2202.02980v6 [cs.CV] 30 Dec 2023

arxXiv

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

3D Object Detection from Images for
Autonomous Driving: A Survey

Xinzhu Ma, Wanli Ouyang, Andrea Simonelli, Elisa Ricci

Abstract—3D object detection from images, one of the fundamental and challenging problems in autonomous driving, has received
increasing attention from both industry and academia in recent years. Benefiting from the rapid development of deep learning
technologies, image-based 3D detection has achieved remarkable progress. Particularly, more than 200 works have studied this problem
from 2015 to 2021, encompassing a broad spectrum of theories, algorithms, and applications. However, to date no recent survey exists to
collect and organize this knowledge. In this paper, we fill this gap in the literature and provide the first comprehensive survey of this novel
and continuously growing research field, summarizing the most commonly used pipelines for image-based 3D detection and deeply
analyzing each of their components. Additionally, we also propose two new taxonomies to organize the state-of-the-art methods into
different categories, with the intent of providing a more systematic review of existing methods and facilitating fair comparisons with future
works. In retrospect of what has been achieved so far, we also analyze the current challenges in the field and discuss future directions for

image-based 3D detection research.

Index Terms—3D object detection, RGB image, convolutional neural network, autonomous driving, literature survey.

1 INTRODUCTION

UTONOMOUS driving has the potential to radically

change people’s lives, improving mobility and reducing
travel time, energy consumption, and emissions. Therefore,
unsurprisingly, in the last decade both research and industry
have put significant efforts to develop self-driving vehicles.
As one of the key enabling technologies for autonomous
driving, 3D object detection has received a lot of attention,
and deep learning-based 3D object detection approaches
have gained popularity in recent years.

Existing 3D object detection approaches can be roughly
categorized into two groups according to whether the input
data are images or LiDAR signals (generally represented as
point clouds). Although the LiDAR-based methods show
promising performances, the expensive and cumbersome
sensors restrict the application of these algorithms. Besides,
the intrinsic properties of LiDAR sensors also determine
that they are difficult to cover some corner cases, e.g. long-
range objects. Meanwhile, the methods based on the cheaper
and easy-to-deploy cameras show great potential in many
scenarios. Consequently, although estimating 3D bounding
boxes from images only faces a much greater challenge, this
task still draws lots of attention and gradually becomes a
hot topic in the computer vision (CV) community. In the
past six years, more than 80 papers have been published
on top-tier conferences and journals in this area, achieving
several breakthroughs both in terms of detection accuracy
and inference speed.

However, previous surveys of 3D object detection, such
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as [1], [2], generally focus more on the LiDAR-based models,
instead of the image-based ones, thus can not provide a clear
and detailed presentation of the image-based models for the
public. In this paper, we provide the first comprehensive
and structured review of the recent advances in image-based
3D object detection based on deep learning techniques. In
particular, this survey summarizes the previous research
works in this area, ranging from the pioneering methods
[3], [4] to the most recent approaches [5], [6] published in
ICLR’2022. The survey reviews and analyses both the high-
level frameworks and the specific design choices of each
required component for an image-based 3D detection model
(e.g. feature extraction, loss formulation, etc.). Furthermore,
we propose two novel taxonomies to categorize existing
methods, i.e. in terms of their adopted frameworks and
of the used input data. This is intended to facilitate both
the systematic analysis of current approaches and a fair
comparison in performance for future works.

The main contributions of this work can be summarized
as follows:

1) To the best of our knowledge, this is the first work
that surveys image-based 3D detection methods for
autonomous driving. 80+ image-based 3D detectors
and 200+ related research works are reviewed.

2) We provide a comprehensive review and an in-
sightful analysis on the key aspects of the problem,
including datasets, detection pipelines, technical
details, etc.

3) We propose two novel taxonomies of the state-of-
the-art methods, with the purpose of helping the
readers to easily acquire knowledge on this new and
growing research field.

4) We summarize the main issues and future challenges
in image-based 3D detection, outlining some poten-
tial research directions for future work.
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Fig. 1: Illustration of the monocular 3D object detection task.
Given an input image (left), it aims to predict a 3D bounding
box (represented by its location (x, y, z), dimension (h, w, ),
and orientation 6 for each object (middle). We also show the
bird’s eye view for better visualization (right).

1.1

Image-based 3D object detection is closely related to many
other tasks, such as 2D object detection, depth estimation,
stereo matching, LIDAR-based 3D object detection, etc. It is
impractical to review these related technologies in detail in a
single manuscript. In this work, we mainly focus on image-
based 3D detection, and only some representative methods
of the related fields are introduced.

This paper mainly focuses on the major progress of the
last six years, especially the works published in top-tier
conferences and journals. In addition to the technical details
of these image-based 3D detectors, taxonomies, datasets,
evaluation metrics, and potential challenges/research di-
rections are also presented in this survey. Additionally, we
also provide a continuously maintained project page on:
https://github.com/xinzhuma/3dodi-survey.

Scope

1.2 Organization of the Manuscript

The manuscript is organized as follows. A brief introduction
to the image-based 3D detection task is given in Section 2.
The commonly used datasets and metrics are summarized
in Section 3. Section 4 describes the common frameworks.
These three sections are intended for beginners in order for
them to quickly acquire a good understanding of the problem
of image-based 3D detection. In Section 5 we compare the
details of each component typically required in a 3D detector,
while Section 6 discusses commonly used auxiliary input
data. These two sections can help the researchers in this field
to build a clear, in-depth and more structured knowledge
of the topic. In Section 7, we point out some possible future
research directions, which can provide insights for future
works. Finally, conclusions are drawn in Section 8.

2 TAsK

Given the RGB images and corresponding camera parame-
ters, the goal of image-based 3D object detection is to classify
and localize the objects of interest. Each object is represented
by its category and bounding box (denoted as B for short)
in the 3D world space. Generally, the 3D bounding box is
parameterized by its location [z, vy, z], dimension [h,w,[],
and orientation [0, ¢, v]' relative to a predefined reference
coordinate system (e.g. the one of the ego-vehicle which
recorded the data). In most autonomous driving scenarios,

1. Location and orientation are also called translation and rotation in
some works.

2

only the heading angle § around the up-axis (yaw angle) is
considered. Figure 1 visualizes an example result on both the
2D image plane and the bird’s eye view.

While the general problem of the image-based 3D object
detection can be stated as described above, it is worth
mentioning that: i): besides the category and 3D bounding
boxes, some benchmarks require additional predictions,
e.g. 2D bounding box for the KITTI dataset [7] and the
velocity /attribute for the nuScenes dataset [8]. ii): although
only images and camera parameters are initially provided
for this task, the adoption of auxiliary data (e.g. stereo pairs,
LiDAR signals, etc.) is common in this field.

3 DATASETS AND EVALUATION
3.1 Datasets

It is a well known fact that the availability of large-scale
datasets is essential for the success of the data-driven deep
learning techniques. For image-based 3D object detection in
autonomous driving scenario, the main characteristics of the
publicly available datasets [7], [8], [9], [10], [11], [12], [13],
[14], [15], [16], [17] are summarized in Table 1. Among these
datasets, the KITTI 3D [7], nuScenes [¢], and Waymo Open
[14] are the most commonly used and greatly promote the
development of 3D detection. In the following, we provide
the main information about these benchmarks.

Basic information. For most of the past decade, KITTI 3D
was the only dataset to support the development of image-
based 3D detectors. KITTI 3D provides front-view images
with a resolution of 1280 x 384 pixels. In 2019 the nuScenes
and Waymo Open datasets were introduced. In the nuScenes
dataset six cameras are used to generate 360° view with a
resolution of 1600 x 900 pixels. Similarly, Waymo Open also
captures 360° view using five synchronized cameras, and the
resolution of image is 1920 x 1280 pixels.

Dataset size. The KITTI 3D dataset provides 7,481 images
for training and 7,518 images for testing, and it is common
practice to split the training data into a training set and a
validation set [18], [3], [19]. As the most commonly used one,
3DOP’s split [3] includes 3,712 and 3,769 images for training
and validation, respectively. The large-scale nuScenes and
Waymo Open provide about 40K and 200K annotated frames,
and use multiple cameras to capture the panoramic view of
each frame. In particular, nuScenes provides 28,130 frames,
6,019 frames, and 6,008 frames for training, validation, and
testing (six images per frame). Waymo Open, the largest one,
gives 122,200 frames for training, 30,407 frames for validation,
and 40,077 frames for testing (five images per frame). It is
worth mentioning that both these two datasets collect about
1.4M frames raw data, while Waymo Open annotates them at
a 5x higher frequency than nuScenes. Besides, all the three
datasets only release the annotations for training/validation
set, and the evaluation on test set can only be conducted on
their official testing servers.

Note that most papers only use the KITTI 3D dataset
(with a focus on the Car category) for evaluation, except for
the works in [20], [21], [22], [23], [24], [25], [26], [27]), [28],
[29] reporting performances on nuScenes or Waymo Open.
Nevertheless, in future works, evaluating on these large-
scale datasets is essential for assessing the effectiveness of
the algorithms.
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TABLE 1: The summary of datasets that can be used for image-based 3D object detection in autonomous driving scenarios.
Some datasets are proposed for multiple tasks, and here we report the numbers for the 3D detection benchmark (e.g. KITTI
3D released more than 40K images, and about 15K of them are used for 3D detection). t: not released.

Size

Diversity Additional data

Dataset  Year Benchmark
# Train # Val #Test #Boxes #Scenes #Classes* Night/Rain Stereo Temporal LiDAR

KITTI3D [7] 2017 7418x1 - 7,518x1 200K - 3 No/No Yes Yes Yes Yes
ApolloCar3D [9] 2019 4,036x1 200x1 1,041x1 60K - 1 Yes/No Yes Yes Yes Yes
Argoverse [10] 2019 39,384x7 15,062x7  12,507x7 993K 113 15 Yes/Yes Yes Yes Yes Yes
Lyft L5 [11] 2019 22,690x6 - 27,468x6 1.3M 366 9 No/No No Yes Yes No
H3D[12] 2019 8,873x3 51703  13,678x3 1.1IM 160 8 No/No No Yes Yes No
A*3DT [13] 2019 39,179x1 - - 230K - 7 Yes/Yes Yes - Yes No
nuScenes [8] 2019 28,130x6 6,019x6 6,008%6 1.4M 1,000 10 Yes/Yes No Yes Yes Yes
Waymo Open [14] 2019  122,200x5 30,407x5  40,077x5 12M 1,150 3 Yes/Yes No Yes Yes Yes
CityScapes 3D [15] 2020 2,975%x1 500x1 1,525x1 40K - 6 Yes/Yes Yes No No Yes
A2D2 [16] 2020 12,497 x1 - - - - 14 No/Yes No Yes Yes No
KITTI-360 [17] 2021 - - - 68K - 2 No/No Yes Yes Yes Yes

Diversity. The KITTI 3D dataset is captured in Karlsruhe, Ger-
many in the daylight and good weather conditions. It mainly
evaluates objects from three categories (Car, Pedestrian,
and Cyclist), and divides them into three difficulty levels
according to the height of 2D bounding boxes, occlusion, and
truncation. The nuScenes dataset consists of 1000 scenes of
20s captured in Boston and Singapore. Differently from the
KITTI 3D benchmark, these scenes have been captured at
different times of the day (including night) and in different
weather conditions (e.g. rainy day). There are ten categories
of objects for the 3D detection, and nuScenes also annotates
the attribute labels for each category, e.g. moving or parked
for a car, with or without a rider for a bicycle. These attributes
can be regarded as fine-grained class labels, and the accuracy
of attribute recognition is also considered in the nuScenes
benchmark. The Waymo Open dataset covers 1,150 scenes,
shot in Phoenix, Mountain View, and San Francisco under
multiple weather conditions, including night and rainy days.
Similar to KITTI 3D, Waymo Open also defines two difficulty
levels for the 3D detection task according to the number of
LiDAR points contained in 3D bounding boxes. The objects
of interest in its benchmark include vehicles, pedestrians,
and cyclists.

Additional data. In addition to the RGB images and the cor-
responding camera parameters, these datasets also provide
additional data that can be optionally used in the image-
based 3D detection task. Specifically, all the three datasets
provide the LiDAR signals and temporally preceding frames
(note that these preceding images may be unlabelled because
these datasets only annotate the key-frames from the col-
lected videos), and the KITTI 3D dataset also provides the
stereo pairs to support 3D object detection from stereo images.
Section 6 discusses the use of these auxiliary data in existing
methods in detail.

Evaluation metric. The evaluation metric for the 3D object
detection is built on the Average Precision (AP) [30], [31],
and we recommend readers refer to Appendix A.1 for the
review of original AP metric and the introduction of its
variants adopted in the 3D detection task.

4 FRAMEWORKS

In this section, we summarize the image-based 3D detection
methods in terms of the high-level paradigm. Specifically,
we first introduce a new taxonomy for this task, and then
discuss the existing methods accordingly.

l Image-based 3D Object l

Detection
3D Feature-based
Methods

Fig. 2: The proposed taxonomy for image-based 3D detection.
The methods are first divided into ‘2D feature-based methods’
and ‘3D feature-based methods’. Then we further group
them into ‘result-lifting-based methods’, ‘feature-lifting-
based methods’, and ‘data-lifting-based methods’.

2D Feature-based
Methods

¥
Data Lifting-based
Methods

Feature Lifting-based

Result Lifting-based
Methods

Methods

4.1

As shown in Figure 2, we propose to group the image-based
3D detectors into two branches: (i) the methods based on 2D fea-
tures, and (ii) the methods based on 3D features. We believe this
taxonomy can help beginners quickly establish a preliminary
understanding of the existing methods. Furthermore, our
taxonomy further divides these methods into (i) the methods
based on result lifting, (ii) the methods based on feature lifting, and
(iii) the methods based on data lifting, which indicates the core
problem of image-based 3D object detection: how to generate
3D results from 2D data. Particularly, the result lifting-based
methods first estimate the 2D locations (and other items such
as orientation, depth, etc.) of the objects in the image plane
from the 2D features, and then lift the 2D detections into
the 3D space. The feature lifting-based methods generate the
3D features by lifting the 2D features and then predict the
final results in the 3D space. Similarly, the data lifting-based
methods can also generate the 3D results directly, but they
lift the input data from 2D to 3D, instead of the features.
Figure 3 compares the data flows of these detection pipelines.
According to the aforementioned taxonomy, we highlight the
milestone methods (with the key benchmarks) in Figure 4.
Because there is no specific taxonomy for image-based
3D detection, previous works generally adopt the classic
2D detection taxonomy to divide the object 3D detectors
into single-shot (one-stage) methods and region-based (two-
stage) methods. We argue our taxonomy is more suitable
for image-based 3D detection because: (i) Our taxonomy
groups the methods based on the feature representations, the
foundation of the deep learning-based methods, thus it can
help the readers build a structured knowledge quickly. (ii)
Our taxonomy indicates how a detector aligns the dimension

Taxonomy
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Fig. 3: Illustration of the image-based 3D object detection pipelines. We show the data flows of data-lifting, feature-lifting,
and result-lifting methods with blue, green, and red arrows respectively.

mismatch between the 2D input data and the 3D results,
which is the core problem of this task. (iii) Our taxonomy
can clearly define the existing methods, while the previous
ones can not. E.g., the pseudo-LiDAR-based methods (will
be introduced in Section 4.3.2) can adopt any LiDAR-based
detectors, including region-based methods and single-shot
methods. Therefore, it is hard to assign these methods to
either side.

4.2 Methods Based on 2D Features

The first group is the ‘methods based on 2D features’. Given
an input image, they first estimate the 2D locations, orienta-
tions, and dimensions (see Figure 1 for the visualization of
these items) from the 2D features, and then recover the 3D
locations from these intermediate results. Therefore, these
methods can also be called ‘result lifting-based methods’. In
particular, to get an object’s 3D location [z, y, 2], an intuitive
and commonly used solution is to estimate the depth value
d using CNNSs, and then lift the 2D projection into the 3D
space using:
z =d,

z=(u—Cs)xz/f, @
y:(U*Cy)XZ/f,

where (Cy, C,) is the principal point, f is the focal length,
and (u,v) is object’s 2D location. Also note, these methods
only need the depths of the center of the objects, which are
different from the methods which require dense depth maps,
e.g. Pseudo-LiDAR [32]. Furthermore, because the 2D feature
based methods are similar to 2D detectors in the overall
framework, we introduce these works with classic taxonomy
used in 2D detection field, i.e. region-based methods and
single-shot methods, for better presentation.

4.2.1 Region-based Methods

The region-based methods follow the high-level idea of the
R-CNN series [33], [34], [35] in 2D object detection. In this
framework, after generating category-independent region
proposals from input images, features are extracted from
these regions by CNNs [35], [36]. Finally, R-CNN uses these
features to further refine the proposals and determine their
category labels. Here we summarize the novel designs of the
region-based framework for the image-based 3D detection.

Proposal generation. Different from the commonly used
proposal generation methods [37], [38] in the 2D detection
field, a simple method to generate proposals for 3D detection
is to tile the 3D anchors (shape templates of the proposals)

in the ground plane and then project them to the image
plane as proposals. However, this design generally leads to
a huge computational overhead. To reduce the searching
space, Chen et al. [4], [3], [39] proposed the pioneering
Mono3D and 3DOP by removing the proposals with low
confidence using domain-specific priors (e.g. shape, height,
location distribution, etc) for monocular and stereo based
methods respectively. Besides, Qin et al. [40] proposed
another scheme which estimates an objectness confidence
map in the 2D front-view, and only the potential anchors with
high objectness confidence are considered in the subsequent
steps. In summary, 3DOP [3] and Mono3D [4] compute
confidence of proposals using geometric priors, while Qin et
al. [40] uses a network to predict the confidence map.

With the Region Proposal Network (RPN) [35], the
detectors can generate 2D proposals using features from the
last shared convolutional layer instead of external algorithms,
which saves most of the computational cost, and lots of
image-based 3D detectors [41], [42], [43], [44], [45], [20], [46],
[47], [48], [49], [40], [50], [51], [52], [53] adopted this design.
Introducing spatial information. Chen et al. [46] extended
the design of RPN and R-CNN combination to the stereo
based 3D detection. They proposed to extract the features
from left image and right image separately and used the
fused feature to generate proposals and predict the final
results. This design allows the CNN to implicitly learn
disparity /depth cues from stereo pairs, and is adopted by
the following stereo based 3D detectors [49], [54], [51]. Also
for the same purpose of providing depth information, Xu
and Chen [43] proposed another scheme, Multi-Fusion, for
monocular 3D detection. In particular, they first generate
depth maps for input images using an off-the-shelf depth
estimator [55], [56], and then design a region-based detector
with multiple information fusion strategies for the RGB
images and depth maps. It is worth noting that the strategy
of providing depth cues with extra depth estimator for
monocular images is embraced by several works [57], [32],
(58], [591, [60], [61], [62], [32], [63], [64], [65]. Nevertheless,
Stereo R-CNN [46] and Multi-Fusion [43] are similar in the
high-level paradigm based on the fact that they both adopt
the region-based framework and introduce another image
(or map) to provide the spatial cues.

4.2.2 Single-Shot Methods

The single-shot object detectors directly predict class prob-
abilities and regress other items of the 3D boxes from each
feature position. As a consequence, these methods generally
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Fig. 4: Chronological overview of the most relevant image-based 3D detection methods and the profound benchmarks.

have faster inference speed than the region-based methods,
which is vital in the context of autonomous driving. The use
of only CNN layers in single-shot methods also facilitate their
deployment on different hardware architectures. Besides,
some relevant works [21], [24], [66], [67] showed that the
single-shot detectors can also achieve promising performance.
Based on the above reasons, lots of recent methods adopted
this framework.

Basic single-shot models. Currently, there are two single-
shot prototypes used in image-based 3D detection. The first
one is anchor-based, proposed by Brazil and Liu [68]. In
particular, this detector is essentially a tailored RPN for
monocular 3D detection, and it generates both 2D anchors
and 3D anchors for the given images. Different from the
category-independent 2D anchors, the shape of 3D anchors
generally have a strong correlation to their semantic label, e.g.
an anchor with a shape of “1.5m x 1.6m x 3.5m’ is usually a
car rather than a pedestrian. Therefore, this 3D RPN can be
used as the single-shot 3D detector and has been adopted by
several methods [60], [69], [70], [61].

Besides, in 2019, Zhou et al. [21] proposed an anchor-
free single-shot detector named CenterNet, and extended it
to image-based 3D detection. In particular, this framework
encodes the object as a single point (the center point of the ob-
ject) and uses key-point estimation to find it. Besides, several
parallel heads are used to estimate the other properties of the
object, including depth, dimension, location, and orientation.
Although this detector seems very simple in architecture, it
achieves promising performance across several tasks and
datasets. Later on, many following works [24], [25], [71], [72],
[73], [74], [75], [76], [77], [78], [79] adopted this design.
Extensions. There are lots of improvements based on these
two prototypes, and we summarize them in Section 5 due to
their modular design.

4.3 Methods Based on 3D Features

Another branch of the proposed taxonomy is the ‘methods
based on 3D features’. The main feature of these methods
is they first generate the 3D features from the images, and
then directly estimate all items of the 3D bounding boxes,
including the 3D locations, in the 3D space. According to
how to get the 3D features, we further group these methods
into ‘feature lifting-based methods” and "data lifting-based
methods’.

Frustum Features

G(u,v)

Depth Distributions.
D(u, v)

: Voxel features

Fig. 5: An illustration of the feature lifting methods. Left:
3D features are generated by accumulating 2D features over
corresponding areas. Right: image features are weighted by
their depth distribution to lift the 2D features into the 3D
space. From [80] and [23].

4.3.1 Feature Lifting-based Methods

The general idea of the feature lifting-based methods is to
transform the 2D image features in the image coordinate
system into the 3D voxel features in the world coordinate
system. Moreover, existing feature lifting-based methods [80],
[81], [23], [82], [83] further collapse the 3D voxel features
along the vertical dimension, corresponding to the height of
objects, to generate the Bird’s Eye View (BEV) features before
estimating final results. For this kind of methods, the key
problem is how to transform the 2D image features into the
3D voxel features. We discuss this problem in the following.
Feature lifting for monocular methods. Roddick et al. [80]
proposed a retrieval-based detection model, named OFTNet,
to achieve the feature lifting. They obtain the voxel feature by
accumulating the 2D features over the area of the front-view
image feature corresponding to the projection of each voxel’s
top-left corner (uy,v2) and bottom-right corner (uz, va):

) % Fuw), @

U=Ul] V=01

1
V =
(x, v Z) (Uz - Ul)(UZ — U1

where V(z,y,2) and F(u,v) denote the features for the
given voxel (z,y, z) and pixel (u, v). Differently, Reading et
al. [23] achieve feature lifting in a back-projection manner [84].
Firstly, they discretize the continuous depth space to multiple
bins and regard the depth estimation as a classification task.
In this way, the output of depth estimation is the distribution
D for these bins, instead of a single value. Then, each feature
pixel F(u, v) is weighted by its associated depth probabilities
D(u,v) to generate the 3D frustum feature G(u,v):

G(u,v) = D(u,v) @ F(u,v), ®)
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where ® denotes the outer product. Note this frustum feature
is based on the image-depth coordinate system (u, v, d), and
it needs to be further aligned to the 3D world coordinate
system (z,y, z) using camera parameters to generate the
voxel feature or BEV feature. Recently, Huang et al. [83]
adopted this lifting method and built BEV pipeline, which
achieves promising performance on the multi-camera setting
of image-based 3D detection. Figure 5 visualizes these two
methods.

Feature lifting for stereo methods. Thanks to the well-
developed stereo-matching technologies, building 3D fea-
tures from stereo pairs is easier to achieve than building them
from monocular images. Chen ef al. [81] proposed the Deep
Stereo Geometry Network (DSGN), achieving the feature
lifting with stereo images as input. They first extract feature
from the stereo pairs and then build 4D plane-sweep volume
following the classic plane sweeping approach [85], [86], [87]
by concatenating the left image feature and the reprojected
right image feature at equally spaced depth values. Then,
this 4D volume will be transformed into the 3D world space
before generating the BEV map which used to predict the
final results.

4.3.2 Data Lifting-based Methods

In the data lifting-based methods, the 2D images are trans-
formed into the 3D data (e.g. the point cloud). Then the 3D
features are extracted from the resulting data. In this section,
we first introduce the pseudo-LiDAR pipeline, which lifts
the images to point clouds, and the improvements designed
for it. Then we introduce the image representation-based
methods and other lifting schemes.

The pseudo-LiDAR pipeline. Thanks to the well-studied
depth estimation, disparity estimation, and LiDAR-based 3D
object detection, a new pipeline [32], [58], [59] was proposed
to build a bridge between the image-based methods and
LiDAR-based methods. In this pipeline, we first need to
estimate the dense depth maps [55], [56] (or disparity maps
[54], [88] and then transform them into the depth maps [32])
from images. Then, the 3D location (x,y,z) of the pixel
(u,v) can be derived using Equation 1. By back-projecting all
the pixels into 3D coordinates, the pseudo-LiDAR signals
{(2,y™ ("IN can be generated, where N is the
number of pixels. After that, LIDAR-based detection methods
[89], [90], [91], [92] can be applied using the pseudo-LiDAR
signals as input. The comparison of data representations
used in this pipeline is shown in Figure 6. The success of
the pseudo-LiDAR pipeline shows the importance of spatial
features in this task, and breaks the barrier between images-
based methods and LiDAR-based methods, which makes
it possible to apply the advanced technologies of another
field. See Appendix A.3.4 for more discussion about image,
pseudo-LiDAR, and LiDAR representations.

Improving the quality of depth maps (or resulting pseudo-
LiDAR signals). Theoretically, the performances of pseudo-
LiDAR-based models heavily rely on the quality of depth
maps and some works [32], [58], [93] had confirmed this
by adopting different depth estimators. Except for the
improvement of depth estimation [55], [56], [94] and stereo
matching [50], [88], [93], there are some other methods
that improve the quality of depth maps. Note that a small
error in disparity will lead to a large error in depth for

Pseudo-LiDAR (Bird’s-eye)

Fig. 6: Comparison of different data representations: RGB
image (top left), depth map (bottom left), and pseudo-LiDAR
(right). From [32].

the far-away objects, which is the primary weakness of the
pseudo-LiDAR-based methods. To this end, You et al. [95]
propose to transform the disparity cost volume to depth
cost volume and learn depth directly end-to-end instead
of through disparity transforms. Peng et al. [49] use a non-
uniform disparity quantization strategy to ensure a uniform
depth distribution, which can also reduce the disparity-
depth transformation errors for the far-away objects. Besides,
directly improving the accuracy of pseudo-LiDAR signal
is another option. For this, You et al. [95] propose to use
the cheap sparse LiDAR (e.g. 4-beam LiDAR) to correct
the systematic bias in depth estimator. These designs can
significantly boost the accuracy of generated pseudo-LiDAR
signals, especially for the far-away objects.

Focusing on the foreground objects. The original pseudo-
LiDAR model estimates the full disparity/depth maps for
the input images. This choice introduces lots of unnecessary
computational cost and may distract the networks from the
foreground objects, because only the pixels corresponding to
the foreground objects are the focus in the subsequent steps.
Based on this observation, several methods proposed their
improvements. Specifically, similar to the LIDAR-based 3D
detector F-PointNet [89], Ma et al. [58] use the 2D bounding
box to remove the background points. Besides, they also
propose a scheme based on dynamic threshold to further
remove the noise points. Compared with the 2D bounding
box, the methods in [59], [51], [52], [50] adopt instance mask,
which is a better filter but requires additional data with
ground-truth masks (Section 6 discusses how to use auxiliary
data to generate the mask annotations)

Besides, the methods in [96], [97] propose to address this
problem in the depth estimation phase. They divide the pixels
of the input images into foreground and background using
2D bounding boxes as masks, and apply higher training
weight for the foreground pixels. Consequently, the depth
values of foreground regions are more accurate than the
baseline, thereby improving the 3D detection performance.
Aggregation with other information. As described before,
most pseudo-LiDAR-based methods only adopt the result-
ing pseudo-LiDAR signals as input. Another improvement
direction is to enrich the input data with other information.
Ma et al. [58] fuse the RGB features of each pixel to its
corresponding 3D point using an attention-based module.
Besides, a Rol-level RGB feature is also used to provide
the complementary information to pseudo-LiDAR signals.
Pon et al. [51] propose to use the pixel-wise part location
map to augment the geometric cues for the pseudo-LiDAR
signals (similar idea to the LiDAR-based 3D detector [98]).
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In particular, they use a CNN branch to predict the relative
position of each pixel/point of the 3D bounding box, and
then use this relative position to enrich the pseudo-LiDAR
signals.

End-to-end training. Generally, the pseudo-LiDAR-based
methods are clearly divided into two separate parts: depth
estimation and 3D detection, and cannot be trained end-to-
end. For this problem, Qian et al. [99] propose a differentiable
Change of Representation (CoR) module that allows the back-
propagation of gradients from 3D detection network to depth
estimation network, and the whole system can benefit from
joint training.

Image representation-based methods. To explore the un-
derlying reasons for the success of pseudo-LiDAR-based
methods, Ma et al. [63] proposed PatchNet, an image
representation-based equivalent implementation of the orig-
inal pseudo-LiDAR model [32], and achieved the almost
same performance. Based on this, Ma et al. argue that the
data lifting in Equation 1, which lifts the 2D location in the
image coordinate to the 3D location in the world coordinate,
is the key of the success of pseudo-LiDAR family, instead of
the data representation. Simonelli et al. [19] extend PatchNet
by re-scoring the confidence of 3D bounding boxes with a
confidence head, and achieve better performance. Note that
most of the designs in Section 4.3.2 for pseudo-LiDAR-based
methods can be easily used in image representation-based
method. Besides, benefiting from the well-studied 2D CNN
designs, the image-based data lifting model may have greater
potentials [63].

Other lifting schemes. Different from previously introduced
models which achieve the data lifting by depth estimation
and Equation 1, Srivastava et al. [100] introduce another way
for data lifting. Specifically, they transform the front-view
images into the BEV maps using Generative Adversarial Nets
(GAN) [101], [102], where the generator network aims to
generate the BEV maps correspond to the given images and
the discriminator network serves to classify the BEV maps
are generated or not. Besides, Kim et al. [103] propose to
use inverse perspective mapping to transform the front-view
images into BEV images. After obtaining the BEV images,
these two works can use the BEV-based 3D detectors, like
MV3D [104] or BirdNet [105] to estimate the final results.

5 COMPARISON OF COMPONENTS

In this section, we provide the detailed comparison for each
required component of the 3D object detectors. Compared
with the framework-level designs, the following designs are
usually modular and can be applied to different algorithms
flexibly.

5.1 Feature Extraction

Same as other tasks in the CV community, a good feature
representation is a key factor in building high-performance
image-based 3D detectors. The majority of recent methods
use standard CNNs as their feature extractors, while some
methods deviated from this introducing better features
extraction methods. We will briefly cover them here.

5.1.1 Standard Backbone Nets

Although generally the input data is only the RGB image, the
feature lifting-based methods and data lifting-based methods
facilitate the use of 2D CNNs [106], [107], [108], [109],
[110], 3D CNNs [111], [112], and point-wise CNNs [113],
[114], [115] as the backbone networks. Among the standard
backbones, DLA [110] and ResNet [106] are generally used
to extract 2D features, and the sparse 3D conv [112] is the
most popular backbone for 3D feature extraction. Note that
the 2D backbones can also be used in the methods based on
3D features. For example, the feature-lifting-based methods,
e.g. DSGN [81] and CaDDN [23], first use ResNet to extract
2D features from images, and then use 3D convolutions to
generate more discriminative features after lifting the 2D
features into 3D features.

5.1.2 Local Convolution

Brazil and Liu [68] propose to use two parallel branches to ex-
tract the spatial-invariant features and spatial-aware features
respectively. In particular, to better capture the spatial-aware
cues from monocular images, they further propose a local
convolution: the depth-aware convolution. The proposed
operation uses non-shared convolution kernels to extract
the features for the different rows (roughly corresponding
to different depths) in the feature space. Finally, the spatial-
aware features are combined with the spatial-invariant ones
before estimating the final results. Note that the non-shared
kernels will introduce extra computational costs, and [68]
also propose an efficient implementation for this scheme.

5.1.3 Feature Attention Mechanism

Since Hu et al. [116] introduced the attention mechanism
[117] to CNN, lots of attention blocks [116], [118], [119] are
proposed. Although the details of these methods are different,
they usually share the same key idea: re-weighting the
features along a specific dimension, e.g. channel dimension.

Qin et al. [40] propose an attention scheme for 3D
detection from stereo pairs. In particular, they calculate the
correlation score s; for the i*" channel of the left-image
feature F! and the right-image feature F7 using the cosine
similarity:

Fl.F!
[EL] - 7]

Then, the features are scaled by the scaling factor s;. Unlike
other attention modules that learn the scaling factors in a
data driven manner, this scheme updates the features using
the correlation between left-image and right-image features,
thus more interpretable. Besides, this design is also been
adopted by other stereo-based 3D detection methods [49].

S; = cos < Fi,Ff >= 4)

5.1.4 Depth Augmented Feature Learning

To provide the depth cues unavailable in the RGB images,
an intuitive scheme is using the depth maps (generally
obtained from an off-the-shelf model or a sub-network) to
augment the RGB features [43], [57]. Besides, some efficient
depth-augmented feature learning methods are proposed for
this purpose. In particular, Ding et al. [60] propose a local
convolutional network, where they use the depth maps as
guidance to learn the dynamic local convolutional filters
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Side view

Heat map Depth map

Fig. 7: 3D detection assumes the ground plane is flat and only
the yaw angle is considered (top). However, in real-world
applications, there are some uneven roads, which leads to
a bias between the object’s actual position and computed
position (bottom). From [25]

with different dilated rates for RGB images. Wang et al. [61]
design a message-passing module between RGB features and
depth features based on the graph neural network (GNN).
Specifically, they regard the feature vector at each position
and its most-relevant neighborhoods as the nodes of GNN.
After dynamically sampling the nodes from image and depth
features, they use GNN to propagate the depth cues to RGB
features. Finally, they apply this module in multiple feature
levels and obtain richer features for 3D detection.

5.1.5 Feature Mimicking

Recently, some methods propose to learn the features of
image-based models under the guidance of LiDAR-based
models. Particularly, Ye et al. [65] adopt the pseudo-LiDAR
(data lifting) pipeline and enforce that the features learned
from pseudo-LiDAR signals should be similar to those
learned from real LiDAR signals. Similarly, Guo et al. [82]
apply this mechanism to the feature lifting-based method
and conduct the feature mimicking in the transformed voxel
features (or BEV features). Furthermore, Chong et al. [5]
generalize this scheme to the result-lifting methods. They
all transfer the learned knowledge from the LiDAR-based
models to image-based models in the latent feature space,
and the success of these works shows that image-based
methods can benefit from feature mimicking.

5.1.6 Feature Alignment

As introduced in Section 2, only the yaw angle is considered
in the 3D detection task. However, this design will cause a
misalignment problem when the roll/pitch angle is not zero,
Figure 7 illustrates this problem. For this problem, Zhou et
al. [25] propose a feature alignment scheme. In particular,
they first estimate the ego-pose using a sub-network, and
then design a feature transfer net to align the features in both
content level and style level based on the estimated camera
pose. Finally, they use the rectified features to estimate the
3D bounding boxes.

5.1.7 Feature Pooling

Li et al. [120] propose a new feature pooling scheme for
image-based 3D detection. As shown in Figure 8, for a given
3D anchor, they extract the features from the visible surfaces
and warp them into a regular shape (e.g. 7 x 7 feature map)
by perspective transformation. Then, these feature maps

Pespective ]
Projection

Fig. 8: GS3D extracts features from the visible surfaces of the
projected 3D bounding boxes and uses them to predict the
final results. From [120].

are combined and used to refine the proposals to the final
results. Note that these features can be further augmented by
concatenating the features extracted from 2D anchors using
Rol Pool [35] or Rol Align [36].

5.2 Result Prediction

After the CNN features are obtained, the 3D detection results
are predicted from the extracted features. In this section,
we group the novel designs for the result prediction into
different aspects and discuss these methods in detail.

5.2.1 Multi-Scale Prediction

A baseline model is to predict the results using the features
of the last CNN layer [43], [32], [63], [19]. However, a major
challenge of this scheme comes from the varied scales of the
objects. Particularly, CNNs commonly extract the features
layer by layer, which leads to different receptive fields and
semantic levels for features at different layers. Consequently,
it is hard to predict all the objects using the features from
a specific layer. To address this issue, lots of methods have
been proposed, broadly grouped into layer-level methods
and kernel-level methods.

Layer-level methods. The first group of methods mainly
operates on the layer-level of CNNs and can be subdivided
into the following three sub-groups.

Multi-level prediction-based models. Liu et al. [121] and Cai et al.
[122] propose to use a multi-layer prediction mechanism to
address this problem, where each layer focuses on a specific
range of scales. Figure 9 (left) shows the main idea of this
design.

Feature fusion-based models. Another popular solution is to
aggregate the features from different layers and predict all
samples using this augmented feature map. Figure 9 (middle)
visualizes a typical method [110] of this family. Note that lots
of image-based 3D detectors [80], [123], [58], [68], [124], [71],
(601, [73], [721, [125], [75), [78], [77], [76), [74] adopted this
method for its simple and efficient design.

Hybrid models. In fact, recent approaches rarely use only one
strategy, and the hybrid models are more welcomed. For
example, FPN [126], shown in Figure 9 (right), combines
the multi-level prediction and feature fusion scheme, and
the FPN-like schemes are embraced by several 3D detection
models [45], [20], [49], [57], [46], [24], [26].

Kernel-level methods. Some methods try to solve this
problem by adjusting the receptive field at kernel-level. The
dilated convolution [127] (also called ‘atrous’ convolution)
is a pioneering work which is initially proposed to extract
multi-scale features for semantic segmentation task. It intro-
duces another parameter, the dilation rate, which controls
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Fig. 9: Illustration of the multi-level prediction (left), feature-
fusion (middle), and hybrid (right) designs for multi-scale
detection. The green rectangle and red arrow respectively
denote the feature aggregation node and up-sampling opera-
tion.
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the sampling interval in the convolution operation. This
design can enlarge the receptive field without introducing
extra computational cost. Ding et al. [60] introduce this
convolution to monocular 3D detection and propose a
scheme to dynamically adjust the dilated rate for each
object according to its depth value. Besides, Dai et al. [109],
[128] propose the deformable convolution, which allows
the convolution kernels to learn their sampling positions
in a data driven manner. Luo et al. [76] propose a variant
of deformable convolution, which generates the sampling
positions according to the shape of the anchors. Note that the
dilated convolution can be regarded as a static special case of
the deformable convolution. Besides, the kernel-level designs
are orthogonal to the layer-level designs, which means they
can collaboratively work in the same algorithm.

5.2.2 Multi-Camera Prediction

To cover all objects in 360° view, the multi-camera detection is
adopted by recent large-scale benchmarks [8], [14]. A simple
baseline [21] is to treat all views as separate images and
predict results from them separately. Then a global Non-
Maximum Suppression (NMS) operation is applied to merge
the results from different views and remove the duplicate
objects. Recently, a BEV solution [29], [83] is proposed for
the multi-camera setting. In particular, this pipeline first lifts
the features of different views from the image space to the
BEV space and then integrates these BEV maps into a single
feature map for the whole scene. After that, the results for all
views can be predicted from this integrated BEV feature map.
In addition to solving the task of multi-camera detection, this
scheme generally generates more discriminative features due
to the self-calibration of the features among different views,
and similar strategies may be applied to other scenarios in
future research, e.g. 3D detection from temporal sequences
or multi-modality data.

5.2.3 Out-of-Distribution Samples

Due to the range, truncation, occlusion, etc., different objects
tend to have different characteristics, and predicting all
objects from a unified network may not be optimal. Based
on this problem, [63], [19], [77] adopted the self-ensembling
strategy. In particular, Ma et al. [63] divide the objects into
three clusters by their depth values (or the “difficulty” levels
defined by KITTI 3D dataset), and use different heads to
predict them in parallel. Simonelli et al. [19] extended this
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design by adding a re-scoring module for each head. Zhang
et al. [77] decouple the objects into two cases according to
their truncation levels and apply different label assignment
strategies and loss functions to them.

Besides, Ma et al. [72] observe that some far-away objects
are almost impossible to localize accurately and reducing
their training weights (or directly removing these samples
from the training set) can improve the overall performance.
The underlying mechanism of this strategy has the same goal
as [63], [19], [77], i.e. to avoid the distraction from out-of-
distribution samples to the model training.

5.2.4 Projective Modeling for Depth Estimation

Compared with a stand-alone depth estimation task, depth
estimation in 3D detection has more geometric priors, and
the projective modeling is the most commonly used one. In
particular, the geometric relationship between the height of
3D bounding box Hzp and the height of its 2D projection
Hsp can be formulated as:

d=Jx 50 ©)
where d and f respectively denote the depth of the object and
the focal length of the camera. The height of the 2D bounding
box is used to approximate Hyp in [62], [123], [129], [47], so
they can compute a rough depth using estimated parameters.
However, when the height of the 2D bounding box (denoted
as Hppog2p) is used as the Hap in Equation 5, extra noise is in-
troduced, because Hap # Hppozap- To alleviate this problem,
Lu et al. [75] propose an uncertainty-based scheme, which
models the geometric uncertainty in the projective modeling.
Besides, Barabanau et al. [42] annotate the key-points of cars
with the help of CAD models, and use the height difference
of 2D /3D key-points to get the depth. Differently, Zhang et
al. [125] revise Equation 5 by considering the interaction of
the locations, dimension and orientations of the objects, and
build the relationship between the 3D bounding box and its
2D projection.

In brief, GUPNet [75] captures the uncertainty in the
noisy perspective projection modeling, Barabanau ef al. [42]
eliminate the noise by re-labeling, and Zhang et al. [125] solve
the error by mathematical modeling.

5.2.5 Multi-Task Prediction

3D detection as multi-task learning. 3D detection can be
seen as a multi-task learning problem because it needs to
output the class label, location, dimension, and orientation
together. Lu et al. [75] propose to dynamically adjust the learn-
ing weights of each task for the balanced learning. Different
from other weight-based multi-task learning methods [130],
[131], which assume that each task is independent from each
other, there are some dependencies among the sub-tasks in
3D detection, e.g., the height of 2D /3D bounding box can
provide hints for depth estimation. Therefore, they build the
hierarchical relationship of all tasks, and the training weight
of each task is scheduled by its pre-tasks. Besides, Zou et al.
[132] divide all tasks into the appearance-specific tasks and
the localization tasks, and the features for these two groups
are learned separately with a message passing module.

Joint training with other tasks. A number of works [133],
[134], [135] had shown that the CNN can benefit from joint
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training with multiple tasks. Similarly, Ma et al. [72] observe
the 2D detection can serve as an auxiliary task to monocular
3D detection and provide additional geometric cues to the
neural network. Besides, Guo et al. [82] find this is also
effective for stereo 3D detection. Note that the 2D detection
is a required component in some methods [68], [45], [32],
[58], [63], instead of an auxiliary task. Based on this, Liu ef
al. [136] find extra key-points estimation task can further
enrich the CNN features, and the estimated key-points can
be used to further optimize the depth estimation sub-task
[41], [78], [74]. Besides, depth estimation can also provide
valuable cues to the 3D detection model. In particular, some
works [26], [81], [82], [5] conduct an extra depth estimation
task to guide the shared CNN features to learn the spatial
features, and Park et al. [137] show that pre-training on the
large-scale depth estimation dataset can significantly boost
the performance of their 3D detector.

5.3 Loss Formulation

Loss function is an indispensable part of the data driven
models, and the loss formulation of 3D detection can be
simplified to :

L= ['cls + ['loc + ['dim + Eori + lc_joi + ['conf + Eaux~ (6)

Particularly, the classification loss L5 serves to identify the
category of a candidate and give the confidence. The location
loss Lioc, dimension loss Lq4ijm, and orientation loss Loy
are designed to regress the components of the parameter-
ization of 3D bounding box, i.e. location, dimension, and
orientation respectively. The last three loss items are optional.
In particular, the loss Ljoi, .. corner loss [57], can jointly
optimize the location, dimension, and orientation in a single
loss function. The confidence loss Lcon is designed to give a
better confidence to the detected boxes. Finally, the auxiliary
loss Laux can introduce additional geometric cues to CNNs.
These losses in Equation 6 are discussed below.

5.3.1 Classification Loss L1s

For classification, FocalLoss [66] or its variant [138] is used by
most methods. Compared with the standard cross-entropy
loss, this loss function reduces the penalty on the easy cases
and focuses more on the hard, misclassified examples. In this
way, this loss boosts the classification accuracy.

5.3.2 Location Loss Lioc

The feature/data lifting-based methods generally regress the
locations using L1 loss (or smooth L1 loss, L2 loss, etc. and
we omit them in the following part for brevity):

Lioc = Z [|lloc; — loc!||1, 7)
ie{z,y,z}
where || - ||1 denotes the L1 norm. loc; and loc; are the esti-

mated location and corresponding ground truth, respectively.
Generally, the models predict the relative offset to a specific
anchor, instead of the absolute position. As for the result
lifting-based methods, the 3D location is derived from the
2D location and depth (note most of the feature lifting-based
and data lifting-based methods also need depth for their
transformations), and the loss function can be formulated as:

»Cloc = »Cloczd + »Cdeptha (8)
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where Lioc,, is the 2D location loss and generally shares the
similar formulation as Equation 7. The Lgepth is the depth
loss. Since some works [72], [28], [137] point out that depth
is the key in image-based 3D detection, we mainly review
the novel loss formations of this item in image-based 3D
detection approaches.

Uncertainty modeling. Following [139], [140], some works
[711,[72], [141], [129], [75] model the heteroscedastic aleatoric
uncertainty in depth estimation. Specifically, to capture the
uncertainty, detectors should simultaneously predict the
depth d and the standard deviation o (or variance o?):

[d, o] = f¥(x), ©)

where x is the input data, f is a neural network parametrised
by the parameters w. Then, the Laplace likelihood is fixed to
model the uncertainty, and the loss for the depth estimation
sub-task can be formulated by:

V2 .

‘Cdepth:7”d_d Hl +10g0'a (10)
where || - ||1 denotes the L1 norm, and d* is the ground-truth
depth. Similarly for the Gaussian likelihood [72], [142]:

1 R T
Acdepth:ﬁHd_d ||2+§1Og0 5 (11)
where || - ||2 denotes the L2 norm (the derivation details

of Equation 10 and Equation 11 can be found in [140],
page 37). Note that this loss formulation can be applied
to any regression task in theory [71], [142], [143]. Besides, the
uncertainty has been further utilized in other aspects, such
as confidence normalization [75] or post-processing [129].
Discretization. For monocular depth estimation, Fu et al.
propose DORN [56], which discretizes the continuous depth
values into multiple bins and considers the depth estimation
as a ordinal regression task. This model is often used as a sub-
network to provide depth cues for 3D detectors. Besides, the
methods in [23], [28] also adopt the discretization strategy,
while only regarding depth estimation as a classification task.
Note that the discretization-based methods usually output
the distribution of depth, instead of a single value, which
can be used in feature lifting.

5.3.3 Dimension Loss L4im
A common choice for the dimension loss in 3D detection is

L1 loss:
>

ie{h,w,l}

Ldim = [|dim; — dim] ||, (12)

where dim; denotes the predicted dimension, and dim; is
the corresponding ground truth. The incremental method
in [68] compute the mean shape [H, W, L] of each category
first, and then estimate the residual offset of these anchors.
Furthermore, Simonelli et al [45] represent the dimension
as [He®r, Webs | Ledt], where [0y, 84, 1] are the outputs of
the CNN for the objects” dimension. In this way, they can
embed the physical prior, i.e. the mean shape of the objects,
in the prediction and optimize the CNN’s parameters in the
exponential space.

Ma et al. [72] show that the errors of different elements
of the estimated dimension (e.g. height, weight, length) have
different contribution rates to the change of IoU. Based on



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

(a)  Orientation § (b)  Axis (0, = 1) (c) (d) Relative Offset 0,

Heading (0, = 1)
]

O—m

Fig. 10: Illustration of the orientation formulation proposed
by Brazil et al. They first classify the orientation (1) as closer
to the horizontal axis or the vertical axis (b), and then judge
whether it points in the positive or the negative direction (c).
Finally, they regress an offset to the center of the angle bin
(d). From [69].

this observation, they dynamically adjust the weight of each
term in this loss function, according to its partial derivative
w.r.t. the 3D IoU. Besides, they also keep the absolute value
of this loss function unchanged to the original L1 loss, which
means that their proposed loss is the re-distribution of the
standard L1 loss.

5.3.4 Orientation Loss Loy

Compared with directly regressing the orientation of objects,
the hybrid-style (classification and regression) loss formu-
lation is the mainstream in orientation estimation, and the
main difference of these losses lies in how to divide the
continuous orientation into different bins [144]. In particular,
Mousavian et al. [145] divide the heading angle into n
overlapping bins (n=2 by default), and Qi et al. [89] choose
a denser, non-overlapping quantization (n=12 in default).
These two methods are widely used in the existing 3D
detectors, e.g. [43], [72], [75], [71], [58], [63], [32], [95], [59],
[123]. Besides, as shown in Figure 10, Brazil et al. [69] propose
to divide the orientation into 4 bins and use two classifiers, i.e.
axis classifier (horizontal or vertical) and heading classifier
(positive or negative), to find the angle interval. As for the
regression part, an alternative to regressing the residual
angle Af directly is to regress it in the sine and cosine
spaces, i.e. sin(Af) and cos(A#), which has been adopted by
several works, such as [145], [21], [48]. Besides, Li et al. [146]
show that orientation estimation can benefit from specific
intermediate representation, i.e. interpolated cuboid.

5.3.5 Joint Loss Ljo;

In this section, we introduce how to jointly optimize the
location, dimension, and orientation in a single loss function.
Corner loss. To jointly optimize the location, dimension, and
orientation, Manhardt et al. [57] recover the 3D coordinates
of eight corners using the estimated items, and compute the

corner loss: .

L‘corner = Z HPk - P}:Hh
k=1

(13)

where P, denotes the k' corner of the 3D bounding box.
Note that the corner loss can also be used as auxiliary loss
and work together with the standard loss formulation [89],
[58], [32], [63], [59], [65], [147].

Disentangled corner loss. To avoid the complicated inter-
actions between each item, Simonelli et al. [45] propose a
disentangling transformation, and this method has been
adopted by some other works [20], [79], [73], [26], [19]. In
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particular, when computing the corners, they only use one
estimated item and adopt ground truths for the remaining
items (e.g. using the predicted dimension and ground-truth
location/orientation to compute the corners). They replicate
this process for three times to separately back propagate
the losses of the location, dimension, and orientation. This
design removes the interactions of different items but also
keeps the optimization space the same as the corner loss.
Also note that this transformation can apply to any metric
involving multiple items, such as IoU.

5.3.6 Confidence Loss Lcont

A simple baseline method for the confidence estimation is
directly adopting the classification confidence as the final
score. This strategy is popular in the 2D detection field and
also commonly adopted by the image-based 3D detection
models, such as [68], [71], [72]. Besides, some confidence
estimation methods designed for 2D detectors are also
introduced to image-based 3D detection task (e.g. following
FCOS [67], FCOS3D [24] estimates the ‘centerness’ for each
object and use it to normalize the confidence). However, these
methods are generally better at representing the quality of
the 2D bounding box, instead of that of the 3D bounding box.
Here we represent these confidences as the 2D confidence
(in fact the 2D confidence p>p is often adopted as the 3D
confidence psp directly in most works).

To better capture the quality of the estimated 3D bound-
ing boxes, some novel designed are proposed. In particular,
Simonelli et al. [45] propose to estimate the 3D confidence
given a 2D proposal pspj2p, and its ground truth pj DJ2D is
generated by:

_ ef%E(B,B*%

P3p|2D (14)

where T is the temperature parameter, and £(B, B*) is the
disentangled corner loss of bounding box B and its ground-
truth B*. Then the cross-entropy loss is used to optimize the
CNNs, and the final 3D confidence is:

P3D = D2D " P3D|2D- (15)

Furthermore, Simonelli et al. [19] use the normalized ranking
of L(B,B*) as p; DJ2D and report that this relative 3D
confidence performs better than the absolute version. Besides,
since the depth estimation is the bottleneck of the image-
based 3D detection [72], [28], [58], [32], [43], Lu et al. [75] use
the depth confidence pgepin to replace p3pj2p. In particular,
they capture the depth uncertainty o using Equation 10 and
use the normalized uncertainty e~ as the depth confidence,
and the final 3D confidence is computed as:

D3D = D2D * Ddepth- (16)

5.3.7 Auxiliary Loss Laux

Dense depth loss. Although the dense depth estimation is
unnecessary in the design of most image-based 3D detectors,
several works observe that it benefits the detectors in per-
formance. In particular, some feature lifting-based methods
[81], [23] find that applying the dense depth supervision
is helpful to align the 2D space and the 3D space for the
feature lifting models. Park et al. [26] find that dense depth
estimation can serve as an effective pre-training task for
monocular 3D detection. Besides, [5] reports that a separate
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prediction head supervised by the dense depth maps can
effectively introduce the spatial cues to the CNNs, thereby
improving the performance.

2D/3D consistency loss. Based on the geometric prior that
the projection of the 3D bounding box should tightly fit
the 2D bounding box, we can build an auxiliary loss by
comparing the consistency of them. Weng and Kitani [59]
apply this loss function in their 3D detector, and Brazil and
Liu [68] use this loss in their post-processing method.
Others. As introduced in Section 5.2.5, some works report
that joint training with some other tasks, such as 2D
detection[72], [81] and key-points estimation[136], can boost
the performance of 3D detection. From the perspective of
loss function, the losses of these tasks can be regarded as the
auxiliary losses of 3D detection.

5.4 Post-processing

After getting the results from CNNs, some post-processing
steps are applied to remove redundant detection results or
refine detection results. These steps can broadly be divided
into two groups: Non-Maximum Suppression (NMS) and
post-optimization. We present the original NMS algorithm
and its variants in Appendix A.2 and mainly summarize the
post-optimization methods in this section.

5.4.1 Post-optimization

To boost the quality of detected boxes, some methods choose
to further refine the outputs of CNNs by building geometric
constraints in the post-optimization step.

Brazil and Liu [68] proposed a post-optimization method
to tune the orientation 6 based on the consistency between
the projected 3D bounding box and 2D bounding box. In
particular, they iteratively add a small offset to the predicted
orientation 6 and project the updated 3D boxes into the 2D
image plane. Then, they choose to accept this update or
adjust the offset by checking whether the similarity between
the 2D bounding box and the projected 3D bounding box
increases or decreases.

Another post-optimization method is built on the one-to-
one matching of the key-points of objects in the 2D image
plane and 3D world space. Specifically, in addition to the 3D
boxes, Li et al. [74] also estimates the projected corners in the
2D image space. After that, they project the 3D boxes into
the image plane and update the estimated parameters by
minimizing the pixel distances of the paired pixels, i.e. 2D /3D
corners, using Gauss-Newton [148] or Levenberg-Marquardt
algorithm [149].

Chen et al. [71] propose an object-level pair-wise con-
straint for their post-optimization. In particular, they regard
two adjacent objects as an object pair, and additionally
estimate the midpoints of the paired objects in their CNN
model. After that, they can fine-tune the locations by aligning
the paired objects and their midpoint. Further, they also
model the uncertainties of location-related items (depth and
the center of the 2D projection in [71]) using Equation 10, and
use the captured uncertainties as weights of the objectives
in their post-optimization method. The post-optimization
methods in [74], [71] can be efficiently implemented using
the open-sourced toolbox g2o [150].
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6 LEVERAGING AUXILIARY DATA

3D object detection from RGB images is a challenging task
due to the lack of the depth information in the input data.
To estimate the 3D bounding boxes more accurately, lots
of methods have tried to apply auxiliary data and extract
complementary features from RGB images. This section
summarizes the different uses of auxiliary data and reviews
the 3D detection methods according to the types of auxiliary
data considered.

6.1 LiDAR Signals

LiDAR data is rich in spatial cues, which is missing in image
data. Although LiDAR signals are unavailable for image-
based methods in real application scenarios, we still can
leverage them in training phase. Overall, the related technical
contributions can be roughly divided into the following
categories.

Generating depth annotations from LiDAR signals. As
introduced in Section 4, the depth maps are required by
almost all methods, and a sub-task of depth estimation is
always needed. Generally, the ground truths of depth values
can be derived from the locations of the 3D objects. However,
the ground-truth depth maps generated in this way are very
sparse (less than 10 valid pixels on average for a standard
KITTI 3D image). This makes extremely difficult to train an
accurate and stable depth estimator. To alleviate this problem,
several methods [81], [23], [32], [95], [99], [82], [5] project
the LiDAR signals to the image plane, and get the depth
(or disparity) values of corresponding pixels. In this way,
for KITTI 3D dataset, about additional 30K valid pixels (per
image) with depth annotation can be generated. Furthermore,
depth completion algorithms [151] can be used to generate
the dense depth map with the projected LiDAR signals as
input.

Generating mask annotations from LiDAR signals. Some
works [89], [51], [52], [32] use the LiDAR signals to generate
the instance masks. In particular, the semantic labels of
LiDAR points can be determined by checking whether they
are located in the 3D bounding boxes or not. Then they
project the points into the image plane and assign the mask
labels to their corresponding image pixels.

Providing additional guidance in the training phase. The
models trained from LiDAR signals can serve as the teacher
network of the image-based models, and transfer the learned
spatial cues to the image-based methods with the knowledge
distillation mechanism [152]. Specifically, Ye et al. [65] apply
this strategy in the pseudo-LiDAR pipeline by mimicking
the features learns from the real LIDAR. Guo ef al. [82] build
the 3D voxel features from stereo images with the design
introduced in Section 4.3.1, and then use the voxel-based
LiDAR 3D detector [112] to provide additional guidance in
the feature level. Theoretically, this design can also be applied
to other feature lifting-based models [80], [23], [83]. Besides,
MonoDistill [5] proposes another scheme to align the feature
representations of image-based models and LiDAR-based
models. This method chooses to project the LIDAR points
into the image plane, and then use the identical network with
the image-based detector to process the resulting data. After
that, the knowledge distillation can be applied to transfer
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the valuable cues from the LiDAR models to image-based
models, including the feature level and result level.
Achieving data lifting with GAN. Except for the methods
introduced in 4.3.2, GAN provides a potential choice for data
lifting [100]. In particular, the generator network aims to
output the 3D representation of the input 2D images, and the
discriminator network is responsible for identifying whether
the data is generated or not by comparing it with real LIDAR
signals. In this pipeline, LIDAR signals are used as the input
of the discriminator network in the training phase and will be
removed in the inference phase. The output of the generator
network will be fed to an off-the-shelf LiDAR-based 3D
detector to obtain the final results.

6.2 Temporal Sequences

Temporal cues are vital for human visual system, and a recent
work [69] has applied temporal sequences to monocular 3D
detection. Particularly, Brazil et al. [69] first use the modified
M3D-RPN [68] to estimate the 3D boxes from separate
images, and then concatenate features of adjacent frames
and estimate the ego-motion of the camera. Finally, they use
the 3D Kalman filter [153] to update the estimated boxes,
considering the motions of objects and ego-motion together.

Note that the initial results are still predicted from single
frames, and the 3D Kalman filter is mainly used to update
the results for the temporal consistency of results between
image sequences. From this perspective, this method can be
regarded as a kind of post-processing. Besides, benefiting
from the 3D Kalman filter, this method can also predict the
velocity of objects without any annotations.

6.3 Stereo Pairs

To provide the depth cues lacking in the monocular images,
some methods adopt stereo pairs in their models. The main
applications of them can be grouped into two categories:
generating better depth maps and enriching the features.

6.3.1 Generating Better Depth Maps from Stereo Pairs

As mentioned before, many methods, including the pseudo-
LiDAR-based methods (Section 4.3.2) and depth-augmented
methods (Section 5.1.4), require depth maps as input. Com-
pared with the monocular depth estimation, the depth maps
estimated from stereo images [54], [88], [93] are generally
more accurate, and the experiments in several works [43],
[58], [32] demonstrate that high-quality depth maps (espe-
cially for the foreground regions [96]) can significantly boost
the final performances of these methods.

6.3.2 Enriching the Feature Maps using Stereo Pairs

Enriching the features maps is another application direction
of the stereo images. In this family, lots of methods propose
their solutions in different ways, including but not limited
to feature fusion [46], [54], attention mechanism [40], [49]
(see Section 5.1.3), and building better feature representation
(such as cost volume [49], [81], [82]).
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6.4 Pre-Training Data

It is well known that pre-training from larger datasets usually
improves the representation ability of neural networks and
alleviates the overfitting problem. Based on this, some works
choose to pre-train their models from external datasets. This
section will summarize the main applications of pre-training
in the image-based 3D detection field.

6.4.1 Fixed Pre-trained Sub-Models

To provide extra features, some works embed a pre-trained
model in their detectors. Here we introduce the common
choices for existing methods.

Depth estimator. Depth estimation is a core sub-problem
for image-based 3D object detection, and lots of works
have shown that introducing a pre-trained depth estimator
can significantly improve the accuracy of 3D detectors. In
particular, some work pre-train a standalone CNN [55], [56],
[94] on the KITTI Depth, which contains 23,488 training
samples with dense annotation for depth estimation, and use
the pre-trained depth estimator to generate depth maps for
KITTI 3D. After that, These estimated depth maps can serve
as the input data [32], [58], [59], [62], [63], [19], [154], [64],
[65], [96] or augment the input images [43], [60], [61], [132],
[57]. Note this scheme may lead to data leakage in KITTI 3D.
Data leakage. As stated above, some methods choose to
pre-train a sub-network on the KITTI Depth or KITTI Stereo.
Unfortunately, there is an overlap between the training set
of KITTI Depth/Stereo and the validation set of KITTI 3D,
which may cause the data leakage problem. Wang et al. [32]
aware of this problem, propose to re-train their disparity
estimation model from the images provided by the training
split of the KITTI 3D, but this issue in monocular depth
estimators still remains. Even worse is the fact that almost
all the monocular 3D detectors [32], [58], [60], [43], [62],
[59], [61], [65], [63], [64], [132], [154] with pre-computed
depth maps inherit this problem, which leads to the unfair
and unreliable comparison on the KITTI 3D validation
set. Recently, Simonelli et al. [19] revisit this issue, and
provide a new training/validation split which avoids the
overlap by comparing the GPS data corresponding to each
image. Unfortunately, their experimental results show this
issue cannot been completely fixed, and future works are
recommended to consider this problem when building their
models.

Instance segmentor. Instance mask plays an important role
in many image-based 3D detectors such as [59], [54], [51],
[52], [155], [53], while the ground truth is not available from
the 3D detection datasets. Except for generating labels using
LiDAR signals (Section 6.1), another choice is to pre-train an
instance segmentation from external datasets, e.g. CityScapes
[156] which contains 5,000 images with pixel-wise annotation
in the autonomous driving scenario. Then we can fix the
weights of the segmentation network and use it to predict
masks in the detection system [59], [155].

6.4.2 Backbone Pre-Training

Except for leveraging fixed pre-trained models, some works
also pre-train their backbones on external datasets (excluding
ImageNet pre-training) for better weight initialization.
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Pre-training for monocular models. Park et al. [26] present
that depth estimation can serve as a proxy task for back-
bone pre-training and provide rich geometric priors to the
networks. Particularly, they pre-train their model on the
large-scale DDAD15M dataset [157] which contains about
15M images of urban driving scenes for depth estimation.
Compared with training from scratch and fine-tuning from
ImageNet pre-trained model, this pre-training strategy sig-
nificantly boosts the accuracy of monocular 3D detectors and
has been confirmed by several works [83], [29].

Pre-training for stereo models. The stereo-matching model
is generally involved in 3D detectors as a sub-model. To
improve the accuracy of stereo matching, Wang et al. [32]
pre-train their stereo network from Scene Flow [158], which
provides more than 30K synthetic stereo pairs with dense
annotation. This choice has been adopted by some following

works [51], [52], [63], [95], [99]-

6.5 Input Data as Taxonomy

In the above sections, we summarize the main applications
of the auxiliary data. Note the benefits of these data to
the 3D detectors are also different, and it is unfair to
compare the methods without considering the data they
use. Consequently, we argue that the underlying input
data of algorithms can also serve as the taxonomy, and the
comparisons should be conducted under the same setting.
Here we group these methods according to the auxiliary
data (i.e. LIDAR signals, temporal sequences, and stereo
pairs) they used, and show the results achieved by existing
methods on the most commonly used KITTI 3D dataset and
the auxiliary data they used in Table 2. From these results,
we can find the following observations: (i) Most methods (39
of 63 in Table 2) adopt at least one kind of auxiliary data (or
pre-training weights) in their models, which shows the wide
application of auxiliary data and suggests estimating 3D
bounding boxes from a single image is full of challenge. (ii)
The stereo images provide the most valuable information for
image-based 3D detection, and the methods with this kind of
data at the inference stage perform significantly better than
others. (iii) Although the temporal visual features in video
are vital to the visual perception system, there is only one
method [69] leveraging the temporal sequences, and more
attention is encouraged to using this kind of data in the future
work. (iv) The performance of existing methods has been
rapidly and constantly improved. Take the methods without
any auxiliary data as an example, the SOTA performance
on the KITTI benchmark (moderate setting) has increased
to 16.46 (MonoCon[136], published on AAAI'22) from 1.51
(FQNet [124], published on CVPR’19)

We hope the analyses and numbers in this section can
provide a clear presentation for existing methods and fair
baselines for future works. Due to the space limitation, we
only present the methods published on the most relevant
conferences (CVPR, ICCV, ECCV, AAA]I, ICLR, ICML, and
NeurIPS) and their journal versions in Table 2. More infor-
mation, including the methods published on other venues,
can be found in this website: https://github.com/xinzhuma/
3dodi-survey.
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7 FUTURE DIRECTIONS

Although the detection accuracy of the detectors has been
rapidly and constantly improving, image-based 3D object
detection is still a relatively new field and there are many
limitations and directions which need to be further analyzed
and explored. Generally, the main challenges come from two
aspects: (i): perceiving the 3D world from 2D images is an
ill-posed problem; and (ii): labeling 3D data is extremely
expensive and the scale of existing datasets is still limited.
For the first issue, exploring better depth estimation methods is
a promising research direction, and leveraging multi-modality
and temporal sequences can also alleviate this problem. For the
second one, methods beyond fully supervised learning should be
encouraged. Besides, transfer learning from (large) pre-trained
models is also a reasonable solution. Lastly, considering the
application scenarios of this task, the generalization ability of
the models is an issue that cannot be ignored. We provide
more discussions for these topics in the following parts,
hoping to provide relevant cues for impactful future work.

71

The performance of image-based 3D object detection methods
heavily relies on the capability of estimating the precise
distance of the objects. A relevant future direction is therefore
to analyze and improve the depth estimation capabilities
of 3D object detectors. Many recent works, such as [23],
[48], [75], [93], [9¢6], [28], try to address this, proposing
alternative definitions for the regression targets and loss
formulations and demonstrating that there is still a lot of
room for improvement.

Another interesting future direction comes by observ-
ing that, quite surprisingly, the depth estimation and 3D
object detection communities have been almost completely
independent from one another. A first attempt to join these
communities has been made with the introduction of Pseudo-
LiDAR methods [32], [58], [59], where 3D object detectors
have been paired with pre-trained depth estimators and
demonstrated to achieve better overall performance. While
this is a promising initial step, the depth and detection
methods were still completely independent. To overcome
this, [99], [137] proposed to join the 3D detection and
depth estimation into a single multi-task network. They
demonstrated that, when these two tasks are trained together
and have the possibility to benefit from one another, the 3D
detection performance increases even more. We believe these
results show and validate the potential of the union of depth
and detection, highlighting that this will constitute a relevant
future direction.

Depth Estimation

7.2 Multi-Modality

For the 3D object detection task, both image data and
LiDAR data have their advantages (see Appendix A.3.3
for the discussion of these two kinds of data), and some
methods, such as [104], [90], [89], [168], have recently started
to integrate these two types of data into a single model.
However, the research in this field is still on its infancy.
Additionally, other modalities of data could be considered to
further improve the accuracy and robustness of algorithms.
For example, compared with LiDAR, RADAR equipment
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TABLE 2: The requirements of auxiliary data and results of the images-based 3D detectors published on top-tier conferences
and journals. We report AP|g,, for 3D/BEV detection on the KITTI test set of the Car category. We group the methods
according to the auxiliary data they used, and the methods in each group are ranked by the 3D AP|g,, under the moderate

setting. We also show whether the methods use the pre-training weights (excluding ImageNet pre-training).

. Auxiliary Data Performance
Methods Venue Pre-Train —po5p Temp};ral Stereo Easy Mod. Hard
3DVP[18] CVPR’15 - - - - -/ - -/ - -/ -
Mono3D[4] CVPR’16 v - - - -/ - -/ - -/-
Deep3DBox[145] CVPR’17 - - - - -/ - -/ - -/ -
Deep MANTA[159] CVPR’17 - - - - -/- -/- -/-
Multi-Fusion[43] CVPR'18 v - - - -/- -/- -/-
Mono3D++[160] AAAT'19 v - - - -/ - -/ - -/ -
Chang et al.[161] ICCV’19 v - - - -/- -/- -/-
ForeSeE[96] AAAI'20 v - - - -/ - -/ - -/ -
MoNet3D[162] ICML’20 - - - - -/- -/- -/-
EgoNet[146] CVPR’21 - - - - -/ - -/ - -/ -
FQNet[163] CVPR'19 - - - - 2.77 / 5.40 1.51 / 3.23 1.01 / 2.46
ROI-10D[57] CVPR’19 v - - - 432 /9.78 2.02 /491 1.46 / 3.74
GS3D[120] CVPR’19 - - - - 447 / 841 290 / 6.08 247 /494
MonoFENet[44] T-IP'19 v - - - 8.35 /17.03 5.14 / 11.03 4.10 / 9.05
MonoGRNet[124] AAAT'19 - - - - 9.61 / 18.19 574 / 11.17 425/ 8.73
Decoupled-3D[62] AAAT'20 v - - - 11.08 / 23.16  7.02 / 14.82 5.63 / 11.25
MonoDIS[45] ICCV’19 - - - - 1037 /1723 794 / 13.19 6.40 / 11.12
UR3D[129] ECCV’20 - - - - 1558 /21.85 8.61 /1251 6.00 / 9.20
Neighbor-Vote[64] ACM MM’21 - - - 1557 /2739  9.90 / 18.65 8.89 / 16.54
MB3D-RPNJ[68] ICCV'19 - - - - 14.76 / 21.02  9.71 / 13.67 742 /10.23
MonoPair[71] CVPR’20 - - - - 13.04 /1928  9.99 / 14.83 8.65 / 12.89
RTM3D[74] ECCV’20 - - - - 1441 /1917 1034 /1420 8.77 / 11.99
AMB3D[58] ICCV’19 v - - - 16.50 / 25.03 10.74 /1732  9.52 / 1491
MoVi-3D[79] ECCV’20 - - - - 15.19 /22.76 1090 / 17.03  9.26 / 14.85
RAR-Net[164] ECCV’20 - - - - 16.37 /2245 11.01 /15.02 9.52 /1293
PatchNet [63] ECCV’20 v - - - 1568 /2297 11.12 /16.86 10.17 / 14.97
M3DSSDJ[76] CVPR’21 - - - - 1751 /2415 1146 /1593 898 /1211
D4LCN[60] CVPR20 v - - - 16.65 /2251 11.72/16.02 9.51 /1255
MonoDLE[72] CVPR’21 - - - - 1723 /2479 1226 /18.89 10.29 / 16.00
GrooMeD-NMS[70] CVPR’21 - - - - 18.10 / 26.19 1232 /1827  9.65 / 14.05
Demystifying[19] ICCV'21 v - - - 2240 / - 1253 / - 10.64 / -
Mono R-CNN[48] ICCV’21 - - - - 18.36 / 2548 12.65 /18.11 10.03 / 14.10
DDMP-3D[61] CVPR’21 v - - - 19.71 /28.08 12.78 /17.89  9.80 / 13.44
MonoDIS (multi)[20] T-PAMI'20 - - - - 16.54 /2445 1297 /19.25 11.04 / 16.87
PCT [154] NeurIPS’21 v - - - 21.00 / 29.65 13.37 / 19.03 11.31 / 15.92
DFRNet[132] ICCV'21 v - - - 19.40 /2817 13.63 /19.17 1035/ 14.84
MonoEF[25] CVPR’21 v - - - 21.29 /29.03 13.87 /19.70 11.71 /17.26
MonoFlex[77] CVPR’21 - - - - 19.94 /2823 13.89 /19.75 12.07 / 16.89
AutoShape[78] ICCV’21 - - - - 2247 / 30.66 14.17 / 20.08 11.36 / 15.95
GUPNet[75] ICCV’21 - - - - 20.11 / 30.29 14.20 / 21.19 11.77 / 18.20
DD3DJ[26] ICCV’21 v - - - 23.22 /3235 16.34 /2341 14.20 / 2042
MonoCon[136] AAAT'22 - - - - 2250 /31.12 1646 /22.10 13.95 / 19.00
MonoPSR[123] CVPR'19 - v - - 10.76 / 1833  7.25 / 12.58 5.85 /991
DA-3Ddet[65] ECCV’20 v v - - 16.77 / - 11.50 / - 893/ -
MonoRUn[165] CVPR’21 - v - - 19.65 /2794 1230 /1734 1058 / 15.24
CaDDN][23] CVPR’21 - v - 19.17 /2794 1341 /1891 11.46 /17.19
MonoDistill[5] ICLR'22 - v - - 2297 / 31.87 16.03 /2259 13.60 / 19.72
Kinematic3D[69] ECCV'20 - - v - 19.07 /26.69 12.72 /1752  9.17 / 13.10
3DOP[3] NeurIPS'15 - - - v -/ - -/ - -/-
3DOP[39] T-PAMI'17 - - v -/ - -/- -/-
IDA-3D[49] CVPR’20 - - v -/ - -/- -/-
TLNet[40] CVPR’19 - - - v 7.64 /13.71 4.37 / 7.69 3.74 / 6.73
Stereo R-CNN[46] CVPR'19 - - v 4758 / 61.92  30.23 / 41.31 23.72 / 33.42
RTS3D[166] AAAI'21 - v 5851 /7217 3738 /51.79 31.12 / 43.19
Disp R-CNN[50] CVPR’20 - - - v 58.53 / 73.82 3791 /5234 3193 / 43.64
Disp R-CNNJ167] T-PAMI'21 - - - v 67.02 / 79.61 4327 / 5798 36.43 / 47.09
Pseudo-LiDAR[32] CVPR'19 v v - v 54.53 / 67.30 34.05 / 45.00 28.25 / 38.40
ZoomNet[51] AAAI'20 v v - v 55.98 / 72.94 38.64 /5491 30.97 / 44.14
Pseudo-LiDAR++[95] ICLR’20 v v - v 61.11 / 7831 42.43 /58.01 36.99 / 51.25
E2E Pseudo-LiDAR[99] CVPR’20 v v - v 64.8 / 79.6 439 / 58.8 38.1 /521
DSGN[81] CVPR’20 - v - v 73.50 / 8290 52.18 / 65.05 45.14 / 56.60
CDN[93] NeurIPS20 v - v 7452 / 8332 5422 /6624 46.36 / 57.65
LIGA Stereo[82] ICCV’21 - v - v 81.39 / 88.15 64.66 / 76.78 57.22 / 67.40
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has a longer sensing distance, which may be used to boost
the accuracy of far-away objects. Besides, RADAR is more
stable in some extreme weather conditions, such as rainy day
and foggy day. However, although the synchronized RADAR
data are already provided in some datasets [8], [169], there
are only a few methods [169], [170], [171] which investigate
how to use them. Another example is the data from thermal
cameras [172], which provides new opportunities to advance
detection accuracy by tackling adverse illumination condi-
tions. In summary, the ideal detection algorithms should
integrate a variety of data, to cover heterogeneous and
extreme conditions.

7.3 Temporal Sequences

In the real world, human drivers rely on continuous visual
perception to obtain information about the surrounding
environment. However, most of the works in this field
solve the 3D detection problem from the perspective of a
single frame, which is obviously sub-optimal, and only one
recently work [69] has started to consider temporal cues and
constraints. On the other hand, lots of works had proved the
effectiveness of using video data in many tasks, including
2D detection [173], [174], depth estimation [175], [176], and
LiDAR-based 3D detection [177], [178]. The successes in these
related fields demonstrate the potential of leveraging video
data in the 3D detection task, and new breakthroughs can
be achieved by introducing the temporal data and building
new constraints in the spatio-temporal space.

A particularly interesting future direction regarding the
use of sequences is that they can be used to relax the
requirement of full-supervision. If combined with the already
available input RGB images in fact, they are demonstrated
to enable self-supervised depth estimation [179]. In light of
this, it is reasonable to think that if the same supervision
would be used to also recover the shape and appearance
of objects, the same approach could be used to perform 3D
object detection as suggested by [180], [181].

A last relevant direction is represented by velocity esti-
mation. Some datasets, e.g. nuScenes [8], are in fact required
to estimate not only the 3D boxes of objects but also their
velocities w.r.t. the global coordinate system. This introduces
another extremely challenging task that requires to be solved
through the use of multiple images.

7.4 Beyond Fully Supervised Learning

The creation of 3D detection datasets is an extremely expen-
sive and time-consuming operation. It generally involves
the synergy between different technologies (e.g. LIDAR, GPS,
cameras) as well as a substantial amount of workforce. The
annotation process is highly demanding and, even in the
presence of many quality checks, it is inevitably affected by
errors, especially for long-range objects. In light of this, it
is concerning to see that the almost totality of the 3D object
detection methods is fully supervised, i.e. requires the 3D
bounding box annotations to be trained. Contrarily to other
related communities where the full supervision requirement
has been relaxed e.g. depth estimation [55], [182] or LiDAR-
based 3D detection [183], [184], very little effort has been
devoted to exploring semi- or self-supervised approaches
[181], [185], [6]. In this regard, it is worth to highlight the
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method in [181], which introduces a differentiable rendering
module that enables to exploit input RGB image as the
only source of supervision. Also in light of the recent
advancements in the field of differentiable rendering on
generic scenes (e.g. NeRF [186]) and real objects (e.g. [187],
[180]), we believe this particular direction to be extremely
valuable and able to potentially relax the requirements of 3D
box annotations. Besides, to address possible errors in data
annotations, e.g. missing annotation for long-range objects,
the geometry consistency between temporal sequences or
multi-frame is also encouraged for both full-, semi-, or self-
supervised learning.

7.5 Pre-Training

As discussed in Section 6.4, some works pre-train certain
components of the model. However, the vast majority of
the methods still train their models from scratch or use
ImageNet pre-trained weights. We expect approaches that
adopt pre-training to be further investigated and become
more popular, especially taking into account their potential in
challenging scenarios, e.g. unsupervised settings. Particularly,
related techniques, such as BERT [188] or MoCo [189],
achieve great success in NLP and 2D vision, while have
not been introduced in to image-based 3D detection field.
Such technologies may be able to leverage the massive un-
labeled data in the autonomous driving scenario and further
boost the accuracy of 3D detectors.

7.6 Generalization

Generalization plays an important role in the security of
self-driving cars. In this regard, it is unfortunately quite
well known that image-based 3D object detection methods
experience a quite significant drop in performance when
tested on unseen datasets, objects, or challenging weather
conditions. An example can be found in Table 5, where we
show the performance of an image-based baseline (along
with a LiDAR baseline) on subsets of the popular nuScenes
dataset which contain images captured with rain or at night.
On the many factors that cause this performance drop,
there is certainly the issue that almost the totality of image-
based 3D detectors is camera dependent i.e. they expect the
camera intrinsic parameters to be unchanged between the
training and testing phase. Initial attempts to overcome this
limitation have been developed in [155] but we believe that
this direction should be further explored. Another crucial
factor comes from the fact that many image-based 3D object
detection methods rely on dataset specific object priors i.e.
average object 3D extents in order to make their predictions.
If tested on different datasets where the objects, e.g. cars, are
significantly deviating from these average extents then the
3D detector is likely to fail. Since the effort towards solving
this issue have very limited [190], [191], [192], [193] and
uniquely focused on LiDAR-based approaches, we believe
that this also constitutes a relevant future direction.

8 CONCLUSIONS

This paper provides a comprehensive survey of the recent
developments in image-based 3D detection for autonomous
driving. We have seen that, from 2015 to 2021, lots of
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papers on this topic have been published. To summarize
these methods systematically, we first give a taxonomy of
existing methods according to their high-level structure.
Then, a detailed comparison of these algorithms is given,
discussing each necessary component for 3D detection, such
as feature extraction, loss formulation, post-processing, etc.
We also discuss the applications of auxiliary data in this field,
supporting the need for a systematic summary as in this
survey and better protocol for fair comparisons in future
work. Finally, we describe some of the open challenges and
potential directions in this field that could spur new research
in the coming years.
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A APPENDIX

This document introduces the evaluation metrics of 3D object
detection in Section A.1, summarize the NMS algorithms in
Section A.2, and discuss the relevant problem about image-
based 3D detection in Section A.3.

A.1 Evaluation Metrics

As for 2D object detection, the Average Precision (AP) [30],
[31] constitutes the main evaluation metric used in 3D object
detection. Starting from its vanilla definition, each dataset
has applied specific modifications which gave rise to dataset
specific evaluation metrics. Here, we first review the original
AP metric, and then introduce its variants adopted in the
most commonly used benchmarks, including the KITTI 3D,
nuScenes, and Waymo Open.

A.1.1 Review of the AP Metric

To compute AP, the predictions are first assigned to their
corresponding ground truths according to a specific measure.
The most commonly used one, i.e. the Intersection over Union
(IoU) between the ground truth A and the estimated 3D
bounding box B, is defined as:

|AN B|
IoU(A, B) = AUB|
The IoU measure is used to judge a matched prediction as
a True Positive (TP) or a False Positive (FP) by comparing it
with a certain threshold. Then, the recall r and precision p
can be computed from the ranked (by confidence) detection
results according to:

TP TP

"TTP+EN PT TP EP
where the FN denotes the False Negative. The precision can
be regarded as a function of recall, i.e. p(r). Furthermore,
to reduce the impact of "wiggles” in the precision-recall
curve [31], [194], the interpolated precision values are used

to compute the AP using:

1
R|

17)

p (18)

AP = Z Dinterp (’I“),

reR

(19)

where R is the predefined set of recall positions and pinterp(7)
is the interpolation function defined as :

pinterp(T) = max p(T/)a (20)
riir’'>r

which means that instead of averaging over the actually

observed precision values at recall 7, the maximum precision

at recall value greater than or equal to r is taken.

A.1.2 Dataset Specific Metrics

KITTI 3D Benchmark. KITTI 3D adopts the AP as the main
metric and introduces some modifications. The first one is
that the computation of the IoU is done in 3D space. Besides,
KITTI 3D adopted the suggestion of Simonelli ef al. [45] and
replaced Ry; = {0,1/10,2/10,3/10,...,1} in Equation 19
with Ryg = {1/40,2/40,3/40, ..., 1}, which is a more dense
sampling with the removal of recall position at 0.
Furthermore, due to the height of the objects is not
so important as other items in the autonomous driving
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scenarios, Bird’s Eye View (BEV) detection, also known as 3D
localization task in some works [104], [89], [58], can be seen
as an alternative to 3D detection. The calculation process of
the metric, BEV AP, for this task is the same as the 3D AP, but
the IoU is calculated on the ground plane, instead of the 3D
space. This task is also included in some other benchmarks,
such as Waymo Open [14].

Besides, KITTI 3D also proposed a new metric, Average
Orientation Similarity (AOS), to evaluate the accuracy of
orientation estimation. AOS is formulated as:

AOS = 1 > max s(r).
|R| reR "

21
! gr ( )
The orientation similarity s(r) € [0, 1] in Equation 21 for
recall r is a normalized variant of the cosine similarity
defined as:

1 1+ cos Ag)
- 52’;
D 2 2

1€D(r)

(22)

where D(r) denotes the set of all object detection results at
recall rate r and Aél) is the difference in angle between the
estimated and ground-truth orientations of detection 7. To
penalize multiple detections for a single object, KITTI 3D
enforces §; = 1 if detection 7 has been assigned to a ground-
truth bounding box and ¢; = 0 if it has not been assigned.
Note that all the AP metrics are computed independently for
each difficulty level and category.

Waymo Open Benchmark. Waymo Open also adopted the
AP metric with a minor modification: replacing R; in Equa-
tion 19 with Ry; = {0,1/20,2/20,3/20,...,1}. Moreover,
considering that accurate heading prediction is critical for
autonomous driving and the AP metric does not have a
notion of heading, Waymo Open further proposes Average
Precision weighted by Heading (APH) as its primary metric.
Specifically, APH incorporates heading information into the
precision calculation. Each true positive is weighted by the
heading accuracy defined as min(|0 — 6*|, 27 — |6 — 6*|)/m,
where 6 and 0* are the predicted heading angle and the
ground-truth heading angle in radians within [—7, 7]. Note
that APH jointly assesses the performance of both 3D detec-
tion and orientation estimation, while AOS is only designed
for orientation estimation.

nuScenes Benchmark. nuScenes proposed a new AP-based
metric. In particular, it uses the 2D center distance on the
ground plane to match the predictions and ground truths
with a certain distance threshold d (e.g. 2m), instead of the
IoU introduced in Equation 17. Besides, nuScenes calculate
AP as the normalized area under the precision-recall curve
for recall and precision over 10%. Finally, it calculates the
mean Average Precision (mAP) over matching thresholds of
D = {0.5,1, 2,4} meters and the set of classes C:

1
CD] 2 2 AP

ceCdebD

mAP = (23)

However, this metric only considers the localization of
the objects, ignoring the effects of other aspects such as
dimension and orientation. To compensate for it, nuScenes
also proposed a set of True Positive metrics (TP metrics)
designed to measure each predicted error separately using all
true positives (determined under the center distance d = 2m
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during matching). All the five TP metrics are designed to be
positive scalars, which are defined as follows [8]:

o Average Translation Error (ATE) is the Euclidean dis-
tance for object center on the 2D ground plane (units
in meters).

o Average Scale Error (ASE) is the 3D IoU error (1 — IoU)
after aligning orientation and translation.

o Average Orientation Error (AOE) is the smallest yaw
angle difference between the predictions and ground
truths (in radians).

e Average Velocity Error (AVE) is the absolute velocity
error as the L2 norm of the velocity differences in 2D
(in m/s).

o Average Attribute Error (AAE) is defined as 1 minus
attribute classification accuracy (1 — acc).

Furthermore, for each TP metric, nuScenes also computes
the mean TP metric (mTP) over all object categories:
1
mTP; = — Y TP, (24)
|(C| ceC

where TP}, .. denotes the k" TP metric (e.¢. k = 1 means the
ATE) for category c. Finally, to integrate all the mentioned
metrics to a scalar score, nuScenes further proposes the
nuScenes Detection Score (NDS) that combines the mAP
defined in Equation 23 and the mTP;, defined in Equation 24:

5
5-mAP + Y (1 —min(1,mTPy))]. (25
k=1

1
NDS = —
5=l

A.2 NMS

Traditional NMS. Generally, the original detection results
have multiple redundant bounding boxes covering a single
object, and NMS is designed so that a single object is only
covered by an estimated bounding box. The pseudo-code for
the traditional NMS is shown in Algorithm 1. In particular,

Algorithm 1: Traditional NMS

Data: B = {b1,...,b,}, S = {s1,...,5,},
B is the list of initial bounding boxes, S contains
corresponding scores, {1 is the NMS threshold
Result: D, the set of final results with scores
1D <+ o
2 while § # @ do

3 m < arg max S;

4 B+ B—{bn};

5 | S« S—{sm};

6 | D<DU{(bm,sm)};
7 forb; € Bdo

8 if IoU (b, b;) > €2 then
9 B+ B—{bm};
10 S+ S—{sm};
11 end

12 end
13 end

14 return D;

the bounding box b, with the maximum score is selected
and all other boxes having high overlap with b,,, are removed
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from the detection results. This process is recursively applied
on the remaining boxes to get the final results.

The variants of NMS. To avoid the removal of valid objects,
Bodla et al. [195] just reduce the scores of high overlapped
objects, instead of discarding them (Soft NMS). Jiang et
al. [196] observe the mismatch between the classification
score and the quality of box, and propose to regress a
localization score, i.e. IoU score, to play the role of S in
Algorithm 1 (IoU Guided NMS). Since the major issue of
monocular based 3D detectors is the localization error [72],
[80], where the depth estimation is the core problem to
recover object location, Shi et al. [129] use Equation 10 to
capture the uncertainty of estimated depth, and use the
depth uncertainty ogepsn, to normalize the score s to odjpm
when applying the NMS (Depth Guided NMS). It is reported
in [197], [198] that the boxes with non-maximum scores may
also have high-quality localization and propose to update
b, by weighted averaging of the boxes b; with high overlap
(Weighted NMS). In particular, they first compute weight
by: w; = s; X IoU(by,, b;) and update the bounding box by:
bi = 2 samiay * bir where sum(w) = >, w;. Similarly, He
et al. [143] also adopt weighted averaging mechanism with
an update of the averaging rule. Particularly, they model the
uncertainty of each item of bounding box under Gaussian
distribution (Equation 11) and then set the averaging rule
only related to the IoU and uncertainty (Softer NMS). Liu
et al. [199] propose to use a dynamic NMS threshold (2 for
objects with different densities (Adaptive NMS).

Note that some algorithms mentioned above [195], [143],
[198], [199], [196], [197] are initially proposed for 2D detec-
tion, but they can be easily applied to 3D detection. Besides,
[198], [143] can also be regarded as post-optimization meth-
ods because they update the predicted results during the
NMS process, except for eliminating duplicated detections.
Others. Kumar et al. [70] propose a differentiable NMS for
monocular 3D detection. With this design, the loss function
can directly operate on the results after NMS. Besides, for
the multi-camera-based panoramic datasets, e.g. nuScenes
and Waymo Open, the global NMS is needed to eliminate
the duplicate detection results from the overlapping images.

A.3 More Discussions

In this section, we provide additional discussions about
the image-based 3D detection, including the metrics it uses,
the trade-off between accuracy and speed, the comparisons
with LiDAR-based methods, and the discussion for image,
pseudo-LiDAR, and LiDAR representations.

A.3.1 Metrics and Applications

As introduced in Section 3, the metrics used in 3D detection
are mainly derived from AP. In particular, KITTI 3D and
Waymo Open use 3D/BEV IoU as criterion to distinguish a
prediction among TP or FP, and then compute the precision-
recall curve. However, the 3D/BEV IoU is sensitive to 3D
position and goes from 1 to 0 quickly, which makes it
difficult to detect far-away objects, especially for image-based
methods [72], [80], [8]. However, these far-away objects are
less important than the near ones in the autonomous driving
scenarios, and the metric should not so sensitive to these
samples. In contrast, nuScenes use center distance as criterion
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TABLE 3: Detailed performances of PointPillars/MonoDIS on the nuScenes fest set. We use red/blue to highlight the
PointPillars/MonoDIS if it achieves at least 20% improvements at corresponding item to its counterpart. Data is collected

from nuScenes [8].

Barrier Bicycle Bus Car Constr. Veh.  Motorcycle  Pedestrian  Traffic Cone Trailer Truck Mean
AP 38.9/51.1 1.1/245 28.2/18.8 68.4/47.8 41/74 27.4/29.0 59.7/37.0 30.8/48.7 23.4/17.6  23.0/22.0 30.5/30.4
ATE 0.71/053 0.31/0.71 0.56/0.84 0.28/0.61 0.89/1.03 0.36/0.66 0.28/0.70 0.40/0.50 0.89/1.03 0.49/0.78 0.52/0.74
ASE  0.30/0.29 0.32/0.30 0.20/0.19 0.16/0.15 0.49/0.39 0.29/0.24 0.31/0.31 0.39/0.36 0.20/0.20  0.23/0.20  0.29/0.26
AOE 0.08/0.15 0.54/1.04 0.25/0.12 0.20/0.07 1.26/0.89 0.79/0.51 0.37/1.27 -/- 0.83/0.78  0.18/0.08  0.50/0.55
AVE -/- 0.43/0.93 0.42/2.86 0.24/1.78 0.11/0.38 0.63/3.15 0.25/0.89 -/- 0.20/0.64 0.25/1.80 0.32/1.55
AAE -/- 0.68/0.01  0.34/0.30 0.36/0.12 0.15/0.15 0.64/0.02 0.16/0.18 -/- 0.21/0.15 0.41/0.14 0.37/0.13

TABLE 4: Performances of PointPillars [201] and MonoDIS
[45]. For KITTI, we show the AP|g4¢ of the Car category on
the test set. For nuScenes, we show the mAP and NDS on
the fest set.

KITTI nuScenes

Easy = Moderate Hard mAP NDS

PointPillars [201]  79.05 74.99 68.30  30.5 45.3
MonoDIS [45] 16.54 12.97 11.04 304 38.4

to distinguish among TP and FP, and evaluate each item
of the objects separately. Under this setting, image-based
methods achieve higher accuracy, even surpassing LiDAR-
based methods in some cases [8]. However, this metric still
applies unified standards for all samples, instead of treating
different samples differently [15], [200].

Furthermore, we should note that different types of
detection errors bring different potential hazards to practical
applications. For example, it is more important to provide
a prediction instead of missing it, even if the localization
accuracy is not so accurate. However, for existing AP-based
metrics, the penalty of giving a FP is greater than that of
missing a TP (both cases have the same recall, but the former
has a lower precision, see Equation 18 for the definition of
recall and precision).

In summary, in addition to meet the basic requirements,
we believe the ideal metric for the 3D detection task in
autonomous driving applications should have the following
two features: (i) treat the objects at different distances
differently and focus more on the near objects (e.g. reduce the
weights or the criterion for the far-away objects in evaluation);
(ii) treat different types of errors differently (e.g. higher
penalty for the missing than mislocalization).

A.3.2 Accuracy and Speed

The inference speed in the 3D detection task is equally im-
portant to the accuracy for autonomous driving applications.
However, so far, most of the research works only focused
on the accuracy of predictions. For instance, pseudo-LiDAR-
based methods achieve some gains in performance, but they
also introduce extra computational overhead because they
use an auxiliary network to estimate the depth maps. In par-
ticular, the most commonly used depth estimators [56], [88]
in pseudo-LiDAR models take around 400 ms to compute
the depth map for a standard KITTI 3D image. This latency
will cause about 4 meters shift for a vehicle with a speed of
36 km/h. Although the actual situation can not be modeled
so simply, this is just an example to illustrate the importance
of algorithms’ speed.

Additionally, the research community around 3D object
detection is not so well established yet as compared to those
studying some fundamental CV tasks such as 2D detection or
semantic segmentation. Consequently, standard evaluation
protocols are less mature and it is difficult to force all methods
to use the same backbones or frameworks for a fair compar-
ison. In this respect, evaluating both accuracy and speed
represent a necessary step forward for comparing different
methods, similar to what the 2D detection community did a
few years ago.

A.3.3 Image-based Methods and LiDAR-based Methods

Another main branch of the 3D object detection task is the
LiDAR-based methods. Here we discuss the strengths and
weaknesses of the image-based methods and LiDAR-based
methods.

Overall Performances on KITTI 3D and nuScenes In this
section, we choose two representative methods” to deeply
analyze the features of LiDAR-based methods and image-
based methods. As shown in Table 4, there is a huge gap
between the performances of PointPillars [201] and MonoDIS
[45] on KITTI 3D, while they have a similar accuracy
on nuScenes. This is a common phenomenon for existing
algorithms, which is mainly caused by the following three
reasons: (i) The resolutions of LiDAR signals are different.
KITTI 3D uses a 64-beam LiDAR to capture the objects,
while a 32-beam LiDAR is adopted in nuScenes when data
collecting. (ii) The objects of interest are different. KITTI 3D
mainly focuses on the Car category, while nuScenes averages
the performance of ten classes, including some small or holed
objects that are not easily captured by LiDAR signals. (iii) The
metrics are different. The metric used in nuScenes disengages
the objects and reduces the criterion of localization accuracy,
which is the primary error type for image-based methods. In
particular, nuScenes averages the AP under different distance
thresholds, i.e. D = {0.5,1,2,4} meters, and the average
distance error (ATE in Table 3) of MonoDIS is about 0.7m
which is okay for 1.0m, 2.0m, and 4.0m thresholds.
Detailed Performances Analysis on nuScenes nuScenes
decouples detection and reports the accuracy for each item
individually. This design allows us to analyse the strengths
and drawbacks of image-based methods in detail. The
following observations can be made according to the results
in Table 3: (i) Although the mAP of the two algorithms is very
close (30.5 v.s. 30.4), they show different patterns in class-wise
evaluation. MonoDIS is good at holed objects (e.g. Barrier and

2. We choose MonoDIS and PointPillar as examples because they are
con-current and also adopted in the nuScenes’s official report [5]. More
recent methods with better performance can be found in our website.



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

TABLE 5: The relative mAP changes of MonoDIS and
PointPillars on the subsets of the nuScenes validation set.

Singapore  Rain  Night
PointPillars [201] -1% - 6% -36%
MonoDIS [45] - 8% +3%  -58%

Bicycle) and thin objects (e.g. Traffic Cone), while PointPillars
shows a higher accuracy on large objects (e.g. Bus and Car).
(ii) In most cases, PointPillars has a lower ATE, which means
it can estimate the location of objects more accurately. (iii)
The size of objects estimated from MonoDIS is slightly better
than that from PointPillars. (iv) Benefiting from the accurate
spatial information provided by LiDAR signals, PointPillars
can accurately estimate the instantaneous velocity of the
objects. (v) MonoDIS shows a better ability to recognize the
attributes of objects (e.g. whether a car is stopped or moving),
which is an important feature for autonomous driving.
Generalization nuScenes provides the performance changes
of PointPillars and MonoDIS on subsets of validation set
(shown in Table 5), which can be used to analyze the robust-
ness of these methods. We can observe a small performance
drop on the Singapore split for MonoDIS. This indicates
that the change of data distribution will affect the accuracy
of monocular-based methods (mainly caused by the biased
depth estimation). Besides, although the performance of
PointPillars in the rainy split has only a slight decrease, it may
be worse in practice because some frames in this split are not
ongoing rainfall [8]. The biggest challenge is the night data,
and we can see both MonoDIS and PointPillars experience
a significant performance drop. Furthermore, MonoDIS has
a more significant performance decrease than PointPillars,
which may indicate that image-based methods are more
sensitive to poor lighting.

A.3.4 Image, pseudo-LiDAR, and LiDAR

As the bridge to link the RGB images and LiDAR points,
pseudo-LiDAR representation plays an important role in
image-based 3D detection and draws lots of attention, espe-
cially in 2019 - 2021. Specifically, compared with real LIDAR
points, applying pseudo-LiDAR in 3D detection is a much
cheaper approach, avoiding the involvement of expensive
and cumbersome LiDAR equipment. Besides, due to the
high resolution of RGB images, the generated pseudo-LiDAR
typically has a higher density than real LiDAR, making it
easier for models based on such data to capture small objects.
However, due to the depth information is estimated, instead
of measured, the overall detection accuracy significantly lags
behind the real LiDAR-based models.

Besides, from the perspective of the image-based model,
pseudo-LiDAR representation provides a friendly interface to
leverage the advanced techniques of LIDAR-based 3D object
detection. Specifically, image-based 3D detection models
are not as well-developed as the LiDAR-based models, and
the detection accuracy is only 2.9 AP (GS3D [120], the best
monocular model before pseudo-LiDAR) in KITTI 3D dataset.
The pseudo-LiDAR representation allows us to take the
techniques in the LiDAR-based 3D detection community,
facilitating the detection accuracy of image models to achieve
about 13 AP within one year. Meanwhile, also noted that,
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compared with other image-based models, pseudo-LiDAR-
based models also have some disadvantages, mainly caused
by the additional phase to generate pseudo-LiDAR signals.
This step not only introduces additional cost (for both train-
ing and inference) but also divides the detection model into
two independent parts (depth estimation and 3D detection)
and the stage-by-stage training may lead to sub-optimal
results. Although some works [99], [137] attempt to design
end-to-end pseudo-LiDAR-based models, this research line
has not been well-developed, and more efficient and effective
detection pipelines, such as the BEV pipeline [83] or the
DETR pipeline [29], are more popular for now.



