
Citation: Cao, J.; Yang, X.; Liu, S.;

Tang, T.; Li, Y.; Du, S. DPCalib:

Dual-Perspective View Network for

LiDAR-Camera Joint Calibration.

Electronics 2024, 13, 1914. https://

doi.org/10.3390/electronics13101914

Academic Editor: Beiwen Li

Received: 1 April 2024

Revised: 28 April 2024

Accepted: 12 May 2024

Published: 13 May 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

electronics

Article

DPCalib: Dual-Perspective View Network for LiDAR-Camera
Joint Calibration
Jinghao Cao, Xiong Yang, Sheng Liu, Tiejian Tang , Yang Li and Sidan Du *

School of Electronic Science and Engineering, Nanjing University, Nanjing 210023, China;
602022230006@smail.nju.edu.cn (J.C.); yx@smail.nju.edu.cn (X.Y.); anderliu@smail.nju.edu.cn (S.L.);
ttj@smail.nju.edu.cn (T.T.); yogo@nju.edu.cn (Y.L.)
* Correspondence: coff128@nju.edu.cn

Abstract: The precise calibration of a LiDAR-camera system is a crucial prerequisite for multimodal
3D information fusion in perception systems. The accuracy and robustness of existing traditional
offline calibration methods are inferior to methods based on deep learning. Meanwhile, most param-
eter regression-based online calibration methods directly project LiDAR data onto a specific plane,
leading to information loss and perceptual limitations. A novel network, DPCalib, a dual perspective
view network that mitigates the aforementioned issue, is proposed in this paper. This paper proposes
a novel neural network architecture to achieve the fusion and reuse of input information. We de-
sign a feature encoder that effectively extracts features from two orthogonal views using attention
mechanisms. Furthermore, we propose an effective decoder that aggregates features from two views,
thereby obtaining accurate extrinsic parameter estimation outputs. The experimental results demon-
strate that our approach outperforms existing SOTA methods, and the ablation experiments validate
the rationality and effectiveness of our work.

Keywords: LiDAR-camera calibration; multimodal; sensor fusion; deep learning

1. Introduction

LiDAR and cameras constitute the principal sensor modalities employed within au-
tonomous driving perception systems. LiDAR sensors are instrumental in capturing highly
precise spatial data in the form of point clouds, while cameras serve as repositories of rich
visual information. Combining LiDAR and cameras ensures accurate and stable environ-
ment perception [1]. During the multimodal data fusion process, the calibration matrix
assumes a critical role. Precise calibration outcomes play a pivotal part in enabling the
spatial alignment of point clouds and images at both data and feature levels, ultimately
leading to the attainment of accurate and resilient fusion perception results.

The goal of calibration tasks is to determine the transformation matrix between the
coordinate systems of a LiDAR and a camera [2]. For example, as depicted in the top
left corner of Figure 1, an autonomous driving vehicle with a visual system comprising
a camera and LiDAR requires accurate calibration algorithms for the subsequent fusion
and application of data from these two modalities. Accurate transformation relations
between the camera coordinate system and the LiDAR coordinate system are necessary
to align the data from the LiDAR and camera. However, manually calibrated initial
parameters often contain errors, leading to inaccurate projection results. Therefore, we
propose a deep learning-based calibration model named “DPCalib”, which is named for
dual-perspective view network for LiDAR-camera joint calibration. The role of DPCalib
is to utilize initially inaccurate extrinsic and point cloud-image data pairs, and through
neural network computation, obtain calibrated extrinsic parameters at the pixel precision
level. In other words, it achieves an extrinsic accuracy that matches the data from both
modalities, essentially achieving pixel-level accuracy on a point-cloud-to-pixel basis.
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Figure 1. The task addressed by the LiDAR-camera joint calibration and the role of our proposed 
DPCalib in it. The joint calibration task primarily involves determining the rotation and translation 
relationship between the camera coordinate system and the LiDAR coordinate system in a multi-
modal fusion system to facilitate precise data fusion. Our proposed DPCalib takes a pair of a point 
cloud and image as input and calculates precise extrinsic parameters at the pixel level based on the 
initially inaccurate extrinsic parameters. 

Traditional LiDAR-camera extrinsic calibration methods are divided into target-
based and targetless calibration methods. Target-based calibration [3] methods rely on 
manually set specific targets, such as checkerboards [4], concentric circles [5], etc. Nontar-
geted [6] methods utilize common constraints between the two sensors, such as edges [7], 
normal planes [8], etc. However, experimental results [3,6] have shown that the accuracy 
and robustness of traditional calibration methods are inferior to methods based on deep 
learning [6]. It is worth noting that methods based on deep learning are fundamentally 
targetless, as they rely on feature extraction and fusion instead of specific targets. How-
ever, due to the significant differences in technical approach and characteristics between 
methods based on deep learning and traditional targetless methods, they are often cate-
gorized separately when discussing related work. 

In recent years, thanks to the rapid advancement of computer vision and deep learn-
ing algorithms, end-to-end methods based on deep learning have demonstrated signifi-
cant capabilities [9–11]. They can achieve online calibration in scenarios based on the ini-
tial extrinsic parameter input. Most deep learning-based methods typically adhere to a 
fundamental architecture as described below for network design. They take images and 
incorrectly calibrated depth maps as inputs. The entire process is generally divided into 
three stages: feature extraction, feature matching, and parameter regression. However, 
current methods tend to project the point cloud onto a limited viewpoint, resulting in the 
loss of geometric information in the point cloud. It can also impose limitations on the per-
ception of certain angular and translational parameters, leading to significant errors in 
specific angles and, consequently, yielding suboptimal overall calibration results [12]. 

As shown in Figure 2, the point cloud from the LiDAR is transformed into the coor-
dinate system of the camera using extrinsic and then projected onto the image plane using 
the intrinsic of the camera. When there are extrinsic errors between the camera and the 
LiDAR, different errors result in different pixel offsets. The pixel offsets caused by rotation 
errors, in particular, are far more pronounced than those caused by translation errors, and 
the patterns of point cloud displacement induced by different rotational errors are signif-
icantly distinct. According to the previous experimental reports [6,9–11], when a single 
viewpoint image is used as input, the neural network yields significant errors in the ex-
trinsic pitch angle. 

Figure 1. The task addressed by the LiDAR-camera joint calibration and the role of our proposed
DPCalib in it. The joint calibration task primarily involves determining the rotation and translation
relationship between the camera coordinate system and the LiDAR coordinate system in a multimodal
fusion system to facilitate precise data fusion. Our proposed DPCalib takes a pair of a point cloud
and image as input and calculates precise extrinsic parameters at the pixel level based on the initially
inaccurate extrinsic parameters.

Traditional LiDAR-camera extrinsic calibration methods are divided into target-based
and targetless calibration methods. Target-based calibration [3] methods rely on manually
set specific targets, such as checkerboards [4], concentric circles [5], etc. Nontargeted [6]
methods utilize common constraints between the two sensors, such as edges [7], normal
planes [8], etc. However, experimental results [3,6] have shown that the accuracy and
robustness of traditional calibration methods are inferior to methods based on deep learn-
ing [6]. It is worth noting that methods based on deep learning are fundamentally targetless,
as they rely on feature extraction and fusion instead of specific targets. However, due to the
significant differences in technical approach and characteristics between methods based
on deep learning and traditional targetless methods, they are often categorized separately
when discussing related work.

In recent years, thanks to the rapid advancement of computer vision and deep learning
algorithms, end-to-end methods based on deep learning have demonstrated significant
capabilities [9–11]. They can achieve online calibration in scenarios based on the initial
extrinsic parameter input. Most deep learning-based methods typically adhere to a fun-
damental architecture as described below for network design. They take images and
incorrectly calibrated depth maps as inputs. The entire process is generally divided into
three stages: feature extraction, feature matching, and parameter regression. However,
current methods tend to project the point cloud onto a limited viewpoint, resulting in the
loss of geometric information in the point cloud. It can also impose limitations on the
perception of certain angular and translational parameters, leading to significant errors in
specific angles and, consequently, yielding suboptimal overall calibration results [12].

As shown in Figure 2, the point cloud from the LiDAR is transformed into the co-
ordinate system of the camera using extrinsic and then projected onto the image plane
using the intrinsic of the camera. When there are extrinsic errors between the camera and
the LiDAR, different errors result in different pixel offsets. The pixel offsets caused by
rotation errors, in particular, are far more pronounced than those caused by translation
errors, and the patterns of point cloud displacement induced by different rotational errors
are significantly distinct. According to the previous experimental reports [6,9–11], when a
single viewpoint image is used as input, the neural network yields significant errors in the
extrinsic pitch angle.
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Figure 2. Projection of LiDAR point cloud onto the image plane based on extrinsic. The top-left 
corner depicts the correct projection, while the remaining images show the projection with errors in 
pitch, yaw, and roll parameters, respectively. It can be observed that different angular errors exhibit 
distinct manifestations in the image. 

Therefore, we propose a question: Can we use a pair of mutually orthogonal maps as 
input to the neural network? In this way, when there are extrinsic errors between the Li-
DAR and the camera, the neural network can obtain more information instead of being 
restricted to a specific viewpoint. Based on the above reasoning, this paper introduces the 
concept of “dual perspective.” 

Through the depth estimation method, we obtain the positions of pixels in the image, 
thus obtaining corresponding point cloud coordinates. Then, as shown in Figure 2, we can 
set up a plane orthogonal to the camera�s image plane, and project the corresponding 
points onto this orthogonal view to obtain a side view orthogonal to the main view. Sim-
ilarly, the point cloud can also be projected onto these two planes simultaneously. Using 
these two viewpoints of the image as input and feeding them into the neural network 
provides the network with more information. 

Figure 3 shows the projection relationship between the object and the camera, as well 
as the concept of “dual-perspective input”. The angle at which the real world is projected 
onto the camera coordinate system as the “principal view” is defined. The view orthogo-
nal to the principal view is referred to as the “compensation view.” In this paper, the pro-
jections of the LiDAR point cloud and the depth map from these two perspectives will 
both serve as inputs to the neural network. Specific technical details and results are pro-
vided in Sections 3 to 5, respectively, where detailed explanations are given. The output 
of our “projection” operation is in pixel coordinate space. If the input is a point cloud, it 
is directly projected to the pixel coordinate space through specified extrinsic and intrinsic 
parameters. If the input is pixels (depth map), the pixel space input is first projected to 3D 
space through the current intrinsic and extrinsic pixel space. Then, the point cloud in 3D 
space is projected to the pixel space of the specified view through the intrinsic and extrin-
sic specified view. 

Figure 2. Projection of LiDAR point cloud onto the image plane based on extrinsic. The top-left
corner depicts the correct projection, while the remaining images show the projection with errors in
pitch, yaw, and roll parameters, respectively. It can be observed that different angular errors exhibit
distinct manifestations in the image.

Therefore, we propose a question: Can we use a pair of mutually orthogonal maps
as input to the neural network? In this way, when there are extrinsic errors between the
LiDAR and the camera, the neural network can obtain more information instead of being
restricted to a specific viewpoint. Based on the above reasoning, this paper introduces the
concept of “dual perspective”.

Through the depth estimation method, we obtain the positions of pixels in the image,
thus obtaining corresponding point cloud coordinates. Then, as shown in Figure 2, we can
set up a plane orthogonal to the camera’s image plane, and project the corresponding points
onto this orthogonal view to obtain a side view orthogonal to the main view. Similarly, the
point cloud can also be projected onto these two planes simultaneously. Using these two
viewpoints of the image as input and feeding them into the neural network provides the
network with more information.

Figure 3 shows the projection relationship between the object and the camera, as
well as the concept of “dual-perspective input”. The angle at which the real world is
projected onto the camera coordinate system as the “principal view” is defined. The view
orthogonal to the principal view is referred to as the “compensation view”. In this paper,
the projections of the LiDAR point cloud and the depth map from these two perspectives
will both serve as inputs to the neural network. Specific technical details and results are
provided in Sections 3–5, respectively, where detailed explanations are given. The output
of our “projection” operation is in pixel coordinate space. If the input is a point cloud, it
is directly projected to the pixel coordinate space through specified extrinsic and intrinsic
parameters. If the input is pixels (depth map), the pixel space input is first projected to 3D
space through the current intrinsic and extrinsic pixel space. Then, the point cloud in 3D
space is projected to the pixel space of the specified view through the intrinsic and extrinsic
specified view.

Furthermore, the design of feature matching that directly leverages the semantic in-
formation from images and the geometric information from point clouds may encounter
difficulties in feature extraction and convergence due to disparities stemming from multi-
modal data inputs. Some previous works [3,6,13] preprocess images with depth estimation,
then use the depth map and the projection of the point cloud as inputs to the neural net-
work. While this approach can to some extent avoid the difficulty of data fusion and neural
network [3,6,13] learning caused by different modalities, the results of depth estimation are
dense at the pixel level, whereas the projection of the point cloud onto the image is sparse.
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Therefore, further data fusion techniques are still required to eliminate the confusion caused
by features of different modalities during neural network learning.
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cross-attention mechanisms to effectively fuse features from dense depth maps and 
sparse point cloud projection images. 

Figure 3. The projection relationship between the object and the camera, as well as the concept of
“dual-perspective input”. Define the angle at which the real-world is projected onto the camera
coordinate system as the “principal view”. The view orthogonal to the principal view is referred to as
the “compensation view”. In this paper, the projections of the point cloud and the depth map from
these two perspectives will both serve as inputs to the neural network.

Transformer [14,15] is an excellent neural network architecture that has shown out-
standing performance in many visual tasks. However, it has a large number of learnable
parameters and may not be suitable for tasks requiring high real-time performance. In the
task of online calibration of the LiDAR-camera, due to the small number of parameters to
be output and the need for a certain degree of real-time performance, directly using the
Transformer structure may incur relatively high memory cost or excessively long inference
times [16].

Therefore, we drew inspiration from the Transformer’s design principles and devised a
neural network structure called Encoder-Decoder. In the encoder part, we incorporated the
attention mechanism of the Transformer. By employing cross-attention and self-attention
structures, we fused features from LiDAR and depth maps captured from different perspec-
tives. In the decoder stage, to reduce the number of learnable parameters and mitigate the
risk of overfitting, we utilized Convolutional Gated Recurrent Units (ConvGRU) [17] from
recurrent neural networks to aggregate and decode the fused features. Since we believe
that ConvGRU is the most efficient decoder based on the results of ablation study, that Con-
vGRU achieved the highest accuracy under approximately the same number of learnable
parameters. The code will be open-sourced at https://github.com/dogooooo/DPCalib
(accessed on 1 April 2024).

In summary, our contributions are as follows:

1. We propose DPCalib, a neural network architecture based on Encoder-Decoder with
dual-perspective inputs. By leveraging a predefined compensatory view, we address
the perceptual deficiencies caused by projecting LiDAR point clouds onto a specific
viewpoint in the LiDAR-camera calibration task.

2. We design an Encoder based on attention mechanisms, utilizing self-attention and
cross-attention mechanisms to effectively fuse features from dense depth maps and
sparse point cloud projection images.

3. We propose an effective Decoder based on Convolutional Gated Recurrent Units
(ConvGRU) to aggregate features between different viewpoints without requiring a
large number of learnable parameters.

4. Our model demonstrates outstanding performance across various scenarios and error
settings, surpassing existing methods of the same category. Furthermore, ablation
experiments have confirmed the effectiveness of our innovative design.

https://github.com/dogooooo/DPCalib
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2. Related Work

The joint calibration methods for LiDAR and camera can be categorized into traditional
(a) offline calibration methods and (b) online calibration methods based on deep learning.

2.1. Offline Calibration Methods

Offline calibration methods mainly rely on manually designed features. These methods
can be categorized into target-based [5,18–21] and targetless [22–24] methods. Target-based
methods rely on specially designed calibration objects, where multiple sensors simulta-
neously focus on the same special calibration object. Based on the features of the special
calibration object and manually designed constraints, the extrinsic parameters are even-
tually computed. Target-less methods, on the other hand, do not rely on specific markers.
Instead, they utilize features within the scenes captured by two devices, such as edges of
buildings or vehicles in a normal plane. These features serve as constraints to formulate
equations and solve for the extrinsic parameters without the need for special markers.

2.1.1. Target-Based Methods

The core idea of these methods is to have two devices simultaneously observe par-
ticular objects such as checkboards [5], V-shaped boards [18,19], spheres [20,21], hollow
circles [4], and other targets [25].

For example, Yoonsu Park [5] proposed a calibration method using the estimation of 3D
corresponding points emerging from the laser points scanned across the polygonal planar
board, where sides lay adjacent. Kiho Kwak et al. [18] introduced a method by a V-shaped
board, they introduced two methods to enhance calibration accuracy. Initially, they assign
varied weights to the distance between a point and a line feature based on the precision
of feature correspondence. Secondly, they incorporate a penalization function to mitigate
the impact of outliers within the calibration datasets. Zoltan Pusztai et al. [23] primarily
centered on identifying box planes within LiDAR point clouds, their methodology enables
the calibration of various LiDAR equipment. Additionally, it allows for LiDAR-camera
calibration with minimal manual intervention.

2.1.2. Targetless Methods

Tamas et al. [22] introduced a nonlinear explicit calibration approach that omits cor-
respondence, treating the calibration problem as a 2D–3D registration within a shared
LiDAR-camera domain. This method utilizes minimal information, such as depth data
and area shapes, to formulate a nonlinear registration system, directly yielding the calibra-
tion parameters for the LiDAR-camera setup. Moreover, ref. [23] proposed an innovative
technique for determining the extrinsic calibration between 3D LiDAR and Omnidirec-
tional Cameras. This method, devoid of 2D–3D corresponding points or intricate similarity
measurements, relies on a series of corresponding regions and computes the pose by re-
solving a small nonlinear system of equations. Additionally, Pandey et al. [24] employed
the effective correlation coefficient between surface reflectivity from LiDAR and intensity
captured by a camera as a calibration function for extrinsic parameters, while keeping other
parameters constant.

However, these calibration methods are relatively time-consuming. Matching corner
points often require manual selection or the manual design of feature-matching rules, which
results in a relatively small number of effectively matched points. Furthermore, they are
susceptible to environmental factors, making them less robust.

2.2. Online Calibration Methods

Calibration methods based on deep learning replace the manual selection of corner
points or the design of feature-matching rules with the use of learnable parameters, en-
abling online calibration without the need for calibration targets. The methods based on
deep learning can be further divided into two categories: methods that directly regress
parameters [3,10,26] and methods based on pixel flow estimation [17,27,28].
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2.2.1. Pixel-Flow-Estimated-Based Methods

Methods based on pixel flow estimation use LiDAR projection images and images as
input. They estimate the pixel flow between the projection images and the images using
methods similar to optical flow estimation. Based on this pixel flow, corresponding points
between the two inputs are found, and then the extrinsic parameters are solved based on
the relationship between these corresponding points.

CFNet [29] draws inspiration from optical flow estimation, using the “flow” between
projected points and RGB images for supervision and employs the RANSAC [30] algorithm
to estimate LiDAR-camera extrinsic. DXQ-Net [31] extends this by adding an iterative
structure based on GRU [17] network, continuously refining the estimation results of the
network. SOIC [27] proposes a cost function for matching constraints based on image
semantic elements and LiDAR point clouds. SemAlign [28] simultaneously performs
semantic segmentation on both images and point clouds, transforming the calibration
problem into a pattern-matching problem.

However, this category of methods involves optical flow estimation, where the larger
the pixel search range, the greater the computational cost. Within limited computa-
tional resources, these methods can only handle relatively small initial errors. Published
works [29,31] have also confirmed this viewpoint. Furthermore, since translation errors
during the projection process result in only small pixel offsets, such methods are limited in
their ability to estimate displacement accurately.

2.2.2. Regression-Based Methods

Methods based on parameter regression refer to techniques where input images
and projected point clouds are processed through neural networks to directly output
extrinsic parameters. Initially, these methods primarily used RGB images as input [10], but
later iterations have incorporated improvements such as depth estimation [3] or semantic
segmentation results [26] into the model.

RegNet [10] is the first model to propose the use of Convolutional Neural Networks
(CNN) for calibration, and subsequent researchers have built upon this work to improve
the model. CalibNet [11] introduces a geometrically supervised deep network capable
of real-time automatic extrinsic parameter estimation. It conducts end-to-end training
by maximizing the geometric and photometric consistency between input images and
point clouds. RGGNet [9] utilizes Riemannian geometry and deep generative models to
construct a tolerance-aware loss function for supervised training. CalibDNN [32] introduces
a structure based on iterative optimization, achieving a multilevel correction calibration
model. LCCNet [29] suggests building a cost volume using the dot product of image
and point cloud projection features and trains the network using distance errors between
back-projected point clouds and ground truth point clouds. There are also some works that
preprocess images or point clouds before calibration. For example NetCalib [13] is the first
work to use stereo depth estimation methods to process images and then use the depth
map and point cloud projection as inputs. Subsequently, CalibDepth [3] also employs a
depth estimation module for preprocessing the image component and designs an iterative
structure for iteratively optimizing the calibration parameters.

However, this category of methods faces perceptual defects due to the projection of
point clouds in specific viewpoints, leading to deformation and loss of information. There-
fore, experimental evidence demonstrates that directly using images and projections from
a specific viewpoint as input can result in unsatisfactory estimation in certain directions.

In summary, both of these technical approaches have areas that are worth improving.
Our DPCalib is a parameter regression-based method, but we alleviate the shortcomings
of this approach by utilizing a predefined compensation perspective. Additionally, in
experiments with small inaccuracies, our method still maintains an advantage over pixel
flow methods.
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3. Approach

The overall workflow of DPCalib is illustrated in Figure 4. DPCalib takes the depth
map from an image and a frame of LiDAR point cloud as inputs. The subsequent cali-
bration process involves feature encoding, feature aggregation, and parameter regression,
ultimately yielding high-precision calibration results.
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Figure 4. The network architecture of DPCalib. DPCalib is an Encoder-Decoder structured network.
The principal view’s point cloud and depth image are projected to obtain compensated perspective
maps. These images from two perspectives are then used as input to DPCalib. The encoder primarily
extracts features from different perspectives. The features from different perspectives are aggregated
and decoded through a combination of ConvGRU and fully connected layers in the decoder, resulting
in the final output.

As shown in Figure 4, DPCalib utilizes an Encoder-Decoder structured network.
Initially, the principal view’s point cloud and depth image undergo projection to generate
compensated perspective maps. These images, originating from two perspectives, serve
as input for DPCalib. The encoder is chiefly responsible for extracting features from
various perspectives. Subsequently, the features extracted from diverse perspectives are
amalgamated and decoded using a blend of ConvGRU and fully connected layers within
the decoder, culminating in the final output.

3.1. Problem Formulation

For the sake of computational convenience and consistency in representation, the
coordinate systems for the LiDAR, camera, and pixel in this paper are set to be consistent
with the KITTI [33,34] dataset.

Using multimodal data as input, similar to previous works [3,29], the task of this
model is to correct an erroneous initial extrinsic parameter Tinit, obtaining the calibration
matrix ∆T, and based on this, compute the correct extrinsic matrix T̂. Therefore, it is
necessary to project the multimodal data. For the point cloud Pi(Xi, Yi, Zi) ∈ R3, all
of the points are transformed into 2D pixel points using Tinit and the camera intrinsic
parameters Kc. This process is represented as Equations (1) and (2):

Zi
init · p̂i = Zi

init

ui
vi
1

 = KcTinit


Xi
Yi
Zi
1

 (1)

Tinit =

[
Rinit tinit
→
0 1

]
(2)
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Rinit and tinit are the rotation matrix and translation vector in Tinit, respectively. A
depth projection image of the LiDAR point cloud on the camera plane ILiDAR is obtained
in this way, where the value of each pixel point (u, v) on represents the depth value Zinit of
that point in the camera coordinate system.

Furthermore, as shown in Figure 5 we define the x and y axes of the camera coordinate
system as the horizontal and vertical directions of the image, respectively, and the z-axis
as the coordinate axis perpendicular to the image plane. Therefore, we set up a virtual
plane Icomp(u′, v′) perpendicular to the camera’s image plane (xy plane) and coinciding
with the camera’s image plane, the viewpoint of Icomp is named as “compensation view”.
The pixel points on the compensation view plane correspond to the LiDAR point cloud as
shown in Equations (4) and (5).

K′ =

 f ′u 0 c′u
0 f ′v c′v
0 0 1

 (3)

u′
i =

f ′u × (−Zi)

Xi
, v′i =

f ′v × (−Zi)

Yi
(4)
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Figure 5. The LiDAR point cloud is initially transformed into the camera coordinate system using
the initial extrinsic parameters. Subsequently, it is projected onto different perspectives using the
camera’s intrinsic parameters and the intrinsic parameters of the virtual plane. Similarly, the results
of depth estimation are used to obtain the coordinates of points in space using the camera’s intrinsic
parameters, and then projected onto the compensation perspective using the intrinsic parameters of
the virtual plane.

As shown in Equation (3), we define a virtual intrinsic matrix K′ to project the point
cloud onto a view that is orthogonal to the primary view. f ′u, f ′v, c′u, c′v are, respectively, the
preset virtual intrinsic parameters representing the focal length and the pixel center. By
adjusting the appropriate intrinsic parameters K′, we project the LiDAR point cloud, which
has already been transformed into the camera coordinate system, onto the compensation
plane. The setting of the virtual intrinsic parameters K′ affects the receptive field and
receptive position of the image. It should not be too large, as this would result in a
significant portion of the image not being hit by the point cloud, leading to information
wastage. Additionally, it should not be too small, as this would make the algorithm
overly sensitive to errors, resulting in convergence difficulties. Furthermore, since depth
estimation algorithms can also introduce errors, a too-small receptive field would decrease
the algorithm’s robustness.
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Similarly, we first perform depth estimation on the image Iimage by a stereo matching
neural network Θd, and then project the depth map of the image to the same compensation
perspective. As shown in Equations (5)–(7)

Dimage(u, v) = Θd
(

Iimage(u, v)
)

(5)

Zimage(u, v) =
B × fu

Dimage(u, v)
(6)

Ximage =
(u − cu)× Zimage

fu
, Yimage =

(v − cv)× Zimage

fv
(7)

Equation (5) reflects the process of computing disparities of input image Iimage(u, v) by
the stereo matching neural network Θd, while Equation (6) describes the process of con-
verting disparities Dimage(u, v) into corresponding depths Zimage(u, v). Here, B represents
the baseline of the stereo images, and fu is the focal length of the image. Equation (7)
represents the process of obtaining the corresponding point cloud for each pixel based
on the depth map Zimage(u, v) and the camera’s intrinsic parameters. Finally, we ob-
tain Pimage

(
Ximage, Yimage, Zimage

)
∈ R3, which can be further transformed into the compen-

sation view using Equations (3) and (4).

3.2. Network Architecture

DPCalib is an encoder-decoder architecture network that takes the projection of LiDAR
data and the depth map from the principal and compensation perspectives as input. We
set the LiDAR projection map and image depth map from the same perspective as from
a group. Initially, ResNet18 [35] is used to extract features from each group, resulting in
features from the principal perspective and features from the compensation perspective.
Subsequently, attention mechanisms [14] are employed to fuse the features from each group
separately, and the fused features are concatenated. Then, a GRU [17] operator is utilized
to merge the features from both perspectives, yielding the merged features. Finally, a fully
connected layer is employed to obtain the final extrinsic parameter output from the merged
features. This section provides a detailed introduction to the architecture of DPCalib.

3.2.1. Encoder Architecture

As shown in Figure 4, ResNet18 [35] is used as the feature extraction network. Inspired
by LCCNet [29], all the ReLU [36] activation functions in the ResNet18 are replaced with
Leaky-ReLU [37]. We set the LiDAR projection map and image depth map from the same
perspective as from a group. The depth map and LiDAR point cloud projection map on the
principal perspective are denoted as Dimage(u, v) ∈ R2 and DLiDAR(u, v) ∈ R2, respectively.
Similarly, the depth map and point cloud projection map from the compensation perspective
are denoted as D′

image(u, v) ∈ R2 and D′
LiDAR(u

′, v′) ∈ R2. Since the encoding process for
the two sets of features from both perspectives is identical, we primarily focus on explaining
the encoding process for the main perspective.

As shown in Figure 6, Dimage and DLiDAR are, respectively, input into two symmet-
ric ResNet18 networks to obtain preliminary extracted features, denoted as Fimage ∈
R(h/32,w/32,c1) and FLiDAR ∈ R(h/32,w/32,c1). Their resolutions are 1/32 of the initial in-
put map, and c 1represents the number of channels in the features (c 1is set to 512 in
this paper). However, the data distribution of the dense depth map output by the depth
estimation network and the sparse depth map obtained from the point cloud projection is
notably different. The most significant difference is that the sparse depth map has many
invalid values near the effective depth, whereas the depth values of a dense depth map are
relatively smoother. Therefore, inspired by [38], we use an attention mechanism-based [14]
method to fuse the features.
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Figure 6. The workflow diagram of the feature matching structure in Encoder. ResNet18 is employed
to generate feature maps. These feature maps then undergo the self-attention and cross-attention mod-
ule to acquire fused features, which are subsequently aggregated into a cost volume by concatenation
fuse method.

First, the flatten operation is applied to Fimage and FLiDAR along their resolution chan-
nels (h × w), resulting in fimage ∈ R((h/32×w/32)×c1)) and fLiDAR ∈ R((h/32×w/32)×c1)). Then,
they are sequentially subjected to self-attention and cross-attention operations. It is worth
noting that in this paper, self-attention operations are performed on the features first. This is
based on [14], where it is considered more reasonable to extract their own patterns through
self-attention operations before the fusion of features from two perspectives. We adopt a
linear multihead attention mechanism structure, as shown in Figure 7.
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Figure 7. Attention Layer in DPCalib. In the self-attention mechanism, fimage or fLiDAR simulta-
neously serve as inputs fi and f j into the structure shown in the diagram. In the cross-attention
mechanism, fimage and fLiDAR are separately used as inputs fi and f j.

Compared to the dot-product-based multihead attention mechanism, the linear multi-
head attention reduces the algorithm’s complexity from O(N2) to O(N), with no significant
decrease in accuracy [14].

Attention(Q, K, V) = so f tmax
(

QKT
)

V (8)

In this structure, the input features fi and f j are divided into N groups along the feature
channels and labeled as Q, K, V, respectively. Then, the features are merged through fully
connected layers and matrix multiplication, as shown in Equation (8), to obtain the fused
output. For DPCalib, in the the self-attention mechanism fimage or fLiDAR simultaneously
serve as inputs fi and f j, in the cross-attention mechanism, fimage and fLiDAR are separately
used as inputs fi and f j.
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After the attention mechanism fusion, the features are restored to their original
shape through a reshape operation, denoted as F̂image ∈ R(h/32×w/32×c1) and F̂LiDAR ∈
R(h/32×w/32×c1), respectively. Then, the two features are concatenated through a con-
catenation operation to obtain the fused feature volume from the principal perspective,
denoted as Vprincipal ∈ R(h/32×w/32×(2×c1)). Similarly, the compensation perspective can
also obtain Vcompensation ∈ R(h/32×w/32×(2×c1)) through similar operations.

3.2.2. Decoder Architecture

The classic Transformer architecture employs several stacked attention layers as a
decoder [14]. However, this relies on a large number of learnable parameters. In the task of
LiDAR-camera calibration, since only one 6-degree-of-freedom extrinsic parameter matrix
is ultimately regressed, an excessive number of learnable parameters can lead to overfitting
of the network and waste computational and time costs. Therefore, we adopt a GRU (Gated
Recurrent Unit) [17] module as the decoder of the network.

GRU [17] is a module with selective storage, forgetting, and updating capabilities. It
is originally designed to capture long-term dependencies in sequential inputs. However, in
recent years, some works, such as RAFT [39], CREStereo [38], RMVSNet [40], use GRU [17]
for updating or iterating over existing results. Inspired by the aforementioned works, we
utilize ConvGRU [39] for feature correction, as shown in Equations (9)–(13).

Vprincipal ∈ R(h/32×w/32×(2×c1)) = H, Vcompensation ∈ R(h/32×w/32×(2×c1)) = X (9)

R = σ(XWxr + HWhr + br) (10)

Z = σ(XWxz + HWhz + bz) (11)
∼
F = tanh(XWxh + (R ⊙ H)Whh + bn) (12)

F = Z ⊙ H + (1 − Z)⊙
∼
F (13)

In the encoder stage, the feature Vprincipal from the principal perspective are regarded
as the hidden state H of the GRU, while the feature Vcompensation from the compensation
perspective are regarded as the input X. Where R and Z regulate the forgetting and

updating of the input H. F and
∼
F, respectively, denote the final fused output feature

from the dual-perspective and the candidate output features. In addition, similar to the
original GRU [39] network, σ represents the sigmoid activation function, and ⊙ represents
element-wise multiplication.

We construct two output head using fully connected layers to parse the fused vol-
ume F ∈ R(h/32×w/32×(2×c1)). After passing through two layers of fully connected layers, it
enters two separate decoding heads, each of which regresses the Rpred in quaternion form
and the tpred in the Cartesian coordinate system.

3.2.3. Process of Inference

Traditional “offline calibration” methods require collecting multiple sets of data in
specified scenarios, followed by algorithm design to compute extrinsic, ensuring that
the projections based on extrinsic correspond to most of the collected data. In contrast,
methods based on deep learning only require one set of images/point cloud inputs to
achieve real-time end-to-end extrinsic estimation. Therefore, we refer to these methods as
“online methods”.

The inference process of our DPCalib can be described as follows: Given an input im-
age Iimage and misprojected point cloud map DLiDAR, the input image Iimage passes through
a depth estimation network to obtain a depth map Dimage. Then, DLiDAR and Dimage are pro-
jected to obtain D′

LiDAR and D′
image. These four images serve as inputs to the network. They

undergo feature extraction to obtain Vprincipal and Vcompensation. Vprincipal and Vcompensation are
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then processed by a GRU-based decoder to obtain fused feature F. F passes through several
fully connected layers to obtain Rpred and tpred.

3.3. Loss Function

We employ two forms of loss functions for supervised training of the network, namely
regression loss LT and point cloud distance error loss LP, as shown in Equation (14).

Ltotal = λT LT + λPLP (14)

As shown in Equation (14), λT and λP are the hyperparameters to the LT and LP.
The LT provides direct supervision based on ground truth.

It can be divided into three parts, corresponding to the quaternion angle distance Da of
the predicted quaternion angles Qpred = (spred, apred, bpred, cpred) and the ground truth
quaternion angles Qgt = (sgt, agt, bgt, cgt); the conversion of predicted angles Qpred to
euler angles Rpred = (pitchpred, rollpred, yawpred), which is then compared to the ground
truth euler angles Rgt with SmoothL1 Loss; and the SmoothL1 Loss between the predicted
translation tpred and the ground truth translation tgt. They are shown in Equations (15) and (16).

Da = cos−1(
sgtspred + apredagt + bpredbgt + cpredcgt∥∥∥√s2

pred + a2
pred + b2

pred + c2
pred

∥∥∥∥∥∥√s2
gt + a2

gt + b2
gt + c2

gt

∥∥∥ ) (15)

LT = λr

(
Da

(
Qgt, Qpred

)
+ L1Smooth

(
Rgt, Rpred

))
+ λtL1Smooth

(
tgt, tpred

)
(16)

where Da is the quaternion angle distance between the Qpred and Qgt, λr, λt is the hyper-
paramters to balance the attention of the DPCalib between the rotational and translational
extrinsic parameters.

In addition, we incorporate supervision based on point cloud error. The LiDAR point
cloud input is denoted as P = {P1, P2..., PN}, Pi ∈ R3. The point cloud error loss Lp is
presented in Equations (17) and (18). This type of loss allows for network supervision using
the 3D information of the point cloud.

Tpred =

[
Rpred tpred

0 1

]
(17)

Lp =
1
N ∑N

i=1

∥∥∥(TgtT−1
predTinitPi

)
− Pi

∥∥∥
2

(18)

where N represents the number of points in the point cloud, Tinit is the initial transforma-
tion matrix between the camera and LiDAR, Tgt is a random perturbation added to Tinit,
and Tpred is the predicted value of Tgt by the DPCalib.

4. Comparing with Other State-of-the-Art

We evaluated the proposed DPCalib on the KITTI Raw [33] and KITTI Odometry [34]
datasets, in this section, we provide a detailed overview of dataset preparation, implemen-
tation details, and an analysis of various experimental results.

4.1. Dataset Preparation

In order to make a fair comparison with prior research, our experimental setup aligns
with previous works. As shown in Table 1, for Experiment 1 (Exp 1), we use the same
experimental configuration as CalibNet [11], CalibDNN [32], and CalibDepth [3]. We train
our model on the 2011_9_26 subset of the KITTI Raw dataset and test it on the 2011_09_30
subset. In Experiment 2 (Exp 2), we adopt the same experimental settings as NetCalib [13]
and Calibdepth [3]. We use 0013, 0020, and 0079 from the 2011_09_26 subset of the KITTI
Raw dataset as validation data and 0005 and 0070 as the test set, while the remaining data
are used for training. Experiment 3 (Exp 3) is conducted for comparison with DXQ-Net [31]
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and ablation experiments. The experimental setting involves using the 01–20 subset of the
KITTI Odometry dataset as the training set and the 00 subset as the test set.

Table 1. Different experiments setups.

Index Dataset Disturb Range Training Set Validation Set Test Set

Exp 1 KITTI Raw 10◦, 0.25 m 9–26 / 9–30
Exp 2 KITTI Raw 10◦, 0.2 m 9–26 without val set 13, 20, 79 5, 70
Exp 3 KITTI odom. 5◦, 0.1 m 1–20 / 0

We add random rotation and translation errors within the specified error range based
on Tinit. The error settings followed a uniform distribution. Furthermore, during training,
the errors for each batch were randomly generated in the code, while during validation
and testing, the errors were pregenerated and saved. This approach ensures fairness in
comparative and ablation experiments.

4.2. Implementation Details

In line with prior studies, we employ evaluation metrics for rotation Rpred and trans-
lation tpred. Translation vectors are assessed using the average absolute error that can be
denoted as Er and Et for the average absolute error across the translation and rotation
components, respectively. For rotation matrices, we convert the output quaternions to Euler
angles and compute the error.

We use CREStereo [38] to estimate the depth map of target images as the input of the
image branch in DPCalib using the stereo input from the dataset. We trained the proposed
network on a single RTX 3090, and the depth map from the principal viewpoint was resized
to 512 × 256 as input to the network. The resolution of the compensated viewpoint is the
same as the main viewpoint after resizing. In terms of the intrinsic K′ of compensation
view, we set the focal length f ′u = 90 and, the pixel center (c′u, c′v) is (512, 128). We make
further elaborate on the rationale behind our design choices in the section discussing the
section of ablation experiments.

It’s worth noting that while the depth map obtained from stereo matching algorithms
is generally similar to ground truth, there still exist significant errors, particularly at the
edges. Through ablation experiments, we find that using these error-prone results directly
as input during training does not facilitate loss function convergence.

Therefore, we first project a “sparse ground truth depth” using point clouds and Tinit.
This sparse ground truth depth temporarily replaces the depth estimation image for training
the neural network, enabling the network to learn corner matching capabilities, this process
is referred to as “guided training”. Subsequently, we fine tune the model using the “depth
estimation image” as input.

The training settings for both the “guided training” and “fine-tuning” stages are
identical. The batch size is set to 32, the total number of epochs is 40, the optimizer used is
Adam, and the learning rate is 1 × 10−4 with a decay rate of 0.9. In terms of the weighting
of the loss function, λT = 0.95, λP = 0.05, λr = 0.7, λt = 0.3.

4.3. Comparison to Existing Methods

According to the experimental conditions specified in Table 1, we conducted com-
parisons with different state-of-the-art (SOTA) works. The purpose of this approach is
to maintain consistency with previous SOTA works in terms of experimental conditions.
For example, CalibNet [11], CalibDNN [32], and CalidDepth [3] utilized the dataset and
error range mentioned in Exp 1 for experimentation and comparison. Therefore, we also
compared our method with these works under the same conditions. In the quantitative
analysis, we directly referenced the error results reported by these works when they were
published. The same approach was applied to Exp 2 and 3.

However, it is worth noting that most of these works did not release complete code
or provide trained models and qualitative analysis results. We attempted to reproduce
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their work but found it extremely difficult for most of the works, as we could not obtain
the results mentioned in their papers. Among all the SOTA works, we only successfully
reproduced NetCalib [13] and obtained results consistent with those mentioned in their
paper. Therefore, in addition to publishing the results of NetCalib as publicly available in
Exp 2, we also followed training strategy of original NetCalib to obtain results for Exp 1 and
3. These training results have been added to Tables 2 and 3. The bold formatting in all tables
indicates that the corresponding metric achieved the best performance in horizontal or
vertical comparisons. Furthermore, in this section, besides comparing Exp 2 with NetCalib,
we directly compared the qualitative analysis of other experiments with ground truth.

Table 2. The comparison results between our method and other state-of-the-art (SOTA) approaches
under the conditions of Exp 1.

Method Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

CalibNet [11] 0.180 0.900 0.150 0.410 12.10 3.49 7.87 7.82
CalibDNN [32] 0.150 0.990 0.200 0.447 5.50 3.20 9.60 6.10
CalibDepth [3] 0.180 0.682 0.181 0.348 6.66 1.12 6.48 4.75
NetCalib [13] 0.200 0.561 0.372 0.378 6.55 3.10 3.50 4.38
DPCalib (ours) 0.072 0.176 0.141 0.130 1.10 1.05 2.63 1.59

Table 3. The comparison results between our method and other state-of-the-art (SOTA) approaches
under the conditions of Exp 3.

Method Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

DXQ-Net [31] 0.049 0.046 0.032 0.042 0.754 0.476 1.091 0.774
NetCalib [13] 0.083 0.189 0.103 0.125 1.618 0.917 1.337 1.291
DPCalib (ours) 0.030 0.134 0.051 0.072 0.482 0.460 0.958 0.633

The results of Exp 1 are shown in Table 2, where the maximum rotation error is set to
±10◦ and the maximum translation error is set to ±0.25 m. This represents a relatively large
error range. Consequently, previous algorithms tend to exhibit more noticeable errors in the
pitch angle estimation. For example, CalibNet [11] achieved a pitch angle error of 0.900◦,
which is five times higher than its error in roll and yaw estimation. Moreover, the absolute
value of the error is also relatively large. Similarly, CalibDNN [32] and CalibDepth [3] faced
similar issues.

In addition to the aforementioned issues, we find that even when the model training
converged, NetCalib [13] exhibited relatively larger errors in displacement compared to
Calibdepth [3]. This is attributed to the output head of NetCalib. While most works [3,11,32]
have two parallel output heads that separately output rotation matrices and translation
vectors, NetCalib has only one output head that simultaneously outputs both values. This
can result in the network being less sensitive to displacement errors. In contrast, our
proposed DPCalib mitigates this problem by compensating for the viewpoint features.
As a result, our DPCalib demonstrates superior performance in pitch angle estimation
compared to other SOTA works. Overall, our DPCalib outperforms other SOTA works in
both displacement and rotation error estimation. The qualitative analysis results of our
DPCalib are depicted in Figure 8.
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As shown in Figure 8, it illustrates the precision of calibration with 8 images and
LiDAR projections under different scenarios. The first row depicts the results obtained
by projecting with initial extrinsic provided parameters that contain errors. It’s evident
that there is a misalignment between the geometric information of the point cloud and
the semantic information of the image. The second row presents the situation when
using correctly calibrated parameters, where the correspondence between the geometric
information of the point cloud and the semantic information of the image is correct. The
closer the algorithm’s estimated results are to the ground truth, the better the algorithm’s
performance. The fourth and fifth rows, respectively, provide close-up views of the ground
truth and the estimated values. We utilize clearly defined objects such as poles, pedestrians,
and vehicles to further compare the differences between the algorithm’s results and the
ground truth. For images like Figure 8 that represent qualitative analysis results, our
description follows a sequence from top to bottom and from left to right. For example, in
the top row, the second image is referred to as “the 2nd input” or “the input 2”, while the
third image in the row below is referred to as “the 7th input” or “the input 7”. Let’s take the
second and seventh inputs as an example. From both the overall image and the close-up
view of the trees and pole-like objects, it can be observed that our algorithm has achieved
results that are very close to the ground truth.

We reproduced the results of NetCalib [13] and conducted a qualitative analysis
comparing it with our DPCalib, as shown in Figure 9. Overall, both our method and
NetCalib [13] achieved the goal of updating the extrinsic parameters using initial extrinsic
with errors. However, from Figure 9, especially in input 1–5 where pedestrians are present,



Electronics 2024, 13, 1914 16 of 26

and in input 6–8 where pole-like objects are present, it can be observed that our method
achieves more precise alignment of detailed information. This is reflected in the metrics,
where the estimation errors of our DPCalib are slightly lower compared to NetCalib [13].
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Figure 9. Presents the qualitative analysis results of DPCalib and other existing methods under
the settings of Experiment 2. The red boxes indicate areas of that can more prominently reflect the
differences between different methods in the local regions of the images.

The results of Exp 2 are shown in Table 4, where the maximum rotation error is
set to ±10◦ and the maximum translation error is set to ±0.2 m. The setup of Exp 2 is
similar to Exp 1, but the difference lies in the data split proportions as shown in Table 1.
In Experiment 1, the training set proportion is much higher compared to the test and
validation sets, allowing the network to receive more comprehensive training. Additionally,
the error settings in Exp 2 are slightly smaller than in Exp 1, resulting in better performance
overall. The results of Exp 2 are consistent with those of Exp 1. We observed that state-
of-the-art methods based on parameter regression still suffer from significant pitch angle
errors. Once again, the results of Exp 2 reaffirm the effectiveness of our method. Regarding
the qualitative analysis of Exp 2, it is shown in Figure 9.

Table 4. The comparison results between our method and other state-of-the-art (SOTA) approaches
under the conditions of Exp 2.

Method Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

NetCalib [13] 0.230 0.970 0.370 0.523 3.86 1.55 1.79 2.40
CalibDepth [3] 0.114 0.955 0.133 0.401 1.07 0.58 0.73 0.79
DPCalib (ours) 0.048 0.166 0.051 0.088 0.88 0.57 0.91 0.78

It is worth noting that both Exp 1 and Exp 2 are comparisons with parameter regression-
based methods, while DXQ-Net [31] adopts a different technical approach, namely estimat-
ing pixel flow to find corresponding matching points and then deriving external parameters
based on the correspondence between points. However, this method involves searching
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for pixel points in the image, thus constrained by computational cost, and can only handle
small errors. Therefore, their experimental setup limits the maximum angular error to ±5◦

and the maximum displacement error to ±0.1 m, as specified in Table 1.
Additionally, we reproduced the results of NetCalib in Exp 3. NetCalib, being based

on parameter regression, exhibited errors and characteristics consistent with those in Exp1
and 2. NetCalib has a perceptual deficiency in pitch angle perception and poor regression
performance for translation errors. The experimental results of DPCalib outperformed
NetCalib. We refer to this experimental setup as Exp 3, as shown in Table 3.

The results of Exp 3 are shown in Table 3. Although pixel flow-based and iterative
methods do not encounter significant pitch angle errors, they are limited to handling small
errors. This is because constructing the cost volume requires searching for matching points
pixel by pixel between two images, which can incur significant computational costs if the
search range is too large. Additionally, DXQ-Net [31], through iterative updates, mitigates
the problem caused by missing perceptual information to some extent. However, even
so, our method still performs slightly better than DXQ-Net [31] in estimating translation
errors. It is worth noting that our method produces results in a single end-to-end output,
whereas DXQ-Net [31] iterates multiple times to obtain results. In this scenario, although
our method may have a slight disadvantage in angular error metrics, it still maintains
a marginal advantage in translation error. The qualitative analysis results of Exp 3 are
depicted in Figure 10. As shown in Figure 10, the parameters estimated by our method
can adjust the initially erroneous extrinsic parameters to be nearly consistent with the
ground truth.
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Figure 11 depicts the histograms and error bars of the results corresponding to the
three experiments. Each column represents a set of experimental settings, with the first
row representing the histogram of translation errors, the second row representing the
histogram of rotation errors, and the third row representing the error bars of both rotation
and translation errors. The red segments represent the median of the experimental results,
which are typically slightly lower than the average error. The “T” shaped bars and square
boxes, respectively, represent the maximum and minimum errors, and the distance from
the median to the maximum and minimum errors divided by two. It can be observed that
although the input errors are randomly generated, the variance and standard deviation of
our method are around the mean value, indicating that our method is stable and robust.
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Figure 11. The histograms and box plots of the DPCalib output results, with different columns
corresponding to different experimental settings as listed in Table 1.

Additionally, we conducted a comparison and analysis of the real-time performance
of our work against the successfully reproduced work, NetCalib [13], serving as a reference.
We selected three experimental environments—CPU (Intel i9-12900KF), GPU (NVIDIA RTX
3090), and onboard system (NVIDIA Jetson Orin)—to validate the real-time performance
of our work. We conducted inference on 1000 samples from the dataset and calculated the
average inference time. The results are shown in Table 5.

Table 5. The experimental results for real-time performance testing.

Methods GPU CPU ORIN

NetCalib 62.75 FPS 2.10 FPS 13.08 FPS
DPCalib 185.18 FPS 16.47 FPS 33.36 FPS
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As shown in Table 5, our DPCalib achieves a running speed of 185.18 FPS on an RTX
3090 device and 33.36 FPS on the NVIDIA Jetson Orin edge development board, which
is significantly better than NetCalib and meets the real-time requirements. However, it’s
worth noting that the time shown in Table 2 only reflects the inference time of the algorithm.
The data preprocessing steps such as image loading, depth estimation, and projection also
consume approximately 1.77 FPS (tested on an RTX 3090 and i9-12900KF environment).
In the future, we plan to develop multithreaded tools to further enhance the real-time
performance of the model.

Combining the above results, we can conclude that our DPCalib outperforms other
parameter regression-based methods, especially in estimating the specific pitch angle
of the extrinsic parameters. Additionally, it shows significant improvements in other
metrics compared to other state-of-the-art methods. As for methods based on pixel flow
estimation, our DPCalib demonstrates the capability to handle larger errors and also
exhibits a clear advantage in estimating translation extrinsic parameters. In the section on
ablation experiments, we demonstrated the effectiveness and necessity of each module.

5. Ablation Study

This section validates DPCalib from three perspectives: the effectiveness and ne-
cessity of each module, the effectiveness and necessity of the training strategy, and the
hyperparameters of the building blocks. We conducted ablation experiments on network
architecture and hyperparameters following the settings of Exp 2 in Table 1. This choice
is made because with large initial errors, it is easier to compare the influence of different
network architectures on the final results and improvements. For our ablation experiments
on training strategies, we followed the settings of Exp 3 in Table 1. This decision is based on
the fact that with relatively small initial errors, it becomes easier to distinguish the subtle
differences in experimental results caused by different training strategies.

5.1. Module Architecture

Table 6 summarizes our analysis of the network model’s structure, focusing on three
aspects: the inclusion of a compensating view, utilization of attention mechanism in feature
extraction, and integration of a decoder. The “side” option indicates the presence of the
compensating view, “GRU” denotes the incorporation of GRU, and “Atten” signifies the
inclusion of an attention-based feature fusion module.

Table 6. The impact of each module of DPCalib on the final results.

Method Side GRU Atten Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

NetCalib [13] - - - 0.230 0.970 0.370 0.523 3.860 1.550 1.790 2.400
DPCalib (ours) - - - 0.152 0.578 0.191 0.307 5.633 1.545 2.639 3.272
DPCalib (ours) - ✓ ✓ 0.139 0.548 0.189 0.292 5.473 1.483 1.480 2.812
DPCalib (ours) ✓ - - 0.077 0.220 0.113 0.137 1.122 0.663 1.052 0.946
DPCalib (ours) ✓ ✓ - 0.048 0.171 0.053 0.090 0.871 0.579 1.065 0.838
DPCalib (ours) ✓ ✓ ✓ 0.049 0.164 0.052 0.088 0.903 0.598 0.972 0.824

From the experimental data in Table 6, it can be observed that our DPCalib struc-
ture performs similarly to NetCalib when not using the auxiliary network, decoder, and
attention-based feature extraction structure (referred to as the baseline). Comparing the
experiments in the second and third rows of Table 6, we can infer that our feature extraction
module and GRU based decoder are effective but not decisive. However, comparing the
second to sixth rows, we can conclude that our compensated view features play a crucially
positive role in the extrinsic parameter regression. The baseline achieves slightly better
estimation accuracy for the rotation parameters compared to NetCalib, while slightly lower
accuracy for the translation parameters. However, with the addition of the compensating
view network, the performance of the DPCalib network in pitch angle estimation is sig-
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nificantly improved, from 0.578 in the baseline to 0.164, which is the most notable finding
of this study. Additionally, both the GRU decoder and attention mechanism contribute
positively to the performance of the network.

In addition, we further validated the selection of the decoder. We compared our
proposed GRU module with the 2D convolutional decoder and a decoder structure based
on self-attention. All three decoders have the same number of learnable parameters. The
results are shown in Table 7.

Table 7. The impact of fusion mechanism of decoder in the DPCalib on the final results.

Decoder Rotation (◦) Translation (cm) Learnable
Params

Roll Pitch Yaw Er X Y Z Et

2D Convs 0.077 0.220 0.113 0.137 1.122 0.663 1.052 0.946 16.13 M
GRUs 0.049 0.164 0.052 0.088 0.903 0.598 0.972 0.824 16.14 M
Self-Attens 0.057 0.199 0.067 0.108 0.888 0.578 1.103 0.856 17.51 M

As shown in Table 7, with the same order of magnitude of learnable parameters,
judging by the mean of the final results, the GRU structure achieved the optimal accuracy.
This is because the GRU can efficiently accomplish feature fusion by updating and gat-
ing features in the most effective manner. Conversely, relying solely on 2D convolutions
cannot achieve this goal. Additionally, the decoder structure based on self-attention re-
quires more learnable parameters to meet the task requirements, resulting in increased
computational costs.

5.2. Training Strategy

We conducted ablation experiments on the training strategies mentioned in Section 4.2.
We compared the performance of models trained on the test set using three strategies:
directly using “sparse ground truth point cloud projection” instead of the estimated depth
map of the image as input for the image branch, and first training the model using “sparse
ground truth point cloud projection” as input and then fine-tuning the model using the
results of image depth estimation as input, as well as directly initializing the model’s
weights with random numbers and then training the model using the results of image
depth estimation as input. The results are shown in Table 8.

Table 8. The impact of training strategies on DPCalib.

Method Rotation Error (◦) Translation Error (cm)
Mean Median Std Mean Median Std

Pretrain only 2.342 1.766 2.100 3.858 4.595 3.235
w/o Pretrain 0.112 0.081 0.114 1.021 0.704 1.015

w/Pretrain + Finetune 0.072 0.058 0.069 0.634 0.428 0.746

In Table 8, the first row labeled “Pretrain only” represents the results obtained from
models trained on the training set using sparse projections of ground truth point clouds
as input for the image branch. We maintained the dataset partitioning for our training
strategy ablation experiments as outlined in Exp 3 of Table 1. This decision was made
because different training strategies exhibit more significant results in experiments with
small initial errors. We use the mean, median, and standard deviation to compare the
accuracy and stability of different training strategies. As observed, the results are far from
satisfactory. This is because the depth maps in the test set are dense and contain errors.
Although using ground truth for projection can provide relatively accurate sparse depth
maps, further fine-tuning is necessary due to the difference in input modalities.

The second row represents the results obtained from models trained directly on
the depth estimation results of images as the input of the image branch. The third row
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represents the results obtained by first pretraining the model using sparse ground truth as
input for the image branch and then fine-tuning it using dense depth maps from images. It
can be observed that pretraining with sparse ground truth as input followed by fine-tuning
with image depth estimation results is effective. This is because using ground truth point
cloud projections as input provides correct geometric information, allowing the neural
network to learn the relationship between geometric information and extrinsic parameters.
On the other hand, image depth estimation results contain errors, which can make learning
difficult for the initially trained model.

5.3. Hyperparameters

We conducted ablation experiments to validate the settings of the network architecture
and the intrinsic of the compensation perspective. Firstly, we experimented with the
number of layers in the attention module of the neural network’s encoder and the iteration
count of the GRU in the decoder. The experimental settings followed those of Experiment 2
in Table 1. The results are presented in Table 9.

Table 9. The impact of the layers in the encoder and decoder on experimental results.

GRUs Attens Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

0 1 0.050 0.183 0.060 0.098 0.812 0.658 1.105 0.858
1 1 0.049 0.164 0.052 0.088 0.903 0.598 0.972 0.824
2 1 0.052 0.162 0.054 0.089 0.880 0.505 1.078 0.821
1 0 0.041 0.171 0.052 0.088 0.811 0.579 1.065 0.818
1 2. 0.042 0.171 0.050 0.088 0.803 0.558 0.936 0.766

In Table 9, “GRUs” represent the number of iterations performed using a ConvGRU
in the network, while “Attens” indicates how many times the attention structure is in-
corporated during the feature extraction stage. From Table 9, it can be observed that the
estimation error for pitch angle is minimized when features are iterated twice through the
GRU. This is because multiple iterations can effectively fuse features between the main
view and the compensation view. The “Attens” structure in the feature extraction stage
mainly affects the overall accuracy of the algorithm, primarily due to the sparse nature of
the point cloud projection images.

However, the improvements brought by multiple iterations of these structures are
marginal and come with computational and inference time costs. Therefore, we opt for
a compromise and select the results from the second row as the experimental results for
DPCalib in Experiment 2, which will be compared with other state-of-the-art methods in
Table 4.

Additionally, we conducted a qualitative analysis of the predefined parameters for the
compensation perspective. The experimental results are illustrated in Figure 12.

From Figure 12, it can be observed that if the focal length is set too large, many pixels in
the image may not be hit by the point cloud, resulting in wasted information. Conversely, if
the focal length is set too small, the image will be sensitive to errors in the depth estimation
results, sometimes leading to ineffective information retrieval. Therefore, after iterative
adjustments, we have selected the settings from the second column of Figure 11, where
the radial and tangential focal lengths are chosen as 90 and 360, respectively, as the virtual
intrinsic for the compensation perspective.
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5.4. Generalization

This section primarily discusses the generalization capability of DPCalib across dif-
ferent camera configurations and various scenes. Although we lack the resources to
autonomously collect large-scale datasets, we can still perform generalization validation
of our model using various publicly available datasets. Based on the references [33,34]
in revised manuscript, it’s evident that there are fundamental differences in sensor con-
figurations, the intrinsic parameter of the target camera in the KITTI_Raw dataset can be
represented as (19), while those in the KITTI_Odometry dataset can be represented as (20).
Furthermore, there are notable differences in the relative extrinsic between the camera and
LiDAR in different scenes.

Additionally, there are significant differences between the data collection locations,
and scenarios between the KITTI_Raw dataset and the KITTI_Odometry dataset.

Kraw =

984.2439 0 690.0000
0 980.8141 233.1966
0 0 1

 (19)

Kodom =

718.8856 0 607.1928
0 718.8856 185.2157
0 0 1

 (20)

In light of these findings, we propose the following experiments to demonstrate
the generalization ability of our DPCalib. The core idea of the generalization experi-
ments is to utilize a model trained only on the KITTI_Raw dataset to infer results on the
KITTI_Odometry dataset, thereby validating the model’s adaptability to new scenes and
device configurations. Based on this concept, we have designed the following four sets
of experiments:

Exp A1 involves directly using the model from Exp 2 in Table 4 to infer results on the
test set of Exp 3.

Exp A2 entails fine-tuning the results of Exp A1 by training for one additional epoch
with a learning rate set to 1 × 10−5.

Exp A3 serves as control groups. Exp A3 involve training models using the training
set of Exp 3 for DPCalib to inference on the test set of Exp 3.

The experimental results are presented as shown in Table 10.
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Table 10. Generalization ablation experiment results for DPCalib.

Index Rotation (◦) Translation (cm)
Roll Pitch Yaw Er X Y Z Et

Exp A1 0.044 0.148 0.153 0.115 1.174 2.161 2.977 2.104
Exp A2 0.045 0.134 0.055 0.078 0.505 0.532 1.108 0.715
Exp A3 0.030 0.134 0.051 0.072 0.482 0.460 0.958 0.633

Based on the results of Exp A1, it can be concluded that the model trained directly
on the KITTI Raw dataset exhibits a certain level of adaptability to the scenes with differ-
ent sensor configurations and collection scenarios. In terms of rotation angle estimation
accuracy, the results from Exp A1 approach the accuracy achieved Exp A3 with KITTI
odometry-trained models. However, there is a slight decrease in displacement accuracy
compared to models trained directly on odometry data.

However, Exp A2 reveals that after one epoch of fine-tuning, the model’s displacement
accuracy improves, and its performance further approaches the result of Exp A3 that of
models trained directly on the same dataset. From the experimental results in Table 1, it can
be observed that directly replacing datasets with different sensor configurations or scenes
does not result in a significant decrease in accuracy. This suggests that our model does not
overfit a specific dataset, and our method exhibits certain robustness to different scenes
and sensor configurations.

6. Discussion on Experimental Results

Section 4 provides detailed explanations of our dataset partitioning, algorithm training,
hyperparameters, and implementation details. We also analyze the comparison results
between our method and other SOTAs. In Exp 1 and Exp 2, we compared our method with
other parameter regression-based methods under conditions of large initial errors. The
results demonstrate that our method successfully optimizes the extrinsic performance of
pitch angle using compensation perspective information. Additionally, our method exhibits
significant superiority in other angles and translation metrics. In Exp 3, we compared our
method with methods based on pixel flow estimation. We pointed out that this category of
methods can only be used for estimating small errors. Compared with representative work
in this category, such as DXQ-Net, the experimental results demonstrate that our method
has advantages in the metrics of extrinsic displacement and overall accuracy.

In the section “Ablation study”, we validated the details of our designed network
architecture, training strategies, and hyperparameters. Tables 6 and 7 demonstrate the
effectiveness and necessity of our network design, while Table 8 illustrates the effectiveness
and necessity of our proposed training strategies. Table 9 provides validation of the
rationality of the network structure and compensation perspective parameters. Table 10
provides an analysis of the generalization ability of DPCalib. Based on qualitative or
quantitative experimental results, we selected reasonable hyperparameters and determined
the final version of our DPCalib for comparison with other state-of-the-art methods.

Futhermore, Video S1 presents a continuous video segment for qualitative analysis,
comparing the results of our method with those of other methods.

7. Conclusions

This paper proposes a novel and effective neural network model, DPCalib, for joint
calibration of LiDAR-camera systems. The main novelty of DPCalib lies in constructing
a virtual compensation perspective and utilizing the geometric information from lidar
and depth images to project the geometric information from the principal view to the
compensation view. Consequently, the neural network’s inputs are divided into two
branches: the principal view branch, consisting of projected point clouds under erroneous
extrinsic and image depth estimation results, and the compensation view branch, consisting
of projected point clouds under erroneous extrinsic and depth images projected into point
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clouds and then re-projected into images under the compensation view. The features
extracted by ResNet18 from these four sets of images are decoded and fused through a
GRU, followed by several fully connected layers to decode the estimated extrinsic.

Experimental results demonstrate that our method addresses the shortcomings of end-
to-end parameter regression-based methods in estimating pitch angles and outperforms
similar methods in terms of accuracy under conditions of large initial errors. While pixel
flow regression-based methods can only handle small initial errors within limited computa-
tional costs, our method exhibits superior accuracy under their experimental conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/electronics13101914/s1, Video S1: Inputs and Predicted Results
in the Test Set.
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