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Abstract

In recent years, the realm of computer vision has experienced a significant surge in
the importance of 3D object detection, especially in the context of autonomous driving.
The capability to precisely identify the locations, dimensions, and types of key 3D objects
surrounding an autonomous vehicle is crucial, rendering 3D object detection a vital com-
ponent of any advanced perception system. This review delivers an extensive overview
of the emerging technologies in 3D object detection tailored for autonomous vehicles. It
encompasses a thorough examination, evaluation, and integration of the current research
landscape in this domain, staying up-to-date with the latest advancements in 3D object
detection and suggesting prospective avenues for future research. Our survey begins by
clarifying the principles of 3D object detection and addressing its present challenges in
the 3D domain. We then introduce three distinct taxonomies: camera-based, point cloud-
based, and multi-modality-based approaches, providing a comprehensive classification of
contemporary 3D object detection methodologies from various angles. Diverging from pre-
vious reviews, this paper also highlights and scrutinizes common issues and solutions for
specific scenarios (such as pedestrian detection, lane lines, roadside cameras, and weather
conditions) in object detection. Furthermore, we conduct an in-depth analysis and com-
parison of different classifications and methods, utilizing various datasets and experimental
outcomes. Conclusively, we suggest several potential research directions, offering valuable
insights for the ongoing evolution of 3D object detection technology. This review aims to
serve as a comprehensive resource for researchers and practitioners in the field, guiding
future innovations in 3D object detection for autonomous driving.

1. Introduction

The emergence of autonomous driving technology heralds a transformative era in the au-
tomotive industry, fundamentally altering the interaction between vehicles and their envi-
ronment. Central to this technological marvel is the role of object detection, a multifaceted
domain that includes multi-object tracking, target segmentation, and multi-camera detec-
tion. Within this spectrum, the significance of 3D object detection is paramount, especially
for its role in comprehending the environment in a three-dimensional context, which is
vital for the functionality of autonomous vehicles. 3D object detection, a cornerstone of
autonomous driving, is a complex and nuanced technology. It equips autonomous vehicles
with the capability to identify and pinpoint the location of various objects such as other
vehicles, pedestrians, and obstacles within their immediate surroundings. This capability
is realized through the amalgamation and sophisticated interpretation of data derived from
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an array of sensors, including, but not limited to, LiDAR, cameras, and radar systems. The
intricacy and significance of 3D object detection in the context of autonomous driving are
profound, as they play a direct role in influencing the vehicle’s decision-making processes
and ensuring safety. Initially, the focus was predominantly on enhancing the accuracy and
reliability of detection in clear weather conditions.

However, recent developments have expanded the scope to include challenging scenar-
ios such as varying weather conditions, diverse lighting environments, and complex urban
landscapes. This expansion necessitates the integration of more robust and adaptive algo-
rithms capable of handling the dynamic and often unpredictable nature of real-world driving
scenarios. Moreover, the field has seen a shift towards the integration of multi-modal sen-
sor data, combining the strengths of various sensing technologies to achieve more accurate
and reliable detection. For instance, the fusion of LiDAR and camera data leverages the
high-resolution color information from cameras and the precise distance measurements from
LiDAR, leading to a more comprehensive understanding of the vehicle’s surroundings. This
multi-modal approach not only enhances object detection capabilities but also significantly
improves the system’s ability to function reliably under a wide range of conditions. In light
of these advancements and challenges, this paper aims to provide a comprehensive overview
of the current state and future directions of 3D object detection in autonomous driving.
We delve into the latest technological developments, explore the integration of multi-modal
sensor data, and discuss the implications of these technologies in terms of safety, ethics,
and regulation. Our goal is to present a holistic view of 3D object detection, highlighting
its critical role in the advancement of autonomous driving technologies and its potential to
reshape our transportation systems.

The organization of the paper is structured to guide the reader through the various
facets of 3D object detection in autonomous driving. We begin by exploring the theoretical
foundations and technical aspects of 3D object detection, followed by an in-depth analysis
of the latest advancements and innovations in the field. We then examine the integration
of multi-modal sensor data and its implications for the accuracy and reliability of detection
systems. Finally, we discuss the challenges and future directions of 3D object detection and
conclude with a summary of our findings and suggestions for future research directions in
this rapidly evolving field.

The key contributions of this work are as follows:

• This review highlights research breakthroughs in 3D object detection over the last
decade. We have carefully curated over 200 methods and studies from a comprehensive
collection of more than 2000 papers, covering camera-based, LiDAR-based, radar-
based, and multi-modal detection methods.

• Our analysis offers a detailed examination of the critical elements of 3D object detec-
tion, encompassing datasets, metrics, and methodologies. We introduce new classifi-
cations on research methodologies to provide clarity in the rapidly advancing field.

• The paper explores diverse environments and novel detection categories, examines
intricate problem-solving approaches in 3D object detection, and suggests potential
directions for future research.
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Hierarchically-structured taxonomy of 3D Object Detection for Autonomous Driving
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Figure 1: 3D Object Detection general structure figure.

Despite these numerous studies (Lu et al., 2022a; Ma et al., 2022; Brenner et al., 2023;
Wang & Kitani, 2023; Elharrouss et al., 2023; Wang et al., 2023b; Huang et al., 2022a;
Yao et al., 2023), there has been a lack of comprehensive reviews that explore 3D object
detection in its entirety. This paper aims to fill that gap by providing the first exhaustive
and up-to-date review of 3D object detection. It delves into the theoretical foundations,
experimental aspects, and future developmental trajectories of this field. As shown in
Figure 1, we provide a clear visual representation of the paper’s structure, which outlines
the main types, methods, and datasets related to 3D object detection. The organization of
the paper is as follows:

Initially, we explore the background of 3D object detection in Section 2. Subsequently,
we conduct a comprehensive review and analysis of various types and approaches to 3D
object detection in Section 3. In Section 4, we will conduct a detailed exploration of the
comparative results and conclusions drawn from the experimental evaluation of 3D object
detection. Concluding the paper, Section 5 presents a conclusion and provides insightful
suggestions for future research directions in the field of 3D object detection.

2. Background

3D object detection serves as a critical foundation for autonomous driving systems. It
currently faces several challenges that need resolution. And what are the key sensors and
datasets involved in this process? Let’s begin with a more intuitive understanding of this
concept.
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2.1 Challenges of 3D Object Detection

Despite significant advancements in 3D object detection research, practical applications
continue to face numerous challenges. These include issues related to object occlusion,
truncation, detection of small targets, crowded scenes, adverse weather conditions, and
detecting safety. Furthermore, the majority of existing methods depend heavily on surface
texture or structural features of objects, which can lead to confusion or even failure in
detection. Lastly, striking a balance between algorithm efficiency and accuracy remains a
substantial hurdle. Addressing these complex issues forms the crux of our ongoing research
endeavors.

Here are some prevalent challenges in 3D object detection:

• Occlusion (Xu et al., 2022a): This is categorized into two scenarios: objects
occluding each other and objects being occluded by the background.

• Truncation: In some instances, objects are truncated by the image frame, resulting
in only a portion of the objects being displayed.

• Small and Distant Objects: Similar to distant targets, the sparsity of the point
cloud can result in missed detection.

• Crowded Scenes (Zheng et al., 2022a): The presence of multiple targets nearby
can lead to missed detection and also necessitates higher hardware requirements.

• Adverse Weather Conditions (Paek et al., 2022a): Special weather phenomena
like snow reflections can increase the rate of false detection, while scattering can reduce
radar visibility.

2.2 Sensors

Self-driving cars typically incorporate five main types of sensors: Camera, Long-range
radar, Short-range/Medium-range radar, LiDAR, and Ultrasonic. These sensors
can be further categorized into passive sensors (like cameras) and active sensors (such as
LiDAR, radar, and ultrasonic transceivers). In this article, we will focus on introducing
and analyzing the three primary sensors used in self-driving cars: the camera, radar, and
LiDAR. We will also explore their multi-modality applications.

Each sensor type possesses its unique strengths and can often complement one another.
For instance, cameras, being high-resolution and cost-effective sensors, are limited by their
lack of depth information and sensitivity to light conditions. On the other hand, LiDAR
points, despite their ability to provide three-dimensional spatial data about the surrounding
environment, are sometimes constrained by the capture of sparse points and come with a
relatively high cost. Radar, operating on a longer radio band, delivers reliable measurements
even under adverse weather conditions. In particular, 4D radar stands out as a robust sensor
capable of withstanding harsh weather conditions. However, the existing radar datasets are
relatively small in size compared to those of cameras and LiDAR, leaving the potential of
4D imaging radars largely untapped and unexplored.

To leverage the complementary features of these sensors and enhance overall perfor-
mance, an increasing number of methods are being developed to design fusion networks
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Dataset Year LiDAR scans Image Classes Stereo Temporal LiDAR Night/Rain

KITTI 2012 15K 15K 8 Yes Yes Yes No/No
NuScenes 2020 400K 1.4M 23 No Yes Yes Yes/Yes
Waymo open 2020 230K 1.0M 4 No Yes Yes Yes/Yes
Argoverse 2019 44K 490K 15 Yes Yes Yes Yes/Yes
Argoverse v2 2021 – – 30 Yes Yes Yes Yes/Yes
Lyft L5 2019 46K 323K 9 No Yes Yes No/No
H3D 2019 27K 83K 8 No Yes Yes No/No
ApolloScape 2019 20K 144K 6 Yes Yes Yes –
PandaSet 2021 8.2K 49K 37 – – Yes Yes/Yes

Table 1: Autonomous driving datasets that are used for 3D object detection.

that integrate images with point clouds. These methods have demonstrated superior per-
formance in 3D object detection tasks compared to methods that rely on a single sensor.
We will delve deeper into this topic in Section 3.

2.3 Datasets

The primary datasets used for traditional 2D object detection and tracking include MOT17,
BDD100K, among others. The leading 3D object detection datasets relevant to autonomous
driving currently include KITTI (Geiger et al., 2013), nuScenes (Caesar et al., 2020), Waymo
Open (Sun et al., 2020), Argoverse (Chang et al., 2019), ApolloScape (Huang et al., 2019),
PandaSet (Xiao et al., 2021), H3D (Patil et al., 2019), and more. We have compiled the
most recent datasets for 3D object detection, as detailed in Table 1.

KITTI Dataset KITTI dataset provides annotations for eight distinct classes, each of
which is further categorized into ”easy”, ”moderate”, and ”hard” cases. It offers compre-
hensive RGB and point cloud data (in Bin format), along with a range of tools, calibra-
tion data, and labeling information. To further advance multi-modal detection methods
in autonomous driving, the KITTI development team introduced KITTI360. This dataset
contains richer sensor information and 360-degree annotations.

nuScenes Dataset nuScenes comprises 700 training scenes, 150 validation scenes, and
150 testing scenes. In addition to this, it provides annotations for object-level attributes
such as visibility, activity, pose, and more. It includes a large volume of RGB and point-
cloud data (in PCD format). Given the substantial size of the complete nuScenes dataset,
users often prefer the nuScenes-mini dataset.

Waymo Open Dataset Waymo includes a total of 798 training scenes and 202 vali-
dation scenes, each with 2D and 3D annotated labels. The annotations in the Waymo open
dataset categorize objects into four groups: cars, pedestrians, cyclists, and signs. Many
recent research papers have started to utilize it for their studies and evaluations.

ApolloScape Dataset ApolloScape supports a variety of autonomous driving tasks
such as scene parsing, lane segmentation, trajectory prediction, object detection, and track-
ing. It contains over 140,000 annotated images with lane line annotations. For 3D object
detection, apolloScape provides over 6,000 point cloud frames with annotated 3D bounding
boxes.
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H3D Dataset H3D is a comprehensive 3D object detection and tracking dataset, specif-
ically designed for crowded urban traffic scenes. The dataset comprises over 27,000 frames
in 160 scenes, with more than 1 million objects. For evaluation purposes, H3D follows a
protocol similar to KITTI, with a 0.5 IOU threshold for cars and a 0.25 IOU threshold for
pedestrians.

Argoverse Dataset Argoverse boasts extensive semantic annotations for maps, pro-
viding detailed insights into road infrastructure and traffic regulations. In addition to this,
Argoverse stands out for its inclusion of high-definition (HD) maps, facilitating automatic
map creation.

2.4 Evaluation Metrics

Just as in 2D object detection, the Average Precision (AP) and mean Average Precision
(mAP) are the primary evaluation metrics used in 3D object detection. In this context, we’ll
first review the original AP metric, followed by an introduction to its variants. These vari-
ants are commonly adopted in widely used benchmarks, including the KITTI 3D, nuScenes,
and Waymo open datasets.

2.4.1 AP and mAP

Before delving into the AP and mAP, it’s crucial to grasp a few fundamental concepts.
Intersection over Union (IOU) is a metric that measures the overlap between predicted
values and the ground truth. Additionally, precision and recall are two vital concepts.
Precision can be viewed as a function of recall, denoted as p(r). To mitigate the effect of
”wiggles” in the precision-recall curve, interpolated precision values are utilized to calculate
the AP. The formula for AP is as follows:

AP =
1

|R|
∑
r∈R

pinterp(r). (1)

The calculation of AP is specific to one category. Once the AP is obtained, the calcula-
tion of mAP becomes straightforward. It involves calculating the AP for all categories and
then taking the average. The mAP metric assesses the proficiency of the trained model in
detecting all categories. Assuming that there are K categories and it is greater than 1, the
formula for mAP is as follows:

mAP =

∑K
i=1APi

K
(2)

2.4.2 Datasets Specific Metrics

KITTI Benchmark The KITTI 3D benchmark uses AP and mAP as primary metrics.
However, for object orientation prediction in object detection tasks, KITTI introduces a
unique approach known as Average Orientation Similarity (AOS). This metric, which ranges
from 0-100%, is used to gauge the similarity between the detected object’s orientation and
the ground truth. In essence, AOS measures how closely the predicted direction of an object
matches the actual direction. The formula for AOS is as follows:

AOS =
1

|R|
∑
r∈R

max
r′:r′≥r

s
(
r′
)

(3)
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Here, r is the object detection recall. Define the directional similarity s(r) ∈ [0, 1]:

s(r) =
1

|D(r)|
∑

i∈D(r)

1 + cos∆
(i)
θ

2
δi (4)

where D(r) represents the set of all object detections at recall r, while ∆
(i)
θ denotes the

angular difference between the estimated and true directions of the detection.

nuScenes Benchmark Contrary to KITTI, nuScenes employs several metrics beyond
AP and mAP to evaluate the performance of True Positive (TP) detections. These include
five TP metrics designed as positive scalars: Average Translation Error (ATE), Average
Scale Error (ASE), Average Orientation Error (AOE), Average Velocity Error (AVE), and
Average Attribute Error (AAE). ATE is a measure of the Euclidean distance between 2D
centers in meters. ASE is the 3D IoU between the predicted and real labels after aligning
orientation and position, calculated as (1 - IoU). AOE is the difference in minimum yaw
angle between predicted and real tags in radians. AVE is the absolute velocity error as the
L2 norm of the 2D velocity difference in meters per second. AAE is defined as 1 minus the
attribute classification accuracy, i.e., 1 - accuracy. Furthermore, the final metric, known
as the nuScenes Detection Score (NDS), is a weighted sum of mAP and these errors. This
provides a more comprehensive assessment of detection performance.

Waymo Open Benchmark In order to evaluate the performance of the algorithm,
WOD employs both AP and an AP-weighted metric (APH). The latter takes into account
heading errors, thus providing a more comprehensive assessment of the algorithm’s capa-
bilities. In contrast to the approach taken with the KITTI dataset, where AP is calculated
using 11-point and 40-point interpolation methods, the WOD algorithm employs a differ-
ent methodology based on the area under the precision-recall (P-R) curve. Furthermore,
WOD introduces an APH, which considers heading errors to provide a more comprehensive
evaluation of the algorithm’s performance. The formula for APH is presented below:

APH =
1

C

C∑
i=1

TPi,heading

TPi,heading + FPi,heading + FNi,heading
·APi (5)

where C is the total number of object categories, and TPi,heading, FPi,heading, and
FNi,heading denote the true instances where the prediction of the category i is towards accu-
racy, respectively, false positive examples and false negative examples. The APi represents
the average accuracy of each category, calculated from the area under the P-R curve.

Furthermore, the WOD defines two difficulty levels, designated as LEVEL 1 (L1) and
LEVEL 2 (L2), to distinguish between detection targets with varying degrees of complexity.
Initially, all targets lacking LiDAR points are disregarded, and targets classified as LEVEL
2 are deemed more challenging, typically those with a maximum of 5 LiDAR points or those
manually designated as difficult (hard). LEVEL 1 encompasses the remaining targets. Fur-
thermore, WOD establishes distinct evaluation ranges contingent on the distance between
the object and the sensor, encompassing three distance intervals: 0-30 metres, 30-50 metres,
and over 50 metres.
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Figure 2: The diagram for sequential classification in 3D object detection (Camera-based)
meticulously delineates the primary models and methods. For camera-based
methods, the classification includes a variety of techniques such as monoc-
ular(below the timeline), depth-based, multi-camera, multi-view, stereo, and
pseudo-LiDAR classifications.

3. 3D Object Detection Approaches

In this section, we delve into an exploration and examination of typical sensors used in the
field of autonomous driving. We place a special emphasis on 3D object detection methods
that rely on a variety of sensor types. These include, but are not limited to, cameras, LiDAR,
radar, and multi-modal sensors. Additionally, we provide an overview of other classifications
and strategic approaches that can be effectively utilized for 3D object detection.

3.1 Types of 3D Object Detection

Current classification methods in autonomous driving are typically based on sensor data and
can be categorized into camera-based, point-cloud-based, and multi-modal-based classifica-
tions (Qian et al., 2022). Image and depth maps are the most common types of data used
in object detection. Datasets in RGB-D format include Pascal VOC (Hoiem et al., 2009),
COCO (Veit et al., 2016), and ImageNet (Deng et al., 2009). In recent years, LiDAR-based
3D object detection has become a popular research topic in the field of 3D computer vision.
Relevant datasets include KITTI (Geiger et al., 2013), nuScenes (Caesar et al., 2020), and
waymo open (Sun et al., 2020). Radar data also plays a crucial role in object detection.
However, radar alone does not provide sufficient information for detection and classification,
making the fusion of different types of data essential.

A thorough review of numerous conferences and journals in recent years has led to
the chronological classification of 3D object detection methods. Figure 2 refers to the
camera-based model and Figure 3 refers to the point-cloud-based model, while Figure 4
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Figure 3: The diagram for sequential classification in 3D object detection (Point Cloud-
based) meticulously delineates the primary models and methods. Point cloud-
based methods comprise classifications like point-based, voxel-based, Bird’s Eye
View (BEV), Pillar-based, Range-based, Spatial-Temporal, 4D Radar, and data
augmentation, among others.
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Figure 4: The sequential classification diagram for 3D object detection (multi-modal and
cross-modality interaction) systematically categorizes the primary models and
methods. Multi-modality primarily encompasses camera-LiDAR fusion, camera-
radar fusion, radar-LiDAR fusion, and cross-modality interaction. The camera-
LiDAR fusion category includes early fusion, deep fusion, late fusion, and other
fusion methods.
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represents multi-modality fusion and cross-modality interaction. The examination of Fig-
ure 2, Figure 3, and Figure 4 reveals that the majority of models and methods are based on
cameras, radar and LiDAR, while there are relatively few multi-modal approaches. Recent
research trends include cameras-based methods (such as monocular, multi-camera, multi-
view, BEV-based camera, and pseudo-LiDAR techniques), point cloud-based methods (in-
cluding voxel-based, point-voxel, BEV, 4d radar, and spatial-temporal and sequence, and
data augmentation techniques), and multi-modality-based methods (like deep-fusion and
cross-modality interaction). These findings highlight the diverse approaches being explored
in this field.

3.2 Camera-based Approaches

Camera-based 3D object detection plays a pivotal role in numerous tasks, including depth
estimation, 3D object detection, 3D multi-object tracking, and 3D segmentation. However,
the inherent lack of depth information in images poses a challenge as it does not provide suf-
ficient 3D information. Despite this limitation, camera-based algorithms are cost-effective
and can bolster the robustness of the system. The array of camera-based methods encom-
passes monocular, multi-camera, multi-view, stereo-camera, and pseudo-LiDAR techniques.
Beyond these, there are also BEV-based Camera methods and the increasingly popular
BEVFormer.

Monocular-based It involves using a single camera to capture data. The image is
then fed into the model to predict 3D bounding boxes and category labels for each object
of interest. The principal advantages of monocular-based 3D object detection are reflected
in the low cost and high universality. However, the loss of depth information inevitably
results in a significant degree of inaccuracy in the detection results, with the upper limit
of detection accuracy being constrained. Furthermore, monocular-based detection is sub-
ject to significant limitations in terms of illumination and occlusion, which further restrict
its practical applications. Early monocular methods include 3DVP (Xiang et al., 2015),
Mono3D (Yan & Salman, 2017), Deep MANTA (Chabot et al., 2017), SubCNN (Xiang
et al., 2017), 3D-RCNN (Kundu, Li, & Rehg, 2018), Mono3D++ (He & Soatto, 2019),
Shift R-CNN (Naiden et al., 2019), CenterNet (Duan et al., 2019), GS3D (Li et al., 2019),
M3D-RPN (Brazil & Liu, 2019), SMOKE (Liu et al., 2020), Kinematic 3D (Brazil et al.,
2020), etc. After 2021, there are newer papers: MonoEF (Zhou et al., 2021), M3DSSD (Luo
et al., 2021), CaDDN (Reading et al., 2021), GUP Net (Lu et al., 2021), FCOS3D (Wang
et al., 2021), PGD (Wang et al., 2022b), ADD (Wu et al., 2022), MonoEdge (Zhu et al.,
2023a), MonoATT (Zhou et al., 2023a), etc. The most recent papers are SSD-MonoDTR (He
et al., 2023), MonoNeRD (Xu et al., 2023a), and MonoSKD (Wanga & Zheng, 2023).

Depth-based Depth-based methods estimate the depth map corresponding to each
pixel in the image using a depth estimation network. The depth map is then used di-
rectly as input, combined with the original image, or converted into 3D point cloud data
(Pseudo-LiDAR) for 3D object detection tasks. A drawback of this method is the separate
training structure for depth and object detection, which could result in the loss of some
implicit information. Some notable methods and models include AM3D (Ma et al., 2019),
DDMP (Wang et al., 2021a), PCT (Wang et al., 2021b), MonoJSG (Lian et al., 2022),
MonoDTR (Huang et al., 2022b), DID-M3D (Peng et al., 2022), Dfm (Wang et al., 2022a),
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MonoPGC (Wu et al., 2023b), and MoGDE (Zhou et al., 2022a). In the context of 3D object
detection, the process of generating depth maps is a complex and pivotal aspect. AM3D is
an illustrative case in point, as its emphasis is on the utilization of depth information, rather
than the acquisition thereof. One of the primary reasons for the suboptimal performance
of previous image-based 3D detectors is their inadequate utilization of depth maps. The
approach of simply using a depth map as an additional channel of an RGB image and then
expecting a neural network to automatically extract effective features is not optimal. This
work employs a methodology whereby the estimated depth is transformed into a point cloud
with the assistance of a camera calibration file provided by the KITTI. This transformed
data is then utilized as the input form for subsequent processing.

Stereo Camera Stereo Camera methods use two or more cameras to capture two or
more images of an object from different locations. The 3D coordinates of the points are
calculated using the triangulation principle by calculating the position deviation of the cor-
responding points. These methods are cost-effective, suitable for both indoor and outdoor
use, and sensitive to ambient light. Some notable models include Stereo R-CNN (Li et al.,
2019), DSGN (Chen et al., 2020), RT3D-Stereo (Königshof et al., 2019), IDA-3D (Peng
et al., 2020), CDN (Garg et al., 2020), CG-Stereo (Li et al., 2020), OC-Stereo (Pon et al.,
2020), ZoomNet (Xu et al., 2020), YOLOStereo3D (Liu et al., 2021), SIDE (Peng et al.,
2022), and LIGA-Stereo (Guo et al., 2021).

Pseudo-LiDAR Pseudo-LiDAR methods generally work by first obtaining the corre-
sponding depth map from monocular or stereo images. The original image is then combined
with the depth information to obtain the pseudo-LiDAR point cloud after projection trans-
formation. Finally, the raw point cloud is replaced by pseudo-LiDAR to complete the 3D
object detection. The Pseudo-LiDAR approach is not contingent on a particular depth es-
timation algorithm. In comparison to alternative camera-based techniques, pseudo-LiDAR
is capable of markedly enhancing the precision of object detection over extended distances.
Furthermore, the financial outlay required for pseudo-LiDAR is comparatively modest in
comparison to that of LiDAR. Nevertheless, when compared to a genuine LiDAR-based, the
Pseudo-LiDAR approach still exhibits a discernible discrepancy in the precision of 3D object
detection. This shortfall can be attributed primarily to the deficiency in depth estimation
accuracy, particularly the depth estimation error in the vicinity of the object. Methods re-
lated to Pseudo-LiDAR include Pseudo-LiDAR (Wang et al., 2019), Pseudo-LiDAR++ (You
et al., 2019), PatchNet (Ma et al., 2020), Neighbor-Vote (Chu et al., 2021), DD3D (Park
et al., 2021), Pseudo-Stereo (Chen et al., 2022b), and SMPL (Kim et al., 2022).

Multi-View Multi-View methods utilize a series of images from various perspectives,
captured by either monocular or multi-camera systems, as raw data for 3D detection. These
methods are cost-effective, efficient, and have wide-ranging application prospects. However,
the lack of depth information makes it extremely challenging to accurately detect objects
through perspective views. Notable applications include DETR3D (Wang et al., 2022),
ImVoxelNet (Rukhovich et al., 2022), PETR (Liu et al., 2022b), and ORA3D (Roh et al.,
2022b). Post-2023, several newer papers have emerged, including CAPE (Xiong et al., 2023),
StreamPETR (Wang et al., 2023a), and VEDet (Chen et al., 2023). Multi-camera object
detection is primarily applied to crowded scenes or object tracking in autonomous driving,
serving as an important foundation for 3D multi-object tracking. While there are fewer
papers on Multi-Camera methods, the more representative article is PolarFormer (Jiang
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et al., 2022) and Vampire (Xu et al., 2023b). The fundamental concept of BEV is to trans-
form the traditional 2D image view and ranging perception associated with autonomous
driving into a 3D perception from a bird’s eye perspective. BEV methods are widely uti-
lized in camera-based, LiDAR-based, and multi-modal fields. Representative papers include
BEVDepth (Li et al., 2023), MV3D-Det (Wang et al., 2023b), QD-BEV (Zhang et al., 2023),
Ego3D (Lu et al., 2022b), SparseBEV (Liu et al., 2023b), DistillBEV (Wang et al., 2023a),
FB-BEV (Li et al., 2023a), SOGDet (Zhou et al., 2024), and IA-BEV (Jiao et al., 2023).
The integration of BEV and transformer methods represents a significant research direction
in the realm of BEV camera technology. BEVFormer (Li et al., 2022) represents a note-
worthy study in the field. It effectively leverages both spatial and temporal information by
interacting with spatial and temporal spaces through predefined grid-shaped BEV queries.
This approach significantly enhances the accuracy of velocity estimation and the recall of
objects under conditions of low visibility. BEVFormer v2 (Yang et al., 2023a) introduces
an innovative BEV detector that incorporates perspective supervision. This two-stage BEV
detector operates by feeding proposals from the perspective head into the BEV head for
final predictions. Notably, BEVFormer v2 converges more rapidly and is better suited to
contemporary image backbones. This advancement represents a significant step forward
in the field, demonstrating the potential of integrating perspective supervision into BEV
detection systems. BEVFormer, along with subsequent research findings (Jiang et al., 2023;
Li et al., 2023b; Qin et al., 2023b) based on it, represents one of the most promising avenues
of exploration in the field of camera-based studies.

Conclusion Presently, camera-based perception and detection systems offer a rich
source of environmental information and hold a significant cost advantage over radar and
LiDAR systems. However, it’s important to acknowledge that the reliability of images can
be compromised under certain conditions(e.g. tunnels at night). Weather conditions can
also significantly influence the effectiveness of camera-based methods. To mitigate these
limitations, point cloud or multi-modal based methods are often employed in addition to
the currently popular BEVFormer methods. These approaches provide a more robust solu-
tion, ensuring reliable perception and detection across a variety of environmental conditions
and scenarios.

3.3 Point Cloud-based Approaches

Point cloud data, with its abundant geometric information, tends to be more stable com-
pared to other single-modal data. However, it does present its own set of challenges, such
as higher costs, vulnerability to weather conditions, and missed detection due to sparsity.
Methods for point cloud-based applications can be broadly classified into three main cate-
gories: those based on learning objectives, those based on data representations, and other
methods. The category based on learning objectives primarily consists of anchor-based (Liu
et al., 2022a) and anchor-free (Ge et al., 2020a) methods. The category based on data rep-
resentations includes methods that are point-based, grid-based, point-voxel based, range-
based, 4D radar methods, and more. Additionally, some other methods also play crucial
roles in point cloud applications. These include data augmentation (Hahner et al., 2020),
spatial-temporal sequences, and pseudo-labeling treatments, among others.
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Anchor-based and Anchor-free Anchor-based methods utilize pre-defined boxes for
bounding box encoding. However, the use of dense anchors can lead to an overwhelming
number of potential target objects, necessitating the use of Non-Maximum Suppression
(NMS). On the other hand, the Anchor-free method eliminates the need for a complex
anchor design phase and can be flexibly applied to various views such as BEV, point view,
depth view, etc. Some previous works have mentioned anchor-free concepts. For instance,
PointRCNN (Shi et al., 2019) proposes a 3D proposal generation sub-network that doesn’t
rely on anchor boxes and is based on whole-scene point cloud segmentation. VoteNet (Qi
et al., 2019) constructs 3D bounding boxes from voted interest points instead of predefined
anchor boxes. However, these methods are not NMS-free, which makes them less efficient
and less suitable for embedded systems. Moreover, PIXOR (Yang et al., 2018b) is a BEV
detector rather than a 3D detector. Other notable works in this field include AFDet (Ge
et al., 2020b), CenterPoint (Yin et al., 2021a), 3DSSD (Yang et al., 2020), and MGAF-
3DSSD (Li et al., 2021).

Point-based Point-based methods are among the most common LiDAR-based ap-
proaches. These methods operate directly on the raw point cloud, which allows for more
complete preservation of information and richer semantics. However, this approach can lead
to increased memory access, reducing the efficiency of data operations. It also presents chal-
lenges for direct spatial convolution for feature extraction. Examples of LiDAR-based meth-
ods include Point R-CNN (Shi et al., 2019), IPOD (Yang et al., 2018), Point-GNN (Shi &
Rajkumar, 2020), StarNet (Ngiam et al., 2019), STD (Yang et al., 2019), PointFormer (Pan
et al., 2021), IA-SSD (Zhang et al., 2022), and RRD (Li et al., 2023a).

Voxel-based The process of voxelizing point cloud data involves extracting features
from each voxel, which are then combined for global feature extraction. This method is
highly efficient in terms of data computation, offering fast speeds and the ability to handle
large volumes of data. However, it does have its drawbacks. These include the poten-
tial for data loss, the occurrence of numerous meaningless operations, and high memory
requirements. Voxel-based methods are among the earlier applications of LiDAR tech-
nology. Numerous studies have been conducted in this area, including Vote3D (Wang &
Posner, 2015), shortcite (Engelcke, Rao, Wang, Tong, & Posner, 2017), 3D-FCN (Li, 2017),
VoxelNet (Zhou & Tuzel, 2018), MVF (Zhou et al., 2020), HVNet (Ye et al., 2020), CIA-
SSD (Zheng et al., 2021a), Voxel R-CNN (Deng et al., 2021), Voxel Transformer (Mao et al.,
2021b), TED (Wu et al., 2022), VoxelNeXt (Chen et al., 2023b), and MV-JAR (Xu et al.,
2023). More recent contributions to this field include Diff3Det (Zhou et al., 2023), and
SCP (Shan et al., 2023).

Pillars-based This method can be seen as a unique type of voxel that is unrestricted on
the vertical scale. It was first introduced by PointPillars (Lang et al., 2019). Related studies
in this area include Pillar-OD (Wang et al., 2020), SST (Fan et al., 2022a), PillarNet (Shi
et al., 2022), PBTS (Lis & Kryjak, 2023), and Pillar-NeXt (Li et al., 2023).

Point-voxel-based The Point-voxel-based(Hybrid) method strikes a balance between
accuracy and efficiency by combining the speed advantage of the voxel-based method and
the high performance and accuracy of the point-based method. Relevant papers include
PVCNN (Liu et al., 2019), PV-RCNN (Shi et al., 2020), Fast Point R-CNN (Chen et al.,
2019), SPVNAS (Tang et al., 2020), SA-SSD (He et al., 2020), LiDAR R-CNN (Li et al.,
2021), PV-RCNN++ (Shi et al., 2023), Pyramid R-CNN (Mao et al., 2021a), CT3D (Sheng
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et al., 2021), PDV (Hu et al., 2022), Bi3D (Yuan et al., 2023), PVT-SSD (Yang et al.,
2023b), and Uni3DETR2023 (Wang et al., 2023b).

Range-based The method involves detecting objects from the range view (also known
as range image) of the LiDAR. Papers related to this method include LaserNet (Meyer et al.,
2019), LaserFlow (Meyer et al., 2020), RangeDet (Fan et al., 2021), PPC (Chai et al., 2021),
RSN (Sun et al., 2021), RangeIoUDet (Liang et al., 2021), CVFNet (Gu et al., 2022), and
FCOS (Tian et al., 2019).

BEV-based In autonomous driving and robotics, data from sensors like LiDAR and
cameras are often converted into BEV representations for improved object detection, path
planning, and other tasks. BEV simplifies complex three-dimensional environments into
two-dimensional images, which is crucial for efficient computation in real-time systems.
Recently, there has been an increase in LiDAR-based applications of BEV (point-based
or voxel-based view transformation). Related studies include VeloFCN (Li et al., 2016),
HDNet (Yang et al., 2018a), BirdNet (Beltrán et al., 2018), PIXOR (Yang et al., 2018b),
BEVDetNet (Mohapatra et al., 2021), MGTANet (Koh et al., 2022), and GPA-3D (Li et al.,
2023c).

4D Radar The development of radar-based 3D object detection is not only enhancing
the capabilities of autonomous vehicles but also providing economic benefits. Recognized
for its resilience and cost-effectiveness under adverse weather conditions, 4D radar has be-
come a crucial component in autonomous driving. Here are some notable papers in this
field. CHR4D (Palmer et al., 2023) analyzes the detection performance of existing models
on the new data modality, evaluates them in depth, and conducts cross-model validation
as well as cross-data set validation. MOD-4D (Pan et al., 2023a), an innovative solution
tailored for radar-based tracking, showcases superior tracking precision of moving objects,
largely surpassing the performance of the state-of-the-art. Multi-View Feature Assisted Net-
work(MVFAN) (Pan et al., 2023b) is an end-to-end, anchor-free, and single-stage framework
for 4D-radar-based 3D object detection for autonomous vehicles. CenterRadarNet (Cheng
et al., 2023a) is an efficient joint architecture, designed to facilitate high-resolution repre-
sentation learning from 4D radar data for 3D object detection and re-identification (re-ID)
tasks. There are also some datasets related to 4D radar, such as TJ4DRadSet (Zheng
et al., 2022b), K-Radar (Paek et al., 2022b), and Dual Radar (Zhang et al., 2023b). These
datasets include a variety of scenes and improved annotations.

Data Augmentation Data augmentation can enhance the model’s ability to generalize
and improve its robustness. In the realm of object detection tasks, data augmentation can be
implemented in two distinct manners: point cloud augmentation and label augmentation. It
is a crucial technique for enhancing the efficiency of 3D point cloud detection and reducing
annotation costs. Common data augmentation methods in point cloud include rotation,
noise addition, downsampling, and varying degrees of masking. Data augmentation has been
a focal point in LiDAR research, with related papers including PointAugmentation (Wang
et al., 2021a), PA-AUG (Choi et al., 2021), ST3D (Yang et al., 2021), SE-SSD (Zheng et al.,
2021b), ProposalContrast (Yin et al., 2022), HSSDA (Liu et al., 2023a), COMAug (Zhu
et al., 2023b), and PG-RCNN (Koo et al., 2023).

Spatial-temporal and Sequence Spatial-temporal and sequence methods have also
been hot topics in point cloud research. Papers related to these methods include MPP-
Net (Chen et al., 2022a), DetZero (Ma et al., 2023), SUIT (Zhou et al., 2023b), and
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SCOPE (Yang et al., 2023a). MPPNet is a flexible and high-performance 3D detection
framework designed for 3D temporal object detection with point cloud sequences. DetZero
is an offline tracker that works in conjunction with a multi-frame detector. It focuses on
the completeness of generated object tracks. SUIT simplifies temporal information into
sparse features for information fusion across frames. This not only significantly reduces the
memory and computation cost of temporal fusion, but also performs well over state-of-the-
art baselines. SCOPE is a novel collaborative perception framework that aggregates the
spatial-temporal awareness characteristics across on-road agents in an end-to-end manner.

Pseudo-labeling Treatments Pseudo-labeling treatments include several generalized
frameworks such as SSAPL (Xu et al., 2021), CL3D (Peng et al., 2023), and ReDB (Chen
et al., 2023c). SSAPL, a novel semi-supervised framework, utilizes pseudo-labeling for out-
door 3D object detection tasks. It introduces the Adaptive Class Confidence Selection
module (ACCS) to generate high-quality pseudo-labels. CL3D employs the Spatial Geome-
try Alignment module and Temporal Motion Alignment module to leverage motion features
in sequential data frames, facilitating the alignment of two fields. Lastly, ReDB generates
Reliable, Diverse, and class-balanced pseudo 3D boxes, iteratively guiding the self-training
on a target domain with a different distribution. This method ensures the production of
high-quality results in 3D object detection.

Conclusion 3D LiDAR is frequently utilized in autonomous driving due to its superior
accuracy, although it comes with a higher price tag. LiDAR provides practical and precise
3D sensing capabilities in both daylight and nighttime conditions. LiDAR’s performance
can be compromised in adverse weather conditions such as fog, snow, and rain. Thus,
the integration of different modal information becomes increasingly crucial in the task of
autonomous driving scene perception.

3.4 Multi-modality-based Approaches

Perception technology in autonomous driving has seen rapid advancements in recent years,
largely driven by deep learning techniques. To achieve accurate and robust sensing capabil-
ities, self-driving cars are typically equipped with multiple sensors, making sensor fusion a
critical component of the sensing system. The fusion of camera, millimeter-wave radar, and
LiDAR data can reduce information redundancy and provide reliable sensing capabilities,
but the system cost remains high. Multi-modal approaches primarily include multi-modal
fusion and cross-modality interaction. Multi-modal fusion encompasses various combina-
tions such as camera-radar (Fu et al., 2020), camera-LiDAR, and LiDAR-radar fusions.

Camera-LiDAR Fusion For camera-LiDAR, the most prevalent multi-modal fusion
for 3D object detection is currently categorized into the following three primary approaches:

• Early Fusion: This approach involves fusing sensor data before feature extrac-
tion, maximizing the use of multi-modal information. Notable papers include F-
PointNet (Qi et al., 2018), Complexer-YOLO (Simon et al., 2019), PointPainting (Vora
et al., 2020), FusionPainting (Xu et al., 2021), F-PointPillars (Paigwar et al., 2021),
PointAugmenting (Wang et al., 2021b), MVP (Yin et al., 2021b), VirConvNet (Wu
et al., 2023), and others. Of the aforementioned methods, F-PointNet is the most rep-
resentative, with the PointNet (Qi et al., 2017a) and PointNet++ (Qi et al., 2017b)
models forming its foundation. The PointNet model is capable of directly process-
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ing point clouds, extracting global features that are effective for classification tasks.
However, its local feature extraction capability is limited, which presents challenges in
analysing complex scenes. Although PointNet itself does not run on the self-driving
car dataset, it represents a significant milestone in the field of 3D object detection.
PointNet++ is an enhanced version of PointNet, with the core of its design comprising
a multilevel feature extraction structure that is capable of efficiently extracting both
local features and global features. F-PointNet extends the application of PointNet to
3D target detection, offering the option of utilising either PointNet or PointNet++
for point cloud processing. Prior to point cloud processing, the image information is
used to establish a series of a priori search ranges, thereby enhancing efficiency and
accuracy.

• Deep Fusion: Also known as feature-level fusion, this approach involves the fusion of
image and LiDAR features at an intermediate stage of a LiDAR-based 3D target de-
tector, such as in the backbone network, proposal generation stage, or RoI refinement
stage. Deep fusion is further divided into RoI-level fusion and Point/Voxel-level
fusion. It is currently the most widely utilized fusion method. Typical methods in-
clude MV3D (Chen et al., 2017), AVOD (Ku et al., 2018), PointFusion (Xu et al.,
2018), ContFuse (Liang et al., 2018), PI-RCNN (Xie et al., 2020), EPNet (Huang
et al., 2020), 3D-CVF (Yoo et al., 2020), MMF (Liang et al., 2019), TransFusion (Bai
et al., 2022), BEVFusion (Liu et al., 2022b), Deep-Fusion (Li et al., 2022), CAT-
Det (Zhang et al., 2022), HMFI (Li et al., 2022), MSMDFusion (Jiao et al., 2022),
LoGoNet (Li et al., 2023), SDVRF (Ren & Yin, 2023), EP-Net++ (Liu et al., 2022a),
UniTR (Wang et al., 2023), SupFusion (Qin et al., 2023a), FGFusion (Yin et al.,
2023), VCD (Huang et al., 2023) and others.

• Late Fusion: Also known as decision-level fusion, this approach requires joint align-
ment and labeling of the data only at the final fusion step. The advantage of decision-
level fusion is its efficiency, as it only performs multi-modal fusion on the outputs
of different modalities, avoiding complex interactions on intermediate features or in-
put point clouds. However, since these methods do not rely on depth features from
camera and LiDAR sensors, they are unable to integrate rich semantic information
from different modalities, which limits their potential. Representative papers include
CLOCs (Pang et al., 2020), and Fast-CLOCs (Pang et al., 2022).

Camera-Radar Fusion Among all sensor combinations, the fusion of Radar and Cam-
era solutions offers the advantage of being complementary and cost-effective, regardless of
lighting and weather conditions. However, fusing camera and millimeter-wave radar data
presents a challenge due to each sensor’s lack of information along a three-dimensional
coordinate axis. The key to their fusion lies in resolving the ambiguity in the geometric
correspondence between camera features and radar features. Notable studies in this area
include CenterFusion (Nabati & Qi, 2021), CramNet (Hwang et al., 2022), MVFusion (Wu
et al., 2023a), CRN (Kim et al., 2023), and REDFormer (Cui et al., 2023).

CenterFusion is one of the earlier approaches. It employs a center point detection
network to detect objects by identifying their center points in the image. It then addresses
the crucial data association problem using a novel frustum-based method to associate radar
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detections with their corresponding object’s center point. CramNet is an efficient approach
that fuses sensor readings from the camera and radar in a joint 3D space, leading to robust
3D object detection, even when a camera or radar sensor suddenly malfunctions on a vehicle.
MVFusion introduces a novel Multi-View radar-camera Fusion method to achieve semantic-
aligned radar features and enhance cross-modal information interaction. CRN is a novel
camera-radar fusion framework that generates a semantically rich and spatially accurate
BEV feature map for various tasks. The latest paper is REDFormer, which proposes a
novel transformer-based 3D object detection model to tackle low visibility conditions by
leveraging BEV camera-radar fusion.

LiDAR-Radar Fusion LiDAR and radar are integral components in autonomous driv-
ing systems, playing crucial roles in perceiving the surrounding environment. LiDAR offers
precise 3D spatial sensing information, but its functionality is compromised in adverse
weather conditions such as fog. Radar signals can diffract when encountering raindrops
or mist particles due to their wavelength, but they are prone to significant noise. Recent
state-of-the-art research suggests that the fusion of radar and LiDAR can result in robust
detection even in adverse weather conditions. Notable approaches include RaLiBEV (Yang
et al., 2022), Bi-LRFusion (Wang et al., 2023a), and MVDNet (Xie et al., 2023).

RaLiBEV is a learning-based anchor box-free object detection system that operates in
BEV. It fuses features derived from the radar range-azimuth heat-map and the LiDAR point
cloud to estimate potential objects. Bi-LRFusion is a bi-directional LiDAR-Radar fusion
framework designed to tackle challenges and improve 3D detection for dynamic objects. It
also alleviates problems caused by the absence of height information and extreme sparsity.
MVDNet’s performance can be enhanced by improving the training program to tolerate
temporal misalignment of input data. This results in higher output frequencies with less
loss of accuracy.

Other Fusion In addition to the aforementioned methods, several other fusion tech-
niques also significantly contribute to the research of object detection for autonomous driv-
ing.

MapFusion (Fang et al., 2021) is a highly specific yet effective solution for object de-
tection. It is detector-independent and can be seamlessly integrated into various detectors.
Dual point cloud fusion is a relatively new method that offers numerous advantages, such
as reducing external perturbations, handling complex weather conditions, and processing
point cloud sparsity. Notable papers in this area include SPNet (Ju et al., 2022) and
SSDA3D (Wang et al., 2022). Sparse Fuse Dense(SFD) (Wu et al., 2022) is an application
that fuses point clouds and pseudo-point clouds. It utilizes pseudo point clouds generated
from depth completion to address certain issues and proposes a new RoI fusion strategy,
3D-GAF, to make fuller use of information from different types of point clouds.

Cross-Modality Interaction Cross-modality interaction encompasses a variety of
methods, including the fusion of multi-camera and LiDAR data, as well as the integra-
tion of monocular and LiDAR data, among others. This approach primarily employs the
cross-modal knowledge distillation method. It concentrates on two key issues: multi-level in-
formation fusion, and information extraction and enhancement. Noteworthy methods in this
field include CMKD (Hong et al., 2022), BiProDet (Zhang et al., 2023), X3KD (Klingner
et al., 2023), and ODM3D (Zhang et al., 2023a).
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Conclusion Multi-modality 3D object detection is a current research hot-spot in 3D
target detection. It primarily involves the use of cross-modal data to enhance the model’s
detection accuracy. Multi-modal data typically includes image data, point cloud data,
millimeter-wave radar data, binocular depth data, and more. The multi-modal approaches
of camera-radar, radar-LiDAR, and cross-modality interaction are increasingly being uti-
lized.

3.5 Other Classifications

Other classifications encompass pedestrian detection, lane detection, and roadside cameras.

Pedestrian At present, there are not many research results on the 3D object detec-
tion of pedestrians. Notable works in this area include PiFeNet (Le et al., 2022) and
CrossDTR (Tseng et al., 2023). PiFeNet incorporates a stack-able Pillar Aware Attention
(PAA) module and a compact yet effective feature network (Mini-BiFPN) that facilitates
bidirectional information flow and multi-level cross-scale feature fusion to better integrate
multi-resolution features. CrossDTR employs cross-view and depth-guided transformers for
3D Object Detection. Extensive experiments have shown that this method significantly out-
performs existing multi-camera methods by 10 percent in pedestrian detection and about 3
percent in overall mAP and NDS metrics.

Lane Detection An early application of lane lines was 3DLaneNet (Garnett et al.,
2019), which predicts the 3D layout of lanes in a road scene from a single image. The ap-
proach explicitly handles complex situations such as lane merges and splits. 3D-LaneNet+ (Efrat,
Bluvstein, Oron, Levi, Garnett, & Shlomo, 2020) is a camera-based DNN method for an-
chor free 3D lane detection which is able to detect 3d lanes of any arbitrary topology such
as splits, merges, as well as short and perpendicular lanes. Two notable papers presented
at CVPR2022, CLRNet (Zheng et al., 2022c) and GANet (Wang et al., 2022), have made
significant advancements in the field. CLRNet aims to fully utilize both high-level and
low-level features in lane detection. It first employs high-level semantic features for initial
lane detection, followed by a refinement process based on low-level features. GANet intro-
duces a new perspective to the problem of lane detection. Instead of extending the lane
line point-by-point, each keypoint is directly regressed to the starting point of the lane line.
This parallel processing approach greatly enhances efficiency. Furthermore, a specialized
dataset for lane detection, ONCE-3DLanes (Yan et al., 2022), has been introduced. This
real-world autonomous driving dataset provides lane layout annotations in 3D space. The
dataset has been benchmarked and a novel evaluation metric has been provided. Extensive
experiments have been conducted using both existing approaches and the proposed method.
DCM-PRLD (Han & Shen, 2023) is the latest paper on lane detection. It presents a novel
approach to the lane detection task by decomposing it into two parts: curve modeling and
ground height regression. Additionally, it has unified the 2D and 3D lane detection tasks
by designing a new framework and a series of losses.

Roadside Cameras A number of papers on roadside cameras were published in 2023,
including BEVHeight (Yang et al., 2023d), BEVHeight++ (Yang et al., 2023b), Mono-
GAE (Yang et al., 2023c) and CoBEV (Shi et al., 2023), and a related dataset A9 Intersec-
tion Dataset (Zimmer et al., 2023). BEVHeight leverages intelligent roadside cameras to
extend perception ability beyond the visual range. BEVHeight++ is an enhancement of the
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BEVHeight method, incorporating both height and depth encoding techniques to achieve
a more accurate and robust projection from 2D to BEV spaces. MonoGAE introduces a
novel framework for roadside monocular 3D object detection with ground-aware embed-
ding. CoBEV is an innovative end-to-end monocular 3D object detection framework that
integrates depth and height to construct robust BEV representations. The A9 Intersection
Dataset consists of labeled LiDAR point clouds and synchronized camera images, featuring
4.8k images and point clouds with over 57.4k manually labeled 3D boxes. With ten object
classes, it captures a high diversity of road users engaged in complex driving maneuvers
such as left and right turns, overtaking, and U-turns.

3.6 Problem-solving Approaches

At their core, various 3D object detection methods are designed to address specific challenges
encountered during object detection. These challenges include small and distant objects,
occlusion and overlap, special weather conditions, detecting safety, among others. The
issues and representative articles are discussed in the following sections.

• Small and Distant Objects: When sensors capture fewer point clouds for long-
range objects, the target may blend with the background, leading to false detection.
Solutions include dual point cloud fusion, data augmentation, perspective-aware ag-
gregation, effective 3D detectors, and annotated datasets. Notable solutions include
FSD (Fan et al., 2022b), Far3Det (Gupta et al., 2023), MoGDE (Zhou et al., 2022b),
Far3D (Jiang et al., 2023), and RangeFSD (Khoche et al., 2023).

• Occlusion and Overlap: Occlusion can be inter-class (target is obscured by objects
of the same class) or among class (target is obscured by objects of other classes). Solu-
tions include fine-tuning the GT bounding box of occluded targets, data enhancement,
adding attention mechanisms, or positive and negative sample matching. Represen-
tative works include BtcDet (Xu et al., 2022b), Real3D-Aug (Šebek et al., 2022), and
ORA3D (Roh et al., 2022a).

• Distant Objects and Occlusion: Works that address both distant objects and
occlusion issues include PC-RGNN (Zhang et al., 2021), MoDAR (Li et al., 2023b),
PG-RCNN (Koo et al., 2023), among others.

• Special Weather Conditions: Adverse conditions like snow, fog, and rain can intro-
duce noise into measurements, impacting LiDAR-based perception systems. Solutions
often involve filter networks, camera-radar fusion, specialized datasets, etc. Special-
ized datasets include K-Radar (Paek et al., 2022b) and Ithaca365 (Diaz-Ruiz et al.,
2022). Key research in this area includes LSS (Hahner et al., 2022), REDFormer (Cui
et al., 2023), and TROD (Piroli et al., 2023).

• Detecting Safety: Safety detection has often been an overlooked aspect of target
detection in the past. Factors such as false negatives, image attacks, and frustum
attacks can potentially lead to hazardous situations in autonomous driving. Conse-
quently, there has been a surge in research papers on this topic in the last two to three
years. In response to the camera mode attack, the MDE (Cheng et al., 2022) method
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can generate stealthy, effective, and robust adversarial patches for different target ob-
jects and models. There are several security methods for detecting adversarial attacks
in camera-LiDAR fusion, including FNE (Cheng et al., 2023b), SecurityFABA (Hally-
burton et al., 2022), and FocalFormer3D (Chen et al., 2023a). FNE proposes an
attack framework that targets advanced camera-LiDAR fusion models with adversar-
ial patches. SecurityFABA illustrates the damaging effects of the ”frustum” attack
on sensor fusion with multi-frame tracking through comprehensive experiments. Fo-
calFormer3D, a simple yet effective detector, excels at identifying difficult objects
and improving prediction recall, thereby addressing the issue of false negatives more
effectively. Deep neural networks (DNNs) are increasingly integrated into LiDAR-
based perception systems for autonomous vehicles, necessitating robust performance
under adversarial conditions. Some of the more notable papers in this area include
ADoPT (Cho et al., 2023), Transcender-MC (Răduţoiu et al., 2023), and EAR (Yang
& Ji, 2023).

3.7 Analysis in 3D Object Detection Classifications and Approaches

It’s clear that camera-based methods are more affordable while point cloud methods are
more efficient. Millimeter wave radar serves as an effective auxiliary tool in 3D object de-
tection. The integration of LiDAR and cameras can yield image data with depth. Some
studies have even combined LiDAR and millimeter-wave radar with cameras to enhance
safety redundancy. While the integration of data from multiple sensors, known as sensor
fusion, offers substantial advantages, it also presents considerable challenges in terms of
system design. One of the primary obstacles is the lack of synchronization among various
types of sensors in both temporal and spatial domains. Additionally, deploying sensors
from diverse perspectives in the spatial domain can further complicate the fusion process.
Moreover, designing fusion methods requires careful consideration of several issues. These
include potential information loss, difficulties with multi-sensor calibration and data align-
ment, challenges related to cross-modality data enhancement, and a limited number of
assessment indicators coupled with mislabeling in the dataset. Each of these factors must
be meticulously addressed to ensure efficient implementation of sensor fusion. Despite the
various challenges associated with multi-modality fusion and interaction methods, these
techniques hold immense potential and bear significant implications for research.

In addition to sensors and multi-modal approaches, classifications such as pedestrians,
lane lines, and roadside cameras are also crucial for object detection. There’s still much
work to be done in specialized pedestrian detection and lane detection as there are fewer
papers in these areas. Research on roadside cameras has been gaining traction since 2023,
but most papers are yet to be included in conferences and top journals.

3D object detection aims to accurately localize a object. This process involves addressing
challenges such as small or distant objects, occlusion, crowded scenarios, adverse weather
conditions, safe detection, etc. Between 2022 and 2023, many papers were published ad-
dressing the long-range problem of object detection, focusing on point cloud sparsity and
monocular depth information. Most experiments were performed on KITTI and Argoverse2
datasets. However, there’s a noticeable lack of research in data enhancement and multi-
modality. The main solutions to the occlusion problem are data enhancement and effective
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KITTI car AP KITTI all mAP nuScenes all mAP Waymo car mAP and mAPH

Methods Classification Year FPS (ms) Easy Mod. Hard mAP mAP NDS L1 mAP L1 mAPH L2 mAP L2 mAPH

CenterNet (Kundu et al., 2018) Camera-Monocular 2019 - - - - - 33.80 40.00 - - - -
ROI-10D (Manhardt et al., 2019) Camera-Monocular 2019 200 4.32 2.02 1.46 - - - - - - -
PCT (Wang et al., 2021b) Camera-Depth 2021 - 21.00 13.37 11.31 - - - 14.70 - 14.67 -
LIGA-Stereo (Guo et al., 2021) Camera-Stereo 2021 350 81.39 64.66 57.22 47.13 - - - - - -
PatchNet (Ma et al., 2020) Camera-Pseudo-LiDAR 2021 400 15.68 11.12 10.07 - - - 39.00 - 38.00 -
DETR3D (Wang et al., 2022) Camera-Multi-View 2022 - - - - - 41.20 47.90 - - - -
CAPE (Xiong et al., 2023) Camera-Multi-View 2023 - - - - - 44.00 61.00 - - - -
PolarFormer (Jiang et al., 2022) Camera-Multi-Camera 2022 - - - - - 49.30 57.20 - - - -

StarNet (Ngiam et al., 2019) LiDAR-Point 2019 - 81.63 73.99 67.07 - - - 53.70 - - -
Point-GNN (Shi & Rajkumar, 2020) LiDAR-Point 2020 640 88.33 79.47 72.29 - - - - - - -
Pointformer (Pan et al., 2021) LiDAR-Point 2021 - 87.13 77.06 69.25 - 53.60 - - - - -
IA-SSD (Zhang et al., 2022) LiDAR-Point 2022 83 88.87 80.32 75.04 64.34 - - 70.53 69.67 61.55 60.8
VoxelNet (Zhou & Tuzel, 2018) LiDAR-Voxel 2018 220 77.47 65.11 57.73 - - - - - - -
CenterPoint (Yin et al., 2021a) LiDAR-Voxel 2021 70 - - - - 58.00 65.50 76.70 - 68.80 -
Voxel R-CNN (Deng et al., 2021) LiDAR-Voxel 2021 40 90.9 81.62 77.06 - - - 75.59 - 66.59 -
TED-M (Wu et al., 2022) LiDAR-Voxel 2022 18 91.61 85.28 80.68 70.99 - - 79.26 78.73 70.50 70.07
VoxelNeXt (Chen et al., 2023b) LiDAR-Voxel 2023 - - - - - 66.20 71.40 - - - -
PointPillars (Lang et al., 2019) LiDAR-Pillars 2019 16 79.05 74.99 68.30 66.19 40.10 55.00 - - - -
PillarNet (Shi et al., 2022) LiDAR-Pillars 2022 16 - - - - 66.00 71.40 79.09 78.59 70.92 70.46
RangeIoUDet (Liang et al., 2021) LiDAR-Range 2021 45 88.60 79.80 76.76 73.79 - - - - - -
RSN (Sun et al., 2021) LiDAR-Range 2021 67 - - - - - - 78.40 78.10 69.50 69.10
CVF-Net (Gu et al., 2022) LiDAR-Range 2022 28 88.75 70.70 71.95 - 54.90 63.30 - - - -
HDNet (Yang et al., 2018a) LiDAR-BEV 2018 50 89.14 86.57 78.32 - - - - - - -
MGTANet (Koh et al., 2022) LiDAR-BEV 2022 - - - - - 67.50 72.70 - - - -
PV-RCNN (Shi et al., 2020) LiDAR-Point-Voxel 2020 - 90.25 81.43 76.82 - - - 77.51 76.89 68.98 68.41
PV-RCNN++ (Shi et al., 2023) LiDAR-Point-Voxel 2021 - 90.14 81.88 77.15 65.47 - - 79.25 78.78 70.61 70.18
PG-RCNN (Koo et al., 2023) Data Augmentation 2023 - 92.73 85.26 82.83 76.01 - - - - - -
DetZero (Ma et al., 2023) Spatial-Temporal and Sequence 2023 200 - - - - - - 92.17 - 87.32 85.15

PointAugmenting (Wang et al., 2021b) Fusion-Early 2021 542 - - - - 66.80 71.00 67.41 - 62.70 -
3D-CVF (Yoo et al., 2020) Fusion-Deep 2020 75 89.20 80.05 73.11 - 42.17 49.78 - - - -
EPNet (Huang et al., 2020) Fusion-Deep 2020 - 89.81 79.28 74.59 - - - - - - -
EPNet++ (Liu et al., 2022a) Fusion-Deep 2022 - 92.51 83.17 82.27 74.27 - - 76.57 76.10 68.29 67.86
MSMDFusion (Jiao et al., 2022) Fusion-Deep 2022 2 - - - - 71.50 74.00 - - - -
LoGoNet (Li et al., 2023) Fusion-Deep 2023 - 91.80 85.06 80.74 74.40 - - 88.33 87.87 82.17 81.72
SDVRF (Ren & Yin, 2023) Fusion-Deep 2023 - 93.15 86.89 84.63 75.12 - - - - - -
CLOCs (Pang et al., 2020) Fusion-Late 2020 150 88.94 80.67 77.15 - - - - - - -
Fast-CLOCs (Pang et al., 2022) Fusion-Late 2022 125 89.11 80.34 76.98 65.10 63.10 68.70 - - - -
MapFusion (Fang et al., 2021) Fusion-Other 2021 - - - - - 60.61 67.97 - - - -
SFD (Wu et al., 2022) Fusion-Other 2022 - 91.73 84.76 77.92 76.58 - - - - - -
BiProDet (Zhang et al., 2023) Cross-Modality Interaction 2023 - 89.13 82.97 80.05 70.13 - - 78.36 77.91 69.45 69.04

Table 2: Comparative analysis and experimental results of 3D object detection.

detectors. Recently, more papers have been utilizing point cloud enhancement methods to
solve occlusion and long-range detection problems concurrently. For adverse weather con-
ditions, effective solutions include the use of specialized datasets (K-Radar and Ithaca365)
and multi-modality (especially using the Camera-radar or radar-LiDAR approach).

4. 3D Object Detection Experimental Evaluation

Through extensive screening and analysis, we have obtained the experimental measurement
tables for the categories of camera, point cloud, and multi-modality, as shown in Table 2.
The sections of the table in bold font are the areas that require focused attention.

Table 2 showcases representative methods selected from over 200 published conferences
and journals. It provides the original inference time (ms) as stated in the papers, and reports
the AP (%) for 3D car detection on the KITTI test benchmark, mAP (%), and NDS on the
nuScenes test set, Level 1 (L1) mAP, mean Average Precision Harmonic (mAPH) and Level
2 (L2) mAP, mAPH on the waymo validation set. The methods are categorized based on
sensor types and methods and are arranged chronologically by their year of publication. It’s
worth noting that more recent and efficient methods are primarily concentrated after 2020.
In terms of datasets, most methods still utilize the KITTI, nuScenes,waymo Open, and
argoverse datasets. Among them, KITTI is more widely used, while nuScenes and waymo
are more efficiently used with LiDAR-based and multi-modal methods. In terms of speed
performance, camera-based methods are the fastest, with most Frames Per Second (FPS)
above 200ms, and some LiDAR-point and LiDAR-voxel methods also perform well. In terms
of KITTI mAP, some LiDAR-Voxel, LiDAR-Range and data augmentation methods, most
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Figure 5: An analysis of mAP values. The figure presents a comparison of select methods
and models from Table 2, focusing on four key metrics: KITTI mAP, nuScenes
mAP, and Waymo Car L1 and L2 mAP. These methods, which have demonstrated
relative efficiency, serve as benchmark models for 3D object detection and track-
ing.

0

2

4

6

8

10

12

14

16

18

20

2015 2016 2017 2018 2019 2020 2021 2022 2023

2 2 2

7

12 12

17
16

13

1

3

1

6

9

13 13
12

19

4
3

5 5

7

9

18

Camera LiDAR Multimodality

Figure 6: Annual categorization of 3D object detection. The figure presents an annual
categorization of 3D object detection research from 2015 to 2023. It tallies the
most influential publications from various journals or conferences during this pe-
riod. These publications are classified based on the type of sensors they utilize:
Camera-based, LiDAR-based, or multi-modal.
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deep fusion and cross-modality interaction can reach above 70%. In terms of nuScenes mAP,
some LiDAR-Voxel methods and many camera-LiDAR fusion methods can exceed 60%. As
for the L1 and L2 mAP of waymo cars, LiDAR-voxel, LiDAR-pillars, spatial-temporal and
sequence, and camera-LiDAR Fusion methods perform better.

5. Conclusion and Future Directions

From the preceding description and analysis, our understanding of 3D object detection
has become more lucid. Next, we will encapsulate this knowledge succinctly and highlight
potential avenues for future research.

5.1 Conclusion

Through a comparative analysis of various methods, we can draw several clear conclusions:
Camera-based methods are widely employed for 3D object detection under standard

weather conditions, owing to their affordability, rapid processing speed, and low model com-
plexity. However, under complex weather conditions, these sensors may not deliver optimal
performance and they lack depth information. Presently, the primary focus of research in
camera-based detection is on pseudo-LiDAR and innovative deep learning methods rooted
in monocular detection. Additionally, there has been a significant increase in research ex-
ploring multi-view and multi-camera approaches, with a special emphasis on BEV-based
and BEVFormer.

Point cloud-based methods have the advantages of semantic richness and high accuracy,
but the sparseness of point clouds can lead to some issues. LiDAR-voxel methods have
the advantage of speed, but they require specific hardware and are prone to data loss.
BEV-based methods are beneficial for path planning and collision avoidance, offering high
accuracy and safety, making them an important basis for 3D MOT. However, they are
relatively costly and require significant computational power. Data augmentation is a crucial
method in 3D target detection, primarily addressing the issue of point cloud sparsity. It can
improve detection efficiency and reduce labeling costs, and is widely used in LiDAR, radar,
pseudo-point cloud, and multi-modal directions. However, excessive data augmentation may
degrade the model’s performance and even lead to incorrect detection. Spatial-temporal
and sequence methods have recently published several papers and are one of the recent hot
topics. These methods are more suitable as a technical basis for 3D MOT, focusing on
generating the integrity of object trajectories. 4D radar is relatively low-cost and is not
affected by adverse weather conditions. However, it is less suitable for long-distance sensing,
and the related datasets and research results are scarce.

Multi-modal approaches encompass multi-modal fusion and cross-modality interaction.
In terms of Camera-LiDAR fusion, early fusion benefits from a simple structure and fast
processing speed, but it demands high hardware and computational power. Late fusion,
while having a simpler structure, is effective in improving perception accuracy, though it
has fewer research results. Currently, most of the research direction of Camera-LiDAR
fusion classification is focused on Deep fusion. The challenge with Deep fusion lies in solv-
ing the feature alignment problem of multiple modalities, but it can address issues such
as difficult localization, small targets, and point cloud sparsity. Camera-Radar fusion is a
relatively new research direction, offering advantages such as low cost and suitability for
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special weather detection, but it is not ideal for long-distance detection. LiDAR-Radar
fusion research shows promise, with the advantage of using homologous point cloud data,
which is convenient for feature fusion. However, this method has a relatively high hard-
ware cost and also faces issues such as point cloud sparsity. Novel fusion methods such as
dual point cloud fusion, point cloud and pseudo-point cloud fusion are emerging research
directions in the field of multi-modality. Cross-modal interaction represents a relatively
new area of research. It primarily employs methods such as knowledge distillation and data
augmentation for the extraction and fusion of information. This approach allows for more
robust and comprehensive understanding of data by leveraging the strengths of different
modalities.

Currently, research on pedestrian detection, lane detection, roadside cameras, etc., is
relatively sparse. Integrating these into the whole 3D target detection system is a direction
worth exploring in depth. Additionally, there is a lack of specialized datasets with better
labeling information, such as for LiDAR-radar fusion, Camera-radar fusion, and Cross-
modality interaction.

5.2 Future Directions

The field of 3D object detection is indeed diverse, encompassing a wide range of classification
and modeling methods. This can often be overwhelming for researchers, especially novices.
This review aims to demystify this complexity by providing a comprehensive overview of the
classifications, methodologies, and experiments involved in 3D object detection. It offers a
holistic understanding of all facets of this field. A well-rounded review, such as this, also
necessitates a strong foresight into the field.

Based on our thorough analysis and experiments, it’s evident that the following represent
the most recent and future significant areas of research in 3D object detection:

• Camera-based Recent advancements in 3D object detection from single images have
leveraged monocular depth estimation to produce 3D point clouds, transforming cam-
eras into pseudo-LiDAR sensors. This approach is gaining significance in camera-based
applications and is increasingly being applied to Camera-LiDAR and Camera-radar
multi-modality. There has been a surge in work related to multi-cameras, multi-view,
and stereo cameras. Stereo-based 3D detection, which detects 3D object bounding
boxes from stereo images using intermediate depth maps or implicit 3D geometry
representations, provides a cost-effective solution for 3D perception. Multi-view and
multi-cameras 3D object detection, due to its low cost and high efficiency, has shown
promising application prospects. Furthermore, BEVFormer is also a significant area
of research. It is anticipated that in the future, the combination of BEV and Trans-
former will likely supersede the previous model of 2D combined with CNN, gradually
becoming the mainstream approach for autonomous driving perception. This implies
that everything from the hardware chip, sensor camera, software algorithms, model
deployment, to data collection calibration, will need to adapt and change accordingly.

• Point Cloud-based Key areas of LiDAR research include data augmentation, 4D
radar, and the spatial-temporal and serialization of point clouds. Data enhancement
undoubtedly plays a significant role in LiDAR, radar, and multi-modal research, ad-
dressing issues such as sparsity and miss detection. 4D radar, recognized for its

996



A New Literature Review of 3D Object Detection on Autonomous Driving

resilience and cost-effectiveness under adverse weather conditions, plays a pivotal role
in autonomous driving. Recently, spatial-temporal and serialization methods for point
clouds have demonstrated significant research results in object detection, particularly
in 3D MOT.

• Multi-modal-based Deep fusion techniques are proving highly effective in multi-
modal applications and are currently the most widely used. Several important meth-
ods, such as Fine-Grained, distillation-based, data enhancement, and good detection
network, have emerged.

• Cross-modal Interaction Cross-modality interaction has recently emerged as a hot
topic in research. The alignment problem in cross-modality is a critical aspect of
multi-modal fusion and cross-modality interaction. The most common approach is to
employ a comprehensive knowledge distillation framework across different modalities,
tasks, and stages. As we look to the future, we can expect an increasing number of
applications to focus on the interaction between LiDAR (radar) and stereo-cameras,
multi-cameras, and multi-views.

• Cooperative Perception Since 2023, Cooperative Perception on 3D MOT has gar-
nered significant attention due to its ability to enhance scene comprehension by inte-
grating data from various agents, such as vehicles and infrastructure. This field can
be broadly divided into two main categories: Vehicle-to-Everything (V2X) per-
ception methods, which include techniques like AR2VP (Tan et al., 2023), FFNet (Yu
et al., 2023), and DI-V2X (Xiang et al., 2023), among others. Vehicle-to-Vehicle
(V2V) perception technologies, which encompass methods such as OFDM (Sheng
et al., 2023) and SiCP (Qu et al., 2023). Each of these categories contributes uniquely
to the overall understanding of the scene, thereby enhancing the effectiveness of 3D
MOT.

• Other Classifications There is increasing attention towards pedestrian detection,
lane detection, roadside camera detection, and detection in special weather conditions.
This will be one of the more promising research directions as the relevant datasets,
labeling information, experimental results, and other supports are still scarce.

• Detecting Safety Identifying unsafe conditions is a crucial component of autonomous
driving, as it directly influences the trustworthiness of environmental perception. Any
reduction in this trustworthiness can lead to serious consequences for the operation and
safety of self-driving vehicles. Future investigations in this field may consider a range
of possibilities. These encompass multi-modal attacks, adversarial patching, spoofing
attacks, and the issue of false negatives. These topics present substantial challenges
and opportunities for improving the safety and dependability of autonomous driving
applications.
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