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DEdgeNet: Extrinsic Calibration of Camera and LiDAR with
Depth-discontinuous Edges
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Abstract— This paper addresses the problem of calibrating
extrinsic parameter matrix between an RGB camera and a
LiDAR. Multimodal sensing systems are essential for fully
autonomous navigation platforms. A key pre-requisite for such
a system is calibration between different sensors. As the
two most widely equipped sensors, calibration between RGB
cameras and LiDARs remains challenging. Existing methods
address this problem without using explicit geometric priors.
In this paper, we propose a novel real-time network that
utilizes depth-discontinuous edges extracted from a single image
to calibrate cameras and LiDARs. Our network consists of
two key components: (1) a self-supervised edge extraction
network named DEdgeNet, which detects depth-discontinuous
edges from a single image and extracts corresponding features;
(2) prediction of the extrinsic parameter matrix between the
camera and the LiDAR by matching fixed features in RGB
images and updating depth features in a coarse-to-fine frame.
Specifically, considering that edges are rich and common
in natural scenes, DEdgeNet simplifies RGB image encoding
and extracts fixed edges for feature matching. We conducted
extensive experiments on the KITTI-odometry dataset. The
results show that our method achieves an average rotation error
of 0.028° and an average translation error of 0.247 cm, which
demonstrates the superiority of our method.

I. INTRODUCTION

Multimodal sensor fusion provides data in different dimen-
sions for environment perception, improving the robustness
and accuracy of many robotic applications, such as robot per-
ception [1], autonomous navigation [2], dense mapping [3],
and localization [4]. The two sensors, camera and LiDAR,
provide the richest scene information for the entire system.
Cameras provide rich 2D color appearances in images, and
LiDARs provide accurate 3D geometric metrics in point
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Fig. 1. This figure correlates the projection of edges in the RGB image
with the corresponding depths in the point cloud. Different colors indicate
depth changes, red represents large depth changes, and blue represents small
depth changes. There is a noticeable change in color at the edges of objects,
which means that the edges are critical for matching the image to the point
cloud.

clouds. The fusion of image and point cloud captures the
color of an object while obtaining geometric metrics. As a
key step in fusion, accurate camera calibration is a critial step
and can provide a rigid body transformation with six degrees
of freedom (DoF) between cameras and LiDARs [5].

The estimation of rigid body transformations has been
extensively studied in [6][7]. [8] and [9] can accurately assess
the positional relationship between camera and LiDAR, but
are limited by offline processing requirements and are not
feasible in many natural environments. [10] provides a target-
free method to accomplish calibration, but their method
requires high-quality point clouds and proper initialization.
Most optimization-based calibration algorithms [10][11] are
offline and time-consuming and require proper optimization.
In contrast, learning-based methods [12][13][14] can simulta-
neously predict the extrinsic parameter matrix of each image
and the corresponding point cloud. These methods often
repeatedly extract RGB images and depth map of point cloud
projections, regardless of the potential correlation of 2D and
3D features. In contrast, we find that edges in images are
usually the locations of depth changes (see Fig. 1). Therefore,
we associate the RGB image with the depth map to calculate
the average depth around the edges of the image, which
corresponds to edges where the depth map varies largely.
The projection of the point cloud varies greatly with a given
initial transformation matrix, while the RGB image does not,
suggesting that it is feasible to keep the features of the RGB
image unchanged.

In this paper, we propose DEdgeNet, an online self-
supervised network that extracts heatmaps of depth-
discontinuous edges corresponding to invariant features from
a single RGB image. Depth-discontinuous edges [10] cor-
respond to edges with large variations in depth map. Our
network filters out most of the intricate information from
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the RGB image, leaving only valid edges that can be used
for subsequent line-based calibration, such as [10] [11]. The
calibration network encodes the projected depth map from
the point cloud and matches it to the extracted features, then
predicts translation and rotation matrix using two seperate
branches. Our contributions can be summarized as follows:

« We propose a novel method to label depth-discontinuous
straight edges in real-time, by matching features from
the RGB image to corresponding depth map;

o We design a novel online self-supervised network DEd-
geNet to refine the edges, using the depth-discontinuous
straight edges as the pseudo ground truth;

o We present a novel calibration network that encodes
only invariant features from reprojected depth maps and
RGB images.

This paper is organized as follows. Section II reviews
previous works in calibration of camera and LiDAR. Section
III first introduces our novel methods to extract the depth-
discontinous edges and then proposes a network to refine
them, which will be input to our network for calibrating
extrinsic parameter matrix between the camera and LiDAR.
Section IV shows the dataset of KITTI-odometry, followed
by the experimental results. Conclusions are given in Section
V.

II. RELATED WORKS

The calibration between LiDAR and camera can be for-
mulated as a 2D-3D registration problem, represented by
a rigid body transformation of 6 DoF. Generally, there are
three categories of calibration methods, namely target-based,
targetless or learning-based methods.

A. Target-based methods

Most of the early calibration works use target-based meth-
ods. Zhang et al. [15], Unnikrishnan et al. [5] and Pandey
et al. [16] all use the checkerboard as a calibration object
to restore the plane in the coordinate systems of camera
and LiDAR. [15][5][16] optimize the point mapping from
LiDAR to the plane in the camera system. Recent works
attempt to match their features by traditional algorithms and
then calculate the extrinsic parameters. Dhall et al. [17]
extracts the 3D corners of cardboard and ArUco, and matches
the corners by the ICP (Iterative Closest Point) algorithm.
Wang et al. [18] extracts 2D corners from image and 3D
corners from point clouds, uses PnP (Perspective-n-Point)
to optimize the angle difference. Liao et al. [19] extract 2D
edges and corners from image, 3D edges and points in planes
from point clouds, and optimizes the point-to-line distances.
Zhou et al. [20] combines the edge and the point-to-line
distances, simultaneously extract edges in 2D and 3D, and
the plane in image and point cloud. It has better accuracy
than single feature matching. Huang et al. [21] and Cui et
al. [22] use PnP to match 2D corners and 3D corners. J
Beltran et al. [23] uses circles and ArUco to create a new
type of cardboard, recovers 3D structure from the image, and
uses ICP to match 3D points from both camera and LiDAR.
Fang et al. [24] extract the CCTag of camera and corners of

LiDAR in panoramic infrastructure, then uses PnP and ICP
for feature matching. Target-based methods use calibration
objects that can obtain accurate results of extrinsic parameter
matrix. However, these target-based methods cannot be used
everywhere, such as self-driving vehicles that require real-
time calibration of camera and lidar offsets.

B. Targetless methods

The targetless methods can conveniently calibrate the
camera and LiDAR anywhere. However, it is more difficult to
extract reliable features, and the accuracy is generally lower
than that of target-based methods. Most target-based methods
require appropriate initialization. Common targetless meth-
ods are scene-based method. Pandey et al. [25] and Taylor
et al. [26] extract the grayscale of image and the reflectivity
of point cloud, obtaining optimized results using gradient
ascent and normalization. Levinson et al. [27] extracts Canny
edges and depth-discontinuous edges for matching. The latest
study [28] attempts to extract straight lines from the image
and point cloud, then change to a perspective 3-line problem
to optimize matching results. Liu et al. [29] propose a
new method combining the point-to-plane and point-to-edge
distance to design a new algorithm and package it into a
toolbox, and has a good performance. In addition, Ishikawa
et al. [30] and Park er al. [31] propose motion-based methods
to independently extract the motion of camera and LiDAR.
Using the theory of hand-eye calibration [32], the extrinsic
parameters matrix can be further optimized.

C. Learning-based methods

Schneider et al. [14] leverages convolutional neural net-
works (CNNs) to predict the extrinsic parameter matrix
between the camera and LiDAR. Iyer et al. [13] designs
a geometrically supervised neural network to estimate the
extrinsic parameter matrix in real time. Lv er al. [12]
proposes an online and end-to-end LiDAR and camera cali-
bration network based on cost volume layers to express the
correlation between LiDAR and camera. Wang et al. [33]
extracts the semantic centroid from camera and LiDAR, and
uses PnP to optimize the extrinsic parameter matrix.

Both target-based and targetless methods require known
special scenario or appropriate initialization. The learning-
based methods extract the underlying features in the natural
environment and complete feature matching, with a large
error.

In this work, we propose a novel online targetless self-
calibrating network to calibrate the camera and LiDAR. The
architecture is shown in Fig. 2. The network requires RGB
image from a monocular camera and the corresponding depth
map from projection of point cloud. There are two steps.
DEdgeNet provides a fixed feature matrix, the calibration
network encodes and matches the features of depth map,
and then predicts translation and rotation. Previous learning-
based methods aim to modify the network structure to
obtain more accurate features. Our method first combines
traditional algorithms and state-of-the-art networks to extract
substantial features in 2D and 3D matching, and then the
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Fig. 2. An overview of our method. DEdgeNet takes an RGB image as input and then outputs a depth-discontinuous edges and an encoded feature matrix
f. The calibration network takes f as a feature of RGB image and encodes the uncalibrated depth map projected by the point cloud via the initial extrinsic
parameter matrix. The output is the predicted extrinsic parameter matrix 7,4, which is used to reproject the point cloud and update the depth map. The
calibration network encodes the new depth map and matches it to the feature matrix f of the RGB image, simplifying the workflow of calibration. The
depth map need to be updated, which takes the feature matrix f from the RGB image as a fixed input.

feature matching layer can easily and accurately search for
correspondences.

III. METHODOLOGY

The goal of this work is to develop a more accurate
and faster calibration method for camera-LiDAR in robotic
system. Our method selects effective edge features of RGB
image corresponding to depth maps. First, most of the depth-
discontinuous edges in RGB image have good correspon-
dences in depth maps. Furthermore, a large number of
edge features can be extracted in both outdoor and indoor
scenes. Traditional optimization methods can also solve the
feature matching problem, which often require extensive
initialization and is difficult to calibrate in real-time. Using
neural networks to match these corresponding features can
get poor or even no initialization.

A. Projection of Point Cloud to Depth Map

Point clouds from LiDAR can be projected into a depth
map corresponding to each image frame from camera via
the pinhole camera model. Each point /P; € R® in LiDAR
coordinate can be transformed into camera coordinate as

P =[T«"P;, (1)
where {T = ((R,{t) € SE(3) is the extrinsic matrix from
LiDAR to camera, °P; € R is the point in camera coordinate.
CP; can be projected onto the image plane, by

“pi = KxCP;, 2)

where K is the intrinsic matrix of camera, €p; € R? is the
projected point on the image plane. Each Cp; is labeled in
the image to preserve the depth value in depth map D.

B. Extraction of Depth-discontinuous Straight Edges

We propose an online algorithm to extract depth-
discontinuous straight edges in Alg. 1. This algorithm re-
quires a single image I and the corresponding depth map D,
using the method of [34] to extract the line support area for
each line. The line support area is all the pixels of a line and
can be approximated by a rectangle that surrounds the entire
line, as shown in Fig. 3 (a).

Algorithm 1 shows this procedure. Rect is used to repre-
sent all line support areas, and rect is used to represent the
support area of a single line. Let grad denote the gradient
for a line support area rect € Rect. For each pixel in the
line support area, a positive area and a negative area can
be calculated, labeled as mask area 1 and mask area 2,
respectively (see Fig. 3 (b)). Using these two areas as masks
for the depth map, the average depth value of each masked
area can be calculated, and comparing the two depth values
can help us select straight edges with discontinuous depths
and keep them in the heatmap H. The larger the width of the
selected region, the more accurate the average depth value
can be calculated, but it also increases the time consumption.
T represents the depth difference, which can filter out edges
with small depth difference. If 7 is small (width=5px and
7=0.1m in this paper), the heatmap will have fewer rows.
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Fig. 3. Line support area and mask area. (a) The support area of a line is
all the pixels in the line bounding box (red rectangle). (b) Two mask areas
of width=5 pixels adjacent to the line support areas. These two areas mask
the depth map to calculate the average depth value within these two areas.

Algorithm 1 Extraction of depth-discontinuous edges
Input: An image / and the corresponding depth map D
Output: A heat map H of depth-discontinuous edges

1: Rect < LSD(I)

2: for all rect € Rect do

3. grad + Gradient (rect)

4. for all pixel P € rect do

5 Maskl < GenerateMask(P,grad,width)
6: Mask?2 < GenerateMask(P,—grad, width)
7:  end for

8:  DepthU p < AverageDepth(D,Mask1)

9:  DepthDown <+ AverageDepth(D,Mask2)

10:  if Abs(DepthU p — DepthDown) > T then
11: Draw rect - H

12:  end if

13: end for

C. Network for Extracting Optimal Depth-discontinuous
Edges

This section introduces the online self-supervised network
DEdgeNet, which requires a single image and outputs the
corresponding depth-discontinuous edge heatmap and fea-
tures. DEdgeNet takes the deatmap of depth-discontinuous
straight edges in Sec. III-B as a peudo ground truth and
outputs a more accurate heatmap of depth-discontinuous
edges, which is not limited to straight edges. And it can fix
the feature matrix of RGB image for the calibration network,
without encoding the RGB image.

a) Loss function: Our self-supervised network extracts
depth-discontinuous straight edges as pseudo ground truth in
real-time. Pixels on the heatmap H(p) can be defined as:

H(p) = {1

The pixel p is on a line, 3)
0 The pixel p is not on any line.

We choose the ¢ loss function to optimize the network:

L:ZHﬁ(Pz‘j)*H(m;)II; o))
LJ

where H(p) is the predicted heat map from DEdgeNet and
H(p) is that extracted by the Alg. 1 in real-time. p;; is the
pixel in the i-row and j-column of the heat map.

b) Implementation detail: In Fig. 2, the input to DEd-
geNet is an RGB image of size 256 x 512 x 3, which is
extracted into a feature matrix of 64 x 128 x 128 through
two convolutional layers, and then passed to Pyramid Resid-
ual Module (PRM) [35]. The result is then computed by
three U blocks (see 4). U-block is inspired by U-Net [36],
which is an autoencoder structure that automatically learns
feature matrices. f is the intermediate layer in the last U
block, which is the input to the camera calibration network.
Finally, two deconvolutional layers and one convolutional
layer restore the result to 256 x 512 x 1 and output a heatmap
of depth-discontinuous edges.

Conv+BN+RELU

;1. —

Downsample *1/2
Conv+BN+RELU
Conv+BN+RELU

. Dilation=2
Upsample *2
Conv+BN+RELU

@ Concatenation

D o) Addition

Fig. 4. The structure of U blocks in Fig. 2. U block can extract multi-scale
features within stages and more effectively aggregate multi-level features
between stages. During upsampling, concatenating the previous one can
effectively prevent overfitting. The last output layer will be added to the
input layer which is the key point in ResNet [37]. f is the middle layer
of the U block, which is a feature matrix of 8 x 16 x 256 for calibration
network as a feature of the RGB image.

D. Network for Calibration

Other calibration networks extract features from both RGB
image and depth map. Our method uses fixed features from
DEdgeNet and only extracts features from depth map. The
initial conditions

a) Feature extraction: Projection using the initial ex-
trinsic matrix is poor due to changes of projected depth maps.
Therefore, it is inevitable to reproject the point cloud and
update the depth map using the predicted extrinsic parameter
matrix. Our calibration network removes the step of feature
extraction from RGB images and only extracts repeatedly
updated features from depth maps. The features of the RGB
images are replaced by f in DEdgeNet, which are features
that preserve depth-discontinuous edges. The encoder for
depth map feature extraction is ResNet-18. It outputs a
feature matrix of 8 x 16 x 256, which has the same dimension
as the feature f of the RGB image.

b) Feature matching: For two feature matrices of the
same-dimension, we construct the cost volume [38] to store
the matching cost in order to associating depth-discontinuous
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edges on the depth map. That is why we extract the depth
difference edges from the RGB image. Depth-discontinuous
edges are more sensitive to matching with the depth map
than other parts in the RGB image. The matching cost as
the correlation between the heatmap of depth-discontinuous
edges and the depth map can be defined as:

cost volumn (py,p2) = % (c (Xedge (pl)))Tc(xde,,th (pz)) ,

)
where Xegqe and Xgep, are feature matrices of the depth-
discontinuous edge image and the projected depth map. ¢(x)
is a flatten operation on the feature matrix x, N is the length
of the flattened vector of x, T is the transpose operator. This
cost volume computes the correlation of each pixel with the
surrounding d pixels. Since this feature matrix is only 8 x 16
in size and has 256 channels, d needs to be set smaller. The
dimension of the 3D cost volume is d% x H x W, where H
and W are the dimensions of the feature matrix (d =2,H =
8,W =16 in this paper).

c) Global regression: To predict results of the 6-DoF
rigid body transformation, the global information has been
aggregated through features of the cost volume. This global
information is flattened by a full connected layer and split
into two branches by two full connected layers. The output of
this network is a 1 x 3 vector t,,. to represent the translation
and a 1 x4 vector q,,.4 to represent the quaternion rotation.

d) Loss function: In order to guide the network to
converge better, our loss function consists of three modules.
Given the feature matrix f of RGB image from DEdgeNet
and a depth map D;,;r, we write the loss function as follows:

L=ArLy + AgRLgr + ApLp, (6)

where A7, Ag and Ap denote the loss weights of translation
loss, rotation loss and point cloud distance loss, respectively.
The translation loss uses the ¢; loss:

Lz = lltg = tpredll3- 7

Since the Euclidean distance cannot accurately describe the
difference between two quaternions, the rotation loss is not
simply using the ¢, loss, but the quaternion distance [39]:

Lg = Du(Qgta(*Ipred)a (3

where D, is a function that computes the angular distance
of two quaternions. The point cloud distance loss describes
the distance of each corresponding point in the point cloud:

1 N
L=~ Y |A-Al;. ©)

M=

where N is the number of points in this point cloud, P
denotes the point in the initial point cloud, and P; denotes the
point in the point cloud reprojected by the predicted extrinsic
matrix.

IV. EXPERIMENTS

To evaluate our proposed method, we test DEdgeNet and
calibration network on the KITTI odometry dataset. This
section shows the results of the depth-discontinuous straight
edge extraction algorithm, DEdgeNet, and calibration net-
work.

A. Dataset

This KITTI odometry dataset consists of 21 sequences
from different scenarios. In each sequence, we only use
data from the left color camera and LiDAR, with extrinsic
parameters provided by [40].

a) DEdgeNet: DEdgeNet is a self-supervised network
for extracting depth-discontinuous edge, Alg. 1 provides
depth-discontinuous straight edges as the pseudo ground
truth. The point cloud is projected to the depth map via the
ground truth extrinsic matrix.

b) Calibration network: The calibration network pre-
dicts the rotation and translation errors between the camera
and LiDAR. We add a random deviation AT within the set
range.

B. Extraction of Depth-discontinuous Edges

The results of extracted depth-discontinuous edges are
visualized in Fig. 5. The first row is the original RGB image.
The second and the third row are computed by the Alg.
1 and DEdgeNet, respectively. The images in the second
row consist of discrete straight edges and the joints are not
smooth. The edges predicted by DEdgeNet are continuous
and smooth, which contain more complete and richer fea-
tures. Since DEdgeNet learns features from extracted straight
edges, and processing starts from the original image that are
not restricted by straight edges. In Alg. 1, we try to draw
lines of difffernt widths on the heatmap train DEdgeNet.
During the experiments, we found that different line widths
have a great impact on the edge extraction of the network.
When we set the line width to 1, DEdgeNet cannot extract
clear edges. Instead, the edges are thin and virtual. If the line
width is set to 3, there are many white noise points on the
heatmap. When the line width is set to 2, clear and accurate
results can be obtained.

C. Network for Calibration

Our calibration network is trained in five error ranges
{(1.5m,20°), (1.0m,10°), (0.5m,5°), (0.2m,2°), (0.lm,
1°)}. And we randomly initial extrinsic matrix in the max-
imum error range (translation error is £1.5m in each axis,
angle error is £20° in each direction). Results for multi-
ranges are shown in Table I and comparisons with other
learning-based calibration algorithms are shown in Table II.
Our method achieves a mean translation error of 0.247cm (X,
y, z: 0.258cm, 0.330cm, 0.153cm) and a mean angle error
of 0.028°(roll, pitch, yaw: 0.052°,0.014°,0.018°).

Compared to LCCNet[12], our method trains a new feature
extraction network DEdgeNet and keeps the features of RGB
image untouched. LCCNet repeatedly encodes RGB images
wastes computing power, and our method has obtained
similar results with the fixed RGB image features.
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Fig. 5.
heatmap of depth-discontinuous edge predicted by DEdgeNet.

The first row is the original RGB images. The second row is the extracted depth-discontinuous straight edge heatmaps. The third row is the

TABLE I
THE RESULTS OF THE MULTI-RANGE NETWORK ITERATION

. Translation(cm) Rotation(°)

Results of multi-range Et X Y z ER  Roll Pitch Yaw

Mean 18.253 12.473 8.974 7.640 0.771 0.098 0.255 0.241

After 20°/1.5m network ~ Median  16.613  13.012 10.296 7.361 0.580 0.121 0.280 0.223
Std. 8.491 8.313 3.818 5924 0970 0.070 0.087 0.100

Mean 11.880  4.658 4.423 3589 0.585 0.150 0.110 0.175

After 10°/1.0m network ~ Median  10.807 3.271 3.490 3817 0439 0.099 0.148 0.133
Std. 5.137 2.735 1.993 0.874 0.745 0.137 0.095 0.145

Mean 6.006 0.882 0.755 1.308 0.400 0.104 0.092 0.064

After 5°/0.5m network ~ Median ~ 5.538 0.387 0.714 1412 0299 0.082 0.082 0.031
Std. 2.865 1.000 0.483 0.785 0.649 0.046 0.052 0.062

Mean 1.889 0.945 0.397 2.074 0.284 0.111 0.049 0.026

After 2°/0.2m network ~ Median 1.500 0.760 0.373 2.103 0.213 0.075 0.040 0.033
Std. 1.624 0.929 0.301 1.074 0.632 0.094 0.053 0.021

Mean 1.109 0.247 0.330 0.153 0.159 0.052 0.014 0.018

After 1°/0.1m network ~ Median  0.802 0.218 0.307 0.137 0.109 0.070 0.010 0.013
Std. 1.137 0.242 0.147 0.125 0.624 0.086 0.013 0.008

The translation error and angle error are randomly initialized in (—1.5m,1.5m) on each axis and (—20°,20°) in
each direction, respectively. This table shows that our error becomes smaller after each network and it achieves
a mean translation error of 0.247cm and a mean angle error of 0.028°.

TABLE I
THE COMPARISON RESULTS WITH OTHER LEARNING-BASED CALIBRATION ALGORITHMS

. . Translation(cm) Rotation(°)

Method Mis-calibrated range mean X Y V4 mean Roll Pitch Yaw
Regnet[14] [—1.5m,1.5m]/[-20°,20° 6 7 7 4 0.28 0.24 0.25 0.36
Calibnet[13]  [-0.2m,0.2m]/[—10°,10° 4.34 4.2 1.6 7.22 0.41 0.18 0.9 0.15
Lccnet[12] [~1.5m,1.5m]/[—20°,20° 0.297 0.262 0271 0.357 0.017 0.020 0.012 0.019

Ours [—1.5m,1.5m]/[—20°,20° 0.247 0.258 0330 0.153 0.028 0.052 0.014 0.018

V. CONCLUSIONS

This paper presents a two-stage approach to solve the
calibration problem between the camera and LiDAR. We
consider the correspondence between 2D and 3D, using
a traditional edge feature extraction algorithm combined
with neural networks, which only encodes the reprojected

depth map and uses the feature matrix of RGB image from
DEdgeNet. Our method simplifies the calibration process
but still requires iterative optimization. When projected by
a random extrinsic matrix, the initial depth map has fewer
projected points and result depends on the environment
images are captured. The experimental results show the
superior performance of our method.
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