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Abstract

Although the fusion of images and LiDAR point clouds is
crucial to many applications in computer vision, the relative
poses of cameras and LiDAR scanners are often unknown.
However, due to the modality and domain gap between im-
ages and LiDAR point clouds, Image-to-Point Cloud Reg-
istration is a significant challenge, especially when the im-
age and point cloud come from non-synchronized frames.
To tackle these issues, we introduce the virtual point cloud
as a bridge to alleviate the cross-modality gap between
images and LiDAR point clouds. In this way, the modal-
ity gap is converted to the domain gap of point clouds.
Moreover, we introduce a virtual-spherical representation
achieving orthogonal decoupling between pixel location
and predicted depth. As for the domain gap, we propose
a distribution-based adaptive sample module to generate
a unified distribution of two types of point clouds. Then,
we explore the correct correspondence pattern consistency
and prune the false correspondences through a graph-based
selection process. Experimental results demonstrate that
our method outperforms the state-of-the-art methods by
more than 10.77% and 12.53% performance on the KITTI
Odometry and nuScenes datasets, respectively. The re-
sults demonstrate that our method can effectively solve non-
synchronized random-frame registration.

1. Introduction

Image-to-Point Cloud registration is a fundamental research
topic in 3D computer vision, which is widely applied in
many applications, such as 3D reconstruction [1], robotic
localization [2], and autonomous driving[3]. The objective
of registration is to predict a rigid transformation aligning
images and point clouds. Compared to the registration be-
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Figure 1. Registration recalls on KITTI [8] dataset when compared
with the same-frame and non-synchronized random-frame of the
Image and LiDAR point cloud for registration.

tween images and point clouds generated by RGBD cam-
eras in indoor environments, outdoor scenarios are more
challenging due to the larger modality gap between the im-
ages and point clouds captured by LiDAR. The significant
relative poses of cameras and LiDAR scanners are difficult
to estimate by traditional single modality registration [4, 5]
or regress-based self-calibration methods [6, 7].

Previous methods [9, 10] utilized MLPs [11] on the point
clouds branch and CNNs [12] on the images branch sep-
arately and generate 2D-3D correspondences by matching
them in feature space. However, the modality gap between
features may lead to impaired 2D-3D candidate correspon-
dences due to a lack of structure and geometric consistency.
To this end, recent works have started to utilize the virtual
point cloud [13, 14] or voxel [15, 16] as a bridge to alle-
viate the modality gap, which improves the Image-to-Point
Cloud registration performance effectively. Nevertheless,
these methods still suffer from the domain gap caused by the
distribution difference between the intermediate modality
data and LiDAR point clouds. Moreover, existing methods
require the point cloud and image from the same frame for
registration; when they come from non-synchronized ran-
dom frames, which is very common in practical scenarios,
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Figure 3. The pipeline of our proposed graph-based Image-to-Point Cloud registration method. First, the image is transformed into a virtual
point cloud through depth estimation. Then, LiDAR and virtual point cloud are represented in virtual-spherical representation. After that,
the distribution-based adaptive sample module is leveraged to get a unified distribution of point clouds. The graph-based correspondence
selection module is constructed based on the consistency of the correspondence feature pattern and generates correct correspondences.

geometric space and feature space. Recently, intermediate
modality data, such as voxel and virtual point cloud, have
been introduced as a bridge to alleviate the modality gap.
VP2P [15] constructs voxel-to-pixel correspondences and
introduces the differentiable probabilistic PnP Solver for
end-to-end optimization. Freereg [13] utilizes depth esti-
mation to generate the virtual point cloud and construct the
3D correspondences based on pre-trained diffusion models.
However, these methods fail to get robust registration when
the image and point cloud come from non-synchronized
random frames due to a lack of reliable correspondences.

2.3. Online Automatic Self-Calibration
Learning-based Online automatic self-calibration aims to
regress the initial transformation matrix with a series of
pairs of images and LiDAR point clouds as input. Lc-
cNet [6] projects mismatched LiDAR point clouds onto
depth images, together with the same-frame images. Cal-
ibDepth [41] combines the monocular depth estimation and
self-calibration task together for the training process. Zhu
et al. [42] introduce graph neural network to improve the
cross-modal regression performance by enhancing the fea-
tures representation. However, learning-based online au-
tomatic self-calibration methods are designed in regression
style to estimate very slight mis-calibration within 20◦ for

rotation and 1.5m for translation. Furthermore, these meth-
ods require a series of images and LiDAR point cloud from
a synchronized frame as input. In contrast, our method can
predict the relative pose with a single pair of the image and
LiDAR point cloud as input even if they are captured from
the different frames, which is much more challenging.

3. Method

3.1. Overview
In this paper, we propose a graph-based Image-to-Point
Cloud registration method composed of three main stages:
bridging the domain gap, feature extraction and fusion,
and graph-based correspondence selection, as Fig. 3 shows.
Firstly, we convert the image to the virtual point cloud uti-
lizing a zoe-depth [43] as FreeReg [13]. Then, a virtual-
spherical representation and a distribution-based adaptive
sample module are introduced to bridge the domain gap
between the LiDAR and virtual point clouds. Specifically,
both point clouds are transformed into the virtual-spherical
representation space to decouple the depth direction and
pixel plane. Furthermore, we introduce an adaptive distribu-
tion sample module based on the maximum likelihood esti-
mation (MLE), ensuring that both point clouds exhibit sim-
ilar distribution and patterns. Secondly, LiDAR and virtual
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Figure 4. Compared with the different sample strategies, the
distribution-based adaptive sample can better maintain the distri-
bution and pattern of the original point clouds.

point clouds with unified distribution are input KPConv-
based [44] feature extraction and fusion stage to generate
coarse correspondence based on point features and descrip-
tors matching. Thirdly, we construct a graph-based cor-
respondence selection module to filter reliable correspon-
dences based on their pattern consistency. We design cor-
respondence selection loss to enhance the consistency of
the correspondence and reject false pairs. Finally, given fi-
nal correspondences with features, we perform rigid motion
computation via singular value decomposition (SVD) [45].

3.2. Virtual-Spherical Representation
Following the previous works [13, 14], we utilize depth es-
timation to generate the virtual point cloud as the bridge to
convert the modality gap between the image and point cloud
to the domain gap between two different types of point
clouds. To further alleviate the domain gap, we design a
virtual-spherical representation, a 3D latent space for regis-
tration in spherical coordinates to replace traditional Carte-
sian coordinates. In particular, we exploit the 3D spherical
representation where the basis is defined by azimuth, eleva-
tion, and range. Then, we transform the virtual point cloud
3D location (u, v, d) into (θ, φ, r) where the θ is azimuth,
φ is elevation, and r stands for the distance the between
the point cloud and camera plane. The strength of the pro-
posed spherical representation lies in the decoupling of the
direction (θ, φ) and distance (r) components, ensuring their
orthogonality by design, in contrast to the entanglement
present in the Cartesian representation. Moreover, we re-
size the virtual point cloud in the r axis to the LiDAR point
cloud scale to mitigate the errors introduced by monocular
depth estimation methods. Therefore, the virtual-spherical
representation decouples point cloud position and distance,
effectively alleviating the impact of errors caused by non-
synchronized random-frame registration.

3.3. Distribution-based Adaptive Sample
Given the LiDAR point cloud X ∈ RM×3 and the vir-
tual point cloud Y ∈ RN×3, we further alleviate the do-

Figure 5. Based on the CFD matrix, we generate the graph adja-
cency matrix when threshold ε = 0.5. Then, we prune the false
correspondence 2 and 4 through GNN.

main gap utilizing the distribution-based adaptive sample
module to generate unified distribution. Unlike previous
works[46, 47] that modeled the distribution of LiDAR point
clouds in terms of distance as a normal distribution, we
found, by calculating the Kullback-Leibler (KL) divergence
between the fitted distribution and the ground truth distribu-
tion, that a log-normal distribution on in the r more closely
approximates this distribution. As the direction and dis-
tance of the point cloud are orthogonal, the overall distribu-
tion can be represented as a log-normal distribution along
the r axis in the virtual-spherical representation. For the Li-
DAR point clouds x(θ, φ, r) ∈ X , the distribution on axis
r is X∼LN(µ, σ2), and probability density function is:

f(x;µ, σ) =
1√
2πσr

e
(ln r−µ)2

2σ2 . (1)

Then, we apply the MLE to estimate µ̂ and σ̂ for LiDAR
point clouds. The log-normal MLE function is:

∂ lnL(µ,σ2)
∂µ = 1

σ2

n∑
i=1

(ln ri − µ) = 0

∂ lnL(µ,σ2)
∂σ2 = − n

2σ2 + 1
2σ4

n∑
i=1

(ln ri − µ)
2
= 0

. (2)

According to the Eq. 2 and we get the µ̂ and σ̂ for the Li-
DAR point clouds probability density function:

µ̂ = 1
n

n∑
i=1

ln ri

σ̂ =

√
1
n

n∑
i=1

(ln ri − 1
n

n∑
i=1

xi)
2 . (3)

Then, we sample the LiDAR and virtual point cloud
based on the distribution of LN(µ̂, σ̂2), which unified the
distribution of two different types of point cloud. As
Fig. 4 shows, the distribution-based adaptive sample mod-
ule makes the virtual point cloud more similar to the LiDAR
point cloud in distribution and patterns compared to the ran-
dom sample and depth-based adaptive sample.

3.4. Graph-based Correspondence Selection
We establish the 3D-3D correspondences according to the
point features of two types of point cloud descriptors and
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reproject them back to the image to generate coarse 2D-3D
correspondences. Given two correspondences Ci = (xi, yi)
and Cj = (xj , yj), we denote the position descriptor dis-
tance as:

dij =
∣∣∥xi − xj∥2 − ∥yi − yj∥2

∣∣ . (4)
Then, we define the pair-wise feature distance of correspon-
dence as:

Sdist(Ci, Cj) = Fs(
(fCi − fCj ) · dij

σcd
), (5)

where fx and fy are the feature of the point, fC = fx − fy
is the feature of the correspondence, Fs is a sinusoidal func-
tion proposed by [48], and σcd is a hyperparameter that can
tune the sensitivity of feature distance variations. Inspired
by the recent work [49], we conduct KNN based on the cor-
respondence feature distance (CFD) matrix to construct the
original graph. The graph is denoted as G = (V, E), where
nodes are correspondences and edges are represented by the
adjacency matrix E . As the Fig. 5 shows, we construct ad-
jacency matrix E based on the CFD matrix. For feature dis-
tance threshold ε, if the correspondence Ci and Cj in the
same cluster, and distance Sdist ≤ ε, the weight of that edge
would be 1; otherwise, the weight would be the 0. We adopt
2 layers of graph neural network (GNN) to make the reliable
correspondence features get closer on the same edge and re-
ject false correspondences. The GNN layer is defined as:

F (l+1) = ReLU
(
D̃− 1

2 ÃD̃− 1
2F (l)W(l)

)
, (6)

where F (l) is the correspondence features, D̃− 1
2 ÃD̃− 1

2 is
the normalized adjacency matrix, and W(l) is the projec-
tion matrices. After graph-based learning, the consistency
of the correct correspondences gets better by pruning the
false correspondences in the original graph.

3.5. Loss Function
The loss function for our end-to-end training can be divided
into two parts: coarse correspondence generation loss and
graph-based globe correspondence selection loss. As for the
first part, we apply circle loss Ldesc proposed in [50, 51] to
supervise the point-wise position descriptor as follows,

Lposn. =
1

N

N∑
k=1

log[1+
∑
i∈cp

exp(λi
p(d

i
k −mp))

·
∑
j∈ĉn

exp(λj
n(mn − djk))],

(7)

where dik =
∥∥fxi

− fyj

∥∥
2

denotes distance in feature space,
and mp, mn are positive and negative margins, respectively.
The weights λi

p = θ(dik −mp) and λj
n = θ(mn − djk) are

learning parameters for each positive and negative exam-
ple. As for the second part, we utilize contrastive loss to su-
pervise graph learning. False correspondences are pruned
based on the CFD in the feature space, while correct cor-
respondences have better consistency in pattern. We intro-

duce correspondences selection loss Lsel to supervise this
process as follows,

LSel. = −
N∑
i=1

log
exp(Wyif

i
g + byi)∑K

k=1 exp(Wkf i
g + bk)

, (8)

where yi is the true label of correspondece feature f i
g , K

donotes the group number of the correspondecnes, and N is
mini-batch size. Then we get the combined loss fuction as,

L = Lposn. + αLSel.. (9)
where α is hyper-parameters, balancing the impact of posi-
tion match loss and correspondence selection loss.

4. Experiment
4.1. Datasets
We follow previous works [9, 10, 14–17, 39] to conduct
experiments on two widely used outdoor benchmarks, i.e.,
the KITTI Odometry [8] and nuScences [52] datasets. On
both datasets, the images and point clouds are captured
simultaneously with 2D cameras and 3D LiDARs. We
evaluate the performance of our proposed method for both
the same-frame pairs and non-synchronized random-frame
pairs Image-to-Point Cloud registration.

KITTI Odometry [8]. We follow the train/test split in
DeepI2P [9], utilizing the 0-8 sequences for training, and
9-10 for testing. Besides, similar to DeepI2P [9], we gen-
erate the non-synchronized frame pairs by randomly se-
lecting image and point cloud frame within ±10m. The
random mis-registration transformation is conducted with a
2D translation on the ground within ±10m and a rotation
around the up-axis within [−2π, 2π]. The image size was
set to 160×512 as[15] and the point cloud size to 40960
during training and testing, respectively.

nuScenes [52]. We follow the setting utilized in CorrI2P
[10] to build point clouds set at the size of radius 80m. Fur-
thermore, we leverage the official SDK to generate non-
synchronized image-point cloud pairs, where the image
frame and point cloud frame initial position are within
±10m. We follow the official data split of nuScenes to uti-
lize 850 scenes for training and 150 scenes for testing. The
mis-registration transformation setting is conducted in the
same way as the KITTI dataset. We downsample the image
resolution to 160×320 as [15] and the point cloud size to
40960 during training and testing, respectively.

4.2. Experimental Settings
Evaluation Metrics Following the previous works [9, 16],
we evaluate the performance of the Image-to-Point Cloud
registration with widely used metrics: Relative Translation
Error (RTE), Relative Rotation Error (RRE), Registration
Recall (RR). As for the Inlier Ratio (IR), unlike the single
modality registration task, we take the correspondence as
the inlier if the distance between the projected point and
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Table 1. The Image-to-Point Cloud registration experimental results on the KITTI [8] and nuScenes [52] datasets on the same-frame
setting. Lower is better for RTE and RRE, higher is better for RR. The best results are indicated in bold.

Method Type KITTI nuScenes
RTE(m) ↓ RRE(◦) ↓ RR(%) ↑ RTE(m) ↓ RRE(◦) ↓ RR(%) ↑

vpc + GeoTransformer[5] Point-to-Point 3.43 ± 5.86 6.15 ± 11.37 70.34 2.08 ± 2.75 4.30 ± 3.41 42.87
vpc + Hunter Point-to-Point 4.12 ± 12.61 5.35 ± 8.80 53.67 2.57 ± 2.40 3.78 ± 4.03 48.65
DeepI2P(2D) [9] Image-to-Point 3.59 ± 3.09 7.56 ± 7.63 25.95 2.68 ± 2.02 4.80 ± 6.21 40.10
CorrI2P [10] Image-to-Point 3.78 ± 65.16 5.89 ± 20.34 62.42 3.04 ± 12.48 3.73 ± 9.03 49.00
VP2P [15] Image-to-Point 0.75 ± 1.13 3.29 ± 7.99 84.04 0.89 ± 1.44 2.15 ± 7.05 88.33
2D-3D Matr [38] Image-to-Point 0.82 ± 1.38 1.98 ± 2.36 93.10 1.36 ± 1.69 1.77 ± 2.17 90.62
RetrI2P [14] Image-to-Point 0.67 ± 0.94 2.89 ± 3.21 86.72 0.67 ± 0.87 1.84 ± 3.41 89.47
FreeReg [13] Image-to-Point 0.95 ± 1.05 2.06 ± 3.21 91.68 - - -
CFI2P [16] Image-to-Point 0.63 ± 1.19 1.72 ± 2.58 97.15 0.86 ± 1.47 1.83 ± 1.28 95.23
GraphI2P(Ours) Image-to-Point 0.32 ± 0.81 1.65 ± 1.32 99.61 0.49 ± 1.22 1.73 ± 1.63 99.48

Table 2. The Image-to-Point Cloud registration experimental results on the KITTI [8] and nuScenes [52] datasets on the non-synchronized
random-frame setting. Lower is better for RTE and RRE, higher is better for RR. The best results are indicated in bold.

Method Type KITTI nuScenes
RTE(m) ↓ RRE(◦) ↓ RR(%) ↑ RTE(m) ↓ RRE(◦) ↓ RR(%) ↑

vpc + GeoTransformer[5] Point-to-Point 4.27 ± 7.14 8.67 ± 8.55 35.28 4.08 ± 2.65 6.30 ± 3.41 16.77
vpc + Hunter Point-to-Point 4.59 ± 5.22 6.23 ± 5.17 38.61 3.75 ± 4.07 4.22 ± 3.40 31.90
DeepI2P(2D) [9] Image-to-Point 5.15 ± 7.35 9.14 ± 8.02 10.67 4.85 ± 5.19 7.15 ± 5.82 23.36
CorrI2P [10] Image-to-Point 4.24 ± 7.26 6.47 ± 5.20 42.31 4.29 ± 5.05 6.40 ± 4.26 36.79
VP2P [15] Image-to-Point 2.05 ± 3.23 4.01 ± 6.37 73.04 - - -
2D-3D Matr [38] Image-to-Point 1.86 ± 3.79 2.59 ± 4.46 83.93 - - -
RetrI2P [14] Image-to-Point 1.61 ± 2.39 3.16 ± 2.85 79.17 1.73 ± 2.34 3.42 ± 3.41 77.50
FreeReg [13] Image-to-Point 1.78 ± 1.76 2.89 ± 4.47 83.68 - - -
CFI2P [16] Image-to-Point 1.95 ± 2.97 2.63 ± 3.19 84.63 1.89 ± 3.44 3.20 ± 3.53 81.05
GraphI2P(Ours) Image-to-Point 0.68 ± 0.95 1.91 ± 2.04 95.40 0.83 ± 1.40 2.21 ± 3.26 93.58

ground-truth pixel is smaller than a threshold τd as follows,

IR =
1∣∣∣C̃∣∣∣

∑
(ui,pi)∈C̃

[[∥∥ui −Fp(KT̄pi)
∥∥ ≤ τd

]]
, (10)

where [[·]] is the Iversion bracket and C̃ is the estimated
correspondences set, T̄ is the transformation matrix (i.e.,
T̄ = [R̄|̄t]), and K is the camera intrinsics. We follow
the VP2P [15] evaluation metrics to report the RTE, RRE,
and RR performances rather than to follow the CorrI2P
[10] settings, which removes the image-point cloud samples
with serious errors before averaging. We further report the
registration recall as VP2P [15] setting, which is the propor-
tion of fine registrations with RTE < 2m, RTE < 5◦ on the
KITTI and nuScenes datasets.

Compared methods. We compare our method with the
state-of-the-art Image-to-Point Cloud registration methods
CFI2P [16], and VP2P [15]. Moreover, as our method in-
troduces a virtual point cloud as a bridge to alleviate the
modality gap, we compare it to the Point Cloud-to-Point
Cloud registration methods, such as GeoTransformer [5]
and Hunter [31]. We also compare to the indoor state-
of-the-art Image-to-Point Cloud registration method such
as 2D3D-Matr [38]. To further verify the superiority of
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𝜏𝑑 (Pixel) (Pixel) 𝜏𝑑
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)
IR
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)
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Figure 6. Curves of IR across different thresholds. The first
row is the results of the same-frame setting on KITTI and
nuScenes datasets. The second row shows the results of the non-
synchronized random-frame setting on both datasets.

our proposed method, we also compare it with the depth
estimation-based methods FreeReg [13] and RetrI2P [14].
We evaluate all available methods in the same-frame setting
and non-synchronized frame setting.

Implementation details. Our registration framework
first employs a pre-trained depth estimation model from
zoe-depth [43], to generate dense depth maps and then con-
vert them to virtual point clouds. To avoid the impact of
the sky in the image in cross-modality registration, we fol-
low the previous work [9, 10, 15] settings to crop the top
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tion methods. The results in Tab. 1 and Tab. 2 reveal that
classic Point-to-Point methods are unsuitable for applica-
tion on virtual point clouds due to the significant domain
and distribution gap between the real LiDAR and virtual
point clouds. Besides, for a more detailed comparison of
the registration performance, we demonstrate the IR of the
correspondences between the image and point cloud with
different threshold τd in pixels in Fig. 6. As a result, our
method can achieve satisfactory cross-modality registration
performance compared with existing methods, especially
when the image and point cloud are from different frames.

Qualitative comparison. We conduct a qualitative
comparison with the recent state-of-the-art Image-to-Point
Cloud registration methods such as CorrI2P [10], VP2P [15]
and CFI2P [16] on KITTI and nuScenes datasets non-
synchronized random-frame setting as Fig. 7 and Fig. 8
shows. For visual comparison, the point cloud is projected
into images with the extrinsic parameters predicted by com-
pared methods. Most of the initial offset of the input im-
age and point cloud pairs is much larger than 75◦ and 10m.
We highlight the regions with significant discrepancies be-
tween the point cloud and the image using boxes, which si-
multaneously contain the marker object in both modalities.
The larger boxes in the same row demonstrate more serious
mis-registration. As observed from Fig. 7, we can observe
that registration becomes more challenging in scenes lack-
ing distinct landmarks, such as the first rows. Thanks to
the adaptive sample module, our method performs better in
different road environments where the streetlights and cars
demonstrate that only our method achieves relatively satis-
factory registration performance in the scenarios with more
sparse point clouds, as Fig. 8 shows.

4.4. Ablation Study

The effect of each component of the framework. The im-
portance of each component introduced in GraphI2P Sec. 3
is evaluated by ablating the method in Tab. 3. We conduct
the ablation study with the non-synchronized random-frame
setting on the KITTI dataset. Specifically, we compare three
different variations: (1) w/o V-S. Repre. is the variation
removing the virtual-spherical representation module and
conducting the experiment in Cartesian coordinate; (2) w/o
A-D. Sample is the variation removing the adaptive distribu-
tion sample module; (3) w/o Graph Sel. is the variation re-
moving the graph-based correspondence selection module.
The results are demonstrated in Tab. 3, from which we can
observe that our full framework achieves the best perfor-
mances in overall variations. Such results prove the effec-
tiveness of each component in our framework. Moreover,
we can observe that the graph-based correspondence selec-
tion module plays the most important role in our framework,
followed by the A-D sample module.

The effect of input point cloud density. We further

Table 3. The effect of each component of the framework.

RTE(m)↓ RRE(◦)↓ RR(%) ↑
w/o V-S. Repre. 0.86 ± 1.90 2.28 ± 2.46 90.07
w/o A-D. Sample. 1.33 ± 1.52 2.61 ± 1.94 84.81
w/o Graph Sel. 1.63 ± 2.51 3.12 ± 3.29 80.25
Full 0.68 ± 0.95 1.91 ± 2.04 95.40

explore the impact of the LiDAR point cloud density on
our method performance with an on-synchronized random-
frame setting on the KITTI dataset. The results in Table 4
show the trends of the registration recall decreasing with the
density dropping. We can observe that when the point cloud
density falls below a certain threshold, the registration per-
formance significantly degrades. When the point cloud den-
sity exceeds 10,000 points, our method outperforms other
methods, even these methods utilize more points. There-
fore, when resources are limited, we can sample at least
10,000 points as a sufficient choice.

Table 4. The effect of point cloud density.

Point RTE(m)↓ RRE(◦)↓ RR(%).↑ IR(%)

5120 2.83 ± 4.14 3.58 ± 4.83 75.81 8.47
10960 1.37 ± 1.84 2.48 ± 0.94 87.85 39.18
20480 0.91 ± 1.34 2.37 ± 1.94 93.64 46.28
40960 0.68 ± 0.95 1.91 ± 2.04 95.40 70.63

5. Conclusion
In this paper, we introduce a graph-based Image-to-Point
Cloud registration method, which can effectively solve the
non-synchronized random-frame registration. In this way,
the modality gap is converted to the domain gap of point
clouds by introducing the depth estimation. Moreover, we
propose a virtual-spherical representation and distribution-
based adaptive sample module to narrow the domain gap
between virtual and LiDAR point clouds. Then, we explore
the reliable correspondence pattern consistency through a
graph-based selection. Experimental results demonstrate
that our method outperforms the state-of-the-art methods
with 10.77% and 12.53% performance on the KITTI Odom-
etry and nuScenes datasets in non-synchronized random-
frame settings, respectively. More experiments on 3D ran-
dom rotation should be conducted in the future.
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