
International Journal of Computer Vision         (2026) 134:333 
https://doi.org/10.1007/s11263-026-02921-0

End-to-End LiDAR-Camera Calibration via Multi-Modal
Correspondences Estimation and Explicit BEV Alignment

Lorenzo Cipelli1 · Filippo D’Addeo2 · Emanuele Ghelfi3 ·Marcello Ceresini1 · Andrea Bertogalli1 ·
Federico Pirazzoli1 ·Massimo Bertozzi1

Received: 7 January 2026 / Accepted: 11 June 2026
© The Author(s) 2026

Abstract
In this work, we present a Bird’s Eye View (BEV) Alignment approach for the LiDAR-Camera calibration task. Building upon
previousBEV-basedwork,we extract sensor-wiseBEV features from each inputmodality using domain-specific architectures.
Then, we employ a CNN-based encoder to align the two BEVs and estimate the calibration matrix. However, corresponding
2D and 3D features may be spatially distant in BEV space, and as a consequence the encoder alone might struggle to
learn the height dimension and estimate the correct registration matrix. To address this, we introduce an implicit alignment
step to cross-attend the downsampled 3D features with those from RGB for computing point-to-pixel correspondences and
estimating a coarse calibration matrix. To improve the implicit alignment, we also enforce the prediction of correct point-
to-pixel correspondences by direct supervision of the similarity matrix computed into the cross attention module. Then, the
coarsely aligned 3D features and the RGB features are fed to the BEV Alignment step, in which the CNN-based encoder
refines the coarse estimate into a final, more accurate calibration matrix. Notably, both the steps are optimized in an end-
to-end fashion. Our method significantly outperforms previous point-to-pixel matching methods, achieving state-of-the-art
calibration accuracy. On the KITTI and nuScenes benchmarks, our method reduces the Relative Rotation Error (RRE) by
74% and 79%, and the Relative Translation Error (RTE) by 90% and 95%, respectively, compared to previous methods.

Keywords Target-less lidar-camera calibration · Learning-based calibration · Image-to-point cloud registration · Transformer-
based calibration · Sensor fusion
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1 Introduction

Image-to-Point Cloud registration (Fig. 1) is crucial formany
application in Autonomous Driving, 3D Computer Vision,
Augmented/Virtual Reality, and robotics domains. The goal
is to estimate the rigid transformation, in terms of rotation and
translation, that precisely aligns the projection of a LiDAR
point cloudwith a referenceRGBcamera image. Earlyworks
(Li & He Lee, 2021; Ren et al., 2023) focus on extracting
2D and 3D features from RGB images and point clouds to
establish 2D-3D correspondences. However, these methods
often struggle with matching image and point cloud features,
as different modalities and architectures do not inherently
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produce a shared feature space for seamless featurematching.
To address this challenge, several attempts have been made:
Zhou et al. (2023) introduce a new voxel-based branch to
learn related representations, Bie et al. (2025) use virtual
point cloud tomatch corresponding representations of points,
Li et al. (2025) introduce correspondence queries to extract
keypoints, and Yuan et al. (2025) leverage a BEV space to
fuse the features from both the input modalities.

In this work, inspired by the detection literature (Philion
&Fidler, 2020; Harley et al., 2023; Li et al., 2024; Yang et al.,
2023; Lang et al., 2019; Yin et al., 2021), we choose to fol-
low the idea proposed by Yuan et al. (2025) to employ Bird’s
Eye View (BEV) space for fusing the RGB and LiDAR fea-
tures. As matter of fact, we aim to generate two BEV feature
representations of the same scene, one from a sparse LiDAR
point cloud and the other from an RGB image. However, in
contrast with (Yuan et al., 2025), we further choose to for-
mulate the Image-to-Point Cloud task as a Bird’s Eye View
alignment task, rather than leverage BEV features only for
fusing the two input modalities, since the two BEV repre-
sentations capture semantically related scene structures even
if they are derived from different modalities. This way, we
can accommodate rotations up to ±360◦ as required by the
standard point-based LiDAR-Camera calibration benchmark
(Li & He Lee, 2021; Ren et al., 2023; Zhou et al., 2023; Bie
et al., 2025; Li et al., 2025).

The BEV alignment task is achieved by fusing the height
dimension of the two BEVs together with the channels
dimension of the two top views and feed them to a con-
volutional encoder, which is trained together with a rotation
and translation heads to predict the rigid transformation that
aligns the LiDAR point cloud with the RGB image. Notably,
at this stage,we do not explicitly align the twoBEVs. Instead,
we let the convolutional encoder implicitly learn the calibra-
tion parameters from the mis-aligned BEV feature maps by
supervising the whole network only with the ground truth
rigid transformations.We argue that this is feasible due to the
large receptive field of CNNs, which enables a global under-
standing of the BEV feature maps and allows the model to
reason about the scene geometry for an accurate calibration.

Although this strategy seems to be already effective as
proven by our experiments in Section 4.4, a key improve-
ment can be done by reasoning on non-standard benchmarks.
Indeed, due to any given initial mis-registration, correspond-
ing image and point cloud features may be spatially distant
in BEV space, and the BEV Alignment alone might struggle
to learn the height dimension and estimate the correct regis-
tration matrix. For this reason, we propose a novel Implicit
Alignment module to estimate an intermediate registration
matrix to leverage the BEV formulation and coarsely align
the BEV features of the LiDAR with those from the RGB,
allowing the CNN-based encoder to refine the predicted
calibration matrix. The implicit alignment is achieved by

employing a transformer decoder module to directly cross-
attend the RGB features with the downsampled LiDAR
features for computing the point-to-pixel correspondences,
and feed them to a single-query cross attention-based pre-
diction head, responsible for the coarse calibration matrix
estimate. Afterward, inspired by recent multi-modal align-
ment techniques (Radford et al., 2021), we adopt a specific
loss to guide the cross attention mechanism to output the
correct pixel-to-point correspondences, stabilizing the train-
ing and facilitating the prediction head task. As a result of
this intermediate alignment, corresponding cells between the
two BEV feature maps become spatially closer in the fusion
space, simplifying the BEV Alignment task for the encoder
and improving the overall registration performance. Notably,
in contrast with previous two-step algorithm (Li et al., 2025),
we train both the Implicit Alignment and the BEVAlignment
modules in an end-to-end fashion.

To summarize, out contributions are:

• We propose a novel framework built upon detection
literature and latest advances in Image-to-Point Cloud
registration task that frames the Camera-LiDAR calibra-
tion task as a BEV alignment problem.

• Leveraging the BEV formulation, we propose a two-step
alignment algorithm. Firstly, an Implicit Alignment per-
forms an attention-based alignment by learning correct
point-pixel correspondences to estimate a coarse calibra-
tion, which is then exploited in the BEV alignment step
to predict the final and refined calibration parameters.
Notably, both steps are trained in an end-to-end fashion.

• Our model achieves state-of-the-art performance in both
KITTI and nuScenes datasets, surpassing previous meth-
ods while being more robust.

• Our model achieves state-of-the-art performance also in
the 6 Degrees of Freedom benchmark, surpassing previ-
ous methods and other projection-based approaches.

2 RelatedWork

2.1 Image-to-Point Cloud Registration

The problem of LiDAR-Camera extrinsic calibration has
beenwidely explored,with early solutions primarily based on
target-based and target-lessmethods.Target-based approaches
(Cheng et al., 2023; Sugimoto et al., 2004; Wang et al.,
2011; Bertogalli et al., 2025) rely on predefined calibration
objects and optimization techniques to align sensor data.
In contrast, target-less methods (Levinson & Thrun, 2013;
Pandey et al., 2012; Yuan et al., 2021a) leverage environmen-
tal features or statistical models, offering greater flexibility
and resulting also suitable for online applications. Our
method belongs to this latter category. Recent state-of-the-art
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Fig. 1 Image-to-Point registrationoverview. From left to right: initial
mis-registration, final registration, original (ground truth) registration,
corresponding frame. For illustrative purposes the point clouds posi-

tion are the same across all images, the mis-registration is applied to
the RGB color sampling from the corresponding image

target-less approaches, particularly those based on corre-
spondences (Yuan et al., 2021b; Koide et al., 2023; Huang et
al., 2024), have demonstrated impressive registration accu-
racy. However, they often require extensive pre-processing,
accumulation of multiple frames, and meticulous parameter
tuning for each scene, making them impractical for dynamic
driving environments where scenes change rapidly and fast
inference is essential. In contrast, our approach eliminates
the need for such pre-processing or frame accumulation,
enabling faster and more adaptable calibration.

2.2 Projection-basedMethods

The projection-based methods estimate the sensor calibra-
tion by projecting the LiDAR point cloud onto the image
plane, generating a mis-registered sparse depth map, and
training a neural network to regress the calibration param-
eters. RegNet (Schneider et al., 2017) employs two separate
2D backbones to extract features from the RGB image and
the sparse depth map, which are then fused for calibration
estimation. Similarly, CalibNet (Iyer et al., 2018) enforces
geometric consistency by ensuring that the projected sparse
depthmap, transformedwith predicted extrinsics, alignswith
the ground-truth sparse depth. Building on these founda-
tions, later methods introducedmore advanced architectures:
LCCNet (Lv et al., 2021) incorporates a feature matching
layer to correlateRGBanddepth features,whileCalibFormer
(Xiao et al., 2024) leverages attentionmechanisms for feature
fusion.Despite their effectiveness, projection-basedmethods
have a key limitation: when there are no correspondences
between the sparse depth projection and RGB, registra-
tion becomes impossible. In contrast, our approach directly
processes RGB images and point clouds, accommodating
uncalibrated sensors with rotations up to ±360◦.

2.3 Point-basedMethods

Unlike projection-based methods, point-based algorithms
operate directly in the 3D domain, processing point clouds
instead of 2D sparse depth maps. DeepI2P (Li & He Lee,

2021) is one of the first methods to leverage 3D architectures
(Li et al., 2018; Qi et al., 2017b) to directly extract features
from the point cloud. In its first stage, DeepI2P classifies
whether each point lies within the camera frustum, or not.
The second stage addresses the inverse camera projection
problem by coarsely classifying points into corresponding
image patches. Finally, a RANSAC-based PnP algorithm is
applied to the grid classification output. Similarly, CorrI2P
(Ren et al., 2023) proposes an early classification stage to
detect the overlapping region between the RGB and the point
cloud while introducing cross-attention into the framework.
In the second stage, the camera pose can be obtained by
applying EPnP (Lepetit et al., 2009) within RANSAC on the
dense correspondences between 2D and 3D features. These
methods often struggle with matching image and point cloud
features, as different modalities and architectures (CNNs for
images and MLPs for point clouds) do not inherently pro-
duce a shared feature space for seamless feature matching.
To address this challenge, VP2P-Match (Zhou et al., 2023)
introduces voxel-based representations into the framework
exploiting an additional backbone. The voxel branch captures
spatially local patterns, akin to the image branch, ensuring
that pixels and voxels share similar feature structures. Finally,
a differentiable probabilistic PnP solver (Chen et al., 2022)
estimates the camera pose, making the network fully end-to-
end differentiable. Later, CurrI2P (Lin et al., 2025) improves
bothVP2P-Match andCorrI2P through the curriculum learn-
ing technique. However, these methods tend to be slow due
to the iterative nature of the outlier filtering methods such
as RANSAC and the use of differentiable solvers, while also
heavily relying on the classification of which points fall into
the camera frustum. For this reason, GraphI2P (Bie et al.,
2025) focuses on the feature consistency by estimating the
camera pose given theLiDARpoint cloud and a virtual cloud,
obtained via depth estimation (Bhat et al., 2023), and by
leveraging a point sampling on an unified spherical represen-
tation to build consistent features patterns, facilitating both
the feature fusion and the graph-based correspondence selec-
tion phase. Finally, ICLM (Li et al., 2025) introduces a set
of learnable correspondence queries specialized as 2D and
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3D keypoints detectors for estimating the final pose. Simi-
larly to previous approaches, we operate in a setting where
features from the 2D and 3D domains are extracted from two
independent networks and we adopt the same benchmark
of point-based methods, consisting of a random vertical axis
rotation in the range±360◦ and a random forward-backward
and left-right axis translation in the range ±10m.

2.4 BEV-basedMethods

Unlike point-based approaches, BEV-based algorithms
operate in the Bird’s Eye View (BEV) fusion space, rather
than directly operating in the 3D domain, in order to help
mitigating the domain gap between the 3D point cloud and
the 2D images. BEVCalib (Yuan et al., 2025) projects both
the RGB image and the mis-registered LiDAR point cloud
into a Bird’s Eye View (BEV) space by lifting and splat-
ting the correspondent features (Philion & Fidler, 2020). The
resulting BEV features are then employed for estimating the
final calibration matrix. While this representation introduces
a novel perspective for the task, BEVCalib still inherits a key
limitation common to projection-based methods: a minimal
overlap between the projected RGB and LiDAR features is
still required tomake the registration possible. To address this
limitation, our method introduces two complementary mod-
ules: an Implicit Alignment module, which brings the two
modalities closer together, and a BEV Alignment module,
which refines any remaining misalignment. This dual-stage
alignment allows our approach to handle the transforma-
tions defined by the standard benchmark, consisting of a
random vertical axis rotation in the range ±360◦ and a ran-
dom forward-backward and left-right axis translation in the
range ±10m.

3 Method

3.1 Background

As illustrated in Fig. 2, our network takes as input both an
image I ∈ R

H×W×3 and a point cloud P ∈ R
N×3 collected

by an RGB camera and a LiDAR, respectively, where H and
W are the height and thewidth of the image and N is the num-
ber of points in the cloud. Following previous works (Harley
et al., 2023; Zhou et al., 2023; Li et al., 2025), we adopt
two state-of-the-art 2D and 3D branches to independently
encode the input modalities, opting for this approach over
more complex multi-modal fusion architectures to achieve
a lighter network. Building upon the detection literature,
we first encode the images with a ResNet-50 (He et al.,
2016) 2D backbone and then we employ an FPN (Lin et
al., 2017) module to upsample the features C5 of dimen-
sions H/32 × W/32 × C5, to the final P4 features Frgb of

size H/16× W/16× Crgb. In parallel, we encode the point
cloud using a point-based 3D backbone, akin PointNet++
(Qi et al., 2017b), which consists of a downsampling and an
upsamplingmodules. Specifically, the downsampling applies
a sequence of set abstraction layers, each of them composed
by a sampling and grouping mechanism to reduce the cloud
dimension and compute the features F

′
pts ∈ R

Nd×Cd , while
the upsampling employs a set of feature propagation mod-
ules computing the 3Dpoint-wise features Fpts ∈ R

N×C .We
refer to the appendix material for a detailed graphical rep-
resentation of both the backbones. Subsequently, to ensure
the same features dimensionality C for the RGB and both
the point features, we encode the Frgb with a single convo-
lutional layer and both F

′
pts and Fpts with a single linear

layer. Then, after lifting and projecting both the 2D RGB
and the 3D point cloud features into two 3D Bird’s Eye View
(BEV) spaces, we introduce a BEV Alignment module (see
Section 3.3) to estimate the calibration matrix directly from
the mis-registrated BEVs features.

However, due to any given initial mis-registration, corre-
sponding image and point cloud features may be spatially
distant in BEV space, and the BEV Alignment alone might
struggle to estimate the correct registrationmatrix. To address
this, we propose an intermediate Implicit Alignment module
that predicts a coarse transformationmatrix to explicitly align
the BEV features of the 3D branch with those from the RGB.
This alignment occurs before feeding the BEV features into
the BEVAlignmentmodule, which then refines the predicted
calibration matrix (see Section 3.2).

3.2 Implicit Alignment

Peculiar to our BEV formulation, we can exploit an interme-
diate transformation matrix to coarsely align the BEVs from
the two modalities, in order to facilitate the prediction heads
task and better support the BEV height estimation when non-
standard transformation along each axis are involved. To this
end, inspired by Li et al. (2025), we choose to leverage the
transformer decoder (Vaswani et al., 2017) architecture for
estimating point-to-pixel correspondences and predicting a
coarse registration matrix. Unlike Li et al. (2025), we avoid
to randomly initialize any learnable correspondence query.
Instead, we directly cross attend the 2D features with the
downsampled 3D features F

′
pts , employing the 3D features

as query set to ensure consistency with the softmax opera-
tor in the cross attention. This design choice is motivated by
the projection relationships: each 3D point corresponds to
a single image pixel, whereas each image pixel may corre-
spond to multiple 3D points due to the reduced scale of the
image and occlusion effects. Consequently, using 2D fea-
tures as queries would introduce inconsistencies in the cross
attention similarity matrix.
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Fig. 2 Overview of our framework. We process RGB images and
point clouds independently, and we adopt a cross modal attention-based
module to estimate pixel-point correspondences for regressing an ini-
tial coarse calibrationmatrix Tcoarse (Implicit Alignment). In theBEV
Alignment step, we apply the coarse calibration matrix to the LiDAR

coordinates to coarsely align the 3D features to the ones from the RGB.
The features from both the modalities are then lifted into two BEV rep-
resentations, from which a convolutional encoder and prediction heads
produce the final calibration matrix T

To facilitate the modality fusion, we follow the common
detection tasks practice (Li et al., 2024; Liu et al., 2022) to
apply a positional encoding to theRGB features. Specifically,
we employ both a 3DPositionEncoder (Liu et al., 2022) and a
Sinusoidal Position Encoder (Vaswani et al., 2017) to enrich
the 2D features with 3D spatial information. To achieve this,
we define a grid of 2D image coordinates with dimensions
2 × H/16 × W/16. For each image pixel [u, v], we sample
the depth information D using the Linear-Increasing Dis-
cretization (LID) (Reading et al., 2021), building the set of
coordinates I ∈ R

3×H/16×W/16×D . These are then projected
into the camera EDN frame {c} through the known inverse
intrinsics matrix K −1:

[
cx c y cz

]T = K −1 · i, ∀i = [
u v d

]T ∈ I , (1)

building the set of 3D camera coordinates c I . Afterward,
we flatten the first and last axes of c I to obtain the dimensions
of H/16 × W/16 × (3 · D), and we feed them to two 1 ×
1 convolutional layers with ReLU non-linearity to get the
3D positional encoding P E3D ∈ R

H/16×W/16×C . Finally,
following Vaswani et al. (2017), also a sinusoidal encoding
P Esin is computed and the features F

′
rgb ∈ R

H/16×W/16×C

are derived from Frgb as follows:

F
′
rgb = Frgb + P Esin + P E3D. (2)

Inspired byDarcet et al. (2023),we introduce an additional
learnable key-value token, akin registry token. Indeed, in the
cross attention mechanism, we aim to establish correspon-
dences between the queries (represented by 3D features) and
the keys (represented by 2D features). However, computing
similarity scores between image pixels and 3D points that
lie outside the ground truth camera field of view would lead
to inaccurate associations and introduce training instability.
To mitigate this, we propose a dedicated learnable key-value
token Kreg ∈ R

1×1×C designed to match all the aforemen-

tioned out-of-view points added to the features F
′
rgb as:

K Vrgb = F
′
rgb ⊕ Kreg, (3)

where ⊕ corresponds to the concatenation operation.
A transformer decoder T1 is then employed to effectively

establish correspondences between 3D point features and 2D
image pixels features. In this setup, the features K Vrgb serves
both as keys and values while the downsampled 3D features
F

′
pts as queries. Consequently, for each layer l ∈ [1, L],

the query embeddings are refined by attending to the image
features that yield the highest similarity score:

K = η(K V rgb),

V = μ(K V rgb),

Q0 = τ(F
′
pts),

Ql = σ

(
Ql−1 · K T

dmodel

)
· V ,

(4)

where η, μ, and τ are linear projections, while σ cor-
responds to the softmax operation. The final embeddings
QL are then fused with the input 3D cloud features F

′
pts

in order to explicitly encode the correlation between the pre-
dicted point-image correspondences. Afterwards, we employ
two successiveMLPsmodules interleaved with max-pooling
operation to progressively fuse and reduce the features. To
this end, the features F ′

pts are fed as input to a first MLP
module followed by a max-pooling operation. The resulting
global features are then concatenated back with the original
MLP output to enhance their representation, before being fed
as input to a second MLP as follows:

F ′′
pts = ψ

(
F ′

pts ⊕ QL

)
,

F ′′′
pts = φ

(
F ′′

pts ⊕ max
(

F ′′
pts

))
,

(5)

with ψ and φ being two-layers MLPs, and ⊕ the concate-
nation operation.
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Finally, building on the approach fromWang et al. (2025),
we adopt a lightweight single-query transformer decoder
module T2 to aggregate the features F ′′′

pts ∈ R
Nd×4C , replac-

ing the average-pooling strategy adopted by Li et al. (2025),
Yuan et al. (2025). Specifically, the updated 3D features
are directly cross-attended with a single learnable query
Q f ∈ R

1×4C , designed to assign varying levels of rele-
vance to each feature, thereby selectively emphasizing the
most informative ones. Finally, the updated query embed-
dings of dimensions 1×4C serves as input to the translation
and rotation prediction heads. Both heads are implemented
as two-layers MLPs with ReLU non-linearity. For the trans-
lation component, we directly predict the translation vector

t = [
x y z

]T
. Conversely, for the rotation component, we

estimate the sine and the cosine values of the rotation angles
along each axis. From these predictions, we construct the
corresponding rotation matrices Rz(ψ), Ry(φ), and Rx (θ),
which are then combined to decode the coarse calibration
matrix as:

Tcoarse =
[

Rz(ψ) · Ry(φ) · Rx (θ) t
0 1

]
, (6)

where ψ , φ, and θ correspond to yaw, pitch and roll,
respectively.

Finally, the transformation matrix Tcoarse is used to
coarsely align the mis-registered LiDAR coordinates P ∈
R
3×N before projecting the features Fpts ∈ R

N×C into the
BEV space as described in Section 3.3:

p = Tcoarse ·

⎡

⎢⎢
⎣

x
y
z
1

⎤

⎥⎥
⎦ ,∀p ∈ P. (7)

As previously discussed, in this module, we aim to predict
a coarse registration matrix by estimating the correct point-
to-pixel correspondences via direct cross attention between
2D and 3D features. To this end, inspired by Radford et al.
(2021), we adopt a specific loss to directly supervise the
similarity matrix computed by the transformer decoder T1
(see Eq. (4)) to encourage the cross attention mechanism to
output correct point-pixel correspondences. Such alignment
stabilizes the transformer training while facilitating the pre-
diction heads task, allowing them to focus solely on a spatial
alignment rather than compensating for mismatched corre-
spondences. During training, we construct the target one-hot
2D-3D correspondences matrix Ŝ ∈ R

Nd×(H/16+1×W/16+1)

through the known ground truth registration matrix
[

R̂ t̂
]
.

This matrix enable us to correctly transform the point cloud
into camera coordinates and project them into the image

plane to find the corresponding pixel-point pairs:

[
u v d

]T = K ·
(

R̂ · p + t̂
)

∀p ∈ P
′
. (8)

For each transformer decoder layer, we compute a cross
entropy loss between the predicted similaritymatrix (Eq. (4))
and the ground truth correspondence matrix Ŝsim :

Lsim =
L∑

l=1

CE

(
σ

(
Ql · K T

dmodel

)
, Ŝsim

)
, (9)

with σ being the softmax operation. This formulation
enforces a strong alignment between the attention-based sim-
ilarity scores and the true 2D-3D associations, ensuring that
each decoder layer progressively refines its understanding of
pixel-point relationships.

Inspired by Li et al. (2025), we also introduce an auxiliary
classification task to further stabilize the transformer decoder
training. Specifically, during training, for each layer output,
we also predict whether each point lies within the ground
truth camera Field of View (FoV) and compute a binary cross
entropy loss between the predicted scores and the ground
truth one-hot vector Ŝ f ov:

L f ov =
L∑

l=i

BCE
(
θ (Ql) , Ŝ f ov

)
(10)

where θ is an MLP. As regard as the rotation and trans-
lation prediction heads, we employ an L1 loss Lr -coarse, for
supervising the sine and the cosine rotation values along each
axis, while we minimize the L2 norm difference Lt-coarse

between the predicted translation vector and the ground truth
translation vector. Thus the Implicit Alignment optimization
function is:

Limplici t = Lr -coarse + Lt-corse + Lsim + L f ov. (11)

3.3 BEV Alignment

Building upon the the idea proposed by Yuan et al. (2025),
we choose to employ a Bird’s Eye View (BEV) space to fuse
the RGB and the LiDAR features. In order to accommodate
rotation up to±360◦ as required by the standard benchmark,
we further choose to formulate the Image-to-Point Cloud as
a BEV alignment task, rather than leverage BEV features
only for fusing the two input modalities. Following Yuan
et al. (2025), we firstly aim to obtain two BEV represen-
tations of the same scene: one from the RGB image and
the other from the sparse LiDAR point cloud. For this rea-
son, inspired by object detection literature (Philion & Fidler,
2020; Harley et al., 2023), we first define a volume of 3D
coordinates G ∈ R

X×Y×Z×3 and a zero-initialized 3D space
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3D Frgb ∈ R
X×Y×Z×C , representing the 3D coordinates and

the 3D features space obtained from the images surrounding
the vehicle. We employ a East-Down-North (EDN) coordi-
nate system, centering the volume with the camera frame
origin. Then, in order to sample and lift the 2D features from
Frgb to 3D Frgb, the 3D coordinates G are projected from the
camera EDN frame {c} onto the image plane with the intrin-
sics matrix K through Eq. (12) to get the corresponding 2D
coordinates:

[
u v d

]T = K · g, ∀g = [
cx c y cz

]T ∈ G, (12)

and we bilinearly sample the features given the 2D coor-
dinates to fill the corresponding cells in 3D Frgb.

Similarly, we define a zero-initialized 3D space 3D Fpts ∈
R

X×Y×Z×C . As previously described in Eq. (7), we leverage
the predicted Tcoarse from the Implicit Alignment module to
coarsely align the point cloud coordinates P , which are then
projected onto the three-dimensional space and the features
Fpts are scattered into 3D Fpts accordingly to the correspond-
ing projection cells. Afterward, we flatten the Y and C axes
both in 3D Frgb and 3D Fpts , obtaining BEV feature maps
with dimensions X × Z × (Y · C). We then concatenate the
two BEVs along the channels dimension, and feed it to a
single 3 × 3 convolutional layer ϕ (·) followed by instance
normalization and a non-linearity for fusing the two BEV
modalities:

3D F f used = ϕ
(
3D Frgb ⊕ 3D Fpts

)
, (13)

with⊕ being the concatenation. Finally, the fused features
are processed by a convolutional encoder which, thanks to
its large receptive field, can reason both locally and globally
about the geometry and the mis-alignment between the two
BEVs, producing high-level features that benefit the rota-
tion and translation heads. It is important to note that even
without aligning the two BEVs, we empirically found that
the encoder is sufficiently powerful to extract the necessary
features to solve the calibration task. To this end, we adopt
a ResNet-18 (He et al., 2016) architecture as the encoder,
where the C5 features are further reduced with a single con-
volution layer before serving as input to the translation and
rotation prediction heads. Once again, both heads are imple-
mented as two-layer MLPs with ReLU non-linearity and a
fine transformation matrix T f ine is decoded as in Eq. (6).
Finally, the final calibration matrix T is obtained by combin-
ing the coarse and the fine calibration matrices:

T = T f ine · Tcoarse (14)

As discussed in Section 1 and demonstrated by our exper-
iments (see Section 4.4), the CNN-based encoder effectively
aligns the concatenated feature maps 3D F f used , yielding

accurate calibration matrices. To this end, we supervise both
the rotation and the translation heads as before. Thus, the
BEV Alignment module optimization function is:

Lbev-align = Lr + Lt . (15)

Notably, both the Implicit and the BEV Alignment mod-
ules are optimized in an end-to-end fashion, avoiding any
2-step training strategy, as the one from Li et al. (2025). To
this end, the overall optimization function results in the fol-
lowing:

L = Lbev-align + Limplici t . (16)

4 Experiments

4.1 Datasets andMetrics

We follow the standard benchmark in Image-to-Point Cloud
registration task and we use the public KITTI (Geiger et al.,
2012) and nuScenes (Caesar et al., 2020) datasets for train-
ing and evaluating our network.Regarding theKITTI dataset,
we use the odometry benchmark which consists of 22 stereo
sequences containing the images collected by twoRGB cam-
eras facing forward the vehicle and the point cloud acquired
by a LiDAR mounted on top of the vehicle. Following pre-
vious works (Li & He Lee, 2021; Zhou et al., 2023; Ren et
al., 2023; Lin et al., 2025; Li et al., 2025; Bie et al., 2025),
we use the sequences from 00 to 08 for training and the
sequences 09 and 10 for testing. In addition, we employ the
images acquired by both the RGB stereo cameras both for
training and testing. Instead, the nuScenes dataset consists of
1000 different scenes containing the images collected by 6
different cameras returning a 360◦ field of view of the scene
surrounding the vehicle and the point clouds acquired by 5
radars and a LiDAR. Again, we follow previous works for
train and test splits. Hence, we use the official 700 sequences
in the train split and the 150 scenes in the evaluation split
for training, while we use the remaining 150 of the test split
for testing. Notably, we use only the images acquired by the
front camera and the point clouds acquired by the LiDAR
both for training and testing.

As evaluation metrics, again, we follow previous works
(Li & He Lee, 2021; Zhou et al., 2023; Ren et al., 2023; Lin
et al., 2025; Bie et al., 2025; Li et al., 2025) and we eval-
uate the registration performance with the average Relative
Translation Error (RTE) and the average Relative Rotation
Error (RRE) (Ma et al., 2016). Moreover, for a complete
comparison, we also report the registration accuracy (Acc.)
(Zhou et al., 2023) which corresponds to the proportions of
registrations achieving RTE < 2m and RRE < 5◦, even if it
does not properly asses the fine-grained quality of predicted
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Table 1 Registration results on the KITTI odometry and nuScenes
datasets. Lower is better for both RTE and RRE, while higher is bet-
ter for accuracy. Values are from original papers, except for BEVCalib

which has been originally tested on a non-standard benchmark. ’-’ for
missing results and training code.

KITTI nuScenes

Method RTE(m)↓ RRE(◦)↓ Acc.↑ RTE(m)↓ RRE(◦)↓ Acc.↑
Grid Cls. + PnP (Li & He Lee, 2021) 3.64 ± 3.46 19.19 ± 28.96 11.22 3.02 ± 2.40 12.66 ± 21.01 2.45

DeepI2P (3D) (Li & He Lee, 2021) 4.06 ± 3.54 24.73 ± 31.69 3.77 2.88 ± 2.12 20.65 ± 12.24 2.26

DeepI2P(2D) (Li & He Lee, 2021) 3.59 ± 3.21 11.66 ± 18.16 25.95 2.78 ± 1.99 4.80 ± 6.21 38.10

CorrI2P (Ren et al., 2023) 3.78 ± 65.16 5.89 ± 20.34 72.42 3.04 ± 60.76 3.73 ± 9.03 49.00

CurrI2P (CorrI2P) (Lin et al., 2025) 1.55 ± 7.99 3.61 ± 10.88 - 2.16 ± 4.20 2.98 ± 5.35 -

VP2P-Match (Zhou et al., 2023) 0.75 ± 1.13 3.29 ± 7.99 83.04 0.89 ± 1.44 2.15 ± 7.03 88.33

CurrI2P (VP2P-Match) (Lin et al., 2025) 0.53 ± 1.00 2.11 ± 9.48 - 1.04 ± 1.64 2.67 ± 8.61 -

RelaI2P (Hou et al., 2025) 0.72 ± 1.45 2.92 ± 6.67 85.60 - - -

ICLM (Li et al., 2025) 0.20 ± 0.21 1.24 ± 2.34 97.49 0.63 ± 0.44 2.13 ± 3.75 90.94

GraphI2P (Bie et al., 2025) 0.32 ± 0.81 1.65 ± 1.32 99.61 0.49 ± 1.22 1.73 ± 1.63 99.48

BEVCalib (Yuan et al., 2025) 0.88 ± 0.60 4.47 ± 8.79 74.28 - - -

Ours 0.02 ± 0.01 0.32 ± 0.26 100.0 0.02 ± 0.01 0.35 ± 0.46 99.92

registrations. Finally, we report the RTE and RRE standard
deviations, computed by aggregating all the RTE and RRE
values for each test sample.

4.2 Implementation Details

As done by Lin et al. (2025), Bie et al. (2025), Li et al. (2025),
for the KITTI dataset, we set the input RGB dimensions to be
160× 512, these are obtained by removing the top-50 rows,
applying a 0.5 downsaple factor, and randomly cropping the
resulting images tomatch the desired dimensions.Afterward,
we downsample the the point cloud size to N = 40960. Simi-
larly, for the nuScenes dataset, we follow the previous works
by setting the images to be of size 160 × 320. These are
obtained by removing the top-100 rows, applying a 0.2 down-
sample factor, and randomly cropping the resulting images to
the desired dimensions. In regard to the 3D branch, we set the
point cloud dimension N = 40960 by accumulating from the
past frames as in any previous work, since a single LiDAR
sweep in nuScenes contains roughly 36k points. However,
this is not a required step. Hence, we refer to Section Section
4.4.6 for a further analysis.

In the Implicit Alignment module, we set the number of
transformer decoder layers both in T1 and T2 to be 3, in order
to follow the common practice to have a total number of 6
transformer layers. In T1, we follow Li et al. (2025) to set the
features dimension dmodel to 128, while we employ single-
head attention modules to correctly supervise the predicted
similarity matrix (Eq. (4)). Conversely, in T2, we set the fea-
tures dimension to 512 and we employ multi-head attention
modules with 8 attention heads.

Fig. 3 Pixel-to-Point correspondences. For a given 3D point pro-
jected into the image plane (right), we highlight the highest scoring
corresponding pixels (left)

In the BEV Alignment module, we set X, Y, and Z to 200,
8, 200, respectively, spanning a 3D metric space of ±25 in
both the forward-backward and left-rigth directions and of
±5m in the up-bottom directions, with features dimension C
to 128. Furthermore, we set the final convolution to have a
kernel size of 7 × 7 with 512 output channels.

We set the batch size to 8 in all our experiments and train
for 260k iterations using Adam (Kingma & Ba, 2014) as
optimizer. We use 1 × 10−4 as initial learning rate, which is
decayed by a 0.5 factor every 51k iterations.

4.3 Comparison with State-of-the-Art

In Table 1, we compare the performance of our frame-
work with the latest state-of-the-art methods according to
the standard benchmark, which consists in sampling a ran-
dom rotation along the vertical axis in the range ±360◦ and
a random translation along the forward-backward and left-
right directions in the range ±10m. We also follow Zhou
et al. (2023), Bie et al. (2025), Li et al. (2025) and do not
remove the samples with large errors before computing the
metrics, whichwould result in an unsuitableway to report the
real performance. We refer to the appendix material for this
specific evaluation. In order to ensure a fair comparison, we
adopt the same experimental settings as all methods reported
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Table 2 Ablation studies of
each component. Implicit:
Implicit Alignment module,
Lsim : effect of similarity loss
between corresponding
point-pixels pairs in the cross
attention mechanism, BEV:
BEV Alignment module.

KITTI nuScenes

Implicit Lsim BEV RTE(m)↓ RRE(◦)↓ RTE(m)↓ RRE(◦)↓
1.07 13.73 0.71 10.83

� 0.04 1.08 0.04 0.98

� 1.90 7.57 1.88 86.97

� � 0.2 1.42 0.19 2.42

� � � 0.02 0.32 0.02 0.35

Fig. 4 Qualitative comparison of Image-to-Point Cloud registration result on the KITTI dataset. From left to right: mis-aligned point cloud and RGB
inputs, VP2P-Match calibration result, CurrI2P (VP2P-Match) calibration result, our model calibration result, and the ground truth camera-LiDAR
alignment

in Table 1 (see Section 4.2), including dataset sequences
selection, camera choice, point cloud dimensionality, point
cloud accumulation strategy, image resolution, and image
pre-processing operations. Specifically, with the exception
of BEVCalib, in Table 1 we report the registration per-
formance directly from the original publications, as these
methods already adhere to the standard experimental proto-
col. In contrast, we trained and evaluated BEVCalib using
its publicly available implementation, configuring it consis-
tently with our approach and the other baselines to ensure
comparability. On the KITTI dataset, we outperform ICLM,
which is to the best of our knowledge the current state-
of-the-art model on the KITTI dataset, by 0.18m on the
average RTE, by 0.92◦ on the average RRE and by 2.51%
on the registration accuracy. We also highlight to be more
robust compared to all previous works. Indeed, our proposal
results in a reduction in the standard deviation of 0.20m and
2.08◦ on the RTE and RRE, respectively. Similarly, on the
nuScenes dataset, we outperform the current state-of-the-art
model GraphI2P by 0.47m, 1.38◦, and 0.44% on the RTE,
RRE, and registration accuracy, respectively. Once again,
our method demonstrates superior robustness compared to
all prior works, as it is able to reduce the standard deviation
by 1.21m and by 1.17◦ on the RTE and RRE, respectively.
Despite being a BEV-based approach, BEVCalib poorly per-
forms under this benchmark. As matter of fact, compared to
BEVCalib, ourmethod achieves lower averageRREby 4.15◦

and lower average RTE by 0.86m. BEVCalib leverages the
Feature Selector samples as a subset of BEV features which
are subsequently processed via self-attention. As stated by
the authors, this strategy inherently focuses on the overlap-
ping region between camera and LiDAR, thus when a large
camera-LiDAR misalignment occurs, as in this benchmark,
the camera features acting as queries may not sufficiently
correspond to the scattered LiDAR representations within
the BEV space. Since the sampled BEV features are gener-
ated by an FPN-based encoder with a limited receptive field,
only a minority of sampled tokens participate effectively in
the attention mechanism, leading to weak cross-modal asso-
ciations and degraded calibration performance compared to
methods that preserve broader or more globally consistent
feature correspondences.

4.4 Ablation Studies

In this section, we conduct ablation studies to highlight how
different parameters and architectural choices reflect on the
registration task. We report the effectiveness of each con-
tribution of our work in Table 2. Inspired by Li and He
Lee (2021), we test a baseline architecture just composed
by the modality-specific backbones, recovering one single
global feature from the RGB and one from the point cloud,
directly regressing the calibration from their concatenation.
This architecture suffers from a large error in both rotation
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Table 3 Analysis on our method generalization ability when trained on
left camera images and tested on right ones.

KITTI

Train Test RTE(m)↓ RRE(◦)↓ Acc.↑
L+R R 0.02 ± 0.01 0.31 ± 0.26 100.0

L R 0.03 ± 0.01 0.68 ± 0.46 99.98

and translation, caused by the lack of spatial information,
serving only as a reference with respect to further methods.
Then, we ablate the effect of our BEV Alignment module
(second row of Table 2), where we project both the RGB and
the cloud features into a BEV space. We highlight that our
first contribution already outperforms the other state-of-the-
art models both on KITTI and nuScenes. Next, we test our
Implicit Alignment module alone to gain spatial information
by cross-attending the LiDAR cloudwith the RGB image. As
shown in the third rowofTable 2, thismodule struggles tofind
the correct calibration matrix on the KITTI dataset, while it
fails to converge on the nuScenes dataset.We argue that this is
due to the instability of the transformer training, demonstrat-
ing the requirement for a stronger supervision. Afterward,
by supervising the attention matrix computed through cross-
attention between 3D and 2D features to correctly estimate
the point-to-pixel correspondences, we are able to achieve
comparable results to the state-of-the-art models both on
KITTI and nuScenes (fourth row of Table 2). We argue that
this result shows the ability of this loss in stabilizing the trans-
former training, leading to better calibration performance by
simplifying thepredictionheads task.We further illustrate the
effect of Lsim in Fig. 3, where a selected 3D point (circled in
red, bottomfigure) is projected onto the image plane for visu-
alization. The best correspondence scoring pixels in features
space are highlighted on the image (top figure). As shown,
for a 3D point belonging to the car on the right side, the
highest-scoring pixels consistently lie within the car region,
demonstrating the correctness of the similarity matrix output
by cross-attending the 3D features with the ones from the
RGBbranch. Lastly,we leverage the coarse estimate from the
Implicit Alignment module to enhance the BEV Alignment
module registration performance, where we project both the
RGB and the coarsely aligned cloud features into the BEV
space. This contribution leads to an RRE reduction of 0.76◦
and 0.63◦ on KITTI and nuScenes, respectively (last row of
Table 2), compared to the BEV Alignment alone, supporting
our choice to exploit the re-alignment of features at spatial
level through the BEV representation.

4.4.1 Generalization Analysis

Memorization of a particular sensor suite constitutes an
actual issue when training a model that relies on strong

geometrical representation like the Bird’s Eye View. The
slightest rig modification could potentially harm the regis-
tration performance, resulting in an unreliable calibration
pipeline. For this reason,we decided to introduce a controlled
variable into the performance evaluation, by modifying the
camera’s spatial layout between the training and testing
phases. Therefore testing if our model memorized a fixed
sensor configuration. We stressed this generalization capa-
bility by training the model solely on the left camera images
and evaluating on the right camera ones on theKITTI dataset.
In Table 3, we show howour network performs given a differ-
ent sensor configuration between training and testing. Indeed,
the registration performance does not get undermined when
the model is trained solely on the left camera images and
evaluated on the right camera ones, compared to the model
trained on both the camera images and evaluated on the right
ones. We argue that a slight degradation of the registration
performance might be expected by the Implicit Alignment,
because of the smaller training set. However, even with this
slight degradation when training the our model solely on the
left camera images, we still outperform other state-of-the-art
models trained on both camera images.

4.4.2 6DoF Registration Analysis

Although this is not the standard benchmark for point-
based methods, in Table 4 we show our network registration
performance on the KITTI dataset, in a Six Degrees of
Freedom (6DoF) scenario, where variations for the three spa-
tial coordinates and rotation angles are involved. Following
projection-basedmethods, such as Lv et al. (2021) and Iyer et
al. (2018), for each axiswe sample both a randomrotation and
a random translation in range±20◦ and±1.5m, respectively.
Ourmodel outperforms the latest state-of-the-art point-based
approacheswith publicly available training codeCorrI2P and
BEVCalib. Specifically, we outperform CorrI2P by 0.91m,
2.34◦, and 14.24% on the RTE, RRE, and registration accu-
racy, respectively, while BEVCalib by 0.02m and 0.10◦ on
the RTE and the RRE, respectively.

For a fair and complete analysis, we also compare out
model against Calibnet (Iyer et al., 2018) and LCCNet (Lv et
al., 2021), two state-of-the-art projection-based approaches.
Specifically, we outperform Calibnet by 5.83m, 10.39◦, and
96.97% on the RTE, RRE, and registration accuracy, respec-
tively, while we surpass LCCNet by 0.35m, 3.74◦, and
24.25%. Once again, our approach shows to be more robust
compared to all previous works that have been tested.

4.4.3 RGB Lifting Strategy

In Table 5 we compare different RGB features lifting strate-
gies. Specifically, we compare two different strategies: the
one employed by Yuan et al. (2025) and proposed by Phil-
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Table 4 6DoF registration
analysis. For each axis sample a
rotation between ±20◦ and a
translation between ±1.5m.

KITTI

Method RTE(m)↓ RRE(◦)↓ Acc.↑
CorrI2P (Ren et al., 2023) 0.96 ± 3.10 2.87 ± 4.58 85.76

BEVCalib (Yuan et al., 2025) 0.07 ± 0.04 0.63 ± 0.38 100.0

Calibnet (Iyer et al., 2018) 5.88 ± 2.80 10.92 ± 6.09 3.03

LCCNet (Lv et al., 2021) 0.40 ± 0.29 4.27 ± 3.70 75.75

Ours 0.05 ± 0.03 0.53 ± 0.35 100.0

Table 5 Comparison against
different RGB lifting strategies.

KITTI

Method RTE(m)↓ RRE(◦)↓ Acc.↑
Lift-Splat (Philion & Fidler, 2020) 0.02 ± 0.01 0.33 ± 0.27 99.98

SimpleBEV (Harley et al., 2023) 0.02 ± 0.01 0.32 ± 0.26 100.0

Table 6 Comparison against different RGB backbones. VP2P-Match results from the original paper.

KITTI

Method Backbone RTE(m)↓ RRE(◦)↓ Acc.↑
VP2P-Match (Zhou et al., 2023) Res-34 0.75 ± 1.13 3.29 ± 7.99 83.04

BEVCalib (Yuan et al., 2025) Swin-T (Liu et al., 2021) 0.88 ± 0.60 4.47 ± 8.79 74.28

Ours Res-34 0.02 ± 0.02 0.33 ± 0.64 99.96

Ours Res-50 0.02 ± 0.01 0.32 ± 0.26 100.0

Ours Swin-T (Liu et al., 2021) 0.02 ± 0.01 0.28 ± 0.27 99.98

ion and Fidler (2020), and the one proposed by Harley et al.
(2023). Thus, we demonstrate that our method results to be
agnostic to the chosen lifting strategy, since both the tested
strategies lead to similar registration performance.

4.4.4 2D Backbone Analysis

Table 6 shows the registration performance of our model
against different RGB backbones. Specifically, our network
outperforms both VP2P-Match and BEVCalib even when
employing the same RGB backbone. We also highlight that
BEVCalib uses a different input RGB size compared to the
other state-of-the-art models, which is set to be 375× 1242.
For this reason, we employ the same input resolution as BEV-
Calib when comparing to them, while we opt for a standard
input resolution when comparing against the other state-of-
the-art models.

4.4.5 BEV Resolution Analysis

In Table 7 we compare different 3D grid resolutions. We
found an optimal setup by setting the cell dimensions to
0.25m along the forward-backward and left-right directions.
Specifically,we limit theBEVdimensions to 200×200, since

Table 7 BEV hyperparameters analysis.

KITTI

BEV Range(m) Cell(m) RTE(m)↓ RRE(◦)↓ Acc.↑
200 × 200 ±100 1.0 0.08 1.31 98.97

200 × 200 ±75 0.75 0.06 0.94 99.53

200 × 200 ±50 0.50 0.03 0.64 99.94

200 × 200 ±25 0.25 0.02 0.32 100.0

higher resolution would require greater memory require-
ments.

4.4.6 Point Cloud Accumulation Analysis

As discussed in Section 4.2, accumulating multiple point
cloud sweeps is not strictly necessary for ourmodel to outper-
form prior approaches. Accordingly, unlike previous works
(Bie et al., 2025; Li et al., 2025; Lin et al., 2025; Zhou et al.,
2023) which set the point cloud dimension to N = 40960
even on nuScenes dataset, in this section we downsample
the point cloud to N = 36000, as a single LiDAR sweep
in nuScenes contains roughly 36k points. This should be a
required step since, in this setting, we do not apply any accu-
mulation strategy over past and future frames. We argue that
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Table 8 Registration results
against latest state-of-the-art
approaches without using point
cloud accumulation techniques
on the nuScenes dataset.

nuScenes

Method RTE(m)↓ RRE(◦)↓ Acc.↑
VP2P-Match (Lin et al., 2025) 0.89 ± 1.44 2.15 ± 7.03 88.33

CurrI2P(VP2P-Match) (Lin et al., 2025) 1.04 ± 1.64 2.67 ± 8.61 -

ICLM (Li et al., 2025) 0.63 ± 0.44 2.13 ± 3.75 90.94

GraphI2P (Bie et al., 2025) 0.49 ± 1.22 1.73 ± 1.63 99.48

Ours w/o acc. 0.02 ± 0.01 0.29 ± 0.22 100.0

Ours 0.02 ± 0.01 0.35 ± 0.46 99.92

accumulating future frame hinders the applicability of the
method in real-world scenarios,while accumulation over past
frames typically requires accurate ego-poses information
to be available. Despite not leveraging point cloud accu-
mulation, Table 8 shows that our model achieves superior
registration performance compared to all the previous state-
of-the-art methods.

4.4.7 Inference Time Analysis

In Table 9, we report both the number of parameters and
the inference time of our method compared to the lat-
est works with a publicly available code, measured on an
NVIDIA L40S with a fixed batch size of 1. To explicitly ana-
lyze the trade-off between inference speed and registration
performance, we evaluate our approach using different 3D
backbone configurations, including both a faster and a slower
variant of PointNet++, as well as themore recent PointTrans-
formerV3 (Wu et al., 2024).We refer to the appendixmaterial
for a detailed description of the differences between the stan-
dard and the fast PointNet++. When employing the slower
PointNet++ backbone, our model outperforms by 96% and
84% CurrI2P (VP2P-Match) in terms of RTE and RRE,
respectively, at the cost of an additional 59.5ms of infer-
ence time. Conversely, when using the faster PointNet++
configuration, our approach achieves improvement of 94%
and 80% over CurrI2P (VP2P-Match) on the RTE and RRE,
respectively, while reducing the inference time by 141.8ms.
Compared to the fastest baseline BEVCalib, our method is
201.3ms slower, but it achieves substantial error reductions
of 97% and 92% in the RTE and RRE, respectively. Notably,
when adopting the faster PointNet++ backbone, this gap is
reduced to only 53.4ms, without incurring in any significant
degradation in registration performance. Finally, replacing
PointNet++ with the more recent PointTransformerV3 back-
bone reduces the inference time by 171.6ms compared to our
slowest configuration, while maintaining comparable regis-
tration accuracy once again. Overall, our approach achieves
an inference time below 0.5s in its most accurate configura-
tion and under 100ms in its fastest one, while maintaining
competitive registration performance. These results demon-

strate that our method is suitable for an online deployment
scenarios.

4.4.8 Qualitative Analysis

A qualitative analysis on the KITTI dataset is shown in
Fig. 4. For visualization, we first apply the predicted align-
ment transformation matrix to the point cloud, which is then
projected onto the image plane through the known camera
intrinsics parameters. We compare our method (fourth col-
umn from left) against the state-of-the-art models CurrI2P
and VP2P-Match, and the ground truth (last column from
left), reporting both theRTE and theRRE for each prediction.
Instead, in thefirst column,we show themis-registered image
and point cloud inputs. Notably, we highlight the ability of
our method to achieve better alignment performance com-
pared to CurrI2P in complex scenarios, in which the network
might struggle to extract distinctive visual features. Indeed,
by leveraging the Implicit Alignment module and the explic-
itly aligned BEV features, our model demonstrates to have a
better understanding of the geometrical relationships in the
surrounding environment. Finally, we refer to the appendix
for a further analysis on the nuScenes dataset, on the failure
cases, and on the challenging weather conditions.

5 Conclusion

In this paper, we introduced a framework that casts the
LiDAR-Camera calibration task as a BEV alignment task.
Taking inspiration from previous BEV-based work, our key
insight is to extract 3D BEV representations from both
the modalities and directly estimate the calibration matrix
by aligning these representation through a convolutional
encoder. Then, we further proposed an Implicit Alignment
step to directly cross attend 2D and 3D features to estimate
a coarse calibration matrix for explicitly align the BEV fea-
tures and refine the calibrationmatrix. Extensive experiments
demonstrate that our approach achieves state-of-the-art per-
formance, surpassing previous methods by a significant
margin in terms of accuracy and robustness. Future works
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Table 9 Number of parameters
(M) and inference time (ms) on
a NVIDIA L40S for each
method with publicly available
code. Our approach is evaluated
using different 3D backbones to
analyze the impact of model size
and inference time on
registration performance. PN++
corresponds to the PointNet++
backbone (Qi et al., 2017b),
while PTv3 stands for the
PointTransformerV3 backbone
(Wu et al., 2024).

KITTI

Method # params.(M) Time(ms)↓ RTE(m)↓ RRE(◦)↓
VP2P-Match 36.6 226.2 0.75 3.29

CurrI2P (VP2P-Match) 36.6 236.5 0.53 2.11

BEVCalib 47.4 41.3 0.88 4.47

Ours - PN++ 60.4 296.0 0.02 0.32

Ours - PN++ (small) 60.4 94.7 0.03 0.41

Ours - PTv3 94.8 124.4 0.04 0.42

Fig. 5 Images and point clouds as processed to extract two different
Bird’s Eye Views (BEVs) representations of the same 3D space sur-
rounding the vehicle. The two BEVs are then fused by concatenation

and processed by a final CNN-based encoder to predict the calibration
matrix that aligns the two input modalities

may target architectural changes, for example, by avoiding
the use of any CNN-based encoder used for the two BEVs
feature fusion, in favor of a sparse module. Furthermore,
expanding the model to process multi-camera information
could be an effective strategy to enrich and densify the lifted
BEV 3D Frgb featuremap,with additional visual information,
leading to better registration performance.

Appendix A Network Details

In this section, we dive into the details of our architectural
choices, first analyzing the modality-specific backbones, fol-
lowed by an in-depth look at how the two-step alignment
algorithm works with a further description.

A.1 Backbones

As point cloud backbone we employ a customized version
of the PointNet++ backbone (Qi et al., 2017a, b, 2019) in
an encoder-decoder fashion, employing 3 downsample and
upsample blocks. In the standard configuration, the input
point cloud containing N points is progressively downsam-
pled to 4096 in the first stage, to 1024 in the second stage, and
to 256 points in the third downsampling block. Subsequently,
the resulting 256-point representation is upsampled to 1024
points in the first upsampling stage, to 4096 points in the sec-
ond stage, and finally back to N points in the last stage. In the
faster configuration, the input point cloud is downsampled to
1024 in the first stage, to 512 points in the second stage, and
to 256 in the third downsampling block. The upsampling
path mirrors this design once again, expanding the 256-point
representation to 512 points in the first upsampling stage, to
1024 points in the second stage, and finally to N points in the
last stage. Lastly, as shown in Fig. 5 (left), the 3D features
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computed in the first upsampling stage serves as F
′
pts . As

regard as the RGB backbone, we depict in Fig. 5 (right) the
FPN architecture we employed in our framework.

A.2 Two-step Alignment Algorithm

Our two-step alignment algorithm is designed to exploit an
intermediate coarse alignment, akin the Implicit Alignment,
for simplifying the BEV Alignment task. Algorithm 1 high-
lights the end-to-end training pipeline that optimizes both the
Implicit Alignment and the BEV Alignment modules.

Algorithm 1 Training

for i ← 0 to N do 
 N number of iterations
I , P, TGT ← Dataset[i]
Frgb ← Conv1x1(Backbone2D(I ))
F

′
pts , Fpts ← Backbone3D(P)

F
′
pts , Fpts ← Linear(F

′
pts ), Linear(Fpts )

Tcoarse ← ImplicitAlignment(Frgb, F
′
pts )

T f ine ← BEVAlignment(Frgb, Fpts , Tcoarse)
T ← T f ine · Tcoarse
L ← Lr (T , TGT ) + Lt (T , TGT ) + Lsim

L.backward()
end for

Appendix B Additional Experiments

B.1 Metrics Formulation

In the following lines, we show in detail what the Relative
Rotation Error (RRE) and the Relative Translation Error
(RTE) represent, and how they are computed (Ma et al.,
2016). The RRE is computed by converting the relative rota-
tion between the ground truth rotation and the predicted one
into Euler angles, which are then summed together:

RRE =
3∑

i=1

|ypr(i)| ,

ypr = f
(

R̂−1 · R
)

,

(B1)

where R̂ is the ground truth rotation matrix, R is the
estimated rotation matrix from the predicted T , and f (·)
transforms a rotation matrix into the three Euler angles. The
RTE represents the magnitude of the difference between the
ground-truth translation tGT and the predicted translation
tpred :

RTE = ‖tGT − tpred‖2. (B2)

Fig. 6 Histograms of image-point cloud registration RRE and RTE
on the KITTI dataset. x-axis is RRE (◦) and RTE (m), y-axis is the
percentage

Fig. 7 Rotation error for different initial mis-calibration on the KITTI
dataset. x-axis is the initial mis-calibration interval in degrees, y-axis is
the RRE (◦) computed from all the samples that falls into the specific
interval
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Fig. 8 3D-2D correspondences. For each couple of images, for a given 3D point projected into the image plane (bottom), we highlight the
best-scoring correspondent pixels (above)

Table 10 Registration results on the KITTI odometry and nuScenes datasets. Lower is better for both RTE and RRE, while higher is better for
accuracy. Results are filtered considering only samples with RTE < 5m and RRE < 10◦. ’-’ due to missing publicly available code.

KITTI (< 5m & < 10◦) nuScenes (< 5m & < 10◦)
Method RTE(m)↓ RRE(◦)↓ Acc.↑ RTE(m)↓ RRE(◦)↓ Acc.↑
Grid Cls. + PnP (Li & He Lee, 2021) 1.07 ± 0.61 6.48 ± 1.66 49.67 2.35 ± 1.12 7.20 ± 1.65 58.90

DeepI2P (3D) (Li & He Lee, 2021) 1.27 ± 0.80 6.26 ± 2.29 51.46 2.00 ± 1.08 7.18 ± 1.92 17.02

DeepI2P(2D) (Li & He Lee, 2021) 1.46 ± 0.96 4.27 ± 2.74 59.98 2.19 ± 1.16 3.54 ± 2.51 83.50

CorrI2P (Ren et al., 2023) 0.74 ± 0.65 2.07 ± 1.64 89.06 1.83 ± 1.06 2.65 ± 1.93 89.30

VP2P-Match (Zhou et al., 2023) 0.59 ± 0.57 2.39 ± 2.07 95.40 0.73 ± 0.65 1.39 ± 1.63 97.15

CurrI2P (VP2P-Match) (Lin et al., 2025) 0.44 ± 0.42 1.39 ± 1.44 95.98 - - -

BEVCalib (Yuan et al., 2025) 0.85 ± 0.58 3.48 ± 2.21 77.91 - - -

Ours 0.02 ± 0.01 0.32 ± 0.26 100.0 0.02 ± 0.01 0.33 ± 0.27 99.98

B.2 Large Error Removal Testing

In order to avoid large errors due to failed registration, pre-
vious works, such as Ren et al. (2023), Li and He Lee (2021),
compute the average RTE and RRE only for those samples
with RTE lower than 5m and RRE lower than 10◦. A compar-
ison against previous state-of-the-art methods in this specific
setting is shown in Table 10. Once again, our model outper-
forms all the state-of-the-art methods by a significantmargin,
while yielding a robuster predictions. We report once again

the accuracymetric for completeness, althoughwe argue that
it is not a significant metric in the scenario described above.

B.3 Error Analysis

In this section, we evaluate the performance of against
CurrI2P (Lin et al., 2025) and VP2P-Match (Zhou et al.,
2023) across different mis-registration ranges in Fig. 6,
reporting the error distribution in terms of RRE and RTE.
The results show that CurrI2P and inherently VP2P-Match
exhibits a longer tail in both distributions, with errors reach-
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Fig. 9 KITTI and nuScenes
qualitative analysis. From left
to right: mis-aligned point cloud
and image inputs, our model
calibration result, and the
ground truth camera-LiDAR
alignment. For each prediction,
we report both RRE and RTE
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Fig. 10 nuScenes qualitative
analysis in adverse weather
conditions. From left to right:
mis-aligned point cloud and
image inputs, our model
calibration result, and the
ground truth camera-LiDAR
alignment. For each prediction,
we report both RRE and RTE

ing up to 12◦ for RRE and 3m for RTE, indicating low
robustness to largemis-registrations. In contrast, our Implicit
Alignment module significantly narrows the error distribu-
tion, effectively mitigating larger calibration errors, which is
an essential property for online applications. The proposed
BEVAlignment is a step further to enhance robustness, yield-
ing amore compact error distribution. To further demonstrate
the effectiveness of our BEVAlignment module, we analyze
the mean error for different initial mis-registration intervals.
As shown in Fig. 7 we gain a great advantage from the BEV
Alignment module in terms of RRE, as the new decoder is
facilitated by the explicit alignment between BEVs features.

B.4 Similarity Loss Effect

In Fig. 8, we present an additional display of images that
further emphasize the significance of the similarity loss in
showing the best-scoring 3D-2D correspondences. This visu-
alization aims to provide a clearer understanding of how the
proposed similarity loss plays a pivotal role in aligning these
two distinct modalities. For example, we show how similar

the features of different objects are, respectively, represented
by pixel features and point features.

B.5 Qualitative Self-Assessment Analysis

We conduct a qualitative self-assessment analysis both on
the KITTI Odometry (Geiger et al., 2012) and the nuScenes
(Caesar et al., 2020) datasets to better understand the model
behavior. Indeed, in Fig. 9 we show some qualitative exam-
ples by firstly re-aligning the mis-registered point cloud
through the predicted calibration matrix and then projecting
it into the image plane via the known intrinsics parame-
ters. Fig. 9(a) shows two samples from the KITTI dataset
in which our model achieves excellent results, whereas, Fig.
9(b) shows two different circumstances in which the model
outputs an inaccurate registration matrix. Similarly, Fig. 9(c)
shows some samples in which our network exhibits almost
perfect registration performance on the nuScenes dataset.
However, for a fair and complete analysis on the nuScenes
dataset, Fig. 9(d) shows two samples in which the model
highlights non-negligible rotation errors in the predictions.
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B.6 Adverse Condition Qualitative Self-Assessment
Analysis

We also conduct a qualitative self-assessment on nuScenes
under adverse weather conditions to better analyze potential
limitations of our proposal. In Fig. 10(a) we show two sam-
ples in which the model achieves excellent results. However,
Fig. 10(b) shows two samples in which our model high-
lights non-negligible rotation errors. Generally, we observe a
higher mean error under adverse weather conditions, which
we attribute to potential image distortions caused by rain-
drops directly impacting the camera lens. In such scenarios,
our a multi-camera approach may provide richer RGB infor-
mation, thereby enhancing registration performance.

B.7 Cross-Domain Generalization

DomainAdaptation (DA) is requiredwhen introducing a shift
at both geometrical and semantic levels, such as a change of
data between the training a testing sets. As demonstrated in
Section Section 4.4.1, training on a given camera and test-
ing on a different one remains feasible because both sensors
belong to the same acquisition domain and share most latent
properties. Our model successfully learns geometry-aware
correspondences between LiDAR and RGB image, avoid-
ing the memorization of a single camera’s spatial layout.
On the other hand, cross-domain generalization is a broader
task which introduces additional variables, such as differ-
ent camera projection models, LiDAR sampling patterns
with peculiar noise characteristics, mounting configurations
and environmental distributions. Therefore, evaluating trans-
fer between multiple cameras within the same sensor suite
provides a controlled setting, in which environmental and
sensing statistics remain constant, while the extrinsic trans-
formation changes. With this protocol, we directly test
whether our model learns modalities-consistent geometry or
memorizes a fixed sensor configuration. Cross-domain cali-
bration is an important future direction, requiring dedicated
mechanisms for handling simultaneous camera and LiDAR
domain shifts.
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