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Abstract— LiDAR-Camera online calibration is of great sig-
nificance for building a stable autonomous driving perception
system. For online calibration, a key challenge lies in con-
structing a unified and robust representation between multi-
modal sensor data. Most methods extract features manually
or implicitly with an end-to-end deep learning method. The
former suffers poor robustness, while the latter has poor
interpretability. In this paper, we propose CalibDepth, which
uses depth maps as the unified representation for image and
LiDAR point cloud. CalibDepth introduces a sub-network for
monocular depth estimation to assist online calibration tasks. To
further improve the performance, we regard online calibration
as a sequence prediction problem, and introduce global and
local losses to optimize the calibration results. CalibDepth shows
excellent performance in different experimental setups. Code is
open-sourced at https://github.com/Brickzhuantou/CalibDepth.

I. INTRODUCTION

LiDAR and camera are the two most widely used sensors
in autonomous driving perception systems. LiDAR point
clouds can obtain accurate positions, while image data
includes rich visual cues. Fusion of the two modalities
can largely facilitate downstream perception tasks such as
detection [1]-[3] and segmentation [4], [5]. In the process
of multimodal data fusion, the calibration matrix plays an
important role. Accurate calibration results can facilitate the
spatial alignment of point clouds and images at the data or
feature levels, thereby obtaining accurate and robust fusion
perception results.

The goal of the calibration task is to find the transfor-
mation matrix between the LiDAR and camera coordinate
system. The methods can be divided into two categories:
offline calibration [6]-[10] and online calibration [11]-[23].
Offline calibration relies on specific calibration markers
and requires human interaction for feature selection, which
is time-consuming and cannot automatically correct distur-
bance deviations in real time. For online calibration, tradi-
tional methods replace the feature extraction part of offline
calibration with some learning-based methods to extract
salient features from multimodal sensor data. However, the
robustness of these features is generally not good enough to
guarantee stability in different environments. In recent years,
end-to-end methods [14]-[20] based on deep learning have
demonstrated a powerful ability, which perform calibration
tasks by adding perturbations to the calibration parameters of
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Fig. 1. Our CalibDepth introduces a depth estimation module to build
a unified depth map representation for multimodal data, while previous
architectures extract features directly from the input image. We do iterative
refinement in an autoregeressive manner, and introduce LSTM to capture
the context information, while previous methods are one-shot or iteratively
calibrated with multiple pretrained networks.

existing datasets and then training a neural network to predict
the bias. Most of the deep-learning-based methods follow the
basic architecture shown in Fig. la to design the network.
Taking the original image and mis-calibrated depth map as
input, the whole process is generally divided into feature
extraction, feature matching and parameter regression. Most
works use a one-shot method [17], [19], [22] for calibration,
while some train multiple networks [15], [16], [20] for
iterative refinement.

One of the key points for online calibration is to build
a common feature representation, so as to capture the re-
lationships among multimodal features. It is natural to ask:
what kind of features are suitable for the LiDAR-camera
calibration task? Explicitly extracting features such as edges
[12], [13] or semantics [11], [21] suffers poor transferability
and robustness, while the features extracted implicitly in an
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Fig. 2. Expirical analysis on the impact of depth map representation for
the calibration task. We replace the RGB image in the general pipeline with

the ground truth depth map, and (b) shows the performance of these two
approaches on the three calibration evaluation metrics: lower is better.

end-to-end manner have the problem of poor interpretability.
Compared with edges or semantics, depth map could be
more suitable as a unified representation for online LiDAR-
camera calibration. On the one hand, it is natural to get
accurate depth information from LiDAR point clouds, on
the other hand, monocular depth estimation has been widely
investigated by previous studies [24]-[34]. Thus, LiDAR and
camera data can be easily aligned by the feat of the common
depth cues. To preliminarily test the idea, we conduct a
simple experiment based on part of KITTI [35] raw dataset.
As shown in Fig. 2, we first obtain the ground truth depth
map by point cloud projection, then use it to replace the
input image of the general architecture in Fig. la. Under
the same experimental setup, comparison results in Fig. 2b
show that Chamfer distance(15) and Geodesic distance(13)
are decreased by 76.2% and 62.2% using ground truth depth
map as input. This inspires us to estimate accurate depth of
the image to improve the calibration accuracy.

We propose CalibDepth, which introduces a sub-network
for supervised monocular depth estimation to assist the
online calibration task as shown in Fig. 1b. Without re-
lying on additional binocular estimation methods or depth
annotation ground truth, we complete the sparse depth map
obtained by LiDAR projection as the supervision data for
depth estimation and jointly optimize the depth estimation
and calibration tasks. In addition, we regard calibration as
a sequence prediction task, getting the calibrated action at
each step in an autoregressive manner, and use LSTMs [36]
to model contextual relationships in sequences.

In conclusion, our main contributions are as follows:

« We propose CalibDepth, an online deep learning cal-
ibration model with explicit depth supervision, using
depth map as a unified representation between point
cloud and image data, showing superior accuracy.

We model the calibration process as a sequence predic-
tion task, introducing LSTM to capture the contextual
relationship and outputting the calibration action of each
step in an autoregeressive manner. At the same time, we
design local and global loss functions to optimize the
sequence prediction results.

Our model exhibits superior performance under differ-
ent environmental setups designed for fair comparison.
Ablation experiments also demonstrate the benefits of
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our individual module designs.

II. RELATED WORK
A. Offline Calibration

Offline calibration methods rely on special calibration
objects, such as checkerboards [6], [7], spherical targets [9],
[10], V-shaped targets [8], [37], and so on. The LiDAR
and camera simultaneously capture the salient features of
these targets for feature matching, and then use the nonlinear
optimization method to regress the parameters. However, of-
fline calibration is often time-consuming due to the need for
specific calibrators and human selection for feature matching,
and cannot automatically correct the bias in dynamic driving
environments [12], [16].

B. Online Calibration

The online calibration method avoids manual feature se-
lection from special calibration objects. It can be divided
into two categories according to whether it is end-to-end.
Multi-stage methods use learning-based methods to complete
feature extraction, and then update calibration parameters
based on traditional optimization algorithms [11]-[13], [21],
[22], which often suffer the problem of cascading errors. The
end-to-end approaches [14]-[20] directly output calibration
results based on multimodal sensor data input. This kind of
method often suffers from poor interpretability due to the
lack of geometric constraints on intermediate features.

Iterative Refinement: Among learning-based methods,
one-shot methods [17], [22] are usually difficult to achieve
high accuracy. To deal with this problem, some works
[18] adopt an iterative training manner, while others [15],
[16], [20] refine the result with multiple networks trained
under different mis-calibration degrees. Different from these
approaches, we propose an autoregeressive iterative strategy
with LSTM capturing contextual information, and perform
local and global optimization to further improve the calibra-
tion accuracy.

Multimodal Data Representation: The representation of
multimodal data also has a great influence on the calibration
results. Edge [12], [13] and semantic mask [11], [21] features
have been widely used for calibration tasks. However, edge
features are easily affected by illumination and texture, while
the semantic features require rich semantic annotations. In
addition, some works try to optimize the calibration task by
introducing additional inputs. Guindel et al. [23] propose a
method to register both stereo cameras and LiDAR point
clouds to optimize the calibration task. Shi et al. [19]
introduce multi-frame images for motion estimation to assist
in optimizing calibration. NetCalib [22] is the first to take
depth map as the unified multimodal representation and
achieves excellent results, but it also introduces another
camera to calculate pixel depth through binocular disparity.
In this paper, we introduce a monocular depth estimation
sub-network to generate a unified depth map representation
explicitly for end-to-end online calibration, which not only
avoids the problem of cascading errors, but also enables the
model to obtain better interpretability.
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Fig. 3. Detailed network architecture of CalibDepth. The input image and point cloud firstly generate the predicted depth map and the mis-calibrated

depth map through the depth estimation module and projective transformation, respectively. Then the unified multimodal depth maps are sent to the feature
extraction, feature matching and parameter regression module to generate the rotation and translation vectors corresponding to the target transformation
matrix. The predicted transformation matrix of the current iteration is applied to the mis-calibrated depth map for correction, and the corrected depth map

will be the input of the next iteration.

C. Monocular Depth Estimation

The goal of the monocular depth estimation task is to
predict the depth value for each pixel in an image. According
to the training mode, it can be divided into supervised [24]—
[27], semi-supervised [28]-[30] and unsupervised [31]-[34]
methods. Supervised methods use the depth ground truth as
the supervision signal, but the acquisition of dense depth
label is generally difficult; unsupervised methods are usually
trained with scene geometric constraints between stereo pair-
wise images or monocular image sequences. We adopt a
semi-supervised training method, that is, the depth estimation
training is supervised by the depth completion result of the
point cloud projected sparse depth map.

To our best knowledge, we are the first to introduce
monocular semi-supervised depth estimation into the online
calibration task, which greatly improves the final calibration
performance.

III. METHOD

CalibDepth takes the RGB image and LiDAR point cloud
as input, generating unified depth map representation respec-
tively, and the following calibration process includes feature
extraction, feature matching and parameter regression. All
these processes are performed iteratively to generate highly
accurate calibration results. An overview of CalibDepth’s
architecture is shown in Fig. 1b.

A. Problem Formulation

Taking multimodal data as input, the goal of the online
calibration task is to calculate the extrinsic calibration pa-
rameters based on a rough initial value. Like [14]-[19], [22],
in order to obtain the training data for online calibration,
we apply a random transformation matrix T}..,q to the real
calibration matrix 7" to get the initial matrix 7;,;;. Then the
point cloud’s mis-calibrated depth map can be generated by:
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u
Ze | v | = K(TinitPr)(1~3) = K(Rinit P + tinit) (1)
1
L Rinit Linit
Tznzt - ( 0 0 0 1 > (2)

where Pjp represents the homogeneous coordinates of the
3-D LiDAR point P = (X,Y,Z), and z = (u,v) is the
corresponding 2-D projected point. K is the intrinsic matrix
of camera and Z. is an arbitrary scale factor related to
depth. The initial transformation matrix 7j,;; consists of a
rotation matrix R;,;; and a translation vector t;,;:. Then,
we take the randomly mis-calibrated depth map as the input
of the LiDAR branch, and the goal of online calibration is

equivalent to solving T;l}L 4 to correct the error.

B. Network Architecture

In this section, we detail the architecture of CalibDepth.
The illustration is shown in Fig. 3.

Depth Map Generation: For the point cloud branch, we
follow the method mentioned in section III-A to generate a
mis-calibrated depth map. For the image branch, we refer
to [34] to design the depth estimation module. ResNetl8
[38] without the last two blocks is firstly used to extract
multi-scale features of the image, and then MSFM module
composed of GRUs is introduced to iteratively complete the
depth estimation task with features of different scales. In each
iteration, the depth map decoder is composed of multiple
convolutional layers, and the decoded results are passed
through an upsampling module with learnable parameters to
obtain the final required resolution.

Different from [34], which uses geometric constraints
between multiple frames for self-supervised depth estima-
tion, we use the depth map results obtained by point cloud
projection as the supervised label for image depth estimation.
However, since the original depth projection results are rela-
tively sparse, we refer to the method of [39] to complement



the original sparse depth map and provide dense supervision
signals for monocular depth estimation tasks.

Feature Extraction: Both the image and point cloud
branches have generated unified depth map representations,
and this part employs symmetric modules to extract features
from their respective depth maps. For the point cloud branch,
we use the first three blocks of ResNet18 for feature extrac-
tion, and the obtained feature map is 1/8 of the input depth
map size. For the image branch, we also use the first three
blocks of ResNetl8 to extract features from the predicted
depth map. In addition, we take the feature map of the same
size obtained from the original image in the depth estimation
part as a residual and add it to the current features to get
the final feature map of the image branch. All the above
ResNet18 blocks are initialized with weights pretrained on
ImageNet.

Feature Matching: This part aims to capture the deviation
between feature maps obtained from multimodal data. Firstly,
the multi-modal feature maps obtained in the previous part
are concatenated along the channel dimension, and then we
use a NIN [40] block and a Residual block for further
feature extraction. The NIN block contains multiple 1x1
convolutions, which can be used to keep the structural
features information. For the Residual block, we replace all
the convolution layers with Deformable Conv [41] to increase
the receptive field and deal with different mis-calibration
degrees.

Sequence Generative Modeling: The final output of the
network is the rotation and translation vectors correspond-
ing to the predicted 7! .. Since the prediction accuracy
obtained by the one-shot method is not high enough, we
model the output as an action sequence of length [NV in an
autoregressive manner, as shown in Fig. 1b. In the current
n-th iteration, we firstly flatten the feature map obtained
by feature matching to get x,, and then obtain h, and
¢, through a two-layer LSTM module with hidden size
256. h,, is then sent to the parameter regression modules
corresponding to rotation and translation, each of which is
composed of two full connection layers with size 256 x 128
and 128 x 3, respectively. In addition, h,, and c¢,, are sent to
the next iteration as context information.

) o
f — g W( hn—l ) (3)
0 o T
g tanh
Cn:fQCn—l+i®g (4)
hn, = 0 ® tanh(cy) (5)
The predicted rotation vector 7, = (r4,7y,7.)7 and trans-
lation vector t,, = (tm,ty,tz)T will be converted into a

transformation matrix to perform a correction on the mis-
calibrated depth map. And the corrected depth map will be
used as the input for the next iteration to generate a more
refined calibration result. The Rodrigues formula is used to
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convert the rotation vector r,, to a rotation matrix R,, as
follows:

A 22
t—nsmﬁn + Tin
|70 1702
where 7, is the skew-symmetric matrix form of r,, and 6,
is the rotation angle. Then we can combine R, with ¢,
to get the current transformation matrix as the equation (2)
has been defined. The final predicted transformation is the
combination of each iteration:

-1 —1p—1 —1
Tt =Ty T Ty

R,=¢m =1+ (1 —cosb,) (6)

(7N
C. Loss Functions

As we introduce the monocular depth estimation to assist
the online calibration task, our loss function can be divided
into two parts: depth estimation loss and calibration loss.

Depth Estimation Loss: The depth estimation loss mea-
sures the deviation of the predicted depth map D from the
available ground truth D, at the pixels. And the dense
ground truth depth map is obtained by completing the sparse
point cloud projection map with the method of [39]. Inspired
by [30], we choose to use berHu loss || - ||5 to assign more
weights to larger depth biases.

Laeptn = Y, |ID(@) = Dy ()]s ®)
z€Qp
\d|,d <6
|d||5{ 2 g2 )
T d>4
1
0= ¢ maz(|D(z) - Dg:(2)]) (10)

Calibration Loss: As the calibration task has been mod-
eled as a sequence prediction problem, we introduce local
loss and global loss to optimize the final result. On the one
hand, the local loss can keep the calibration result of each
step as close to the ground truth as possible. On the other
hand, the global loss is introduced to ensure that the overall
result is accurate enough.

1) Local Loss: In each iteration, we use the SmoothL1
function defined in PyTorch to calculate the difference be-
tween the prediction and the ground truth separately on the
rotation vector and translation vector. Then we compute the
sum of all iteration steps as the local loss.

L; = SmoothL1(r;, ;) + SmoothL1(t;, t;) (11)
N

Liocal = Z L; (]2)
i=1

2) Global Loss: Global loss can help avoid divergence
between different iteration steps. We define it as the weighted
sum of multiple loss functions to optimize the results from
different perspectives.

The geodesic distance over SO(3) is computed to represent
the difference between the rotation matrices and the absolute
translation error is used as the second part of the global loss:

Tr(RTR) — 1)| 180

5 13)

Lep = |arccos(



L = |t — 1 (14)

where R and ¢ are the predicted rotation matrix and transla-
tion vector, while R and ¢ are the ground truth.
Chamfer distance can be used to evaluate the distance
between two point clouds 57, So, which is defined as follows:
Lep = in ||z —yll3 nllz—yl3 (15
co= Y. min ||z —yll3 + > minllz—yllz  (5)
€S YyES2
The final loss consists of a weighted sum of all the losses
mentioned above.
Loy = )\Ldepth +wlioeal + Lglobal
= ALgepth + wWLiocal + aLgp + BLy +vLcp
IV. EXPERIMENTS

(16)

We evaluate the proposed calibration approach on the
KITTI raw and KITTI odometry datasets. In this section, we
detail the dataset preparation, implementation process and
analysis the results of different experiments.

A. Dataset Preparation

Previous works use different data processing methods, and
we found it would have a great impact on the results. There-
fore, in order to make a fair comparison, we use different
environmental setups to compare with different works. As
shown in Table I, we use the same data processing methods
of CalibNet [18] and CalibDNN [17] to generate 24000 data
pairs from the sequence “2011.9.26” in KITTI raw for the
training of T1, and use the sequence "2011.9_30” for test. T2
is designed for comparison with NetCalib [22], using drive
0013, 0020 and 0079 in 72011926 for validation, drive
0005, 0070 for testing, and the rest for training. T3 keeps the
same setup as CalibRCNN [19], taking sequences 00-06 in
KITTI odometry for training and 2011926 in KITTI raw
for testing. T4 adopts the same data processing method as
LCCNet [15], with the sequences 01-20 in KITTI odometry
as the training set and 00 as the test set. All the initial
mis-calibrated ranges are also matched to the corresponding
works, respectively.

B. Implementation Details

Metrics: To facilitate comparison with previous work, we
convert the output rotation vector to Euler angles, and then
calculate the absolute error between the predicted value and
the ground truth in all dimensions of angles and translation
vectors, respectively. In the ablation study section, we choose
the chamfer distance(CD), geodesic distance(GD) and abso-
lute translation error(ATE) as the evaluation metrics.

Training Details: The original size of the image and mis-
calibrated depth map is 1242 x 375, we resize them to 512 x
256 as the input of our model. Keeping batch size to 6, we
train the proposed network on a single NVIDIA TITAN Xp
for a total of 50 epochs. We use the Adam Optimizer [42],
with a learning rate initialized to 1le~* and decreased by a
factor of 0.5 every 8 epochs. The weights of all loss functions
are set as: A = 0.05,w =10, = 0.1, 8 = 3, = 0.2. When
compared with LCCNet, we keep the iterative step size at 5,
and in other experiments, the step size is set to 3.
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C. Comparison to state-of-the-art

Baselines: We chose five different methods as baselines
and kept the same experimental configurations as them for
comparative experiments.

1) CalibNet: Following the general pipeline, CalibNet
[18] introduces photometric and point cloud distance loss
to supervise the calibration task. Furthermore, it applies a
simple iterative realignment method to refine the result.

2) CalibDNN: CalibDNN [17] is an one-shot method
which achieves great performance thanks to the exquisite
design of network architecture.

3) NetCalib: NetCalib [22] firstly obtains the depth map
with a stereo camera pair and then follows the general
pipeline to do calibration.

4) CalibRCNN: CalibRCNN [19] uses LSTM to extract
the temporal features between the input consecutive frames
and considers the geometric constraints to refine the calibra-
tion accuracy.

5) LCCNet: LCCNet [15] takes the correlation layer
from PWC-Net [43] for feature matching. To do itera-
tive refinement, it trains five different networks under five
different mis-calibration ranges: (20°,1.5m), (10°,1.0m),
(5°,0.5m), (2°,0.2m), (1°,0.1m). We chose the results of
the three-step iteration and five-step iteration as the baselines
for comparison.

Results: The comparison results with the baselines are
shown in Table II. Our CalibDepth outperforms all baselines
under the first three environmental setups, which suggests
that the introduction of a depth estimation sub-network
and reasonable iterative training design is indeed effective,
without using additional sensor information or multi-frame
input. LCCNet-5 achieves excellent calibration accuracy with
five different pretrained models to do iterative refinement.
But the performance comes at the cost of model memory.
Just iterating over a single model trained under the largest
mis-calibration range, our CalibDepth outperforms LCCNet-
3, which takes the first three models of LCCNet-5 to do cali-
bration. In addition, we calculated the number of parameters
for both models. The parameters of the first three models
officially open sourced by LCCNet are about 210 million,
while the total number of CalibDepth’s parameters is about
43 million, which means that CalibDepth can achieve higher
accuracy than LCCNet-3 with roughly 1/5 the number of
parameters.

We set batch size to 1 and test the inference speed on a
single NVIDIA TITAN Xp using PyTorch protobuf serving.
CalibDepth can achieve 32 FPS for a single iteration of
calibration together with depth prediction, which is accepted
to run in a real-time manner. The visualization performance
of the predicted depth map and the iterative calibration
results are shown in Fig. 4, which intuitively reflects the
convincing ability of CalibDepth.

D. Ablation studies

Depth Estimation Module: Table III shows the impact
of the depth estimation module in CalibDepth. The first
line corresponds to CalibDepth without the depth estimation



TABLE I
DIFFERENT ENVIRONMENTAL SETUPS

Name Dataset Disturbance range Training set Validation set Test set
Tl KITTI raw 10°,0.25m 24000 pairs in 9-26 / 9-30
T2 KITTI raw 10°,0.2m 9-26 without 0005,0070,0013,0020,0079 | 0013,0020,0079 in 9-26 | 0005,0070 in 9-26
T3 KITTI odometry 10°,0.25m 00-06 / 9-26
T4 KITTI odometry 20°,1.5m 01-20 / 00

RGB

Depth Label Depth Predicted Mis-calibrated

Fig. 4. Visualization of the predicted depth map and the calibration iterative process.

TABLE 11
COMPARISON RESULTS WITH OTHER ALGORITHMS

Rotation(°) Translation(cm)

Dataset Methods

Er Roll Pitch Yaw Ey X Y V4
Tl CalibNet 0410 0.180 0900 0.150 7.82 12.10 349 7.87
CalibDNN 0447 0150 099 020 610 550 320 9.60
CalibDepth 0348  0.180 0.682 0.181 475 666 112 648
T2 NetCalib 0523 0230 0970 0370 240 386 155 179
CalibDepth ~ 0.401 0114 0955 0133 079 107 058 073
T3 CalibRCNN ~ 0.675 0216 1330 0478 550 6.60 440 5.50
CalibDepth 0377 0113 0913 0147 145 180 108 148
T4 LCCNet-3 0324 0309 0330 0334 153 127 221 LIl
LCCNet-5  0.030 0.030 0.019 0.040 036 024 038 046
CalibDepth ~ 0.123  0.064 0226 0080 117 131 102 117
TABLE III
DEPTH ESTIMATION ABLATION
Method CD(m?) GD(°) ATE(cm)

w/o Depth Estimation 0.395 1.116 0.842

w/ Depth Estimation 0.297 0.992 0.792

w/ Depth Ground Truth 0.015 0.203 0.716

module and extracting features directly from the image.
After the introduction of depth estimation, the errors on
CD, GD and ATE are reduced by 24.8%, 11.1% and 5.9%,
respectively. We also do an experiment to extract features
directly from the ground truth depth map, and it is surprised
to find that the CD and GD could be reduced by 96.2%
and 81.8%. The results reveal that our depth estimation is
helpful indeed to increase the calibration accuracy, especially
on rotation related metrics. However, there is still a large gap
between the predicted depth map and the ground truth, which
greatly limits the calibration performance of CalibDepth.
Iteration Step Size: Here we test the effect of the step size
on the calibration results in the iterative process. As shown
in Table IV, when increasing the step size from 1 to 3, there
is a significant drop in all types of errors. However, when
the step size is increased to 5, though there is still a slight
decline for ATE, it is a struggle for CD and GD to achieve
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Iterl Iter2 Iter3 Ground Truth
TABLE IV
STEP SIZE ABLATION
Step Size CD(m?) GD(°) ATE(cm)
1 0.886 1.877 2.919
3 0.297 0.992 0.792
5 0.355 1.027 0.604
TABLE V
L0oss FUNCTIONS ABLATION
EXp. | Ldepth  Liocal  Lgiobal | CD(m?) GD(°)  ATE(cm)
1 v 0.441 1.229 0.742
2 v 0.354 1.052 1.233
3 v v 0.378 1.050 0.763
4 v v v 0.297 0.992 0.792

better results. This suggests that longer iteration steps does
not necessarily mean better, and compared to rotation, step
size is more friendly to translation-related metrics.

Loss Functions: Table V shows the impact of different
loss functions on the calibration task. From the results of the
first three experiments, we can learn that the rotation related
metric is more sensitive to global loss, while the local loss
plays an important role in reducing the absolute translation
error. Combining global and local losses can achieve better
overall results. Experiment 4 adds the depth supervision loss,
which further improves the calibration accuracy, especially
for the rotation. This further illustrates that explicit deep
supervision can lead to improved performance.

V. CONCLUSIONS

By introducing a depth estimation module with explicit
supervision and an iterative training strategy, our proposed
CalibDepth outperforms most online calibration methods,
demonstrating strong accuracy and interpretability. Further
experimental results also encourage us to explore better
unified depth map representations to achieve more accurate
calibration results.
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