloud with 3-D detection boxes,
where Car, Pedestrian, and Cyclist classes are shown in blue, green, and pink, respectively. (1-B to 4-B): RGB images with 3-D bounding boxes.
(1-C, 1-D, 1-E to 4-C, 4-D, 4E): semantic image feature maps of Car, Pedestrian, and Cyclist classes, respectively.

Considering that each sparse voxel contains both multidimen-
sional geometric and semantic features, an element-wise con-
catenation operation is introduced to extend the feature channels
of sparse voxels:

Fsg2 = LNw2,b2(tanh (Fg∗ ⊕ Fs∗)) (9)

where ⊕ represents the feature channel concatenation operation
and LNw2,b2 : RM×2D → RM×D denotes another linear trans-
formation layer that outputs the same feature channel as Fsg1.
The merged Fsg1 emphasizes the spatial position information
of sparse voxels, while the concatenated Fsg2 focuses on the
channel information of each sparse voxel feature. We exploit
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Fig. 7. Qualitative comparison results of 3-D vehicle detection. 3-D
detection boxes (in green solid box) are visualized in both LiDAR point
clouds and RGB images. Left column: There are missed 3-D detections
(in red dotted box) and redundant 3-D detections (in blue dotted box) for
the LiDAR-only approach [22]. Right column: better prediction results
from PA3DNet. (a) KITTI road scene. (b) KITTI city scene.

an element-wise addition operation to combine the spatial and
channel information at each nonempty voxel, and then utilize
sigmoid activation function to generate a voxel-wise learnable
weight vector:

E = σ(LNw3,b3(tanh (Fsg1 + Fsg2))) (10)

where the linear transformation layer LNw3,b3 : RM×D →
RM×1 is employed to map the multidimensional features of each
sparse voxel into one channel, σ denotes the sigmoid activation
function, and E ∈ RM represents the learnable weight parame-
ter.

The learnable weight vector E is derived from the dual fusion
of camera features and LiDAR features, capable of representing
both image semantics and geometric information. Since Li-
DAR points provide accurate geometric measurements for 3-D
bounding box estimation, a key idea of PA3DNet is to preserve
more reliable geometric information of LiDAR points in camera-
LiDAR fusion, while enhancing the contextual information of
3-D points with high-level image semantics. To this end, we
utilize the weight vectorE to learn the compensation coefficients
of multimodal features:

Ffuse = C(LNw4,b4(Fg)⊕E(LNw5,b5(Fs))) (11)

where C is a 1-D convolutional layer with output channel of D
andFfuse ∈ RM×D denotes the multimodal sparse voxel feature
from the ACLF module.

D. Multimodal 3-D Vehicle Detection

1) Voxel-Based 3-D Detector: Starting from the input voxel
feature Ffuse with D-dimensional multimodal features, the
voxel-based 3-D detector consists of a 3-D RPN [8], and a

proposal refinement network [22]. First, the 3-D RPN predicts
coarse 3-D vehicle bounding boxes, also known as 3-D propos-
als, from the input multimodal fusion feature Ffuse. Following
the principle of utilizing precise geometric information of raw
LiDAR points to refine 3-D proposals, the proposed refinement
network then adopts an encoder–decoder architecture to learn the
geometric features of each proposal. Specifically, the encoder
performs feature encoding and feature extraction on the raw
LiDAR points sampled in each 3-D proposal. The encoded
point feature of each proposal is then decoded into a global
representation vector, which is employed to predict the final
classification confidence and the 3-D bounding box residuals,
respectively.

2) Loss Functions: In the first stage of the voxel-based 3-D
detector, we follow [8] to configure the loss function of 3-D
RPN, which contains proposal classification loss, 3-D proposal
box regression loss, and orientation angle loss:

LRPN = w1Lcls + w2Ldir + w3Lbox (12)

where LRPN denotes the loss of RPN network with parameters
w1 = 1, w2 = 2, and w3 = 0.2. The classification confidence
refinement loss LΔcls and 3-D box refinement loss LΔbox in
the proposal refinement network are derived from [22]:

L = w4LRPN + w5LΔcls + w6LΔbox (13)

where L denotes the total loss in the training phase of the 3-D
voxel-based detector, with parameters w4 = w5 = w6 = 1.

IV. EXPERIMENTAL RESULT AND ANALYSIS

A. Evaluation Methodology

In this section, the KITTI 3-D object detection dataset [33],
which is widely available for autonomous driving, is adopted to
evaluate PA3DNet. The KITTI 3-D dataset consists of 7518 test
scenes, 3712 train scenes, and 3769 validation scenes, where
each scene sample provides a 64-beam LiDAR point cloud,
an RGB camera image, and the corresponding camera-LiDAR
calibration data. The train scenes contain 14 357 3-D bounding
box labels for vehicle category, where each 3-D vehicle label is
classified into three detection difficulty levels: easy (E), mod-
erate (M), and hard (H). We utilize the 3-D vehicle labels of
the easy level in the train scenes to assemble the 3-D vehicle
prototype. The predicted results of 3-D vehicles are evaluated
by the AP metric with intersection over union (IoU) threshold
of 0.7, and the 3-D detection performance for each detection
difficulty level is evaluated separately.

Besides the KITTI dataset, we extend ablation experiments
on the large-scale nuScenes dataset [28] to further validate the
universality and robustness of the proposed ACLF method. The
nuScenes dataset is a large-scale autonomous driving dataset for
3-D object detection, which contains a train set of 28 130 samples
and a validation set of 6019 samples. Each sample includes a
point cloud acquired by a top 32-beam LiDAR sensor, and RGB
images collected by six cameras covering a 360◦ FOV. The mean
average precision (mAP) and nuScenes detection score (NDS)
metrics are adopted to evaluate 3-D detection.
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TABLE I
PERFORMANCE COMPARISON OF 3-D VEHICLE DETECTION ON THE KITTI

3-D TEST SET. THE RED, GREEN AND BLUE COLORS SHOW THE TOP
THREE BEST PERFORMANCE RESULTS

B. Training and Inference

The training of the PSS model follows the configuration
of [27]. We then employ the Adam optimizer with 100 epochs,
six batch sizes, and a learning rate of 0.001 to train the voxel-
based multimodal 3-D detector. Data augmentation operations
for camera images include random horizontal flipping, random
scaling (scale factor: 0.5–2.0x), and Gaussian blur. All training
programs are conducted on two NVIDIA GTX 1080Ti GPUs.
For the performance evaluation on the KITTI validation set, only
the train set is utilized for training, while the performance evalu-
ation on the KITTI test set is trained using all sample data from
validation and train sets. To suppress the overfitting problem
caused by the limited number of samples, data augmentation
operations of random global rotation, scaling, and flipping are
performed on the raw LiDAR point clouds and all labeled 3-D ve-
hicle boxes during training. The noise of the global scaling obeys
a uniform distribution of [0.95,1.05] and the noise of the global
rotation is set to [−π

4 ,
π
4 ]. Besides, a ground truth sampling strat-

egy [8] is employed to augment the number of 3-D vehicle labels
and accelerate the convergence of the 3-D vehicle detection
network.

C. 3-D Vehicle Detection on the KITTI Dataset

1) Results on the Test Set: To evaluate the 3-D vehicle
detection performance of PA3DNet, we follow the evaluation
criteria of the official KITTI 3-D object detection dataset and
calculate interpolated AP metric over 40 recall sample locations[

1
40 ,

2
40 ,

3
40 , . . . ,

39
40 , 1

]
. Table I reports the AP performance com-

parison results of PA3DNet and state-of-the-art 3-D detection
methods on the KITTI 3-D object detection test set. It can be seen
that existing LiDAR-only methods tend to perform better than
camera-LiDAR fusion methods, while our PA3DNet instead
achieves more competitive 3-D vehicle detection performance.

Specifically, the 3-D vehicle detection results of each detection
difficulty level are evaluated separately. PA3DNet improves the
AP by at least 0.49% (versus Pyramid R-CNN [32]) in the
moderate detection difficulty level, and at least 0.39% (versus
Pyramid R-CNN [32]) in the hard detection difficulty level.
The mAP of 3-D vehicle detection on three difficulty levels is
also evaluated. Compared with the latest advanced LiDAR-only
methods H23D R-CNN [3] and PV-RCNN [24], our PA3DNet
reports a 058% mAP improvement (versus H23D R-CNN) and
a 0.81% mAP improvement (versus PV-RCNN). The above
performance evaluation results verify the effectiveness of the
two proposed methods. 1) The PSS model can extract more
contextual semantic information from camera images. 2) The
adaptive fusion of image semantic features and point cloud
features can improve the performance of multimodal methods
since it bridges the gap between sparse voxel representation and
abstract semantic information.

Furthermore, precision-recall curves are calculated to evalu-
ate the precision performance at each recall locations, as shown
in Fig. 5. The proposed PA3DNet outperforms both existing
LiDAR-only and camera-LiDAR fusion methods, demonstrat-
ing the effectiveness of our camera-LiDAR fusion network. As a
result, by compensating geometric information of LiDAR points
with high-quality visual shape features, the proposed multi-
modal approach enriches the semantic understanding of 3-D
vehicle objects, further improving the robustness and accuracy
of 3-D vehicle detection.

2) Results on the Validation Set: The 3-D vehicle detection
performance of PA3DNet compared to advanced methods on
the KITTI validation set is further reported, as shown in Ta-
ble II. For a fair comparison with previously published exper-
imental results, we employ the same 11 recall sample points
[0, 0.1, 0.2, . . . , 1] as MV3D [17] to evaluate the AP. PA3DNet
achieves impressive 3-D vehicle detection performance on three
difficult levels. Compared with the LiDAR-only method Pyra-
mid R-CNN [32] and multimodal method Three-Attn [11],
PA3DNet improves mAP for 3-D vehicle detection by 0.86%
and 6.46%, respectively.

Considering that the top-view representation provides explicit
localization information and is more applicable to intelligent
decision making in autonomous driving, the performance eval-
uation of 3-D vehicle localization (i.e., BEV detection) is also
reported in Table II. Specifically, the predicted 3-D vehicle
bounding boxes are projected onto the top-view plane, and
the resulting rotated 2-D bounding boxes are then evaluated
with an IoU threshold of 0.7 for BEV detection. It should be
noted that LiDAR-only methods generally show better detec-
tion performance than multimodal methods. This reveals that
the complementary association between sparse LiDAR point
cloud and image semantic features has not been well exploited
in previous camera-LiDAR fusion methods. In contrast, com-
pared to top two LiDAR-only methods, PartA2 [4] and Point-
GNN [29], PA3DNet obtains 0.38% and 0.73% mAP improve-
ments in BEV detection, which indicates the potential of our
proposed camera-LiDAR fusion method for autonomous driving
perception.
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TABLE II
PERFORMANCE COMPARISON OF 3-D VEHICLE DETECTION AND BEV DETECTION ON THE KITTI 3-D VALIDATION SET. THE RED, GREEN AND BLUE COLORS

SHOW THE TOP THREE BEST PERFORMANCE RESULTS. THE SYMBOL “-” INDICATES THAT NO PUBLISHED RESULTS ARE PROVIDED BY THE METHODS

TABLE III
PERFORMANCE COMPARISON OF 3-D MULTICLASS OBJECT DETECTION ON
THE KITTI VALIDATION SET, WHERE * INDICATES REPRODUCED RESULTS

USING THE OPEN SOURCE CODE. THE BEV DETECTION AND 3-D OBJECT
DETECTION ARE EVALUATED BY MEAN AP WITH 40 RECALL POSITIONS

D. Robustness Against Nonrigid Road User Classes

In order to promote the application of our method on 3-D ob-
ject detection of more road users, we extend a multiclass 3-D ob-
ject detection experiment for PA3DNet, evaluating on the KITTI
validation set with Car, Pedestrian, and Cyclist annotations, as
shown in Fig 6. For Pedestrian and Cyclist classes, the rotated
IoU threshold of mAP calculation is set to 0.5 according to the
general configuration [4]. The KITTI train set and validation set
provide 2207/2280 Pedestrian annotations and 734/893 Cyclist
annotations, respectively. For the multiclass 3-D object detection
experiment, we leverage the open source code3 provided by
CT3D [22] to reproduce the LiDAR-only baseline results. The
multiclass 3-D detection version of PA3DNet (PA3DNet-3CLS)
is trained for 100 epochs with a batch size of 24 and a learning
rate of 0.001 on the KITTI train set. As shown in Table III,
the results indicate that the proposed approach can improve
the performance of BEV detection and 3-D detection at each
difficulty level, especially for Pedestrian class. We argue that
the information loss of LiDAR point clouds becomes worse
for Pedestrians and Cyclists due to their smaller shape sizes,

3[Online]. Available: https://github.com/hlsheng1/CT3D

TABLE IV
PERFORMANCE COMPARISON OF 3-D VEHICLE DETECTION AT DIFFERENT

DISTANCES ON THE KITTI VALIDATION SET

while the fusion of semantic image features in the proposed
approach brings more useful contextual information. As a result,
the performance gains of 3-D pedestrian detection and 3-D
cyclist detection are more significant.

E. Effects When Point Cloud Distance Changes

The distance between the 3-D object and the LiDAR sensor
is positively correlated with the sparsity of raw LiDAR point
clouds. We investigate the benefits of the proposed ACLF mod-
ule at different distance ranges, as shown in Table IV , where the
LiDAR-only baseline method comes from CT3D [22] and only
processes the input LiDAR point cloud. The 3-D vehicle objects
in the range of [0, 30 m) have relatively dense point clouds.
By integrating ACLF module, the AP of the CT3D+ACLF
method for near-range 3-D vehicles is improved (Easy: 0.36%,
Moderate: 0.25%, Hard: 0.21%). Furthermore, distant 3-D ve-
hicle objects in the range of > 50 m have rather sparse point
clouds with highly incomplete geometric information. Due to
the adaptive compensation of abstract visual shape features,
the CT3D+ACLF method reports significant AP improvements
(Moderate: 9.67%, Hard: 2.66%), which demonstrates that the
proposed ACLF module can provide more fine-grained con-
textual information for sparse point clouds. The above results
also validate the robustness of our proposed approach when the
LiDAR density varies.

https://github.com/hlsheng1/CT3D
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TABLE V
PERFORMANCE COMPARISON OF 3-D OBJECT DETECTION ON NUSCENES

VALIDATION SET. (∗: OUR RE-IMPLEMENTATION)

TABLE VI
RUNTIME PER FRAME ON THE KITTI VALIDATION DATASET. THE TOTAL

RUNTIMES OF SINGLE THREAD AND MULTITHREADING ARE DENOTED AS S-
AND M-, RESPECTIVELY. ALL RUNTIMES ARE TESTED ON AN NVIDIA

1080TI GPU

F. Generalization to LiDAR Resolution Variations

Different from the KITTI dataset with 3-D point clouds from
a 64-beam LiDAR scan, the 3-D point cloud samples on the
nuScenes dataset are acquired from a 32-beam LiDAR sensor.
To analysis the generalization and robustness of the proposed
ACLF with LiDAR resolution variations, we conduct an ablation
study on the nuScenes validation dataset. Inspired by the BEV
representation of BEVFusion [35], we employ the same BEV
architecture to create a fusion variant, named BEV-ACLF, while
switching the fully convolutional fusion layer in BEVFusion
with the proposed ACLF module. The LiDAR branch of BEV-
ACLF is the same as TransFusion-L [34]. Table V reports the
comparison of BEV-ACLF with TransFusion-L and BEVFu-
sion on the nuScenes validation dataset. We train BEV-ACLF
on the nuScenes detection dataset following the same training
configuration settings as in [35]. Compared with TransFusion-L
and BEVFusion, BEV-ACLF achieves 3.69% and 0.58% mAP
improvement, respectively. This illustrates that the proposed
ACLF module can also benefit the cross-fusion of LiDAR point
clouds and camera features in BEV representation space. The
results also validate the generalization of the proposed method
in case of LiDAR resolution variation.

G. Qualitative Results

Fig. 7 shows the visualization results of 3-D vehicle detection
from PA3DNet and the LiDAR-only baseline method CT3D [22]
on the KITTI 3-D dataset, respectively. The predicted 3-D vehi-
cle results are visualized in both RGB images and LiDAR point
clouds. It can be seen that PA3DNet overcomes the problem of
false detection caused by sparse and irregular LiDAR points, and
also improves the missed detection cases caused by occlusion
and long distance, validating that the proposed multimodal
fusion method is beneficial for sparse LiDAR point cloud, as
shown in Fig. 6.

H. Runtime Analysis

The runtime of PA3DNet per frame is reported in Table VI.
The PSS model and the voxel-based 3-D detector can run in
parallel threads to reduce the overall runtime. We evaluate the

total runtime of PA3DNet in both single thread (i.e., each module
runs sequentially) and multithreading settings. Note that the
proposed ACLF module takes only 10 ms to fuse LiDAR point
features and semantic image features. Therefore, the latency of
the ACLF module combined with other detectors is almost negli-
gible, which further demonstrates the efficiency of the proposed
approach. It is worth mentioning that PA3DNet is modular in
design, which means that the 2-D shape segmentation model can
be easily replaced by other lightweight semantic segmentation
networks, further reducing the total running time.

V. CONCLUSION

In this article, we propose a camera-LiDAR fusion-based
3-D vehicle detection approach for accurate 3-D perception
in intelligent transportation systems. To address the high-cost
problem of image segmentation annotation in multimodal meth-
ods, a PSS model is designed to learn vehicle shape features
without prior manual image annotation. By adopting the bilinear
interpolation sampling algorithm, image semantic features are
aligned with sparse 3-D LiDAR points in a point-wise manner.
The proposed ACLF module formulates cross-modal attention
between the two modalities. As a result, the semantic informa-
tion of vehicles in the images can be reasonably encoded without
additional manual image annotations, further improving the 3-D
vehicle detection performance in challenging cases. Qualitative
and quantitative experimental results on autonomous driving
scenarios demonstrate that the proposed method is able to per-
form efficient multimodal 3-D vehicle detection in challenging
long-range environments. In summary, PA3DNet provides a new
perspective of 3-D perception for autonomous vehicles, which
is also complementary to camera-LiDAR fusion. In future work,
the resolution gap between sparse LiDAR and dense image
semantic features will be studied to preserve more image con-
textual information. The multimodal fusion framework will be
integrated into the safe navigation module of intelligent vehicles.
It will be helpful for intelligent vehicles in maintaining a safe
driving distance on urban roads and avoiding potential collisions
caused by 3-D obstacles.

REFERENCES

[1] M. Haris and A. Glowacz, “Lane line detection based on object feature
distillation,” Electronics, vol. 10, no. 9, 2021, Art. no. 1102.

[2] M. Abdel-Basset, V. Chang, and R. Mohamed, “A novel equilibrium opti-
mization algorithm for multi-thresholding image segmentation problems,”
Neural Comput. Appl., vol. 33, no. 17, pp. 10685–10718, 2021.

[3] J. Deng et al., “From multi-view to hollow-3D: Hallucinated hollow-3D R-
CNN for 3D object detection,” IEEE Trans. Circuits Syst. Video Technol.,
vol. 31, no. 12, pp. 4722–4734, Dec. 2021.

[4] S. Shi et al., “From points to parts: 3D object detection from point cloud
with part-aware and part-aggregation network,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 43, no. 8, pp. 2647–2664, 1 Aug. 2021.

[5] Z. Qin, J. Wang, and Y. Lu, “MonoGRNet: A general frame-
work for monocular 3D object detection,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 44, no. 9, pp. 5170–5184, Sep. 2022,
doi: 10.1109/TPAMI.2021.3074363.

[6] W. Bao, B. Xu, and Z. Chen, “MonoFENet: Monocular 3D object detection
with feature enhancement networks,” IEEE Trans. Image Process., vol. 29,
pp. 2753–2765, Nov. 2019, doi: 10.1109/TIP.2019.2952201.

[7] M. Haris and A. Glowacz, “Navigating an automated driving vehicle via the
early fusion of multi-modality,” Sensors, vol. 22, no. 4, 2022, Art. no. 1425.

https://dx.doi.org/10.1109/TPAMI.2021.3074363
https://dx.doi.org/10.1109/TIP.2019.2952201


WANG et al.: PA3DNET: 3-D VEHICLE DETECTION WITH PSEUDO SHAPE SEGMENTATION AND ADAPTIVE CAMERA-LIDAR FUSION 10703

[8] Y. Yan et al., “Second: Sparsely embedded convolutional detection,”
Sensors, vol. 18, no. 10, 2018, Art. no. 3337.

[9] T. Huang et al., “EPNet: Enhancing point features with image semantics
for 3D object detection,” in Proc. Eur. Conf. Comput. Vis., 2020, pp. 35–52.

[10] J. H. Yoo et al., “3D-CVF: Generating joint camera and LiDAR features
using cross-view spatial feature fusion for 3D object detection,” in Proc.
Eur. Conf. Comput. Vis., 2020, pp. 720–736.

[11] L.-H. Wen and K.-H. Jo, “Three-attention mechanisms for one-stage 3-D
object detection based on LiDAR and camera,” IEEE Trans. Ind. Informat.,
vol. 17, no. 10, pp. 6655–6663, Oct. 2021.

[12] S. Vora et al., “PointPainting: Sequential fusion for 3D object detec-
tion,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 4604–4612.

[13] L. Xie et al., “PI-RCNN: An efficient multi-sensor 3D object detector with
point-based attentive cont-conv fusion module,” in Proc. AAAI Conf. Artif.
Intell., vol. 34, no. 7, pp. 12460–12467, 2020.

[14] L. Zhao, M. Wang, and Y. Yue, “Sem-Aug: Improving camera-LiDAR
feature fusion with semantic augmentation for 3D vehicle detection,” IEEE
Robot. Autom. Lett., vol. 7, no. 4, pp. 9358–9365, Oct. 2022.

[15] X. Pan et al., “3D object detection with pointformer,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit., 2021, pp. 7463–7472.

[16] C. R. Qi et al., “Frustum pointnets for 3d object detection from RGB-D
data,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2018,
pp. 918–927.

[17] X. Chen et al., “Multi-view 3D object detection network for autonomous
driving,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2017,
pp. 1907–1915.

[18] J. Ku et al., “Joint 3D proposal generation and object detection from
view aggregation,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2018,
pp. 1–8.

[19] V. A. Sindagi, Y. Zhou, and O. Tuzel, “MVX-Net: Multimodal VoxelNet
for 3d object detection,” in Proc. IEEE Int. Conf. Robot. Autom., 2019,
pp. 7276–7282.

[20] S. Shi et al., “Pointrcnn: 3D object proposal generation and detection from
point cloud,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2019, pp. 770—779.

[21] Z. Yang et al., “3DSSD: Point-based 3D single stage object detector,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020, pp. 11040–
11048.

[22] H. Sheng et al., “Improving 3D object detection with channel-wise trans-
former,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021, pp. 2743–2752.

[23] H. Yi et al., “SegVoxelNet: Exploring semantic context and depth-aware
features for 3D vehicle detection from point cloud,” in Proc. IEEE Int.
Conf. Robot. Autom., 2020, pp. 2274–2280.

[24] S. Shi et al., “PV-RCNN: Point-Voxel feature set abstraction for 3d object
detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 10529–10538.

[25] X. Wu et al., “Sparse fuse dense: Towards high quality 3D detection
with depth completion,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2022, pp. 5418–5427.

[26] M. Liang et al., “Deep continuous fusion for multi-sensor 3D object
detection,” in Proc. Eur. Conf. Comput. Vis., 2018, pp. 641–656.

[27] A. Tao, K. Sapra, and B. Catanzaro, “Hierarchical multi-scale attention
for semantic segmentation,” 2020, arXiv:2005.10821.

[28] H. Caesar et al., “nuScenes: A multimodal dataset for autonomous driv-
ing,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 11621–11631.

[29] W. Shi and R. Rajkumar, “Point-GNN: Graph neural network for 3D object
detection in a point cloud,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2020, pp. 1711–1719.

[30] Y. He et al., “DVFENet: Dual-branch Voxel feature extraction network for
3D object detection,” Neurocomputing, vol. 459, pp. 201–211, Oct. 2021.

[31] K. Ning, Y. Liu, Y. Su, and K. Jiang, “Point-Voxel and bird-eye-
view representation aggregation network for single stage 3D object
detection,” IEEE Trans. Intell. Transp. Syst., pp. 1–13, Dec. 2022,
doi: 10.1109/TITS.2022.3225880.

[32] J. Mao et al., “Pyramid R-CNN: Towards better performance and adapt-
ability for 3D object detection,” in Proc. IEEE/CVF Int. Conf. Comput.
Vis., 2021, pp. 2723–2732.

[33] A. Geiger et al., “Vision meets robotics: The KITTI dataset,” Int. J. Robot.
Res., vol. 32, no. 11, pp. 1231–1237, 2013.

[34] X. Bai et al., “Transfusion: Robust lidar-camera fusion for 3D object
detection with transformers,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit., 2022„ pp. 1090–1099.

[35] Z. Liu et al., “BEVFusion: Multi-task multi-sensor fusion with unified
bird’s-eye view representation,” 2022, arXiv:2205.13542.

Meiling Wang received the B.S. and M.S. de-
grees in automation and the Ph.D. degree in
navigation, guidance, and control from the Bei-
jing Institute of Technology, Beijing, China, in
1992, 1995, and 2007, respectively.

She was with the University of California San
Diego as a Visiting Scholar in 2004. Since 1995,
she has been with the Beijing Institute of Tech-
nology, where she is currently a Professor and
the Director of Integrated Navigation and Intelli-
gent Navigation Laboratory. Her research inter-

ests include advanced technology of sensing and detecting and vehicle
intelligent navigation.

Lin Zhao received the B.E. degree in automa-
tion in 2018 from the School of Automation,
Beijing Institute of Technology, Beijing, China,
where he is currently working toward the Ph.D.
degree in control science and engineering with
the School of Automation.

His research interests include computer vi-
sion and autonomous driving.

Yufeng Yue (Member, IEEE) received the
B.Eng. degree in automation from the Beijing
Institute of Technology, Beijing, China, in 2014,
and the Ph.D. degree in electrical and electronic
engineering from Nanyang Technological Uni-
versity, Singapore, in 2019.

He is currently a Professor with the School of
Automation, Beijing Institute of Technology. He
has authored a book in Springer, and authored
or coauthored more than 40 journal/conference
papers, including IEEE TRANSACTIONS ON MUL-

TIMEDIA, IEEE/ASME TRANSACTIONS ON MECHATRONICS, IEEE TRANSAC-
TIONS ON INDUSTRIAL ELECTRONICS, and IEEE TRANSACTIONS ON CON-
TROL SYSTEMS TECHNOLOGY, and conferences like ICRA/IROS. His re-
search interests include perception, mapping, and navigation for au-
tonomous robotics.

He is an Associate Editor for 2020–2023 IEEE IROS. He was the
recipient of the 2020 IEEE ICARCV Best Paper Award and the 2021
IEEE ICUS Best Paper Award.

https://dx.doi.org/10.1109/TITS.2022.3225880


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


