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Abstract—A fusion of multi-sensor has been utilized widely for
improving the environment perception in autonomous vehicles
and robot navigation. Calibration is an essential procedure for
preprocessing the data fusion between multiple sensors. Most
target-based calibration techniques require manual works and
specific calibration targets to achieve high accuracy. It gradually
becomes outmoded for Light Detection and Ranging (LiDAR)
and camera with the development of deep learning techniques.
This paper proposed an online LiDAR-camera calibration that
automatically predicts the extrinsic parameters by taking advan-
tage of convolutional neural networks (CNNs). We take depth
maps of stereo camera prediction and depth maps of the LiDAR
projection as two separated branches as inputs for the proposed
network. Unlike the current CNN-based calibration method,
we construct a cost volume of the correlation between two
corresponding pixels of depth maps in stereo camera and LiDAR,
respectively. The proposed model gains a reasonable capability
to adjust to different initial calibration error ranges. We evaluate
the proposed architecture on the KITTI dataset and achieve 0.378
degree in rotation error and 2.353cm translation error.

Index Terms—sensor fusion, LiDAR, stereo camera, supervised
learning, deep-learning,

I. INTRODUCTION

In the last decade, multi-sensor fusion has developed rapidly
in many applications such as object detection, 3D reconstruc-
tion, classification, and depth prediction. LiDAR and camera
are the most widely used sensors to provide accurate and stable
perception for the surrounding environment. While LiDAR
obtains the spatial depth information with high accuracy, it
lacks color and texture information at low resolution. The
camera brings the benefits of high-resolution RGB images but
no distance information. Therefore, calibration is an essential
preprocessing of data fusion to ensure the precision to trans-
form the LiDAR coordinate to camera coordinate.

Most early LiDAR-camera calibration methods [1-3] used
specific calibration targets and complex manual setups to
extract the 2D-3D corresponding feature to find the external
parameters. However, these methods operate offline and are
not suitable for running in real-time for the autonomous
vehicle. Deep learning techniques [4-7] are raising currently to
give accurate calibration between LiDAR-camera through the

driven-data source collected in real-time (KITTI) [9] which
does not require any specific calibration target or manual
setups. In this paper, we proposed a novel deep learning
network to automatically estimate the 6 DoF transformation.

Our design consists of a stereo depth map estimated by
a stereo camera and a LiDAR depth map projected from the
point cloud as inputs. The network extracts multiscale features,
the correlation layer is used to match the information from
both multiscale features of LiDAR and stereo camera. Then,
to predict the transformation, we stack two fully connected
layers for global regression and a loss function to optimize
the learning process.

II. METHODOLOGY

In this section, we introduce our proposed model for es-
timating extrinsic calibration with stereo and LiDAR depth
maps as inputs. This work aims to find the rigid transformation
by minimizing the loss function compared to the ground truth.
The ground truth consists of projected depth maps from the
3D point clouds to the image plane, which provides the same
depth at each arbitrary pixel location of the depth map derived
from the stereo camera. The data representation of the network
inputs, the network architecture, and the training are discussed
in detail in the following sections.

A. Data Representation

The first input of our network is the stereo depth maps.
Based on the known intrinsic and extrinsic parameters of stereo
cameras, the depth information of a point from the left-right
camera can be calculated as the following equation:

depth =
B.f

disparity
(1)

where B and f are the baseline and focal length of the stereo
camera, respectively, and the disparity is the difference of two
corresponding pixels present for the same point in the world
coordinate. By given initial LiDAR-camera transformation
Hinit and camera intrinsic K, we can project each 3D point
cloud Pi = [Xi, Yi, Zi] ∈ R3 into a virtual image plane
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Fig. 1. The working flow of the proposed model.

with corresponding pixels pi = [ui, vi] ∈ R2. The projection
process is described as follows:

Zinit
i .pi = K.Hinit.Pi

Hinit =

[
Rinit tinit
0 1

]
(2)

where Rinit and tinit are the initial rotation matrix and
translation vector of the transformation Hinit. At each pixel
pi the depth value Zinit

i is preserved. If the pixel does not
match any LiDAR point, this pixel will be set as zero.

B. Network Architecture

The proposed network architecture includes of three parts
to solve the tasks of feature extraction, feature matching and
global regression of the calibration. Since the three parts are
merged as one CNN but with different parameter for each part,
the network can be trained end-to-end. The working flow of
the network is shown in the Fig.1 and the function of each
part will be described as following section

1) Feature extraction: The depth maps of the RGB pre-
diction and LiDAR projection are calculated individually as
mention in the previous section. However, the formats of
the depth maps are different because of two different sensor
modalities. Since the depth map are pre-processing individ-
ually mentioned in previous section. The data is calculated
in different senors with different modalities. There are two
parallel feature extraction network to use to extract the rich
features and reduce their dimensions. The output of the final
feature maps will be down-sampled by six times and has 196
channels which extract the high-level features of the original
inputs.

2) Feature Matching: The feature maps are concatenated
along the channel dimension after extracting features from
both input modalities. This network is motivated by PWC-Net
[12] who introduces a correlation layer for feature matching.
A cost volume is constructed to calculate the matching cost for
connecting depth value of a pixel in the RGB depth prediction
branch xrgb

D with its corresponding pixel in depth feature
maps projected from LiDAR xlidar

D . The matching cost can
be defined as:

cv(p1, p2) =
1

N
(c(xrgb

D (p1)))
T c(xlidar

D (p2)) (3)

where c(x) is the flattened vector of the feature map x and T
is the transpose operator, N is the length of the column vector
c(x). For different level of the pyramid layer setting, the cost
volumes is needed to compute with a limited range of d pixels,
i.e., |p1−p2|∞ ≤ d. The size of feature maps (conv6 in PWC-
Net) are very small. Therefore, we set the value of the range d
to be small. The dimension of the 3D cost volume cv(p1, p2)
is d2 × H × W, where H and W are denoted as the height
and width of the final pyramid feature maps xrgb

D and xlidar
D ,

respectively.
3) Global Aggregation: According to the regression net-

work, it consits of two fully connected layers with 512 neurons
and 256 neurons to regress the rotation and translation. The
output of the network is 1x4 rotation rpred and 1x3 translation
vector tpred. The results of the estimated rotation rpred and the
estimated translation tpred can be evaluated by calculating the
loss function compared to the ground truth with well-calibrated
scenes.

C. Loss Function

Given an input pair of a depth image predicted by RGB
image Drgb and a depth image projected from LiDAR point
cloud Dlidar, we used the following loss function described
as Eq. (4):

L(Drgb, Dlidar) = λ1Lr(Drgb, Dlidar) + λ2Lt(Drgb, Dlidar)
(4)

where the Lr(Drgb, Dlidar) is the rotation loss and the
Lt(Drgb, Dlidar) is the translation loss, λ1 and λ2 denote
the respective loss weight to the rotation and translation loss.
According to the rotation loss, the predicted rotation and
the ground truth present in quaternions which are difficult
to evaluate through Euclidean different distance between pre-
diction and the ground truth. Therefore, we need to present
the difference between quaternions into angular distance to
evaluate the rotation loss:

Lr = Da(rgt, rpred) (5)

where rgt and rpred are the ground truth and prediction of
quaternion, respectively. Da is the angular distance of two
quaternions [4] For the translation lossm we use a smooth
L1 loss [8] which is much smoother regarding to the square
function’s usage near zero.

III. EXPERIMENT AND RESULT

A. Experimental Setup

1) Dataset: Our proposed network is evaluating on the raw
branch of the KITTI dataset [9]. The ground truth of the
extrinsic parameters are provided by [11] for each sensor. The
camera depth will be generated by using the left and right
images of the camera images. The depth maps of the LiDAR
will be obtained by projecting point cloud into a virtual image
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Fig. 2. The initial calibration

Fig. 3. The calibration result

plane with random initial transformation Hinit and known
intrinsic parameters of the camera K. There are 15967 frames
for training and 4541 frames for testing. The testing set is
spatially separated from the training set.

2) Evaluation Metrics: The calibration results are evaluated
regarding to the rotation and translation errors of the predicted
extrinsic parameters compared to the ground truth transforma-
tion. The rotation error can be described as follows:

Er = Da(rgt ∗ inv(rpred)) (6)

Da(m) = atan2(
√
b2m + c2m + d2m, |am|) (7)

where {am, bm, cm, dm} is four components of the quaternion
m, and * denotes as the quaternion multiplication and inv
presents the inverse of a quaternion. The translation error is
evaluated by the difference of the Euclidian distance between
the predicted translation vector and the ground truth. It can be
expressed as follows:

Et = ||tgt − tpred||2 (8)

3) Training Details: We implemented our model with Py-
Torch (1.10.1) and trained on a RTX 3060 GPU. During the
training, we choose Adam Optimizer [10] with learning rate
1e−4 with batch size 24 and total epoch 100.

B. Results and Discussion

In this section, the visual results of the calibration are
shown in the Figs. 2 and 3.We sampled the decalibration in
range of [-20◦, 20◦] / [-1.5m, 1.5m]. TABLE I expresses that
our method is superior to other architecture due to the same
training dataset. However, it still contains a large gap between
our performance and the state-of-the-art CFNet in both rotation
and translation errors. After investigating, the reason for the
performance differences is the iterative calibration refinement.
By predicting the calibration flow and valid 2D-3D corre-
sponding set, CFNet applies the EPnP algorithm with the
RANSAC scheme to refine the initial extrinsic parameters,
which improves the extrinsic calibration accuracy after five
times refinement. Despite not having the best performance,

TABLE I
COMPARISON WITH OTHER METHODS

Methods Rotation (◦) Translation (cm)

Roll Pitch Yaw X Y Z

CFNet [13] 0.059 0.110 0.092 1.025 0.092 1.042

Ours 0.105 0.21 0.19 2.82 2.35 1.89

CalibRCNN [14] 0.19 0.64 0.44 6.2 4.3 5.4

CalibNet [6] 0.15 0.9 0.18 4.2 1.6 7.22

our proposed architecture points out some improvements com-
pared to other models with a mean calibration error 0.378◦ in
rotation and 2.353cm in translation.

IV. CONCLUSION

In this paper, we have proposed a novel method for 3D
LiDAR-Camera extrinsic calibration using a deep neural net-
work. By extracting the depth maps of the stereo camera
and LiDAR point cloud, the model construct a cost volume
between two depth maps. Our model achieves an improvement
in performance comparing to other methods.
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