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Abstract— LiDAR-camera calibration plays a crucial role
in autonomous driving. However, operation-induced factors
such as physical vibrations and temperature variations degrade
the pre-deployment calibration accuracy, leading to the envi-
ronmental perception performance deterioration. Recent re-
calibration methods have achieved online calibration without
a target board by leveraging the relative attributes of LiDAR
and camera. Nevertheless, we proposes a novel framework for
LiDAR-camera online calibration which employs a Transformer
network to learn crucial interactions between cameras and
LiDAR sensors. Additionally, our novel framework design en-
ables the effective calibration by utilizing correspondence point
information between the two sensors. This allows the utilization
of global spatial context and achieves high performance by
integrating information across modalities. Experimental results
indicate that our method demonstrates superior performance
compared to state-of-the-art benchmarks.

I. INTRODUCTION

Sensor fusion has recently drawn great research interest
in modern autonomous driving. In particular, the fusion of
camera and LiDAR has demonstrated promising results in
autonomous driving tasks like object detection [1]-[3], and
semantic segmentation [4]-[6] and object tracking [7]-[9]
according to the leaderboard rankings [10]. Such success is
attributed to their complementary nature: a LiDAR provides
precise spatial information, while a camera offers dense
context information. Accumulative operation-induced factors
like physical vibrations and sensor temperature fluctuations
can subtly shift their extrinsic parameters. However, the ac-
curate extrinsic transformation is the foundation of LiDAR-
camera data fusion.

Currently, the industry standard for LiDAR-camera cali-
bration primarily relies on manual offline tuning using target
boards such as checkerboards and polygonal boards. To ad-
dress such limitation, extensive research has been conducted
on the development of automatic extrinsic calibration meth-
ods in the driving environment, namely LiDAR-camera on-
line calibration. In traditional approaches, [11]-[13] propose
the information theory based methods, which determine the
extrinsic parameters by maximizing the similarity transfor-
mation. Various studies [14]-[16] estimate extrinsic param-
eters by identifying and matching features derived from the
static pair of LIDAR and RGB camera data or Structure from
Motion (SfM). Recently, owing to advancements in deep
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Fig. 1. The pipelines of LiDAR-camera online calibration. (a) Conven-
tional online calibration only utilizes local feature for estimating relative
pose. (b) In contrast, our online calibration uses global spatial context
(correspondence matching points) for predicting relative pose.

learning, LiDAR-camera online calibration has demonstrated
significant performance improvements. RegNet [17] is the
pioneer by integrating feature extraction, feature matching,
and global regression into a CNN network. The following
works employ various networks and strategies to improve
performance [18]-[21]. Unlike prior work, we propose a
novel framework for LiDAR-camera online calibration by
leveraging the spatial context of cross-modal sensor fusion.
Notably, it employs a Transformer-based module to learn
the critical interaction feature between correspondence points
from camera and LiDAR, as shown in Fig.1. This module
enables the utilization of global spatial context, leading to
high performance.

Our framework adopts the encoder-decoder architecture
of the Transformer. The encoder, as a self-attention net-
work, extracts local feature from the LiDAR depth image
and the camera image. The decoder, as a cross-attention
network, estimates the correlating points between the LIDAR
depth image and camera image, which uses a specific point
query from the image with integrating the local features
derived from the encoder. This integration of local feature
information from the encoder and spatial information from
the decoder benefits the extrinsic prediction network with a
richer feature representation.

o Addressing cross-modality divergence: We tackle the
challenge of cross-modality divergence between two
different sensors by proposing a novel learning method
that leverages a Transformer network. To achieve more
accurate predictions of corresponding points between
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cameras and LiDAR sensors, we design the learning
process to organically incorporate the information from
both sensors. By pre-computing the similarity between
the query point information from the camera and the
ground truth information from LiDAR, our Transformer
captures local features and predicted correspondence
information in a mutually reinforcing manner.

« Utilizing spatial information: Overcoming the absence
of spatial information, we train the Transformer de-
coder’s output feature on camera-LiDAR correspon-
dence. This enables the utilization of global spatial
context information. We calculate calibration-flow [21],
[22] information from the correspondence details, en-
hancing the incorporation of diverse spatial information.
Going beyond the use of spatial information alone, we
enhance performance by combining the local feature
information from the Transformer encoder with spatial
information, surpassing previous research.

« Unified modality learning: Through ablation studies,
we propose and analyze a method that compares the
performance of using only local feature information to
learning with a unified modality. Our findings reveal that
our proposed approach exhibits performance improve-
ments equivalent to or surpassing those achieved by
unified modality learning, providing valuable insights
into the calibration process.

To validate the proposed calibration framework, we con-
duct extensive experiments using the KITTI Raw dataset
[23]. The results demonstrate significant improvements in
both translation and rotation accuracy, point cloud alignment,
and feature matching, affirming the efficacy of our approach.

Our main contributions are summarized as follows: (1)
We leverage a Transformer in our calibration framework
to tackle cross-modality divergence between LiDAR and
camera. (2) We train the network by utilizing the global
spatial information from camera-LiDAR correspondence. (3)
Our proposed calibration framework shows promising perfor-
mance enhancements compared to single-modality learning
methods, as demonstrated by the results obtained in our
experiments.

II. RELATED WORK
A. LiDAR-camera calibration

According to the requirement of a target board or not,
the existing LiDAR-camera calibration methods are grouped
into 1) target-based calibration or 2) target-less calibration.
The target-based calibration is commonly used to detect both
intrinsic and extrinsic parameters with a target board during
the offline manufacturing stage. Several studies simplify the
calibration process and improve the precision [24], [25].
In contrast, target-less calibration aims to estimate extrinsic
parameters in real-time, also known as online calibration.
The mainstream of online calibration includes information
theory based methods, feature based methods and learning
based methods.

Information theory based methods aim to find the opti-
mized statistical model that maximizes the similarity between

the joint histograms of several common attributes, such
as reflectivity, intensity, gradient magnitude and orientation
extracted from LiDAR and camera [11]-[13], [26]. Infor-
mation theory methods are highly dependent on selecting
appropriate attributes, However, their accuracy is affected by
environmental factors such as occlusion and shadows.

Feature-based methods leverage the extracted geometric,
semantic, or motion features to establish the correspondences
between point clouds and images [14]-[16], [27]. While
these methods show promising performance by adopting
well-established feature extraction methods, their reliance on
representations from LiDAR and camera can lead to mis-
alignment. Meanwhile, LiDAR and camera capture distinct
characteristics of the environment and the feature extraction
can be affected by noise and occlusion.

Given the growing volume of training data for cameras and
LiDAR, along with the possibility of end-to-end inference,
recent research is utilizing deep learning to enhance the
accuracy of pose parameters in target-less online calibration.
Early works leverage the extraction of features from both
2D projected LiDAR images and camera imagery in a bid to
predict poses [17], [18], [28]. Despite these strides, they fell
short in performance when compared with non-deep learning
methodologies and necessitated cumbersome fine-tuning and
iterative enhancements to produce acceptable results from
CNN-based models. Evolving from these early research
methodologies, a method to extract similarity between the
features of LiDAR and cameras has been proposed [19], [29].
These papers also explicitly use the similarity relationship
between the features of the two sensors for calibration.
However, there is still a limitation of losing intermediate
features extracted CNN-based backbone network. Contem-
porary trends in LiDAR-camera calibration have shifted to-
wards addressing the multi-modal problem. This is achieved
by predicting the depth of the camera image first, followed
by the prediction of pose parameters via feature matching
with sparse LiDAR depth images [30], [31].

Unlike previous works, our work is the first to integrate a
Transformer encoder-decoder architecture to explicitly utilize
both local feature information and global spatial information.
We leverage the Transformer network to not only capture
local feature attributes in the encoder but also predict corre-
sponding points in the LiDAR depth image that align with
the query point in the Transformer decoder. This approach
enables us to utilize a greater amount of features when
predicting pose parameters, thereby yielding superior results
compared to previous works.

B. Correspondence matching using Transformer

Originally designed for natural language processing,
Transformer networks [32] are now used in various fields,
including image processing. They have proven effective in
identifying image correspondences. Transformers excel in
image processing due to their ability to consider the context
of the entire input. This allows each pixel to be understood
within the image’s overall structure, aiding in identifying
image correspondences [33]-[35].
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data (converted into 2D depth information). 2) The transformer encoder processes these inputs and outputs local feature information. This output, along
with corresponding point query information, is then inputted into the decoder, which predicts corresponding point pairs between the two images. 3) The
regressor network learns relative positioning information using the local feature information (output from the Transformer encoder) and the global spatial
information (output from the Transformer decoder). 4) Finally, the point cloud data from the LiDAR is adjusted using the learned relative positioning

information.

The COTR methodology [36] uses a Transformer to find
correspondence points between different images effectively.
The study demonstrates that the Transformers can identify
correspondences more quickly and accurately than traditional
methods. Inspired by COTR [36], our work utilizes an
algorithm within the Transformer decoder to predict cor-
responding points in two images. This approach is crucial
for accurate correspondence identification in LiDAR-camera
auto-calibration, as it plays a significant role in calibrating
extracted geometrical constraints.

Extending the COTR methodology, our objective was to
strategically extract queries within the Transformer frame-
work. Through the preliminary identification of similarity
relations between desired query points from camera imagery
and mis-calibrated points from LiDAR, we leveraged these
as the respective queries and key-value pairs within the
Transformer. This methodology not only significantly im-
proved prediction accuracy but also efficiently mitigated the
challenge of cross-modality divergence.

III. METHOD

We propose a novel approach for LiDAR-camera online
calibration, as illustrated in Fig.2. In this section, we dive
into the details of design components, focusing on the rep-
resentation strategy in encoder, the architecture of decoder,
and the method to aggregate local feature and global spatial
context.

A. Preliminaries

For robotic or autonomous systems, we consider a setup
comprising both a camera and a LiDAR sensor, crucial for
perception and mapping tasks. The relative spatial relation-
ship between those sensors is defined by an initial calibration
matrix M;,;; € SE(3). The initial calibration progressively
misaligns during operation due to several factors, such as
vibration, temperature changes, and mechanical stress.

To quantify the miscalibration, we employ a decalibration
matrix Mgeeq € SE(3) that delineates the deviations from
the initial calibration [37]. Then, a corrected calibration
matrix is defined by the composite transformation with the
initial calibration and decalibration matrix, i.e., M.t Miccal,
indicating the actual transformation between the sensors. We
learn a calibration network fp to estimate the decalibration
matrix Mgecq;- The calibration network f, takes an RGB
image I and a depth image D as inputs, captured from
the camera and LiDAR, estimating the decalibration matrix:
Myeear := fo(I, D). The depth image D is computed by
projecting LiDAR points to the image plane with the trans-
formation M, ;+ M4ecq; and a camera intrinsic matrix [37].

To train the calibration network with diverse training sam-
ples, we randomly generate decalibration matrices Mjecq; as
labels. We encourage the calibration network to minimize
the discrepancy between the predicted calibration matrix
Minithecal and the actual calibration matrix M;,;: Mgeccals
i.e., Mdecal ~ Mdecal-

B. Representation of local feature and global spatial context

Point cloud 2D-view augmentation: To address the
limitations of sparse depth maps resulting from projecting
a 3D point cloud onto a 2D view, we employ a bilateral
filter [38] on LiDAR data. This filter enhances the depth map
density by considering texture information and spatial dis-
tance, effectively smoothing the map while preserving edges.
The bilateral filtering algorithm demonstrates to be a robust
approach for improving the quality of depth information.

Transformer encoder: The Transformer network inte-
grates the dense depth map, represented as D and acquired
through bilateral filtering, with the original camera image
I, to form the input data. This fusion is mathematically
articulated as:

Input

concat

= Concat(D, I), (1
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Fig. 3. Extraction of camera query points context. We calculate distance
between camera points (u,v,z) and mis-calibrated LiDAR 2D points
(u’,v’,2") and then generate high-similarity query points for the Trans-
former decoder.

where the function Concat(-) denotes the concatenation op-
eration between the two inputs.

Subsequently, the Transformer network employs self-
attention on the combined input to extract local feature
information, as depicted by the expression:

Eoy = Self-Attn (Input,,,,,) , 2)

where the term Self-Attn(-) references the self-attention
mechanism [33], [36], and E,,; denotes outputs of Trans-
former encoder. This process enables the Transformer net-
work to effectively extract local features from the combined
input, encompassing information from both the LiDAR depth
image and the camera image.

Transformer decoder: The Transformer decoder takes the
output from the encoder E, as its input and simultaneously
utilizes the features of query points extracted from the cam-
era image. The primary objective is to predict corresponding
points in the dense depth map for the given camera image
query points. As in Fig. 3, we extracted reliable query points
with high similarity from both the camera’s image and the
mis-calibrated LiDAR depth image. The details of query
points extraction are as follows:

1) We use the ground truth calibration parameters to
transform the LiDAR point cloud into the camera coor-
dinate system, where points P(u,v,z) are considered as
the reference. 2) We empirically select a subset of points,
P = {pi(u,v,2) € P(u,v,2) | 2; < Zinreshold }» based on
their depth values. 3) We then apply the intended mis-
calibration parameters to the LiDAR point cloud and obtain
the corresponding points P’(u’,v’,2"). From this set, we
select the subset of points P}, (u/,v’, z’). 4) From the set
of corresponding point pairs (P (u, v, 2), Pl (v, v, 2')),
we select the top K point pairs, Pgub opk (U, v, z) and
Pl opk (W0, 2), with the smallest Euclidean distance
between them. 5) Here, Py 1opk (4, v, 2) represents the query
points, while P{; . (u,v', 2") serves as the ground truth.
This allows for reducing the depth error of corresponding
points, thereby increasing the accuracy of the prediction.

As we mentioned in Equation 2, E,, represents the
output from the encoder, and @), denotes the features of
query points extracted from the camera image. The attention
mechanism [33] first computes the dot product between the

Transformer
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Global spatial features,

(matching point) — Pose regressor

Calc. calib flow

Global spatial features .
(calibration flow) %

Fig. 4. Fusion module of local feature and global spatial features.
Concatenation of local feature, global spatial features (matching point), and
global spatial features (calibration flow) as the fused feature for the pose
regressor(Translation/Rotation MLP).

query matrix @), and the transpose of the output embeddings
matrix F,,:. This result is scaled by the square root of dj,
where dj, is the dimensionality of the query and key vectors.
The combination of these inputs for the attention of decoder
is expressed as:

T
Attn = softmax (QPE"‘“> Eout. (3)
Vi

The Transformer decoder, through attention and subse-
quent layers, processes this combined input to predict cor-
responding points in the dense depth image from camera
query points. This process uses the Transformer’s capability
to focus on relevant information from the encoder output and
query points, facilitating the prediction of associated points
in the dense depth image.

Local-global aggregation: As shown in Fig.4, we lever-
age the local feature extracted by the Transformer encoder
and the corresponding point pair information predicted by
the Transformer decoder. Furthermore, we incorporated the
feature of the calibration flow [22] to provide a global spatial
context. we define calibration flow which represented as
the deviation from camera points (u,v,z) to LIDAR points
(u’,v',2"), serves as a crucial step in aligning LiDAR and
camera data. Contrary to other studies [21], [22] that directly
predict calibflow, our approach of predicting corresponding
points and calculating deviation allows for a more compre-
hensive and sophisticated global spatial context.

After aggregating local feature and global spatial context,
we employ a Multi-Layer Perceptron (MLP) network to pre-
dict calibration parameters. The MLP uses the concatenated
local feature, corresponding points, and calibration flow as
input. It then estimates translation and rotation adjustments,
effectively refining and optimizing local feature and global
spatial context.

By combining the strengths of Transformer-based atten-
tion mechanisms with MLP regression, our proposed online
calibration network demonstrates robustness in learning and
predicting intricate relationships between local features, cor-
responding point pairs, and translation/rotation parameters
essential for accurate sensor fusion and calibration. The
comprehensive integration of these components contributes
to the advancement of sensor calibration methodologies in
3D perception systems.
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C. Loss functions

The overall loss function L is defined as a weighted com-
bination of different components, each addressing specific
aspects of the calibration framework:

L= Lpos + LP + Lc, (4)

where, the components are delineated as follows:

o Regression loss (L,,;): This component encapsulates
the regression loss associated with the translation and
rotation parameters of MLP network output.

o Point cloud distance loss (L p): This component cor-
responds to the loss related to the distance between
predicted and ground truth point clouds.

o Correspondence loss (Lc): This component involves
the distance loss associated with the prediction of cor-
respondence points of the Transformer decoder.

Regression loss: The total regression combines the trans-
lation and rotation losses:

Lpos = ATLT + )\RLR, (5)

where L7 is translation loss and Lp is rotation loss. Ay
and Agr denotes weight of translation loss and rotation loss
respectively.

For the translation loss L, the smooth L1 loss is applied
to ensure a stable optimization process. Unlike the L1 loss,
the smooth L1 loss addresses the issue of non-uniqueness
in the derivative at zero, enhancing training convergence.
This loss function exhibits smooth behavior, especially in
the vicinity of zero, attributed to the incorporation of the
square function.

LT = SmOOthLl(tgt, tp'red)v (6)

where t,; denotes translation vector of ground truth and ¢,,¢q
denotes predicted translation vector.

Concerning the rotation loss Lg, quaternions inherently
represent directional information, and using Euclidean dis-
tance may not accurately capture the distinction between
two quaternions. Therefore, we opt for angular distance to
quantify the dissimilarity between quaternions, expressed as
Lr = Dqu(qet, @prea), Where gy denotes the ground truth
quaternions, gpreq i the predicted quaternions, and D, rep-
resents the angular distance function.

Point cloud distance loss: The Point Cloud Distance Loss
(ApLp) is defined as the dissimilarity between the ground
truth LiDAR point cloud gt and the point cloud obtained by
re-projecting the predicted point cloud through the inverse
transformation matrix of the predicted extrinsic parameters.
Mathematically, this loss term can be expressed as:

Lp = \p-|lgt — P(P(gt))], (7)

where P represents the projection function, P is the re-
projection function using the inverse transformation matrix
of the predicted extrinsic parameters, and Ap is the asso-
ciated weight for this loss term. This formulation captures
the distance between the ground truth and the re-projected

predicted point clouds, contributing to the overall calibration
framework loss.

Correspondence loss: Building upon prior research [36],
we utilize the following expressions for the correspondence
matching distance:

Leor = ||x0—Fp(x\I,D)||§ ®)
Leyae = ||13—FF(FF(Ilva)lﬂD)IIg, 9

where Lo quantifies errors in correspondence estimation, I,
D represents camera image and LiDAR mis-calibrated depth
image respectively, x, xo denotes query point and ground
truth of query point of camera image (image I) respectively,
Fr represents the re-projection function. Similarly, Leycie
enforces cycle-consistency among correspondences. Com-
bining these terms, the correspondence matching distance is
expressed as:

LC = )‘C(Lcorr + Lcycle)-

The weights A, Ar, Ap, and A\¢ enable fine-tuning the
emphasis placed on each component during the optimization
process. The comprehensive combination of these loss com-
ponents contributes to the effective training of the calibration
framework.

(10)

IV. EXPERIMENTS
A. Dataset preparation

Following [31], [37], we train and evaluate our model
on a subset of the KITTI Raw 09_26 dataset, consisting of
24,000 samples. To simulate mis-calibration, we randomly
modify translation with £0.25 meters and rotation with £10
degrees. The performance test is then conducted on divergent
test sets including:

o Test set No.1 (T1): KITTI raw 0926 (6000 samples);

o Test set No.2 (T2): KITTI raw 09_30 (1600 samples);

o Test set No.3 (T3): nuScenes v1.0-test (6008 samples).

T2 assesses the generalization capability and robustness
of our model across different scenes within the KITTI
raw dataset. Additionally, T3 verifies the robustness of our
model on the nuScenes dataset. These test sets consistently
indicate that our model demonstrates stable performance
across diverse conditions and environments.

Fig. 5. visualizes the qualitative results and ground truth
values from the KITTI dataset. It also displays the interme-
diate inference of correspondence points. The improvement
in calibration parameter inference results is significantly
attributed to these correspondence points, as inferred by the
Transformer decoder.

B. Training details

We train our model on a single NVIDIA RTX 3090 GPU
with a batch size of 10. The input image sizes are resized
to 512 x 256. The initial learning rate is set to le-4, and
it decays by half every 30 epochs. We utilize the AdamW
optimizer [39] for training. The loss weights for translation,
rotation, point cloud distance, and correspondence matching
distance are set as 2.0, 1.0, 0.5, and 1.0, respectively. The
total training epoch is set to 250.
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Fig. 5. Qualitative results of predicted correspondence points and results.
TABLE I TABLE III
CALIBRATION RESULTS (T1) CALIBRATION RESULTS (T3:NUSCENES)

Translation(cm) Rotation(deg) Translation(cm) Rotation(deg)
Method mean X Y Z mean Roll Pitch Yaw Method mean X Y V4 mean Roll Pitch Yaw
RegNet [17] 6 7 7 4 0.28 0.24 0.25 0.36 CalibDepth [31] 12.78 7.57 21.13 9.64| 7.02 8.88 4.69 7.49
Calibnet [28] 7.82 12.10 3.49 7.87| 0.410 0.150 0.900 0.180 Ours 12.55 6.29 23.28 8.08| 4.19 5.92 443 2.21

0.428 0.199 0.640 0.446
0.210 0.110 0.350 0.180
0.200 0.100 0.380 0.120
0.178 0.105 0.397 0.034

CalibRCNN [19] | 5.30 6.20 430 5.40
CalibDNN [20] 5.07 3.80 1.80 9.60
CalNet [37] 3.03 3.65 1.63 3.80
Ours 291 1.64 579 1.30

TABLE 11
CALIBRATION RESULTS (T2)

Translation(cm)
Method mean X Y Z
CalibRCNN [19] | 5.73 7.80 3.20 6.20

Rotation(deg)
mean Roll Pitch Yaw
0.97 021 221 0.50

CalibDNN [20] 6.10 550 320 9.60| 0.450 0.15 0.99 0.20
CalNet [37] 495 4.84 259 7.42| 0400 0.15 091 0.15
CalibDepth [31] 475 6.66 1.12 6.48| 0.348 0.180 0.682 0.181
Ours 3.81 3.24 3.93 4.25| 0.240 0.086 0.361 0.280

C. Metrics

To measure the accuracy of the translation vector, we
employ the Euclidean distance between vectors, defining the
absolute error as:

Et = ||tpred_tgl||2a (11)

where, ||-||2 denotes the 2-norm of a vector. Furthermore, we
evaluate the absolute error of the translation vector separately
in the X, Y, and Z directions.

Rotation representation is facilitated through quaternions,
serving as directional indicators. Utilizing quaternion angle
distance, we delineate disparities between quaternion repre-
sentations. For the assessment of angle errors in the extrinsic
rotation matrix across three dimensions, we transform the
rotation matrix into Euler angles. These combined metrics
provide a comprehensive assessment of the auto-calibration
performance.

D. Experimental results

The quantitative results of T1 are shown in Table I. We
compares the accuracy results between proposed model(ours)
and the auto-calibration algorithms proposed in prior re-
search based on deep learning models.

Table II presents the accuracy comparison results T2. The
results of T2 indicate that our approach achieves higher
accuracy in translation error(mean), with a precision of 0.94

cm, and in rotation angle(mean) with a precision of 0.108
degrees than CalibDepth [31].

Indeed, Table III determines the robustness of the model
through the nuScenes dataset. Table III measures the in-
ference performance of the nuScenes data through the pre-
trained model of CalibDepth [31] and our proposed model.
Through these experiments, it was confirmed that the infer-
ence performance on different datasets is also superior to
other models.

E. Ablation study

We conduct the ablation study to investigate two aspects:
1) Discerning the impact of Transformer decoder data
on performance: we aim to understand how the inclusion of
data from the Transformer decoder influences performance.
2) Evaluating the performance impact of the Transformer
network in resolving multi-modality issues: our goal
is to assess how the Transformer network contributes to
addressing challenges related to multi-modality. The ablation
study results are shown in Table IV.

In case 1, we evaluated the model performance with only
local feature encoder. In case 2, we employ both global
and local features while using LiDAR range-view depth im-
ages directly without image depth estimation. The improved
performance demonstrates the importance of utilizing both
global and local features in the model. Additionally, we adopt
the image depth estimation, and it turns out the translation
performance degrades comparing to ours. In other words,
the LiDAR range-view depth images can replace the image
depth estimation without performance loss.

F. Limitation analysis

While our Transformer-based method outperforms exist-
ing CNN-based methods in overall performance, it exhibits
worse in predicting Y-axis translations. To explain this
discrepancy, we conducted a thorough analysis including
the characteristics of the input images and the properties
of Transformers. We first observed that images in driving
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TABLE IV
ABLATION STUDIES RESULTS

L Transformer Encoder  Transformer Decoder . .
Case Image Depth Estimation (local feature) (global spatial feature) Translation (E;) Rotation (E'R)
1 v 4.35 0.40
2 (ours) v v 4.18 0.39
3 v v v 493 0.37
scenarios have unique inherent characteristics: the variance [4] Z. Zhuang, R. Li, K. Jia, Q. Wang, Y. Li, and M. Tan, “Perception-
of pixel responses along the X-axis is greater than along the aware rr}ultl—sensor fusion for 3d lldé?.l' semantic segmentation,” in
. . . . . . Proceedings of the IEEE/CVF International Conference on Computer
Y-axis, which is also mentioned in [40]. The self-attention Vision, 2021, pp. 1628016 290.
network, functioning as a low-pass filter, enhances the char- [5]1 L. Zhao, H. Zhou, X. Zhu, X. Song, H. Li, and W. Tao, “Lif-seg:
acteristics of local features but also has the potential to distort Lidar and camera image fusion for 3d lidar semantic segmentation,”
tlier information [41]. These two factors combined lead IEEE Transactions on Multimedia, 2023.
outlier 1 - _ . [6] J. Cen, S. Zhang, Y. Pei, K. Li, H. Zheng, M. Luo, Y. Zhang,
to relatively larger Y-axis translation errors. Notably, this and Q. Chen, “Cmdfusion: Bidirectional fusion network with cross-
limitation is a Signiﬁcant ﬁndlng revealed in our experimental modality knowledge distillation for lidar semantic segmentation,”
. . IEEE Robotics and Automation Letters, vol. 9, no. 1, pp. 771-778,
results, and presents a potential research opportunity. 2023
v [71 K. Huang and Q. Hao, “Joint multi-object detection and tracking
- CONCLUSION with camera-lidar fusion for autonomous driving,” in 202/ IEEE/RSJ
By employing a Transformer encoder and decoder, our International Conference on Intelligent Robots and Systems (IROS).
’ TEEE, 2021, pp. 6983-6989.
method can select and learn both local features and global [8] X. Wang, C. Fu, Z. Li, Y. Lai, and J. He, “Deepfusionmot: A 3d multi-
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