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Figure 1. Images and point clouds are processed to extract two different ”bird’s eye view” (BEVs) representations of the same 3D space
surrounding the vehicle. The two BEVs are then fused by concatenation and processed by a final decoder to predict the calibration matrix
between the two sensors.

1. Network details
In this section, we dive into the details of CalibBEV ar-
chitecture, first analyzing the modality-specific backbones,
followed by an in-depth look at how the two-step alignment
algorithm works with both textual and graphical descrip-
tions.

1.1. Backbones
The point cloud backbone is inspired by [16], resembling
the architecture of PointNet++ [12] in an encoder-decoder
fashion, with Point Transformer blocks [15] in order to fa-
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cilitate information exchange between these localized fea-
ture vectors, as shown in Fig. 1 (left). As regard as the
RGB-specific backbone, we depict in Fig. 1 (right) the up-
sampling mechanism of the RGB features.

1.2. BEV Decoder

At the end of both the implicit and explicit alignments, a de-
coder module is implemented for decoding the fused BEVs
features and reducing the channels dimension, enabling the
final prediction to the two prediction heads. Inspired by
[4], as shown in Fig. 1 we implement the BEV decoder as
a ResNet-18 [5] to compute features maps of dimensions
X/32×Y/32×C, which are reduced to features of dimen-
sions 1× 1× C through a global average pooling.
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Figure 2. BEV alignment. We frame the LiDAR-camera calibration problem as a BEV alignment task. Domain-specific features are
computed independently and projected into 3D BEV representations. Then, our BEV alignment module estimates the calibration matrix
between the two sensors.

Algorithm 1 Training: first step

for i← 0 to N do ▷ N number of iterations
I, P, TGT ← Dataset[i]
Frgb ← Conv1x1(RGB Backbone(I))
Fpts ← Linear(3D Backbone(P ))
Tcoarse ← Implicit Alignment(Frgb, Fpts)
L ← αLclip(Frgb, Fpts, TGT ) + Lr(Tcoarse, TGT )
+Lt(Tcoarse, TGT )

L.backward()
end for

# Save the Model trained weights
Wrgb ← RGB Backbone.save weights()
Wpts ← Point Backbone.save weights()
WIA ← Implicit Alignment.save weights()

1.3. Two-step Algorithm
Our two-step algorithm is designed to exploit both im-
plicit and explicit alignment, leveraging the BEV represen-
tation of the RGB and 3D feature maps. Fig. 2 highlights
the two-step training pipeline, in which we first train the
two modality-specific backbones and the implicit alignment
module (pseudo-code in Algorithm 1). Subsequently, the
pre-trained weights are used to initialize the corresponding
components in the second step and then all the learnable
parameters from the previous step are frozen. We train the
Explicit Alignment module with fewer iterations with re-
spect to the first-step’s training loop (pseudo-code in Algo-
rithm 2) as the pre-initialization allows us to start from a
better initialization point.

2. Additional Experiments and Analysis

2.1. RRE and RTE 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 [11]. The RRE



KITTI (< 5m & < 10◦) nuScenes (< 5m & < 10◦)
Method RTE(m)↓ RRE(◦)↓ Acc.↑ RTE(m)↓ RRE(◦)↓ Acc.↑

Grid Cls. + PnP [7] 1.07 ± 0.61 6.48 ± 1.66 49.67 2.35 ± 1.12 7.20 ± 1.65 58.90
DeepI2P (3D) [7] 1.27 ± 0.80 6.26 ± 2.29 51.46 2.00 ± 1.08 7.18 ± 1.92 17.02
DeepI2P(2D) [7] 1.46 ± 0.96 4.27 ± 2.74 59.98 2.19 ± 1.16 3.54 ± 2.51 83.50
CorrI2P [14] 0.74 ± 0.65 2.07 ± 1.64 89.06 1.83 ± 1.06 2.65 ± 1.93 89.30
VP2P-Match [16] 0.59 ± 0.57 2.39 ± 2.07 95.40 0.73 ± 0.65 1.39 ± 1.63 97.15
CurrI2P (VP2P-Match) [9] 0.44 ± 0.42 1.39 ± 1.44 95.98 - - -

CalibBEV (ours) 0.04 ± 0.10 0.61 ± 0.52 99.96 0.04 ± 0.02 0.54 ± 0.44 100.0

Table 1. 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.

Algorithm 2 Training: second step

# Load the Model trained weights
RGB Backbone.weights←Wrgb

Point Backbone.weights←Wpts

Implicit Alignment.weights←WIA

Explicit Alignment.weights←WIA

# Freeze modality-specific backbones
# and implicit alignment module
RGB Backbone.weights.no grad()
Point Backbone.weights.no grad()
Implicit Alignment.weights.no grad()

for j ← 0 to N
′

do ▷ N
′
<< N

I, P, TGT ← Dataset[j]
Frgb ← Conv1x1(RGB Backbone(I))
Fpts ← Linear(3D Backbone(P ))
Tcoarse ← Implicit Alignment(Frgb, Fpts)
T ← Explicit Alignment(Frgb, Fpts, Tcoarse)
L ←fine Lr(Tcoarse, T, TGT )
+fineLt(Tcoarse, T, TGT )

L.backward()
end for

corresponds to the summation of the absolute differences
between the ground truth Euler angles and the predicted Eu-
ler angles:

RREθ = |θGT − θpred|,
RREϕ = |ϕGT − ϕpred|,
RREψ = |ψGT − ψpred|,
RRE = RREθ + RREϕ + RREψ,

(1)

where ψ, ϕ and θ are respectively yaw, pitch, and roll.
The RTE represents the magnitude of the difference be-
tween the ground-truth translation tGT and the predicted
translation tpred:

KITTI
Method Size RTE(m)↓ RRE(◦)↓ Acc.↑

VP2P-Match [16] 40×128 0.92 3.54 82.50
CalibBEV (ours) 40×128 0.08 1.22 98.92

VP2P-Match [16] 80×256 0.84 3.65 82.67
CalibBEV (ours) 80×256 0.06 1.19 99.4

VP2P-Match [16] 160×512 0.75 3.29 83.04
CalibBEV (ours) 160×512 0.05 1.17 99.33

Table 2. Results with different input RGB resolutions. Our
Implicit Alignment module is more effective than VP2P-Match
across different image resolutions. Values are from the original
paper.

RTE = ∥tGT − tpred∥2. (2)

2.2. Large Error Removal Testing
In order to avoid large errors due to failed registration, pre-
vious works, such as CorrI2P [14] and DeepI2P [7], com-
pute the average RTE and RRE only for those samples with
RTE lower than 5m and RRE lower than 10◦. Compari-
son against previous state-of-the-art methods in this specific
setting is shown in Tab. 1. Once again, our model outper-
forms all the state-of-the-art methods by a significant mar-
gin, while yielding robuster predictions. We report once
again the accuracy metric for completeness, although we
argue that it is not a significant evaluation metric in the sce-
nario described above.

2.3. Error Analysis
In this section, we evaluate the performance of CalibBEV
against VP2P-Match across different mis-registration
ranges in Fig. 3, reporting the error distribution in terms
of RRE and RTE. The results show that CurrI2P and in-
herently VP2P-Match exhibits a longer tail in both distribu-
tions, with errors reaching up to 12◦ for RRE and 3m for
RTE, indicating low robustness to large mis-registrations.
In contrast, our Implicit Alignment module significantly
narrows the error distribution, effectively mitigating larger



Figure 3. 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.

Figure 4. Rotation error for different initial mis-calibration on the
KITTI dataset. x-axis is the initial mis-calibration interval in de-
grees, y-axis is the RRE (◦) computed from all the samples that
falls into the specific interval.

calibration errors, which is an essential property for online
applications. The proposed Explicit Alignment is a step
further to enhance robustness, yielding a more compact er-
ror distribution. To further demonstrate the effectiveness of
our Explicit Alignment module, we analyze the mean error
for different initial mis-registration intervals. As shown in

KITTI
α RTE(m)↓ RRE(◦)↓ Acc.↑

1.0 0.07 ± 0.13 1.82 ± 2.70 95.59
0.5 0.05 ± 0.10 1.17 ± 1.56 99.39

Table 3. CLIP-based α hyperparameter analysis.

KITTI
Method RTE(m)↓ RRE(◦)↓ Acc.↑

CorrI2P [14] 0.79 ± 3.27 2.36 ± 5.44 90.35

Calibnet [6] 0.29 ± 0.14 5.79 ± 2.43 47.69
LCCNet [10] 0.08 ± 0.04 0.89 ± 0.54 99.91

CalibBEV (ours) 0.05 ± 0.03 0.50 ± 0.28 100.0

Table 4. 6DoF registration analysis. For each axis sample a rota-
tion between ±5◦ and a translation between ±0.5m.

Fig. 4 we gain a great advantage from the Explicit Align-
ment module in terms of RRE, as the new decoder is facili-
tated by the explicit alignment between BEVs features.

2.4. CLIP-based Loss Hyperparameter Analysis
In Tab. 3 we compare different α weighting factors for the
CLIP loss Lclip in our Implicit Alignment module. We
found an optimal setup by setting this hyperparameter to
0.5. Notably, this value serves as an effective loss balanc-
ing factor, facilitating the training convergence.

2.5. Additional 6DoF Registration Analysis
Although this is not the standard benchmark neither for
point-based methods nor for projection-based methods,
in Tab. 4 we show the CalibBEV registration perfor-
mances in a Six Degrees of Freedom (6DoF) scenario,
where reduced variations for the three spatial coordinates
and rotation angles are involved. Specifically, for each
axis we sample both a random rotation and translation
in range ±5◦ and ±0.5m, respectively. CalibBEV
outperforms the latest state-of-the-art point-based approach
with publicly available training code CorrI2P by 0.79m,
1.86◦, and 9.65% on the RTE, RRE, and registration
accuracy, respectively, also demonstrating the CalibBEV
ability to estimate the height by encoding it into the
channels dimension. For a fair and complete analysis,
we also compare CalibBEV against Calibnet [6] and
LCCNet [10], two state-of-the-art projection-based ap-
proaches. We outperform Calibnet by 0.24m, 5.29◦, and
52.31% on the RTE, RRE, and registration accuracy,
respectively, while we surpass LCCNet by 0.03m, 0.39◦,
and 0.09% on the RTE, RRE, and registration accuracy,
respectively. Once again, CalibBEV shows to be more
robust compared to all previous works that have been tested.



nuScenes
Method RTE(m)↓ RRE(◦)↓ Acc.↑
VP2P-Match [9] 0.89 ± 1.44 2.15 ± 7.03 88.33
CurrI2P(VP2P-Match) [9] 1.04 ± 1.64 2.67 ± 8.61 -
ICLM [8] 0.63 ± 0.44 2.13 ± 3.75 90.94
GraphI2P [1] 0.49 ± 1.22 1.73 ± 1.63 99.48

CalibBEV (ours) w/o acc. 0.03 ± 0.11 0.58 ± 2.17 99.90
CalibBEV (ours) 0.04 ± 0.08 0.54 ± 0.45 99.98

Table 5. Registration results against latest state-of-the-art ap-
proaches using point cloud accumulation on the nuScenes dataset.

2.6. Input Resolution Analysis
In Tab. 2 we explore how different image resolutions af-
fect the registration performances. Specifically, we show
that CalibBEV outperforms VP2P-Math in all the tested
RGB input configuration settings when using only our Im-
plicit Alignment-only model. Specifically, in the first two
rows of Tab. 2 we set to 40 × 128 the input RGB dimen-
sions. These are obtained by removing the top-50 rows,
applying a 0.25 downsample factor, and randomly cropping
the resulting images to match the desired dimensions. In
this setting, our model outperforms VP2P-Match by 0.84m,
by 2.32◦, and by 16.42% in RTE, RRE, and registration ac-
curacy, respectively. In the third and fourth rows of Tab. 2
we set the input RGB dimensions to be 80 × 256, with the
same pre-processing stated above but with the downsample
factor set to 0.125. Similarly, we outperform VP2P-Match
by 0.78m, by 2.46◦, and by 16.73% in RTE, RRE, and reg-
istration accuracy, respectively. Finally, in the last two rows
where we use the input resolution also described in the main
manuscript, we obtain the best performance overall, setting
the new state-of-the-art for the benchmark.

2.7. RGB Backbone Analysis
Tab. 6 shows CalibBEV registration performances against
different RGB backbones. Specifically, CalibBEV also
outperforms VP2P-Match even with the same RGB back-
bone, while being comparable to the implementation de-
scribed in the main manuscript.

2.8. Point Cloud Accumulation Analysis
In the main manuscript we stated that the point cloud ac-
cumulation is not strictly required for making CalibBEV
work better than previous works. Indeed, in this section,
differently from [1, 8, 9, 16] which set the cloud dimension
to N = 40960, we downsample the point cloud dimension
to N = 36000 as a single LiDAR sweep in nuScenes con-
tains roughly 36k points. This should be a required step
as differently from previous works, in this section we do
not apply any accumulation technique on past and future
frames. Indeed, we believe that accumulation from fu-
ture frames hinders the applicability of the model in real-

KITTI
Method Backbone RTE(m)↓ RRE(◦)↓ Acc.↑

VP2P-Match [16] Res-34 0.75 ± 1.13 3.29 ± 7.99 83.04

CalibBEV (ours) Res-34 0.03 ± 0.03 0.70 ± 0.58 99.93
CalibBEV (ours) Res-50 0.04 ± 0.10 0.61 ± 0.52 99.96

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

Method Explicit Time(s)↓
VP2P-Match [16] - 0.2862

CurrI2P (VP2P-Match) [9] - 0.2503

CalibBEV (ours) 0.1486
CalibBEV (ours) ✓ 0.1695

Table 7. Inference time (s) on a NVIDIA RTX A6000 for each
method with publicly available code. Explicit: Explicit Alignment
module.

world scenarios, and accumulation from previous frames
requires poses to be available. Therefore, Tab. 5 shows that
CalibBEV achieves better registration performances than
any other previous state-of-the-art method, even without ac-
cumulating the point cloud.

2.9. Inference Analysis
In Tab. 7, we report the inference time of CalibBEV com-
pared to the latest works with a publicly available code,
measured on an NVIDIA RTX A6000 GPU with a fixed
batch size of 1. Our Implicit Alignment module is 0.10
and 0.13 faster than CurrI2P and VP2P-Match, respectively,
while the Explicit Alignment runs 0.08 and 0.11 faster than
CurrI2P(VP2P-Match), respectively. Overall, our model
achieves a 32% reduction in inference time compared to
CurrI2P.

3. Qualitative Analysis
3.1. CLIP Loss Effect on 2D-3D Features Similarity.
In Fig. 5, we present an additional display of images that
further emphasize the significance of the CLIP-based [13]
loss in measuring the similarity between 2D and 3D fea-
tures. This visualization aims to provide a clearer under-
standing of how the CLIP-based loss plays a pivotal role in
aligning these two distinct modalities, showing good results
even on complicated associations. For example, in the first
row of images we show how similar the features of humans
are, respectively, represented by pixel features and point
features. The second row displays the features similarity
between road signs pixel features and point features.

3.2. Qualitative Self-Assessment Analysis
We conduct a qualitative self-assessment analysis both on
the KITTI Odometry [3] and the nuScenes [2] datasets



to better understand the CalibBEV behavior. Indeed, in
Figs. 6a, 6b, 7a and 7b we show some qualitative examples
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 parameters.

Fig. 6a shows two samples from the KITTI dataset in
which CalibBEV achieves excellent results, scoring less
than half-degree rotation error and a 0.05m translation er-
ror. Whereas, Fig. 6b shows two different circumstances
in which CalibBEV outputs an inaccurate registration ma-
trix, highlighting non-negligible rotation errors of 2.08◦ and
2.37◦, respectively.

Similarly, Fig. 7a shows some samples in which
CalibBEV exhibits almost perfect registration perfor-
mance on the nuScenes dataset, achieving a rotation error of
0.13◦ and 0.17◦, respectively, while highlighting a transla-
tion error of 0.03m and 0.02m respectively. However, for a
fair and complete analysis on the nuScenes dataset, Fig. 7b
shows two samples in which CalibBEV highlights non-
negligible rotation errors in the predictions, with an RRE of
2.08◦ and 0.87◦.

3.3. Adverse Conditions Qualitative Self-
Assessment Analysis

We also conduct a qualitative self-assessment on nuScenes
under adverse weather conditions to better analyze poten-
tial CalibBEV limitations. In Fig. 8a we show two sam-
ples in which CalibBEV achieves excellent results, scor-
ing a rotation error of 0.31◦ and 0.02◦, respectively. How-
ever, Fig. 8b shows two samples in which CalibBEV high-
lights non-negligible rotation errors, with an RRE of 1.27◦

and 1.45◦. Generally, we observe a higher mean error un-
der adverse weather conditions, which we attribute to po-
tential image distortions caused by raindrops directly im-
pacting the camera lens. In such scenarios, our proposed
multi-camera approach can provide richer RGB informa-
tion, thereby enhancing registration performance.
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Figure 5. 2D-3D feature similarity heat map. For each couple of images, for a given 3D point projected into the image plane (bottom),
we highlight the most similar pixels in features space (above). Semantic similarity across modalities facilitates the BEV alignment task. In
the first row we highlight a strong similarity when picking a human, in the second row the subject of the similarity match is a road sign.
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Figure 6. KITTI qualitative analysis. (a) Qualitative comparison of Image-to-Point Cloud registration results on the KITTI dataset. 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. (b) Examples of failure cases of Image-to-Point Cloud registration on the KITTI dataset.
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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Figure 7. nuScenes qualitative analysis. (a) Qualitative comparison of Image-to-Point Cloud registration results on the nuScenes dataset.
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. (b) Examples of failure cases of Image-to-Point Cloud registration on the nuScenes
dataset. 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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Figure 8. nuScenes qualitative analysis in adverse weather conditions. (a) Qualitative comparison of Image-to-Point Cloud registration
results on the nuScenes dataset in rainy 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. (b) Examples of
failure cases of Image-to-Point Cloud registration on the nuScenes dataset in rainy 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.
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