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Abstract

The method for image-to-point cloud registration typically
determines the rigid transformation using a coarse-to-fine
pipeline. However, directly and uniformly matching image
patches with point cloud patches may lead to focusing on
incorrect noise patches during matching while ignoring key
ones. Moreover, due to the significant differences between
image and point cloud modalities, it may be challenging to
bridge the domain gap without specific improvements in de-
sign. To address the above issues, we innovatively propose the
Uncertainty-aware Hierarchical Matching Module (UHMM)
and the Adversarial Modal Alignment Module (AMAM).
Within the UHMM, we model the uncertainty of critical in-
formation in image patches and facilitate multi-level fusion
interactions between image and point cloud features. In the
AMAM, we design an adversarial approach to reduce the do-
main gap between image and point cloud. Extensive experi-
ments and ablation studies on RGB-D Scene V2 and 7-Scenes
benchmarks demonstrate the superiority of our method, mak-
ing it a state-of-the-art approach for image-to-point cloud reg-
istration tasks.

Introduction
Image-to-point cloud registration aims to determine the rigid
transformation from the point cloud to the camera coordi-
nate system, which involves the cross-modal matching of
image and point cloud, followed by a pose estimator to
compute rotation and translation matrices. Such registration
is crucial for 3D reconstruction (Mouragnon et al. 2006),
SLAM (Durrant-Whyte and Bailey 2006), and visual local-
ization (Bolognini, Rasi, and Làdavas 2005) tasks. However,
while images are dense 2D grids, point clouds are sparse and
irregular 3D data. These fundamental differences pose chal-
lenges in cross-modal matching.

A range of methods has been proposed to address this
challenge. Image-to-point cloud registration can be broadly
categorized into detect-then-match (Feng et al. 2019; Wang
et al. 2021; Li and Lee 2021; Ren et al. 2022) and detection-
free methods (Kang et al. 2023; Li et al. 2023). Detect-then-
match methods first independently detect 2D key points in
images and 3D key points in point clouds, then match them
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Figure 1: (a) Visualization of uncertainty modeling, I and P
form a pair. Variance indicates uncertainty: better matches
have lower uncertainty, while poor matches have higher un-
certainty. (b) Visualization of modality differences. With
training, the modalities and distributions of the point cloud
and image become aligned.

based on their semantic features. These methods face two
main challenges: detecting key points is difficult because 2D
key points rely on texture and color, while 3D key points
depend on geometric structure. Additionally, 2D and 3D de-
scriptors encode different visual information, complicating
the extraction of consistent descriptors for matching. Thus,
detection-free methods have gained prominence. The 2D3D-
MATR (Li et al. 2023) introduces a coarse-to-fine pipeline
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that first establishes patch-level matches between image and
point cloud features, then refines these into dense pixel-to-
point matches. Utilizing contextual information and differ-
ent receptive fields significantly improves the inlier ratio.
However, giving uniform attention to all image patches may
lead to focusing on noisy patches and neglecting critical
ones (Yu et al. 2019). Additionally, bridging the domain gap
without specific design improvements (Ghanavati, Amyot,
and Rifaut 2014) is challenging due to the substantial differ-
ences between image and point cloud modalities.

From the discussion of the detection-free method, two key
issues need improvement for accurate and reliable match-
ing between image and point cloud. Firstly, it is essential
to differentiate and focus on vital image information during
matching. While previous methods used patch-level match-
ing to improve registration accuracy, emphasizing the im-
portance of specific image patches can better address is-
sues like receptive field misalignment and occlusion. Paying
sufficient attention to crucial image patches during match-
ing can enhance success rates and minimize the impact of
noisy patches. As shown in Figure 1(a), the circular point
patches correspond to the image patches on the right, dis-
played at different scales. They indicate potential matches
with uncertainty levels increasing from green to yellow to
red. As the scale decreases, uncertainty differences become
more pronounced. Yellow dots mark vital points, and areas
with more vital points have lower uncertainty. Secondly, re-
ducing the differences between images and point clouds is
crucial. The significant disparity between 2D and 3D data
necessitates more consistent feature representation spaces to
avoid incorrect matching of pixels and points. As illustrated
in Figure 1(b), six t-SNE plots (Van der Maaten and Hinton
2008) show images and point clouds at the un-trained, in-
training, and well-trained stages, illustrating modality differ-
ences. The Maximum Mean Discrepancy (MMD) for each
stage reflects domain changes due to the AMAM. Initially,
images are dense, and point clouds are sparse, but after train-
ing, the modality differences lessen, and distributions be-
come more unified. Designing a feature alignment module
to ensure consistency of the acquired image and point cloud
features is necessary, thereby improving registration effi-
ciency, robustness, and generalization in subsequent tasks.

Inspired by the above discussions, we propose an
uncertainty-aware hierarchical registration network
named B2-3Dnet, including two innovative modules:
the Uncertainty-aware Hierarchical Matching Module
(UHMM) and the Adversarial Modal Alignment Module
(AMAM). In the UHMM, we model uncertainty within
image patches and perform multi-level fusion between
image and point cloud features. We predict the mean and
variance of image features at different scales and then
resample image patch features. By constraining the sum of
variances of all image patches through adaptive variance
allocation, the network optimizes critical image patches
while suppressing noise. After similarity calculation, we
hierarchically fuse and interact multiple scale image patch
features with point patch features from coarse to fine,
allowing point cloud features to perceive image features
with different receptive fields for subsequent similarity

computation. In the AMAM, we design a domain adaptation
method based on adversarial training to mitigate feature
space differences between images and point clouds. This
module includes a Gradient Reversal Layer (GRL) (Ganin
and Lempitsky 2015) and a domain classifier. The domain
classifier determines whether the input feature comes from
the image or point cloud domain and is constrained by clas-
sification loss. The classification loss gradient undergoes
reversal when back-propagated through the GRL layer,
promoting the extraction of features with minimal modal
differences in the feature space.

In summary, our work can be summarized as follows:

• We propose the B2-3Dnet, a novel uncertainty-aware hi-
erarchical registration network with domain alignment,
demonstrating excellent accuracy and strong generaliza-
tion in image-to-point cloud registration tasks.

• We design the UHMM, employing uncertainty modeling
of image patch importance and achieving multi-level fea-
ture interaction between image and point cloud patches.
Additionally, we propose AMAM to address modal dif-
ferences between images and point clouds.

• Our method has been extensively tested on two bench-
marks, RGB-D Scene V2 (Lai, Bo, and Fox 2014) and 7-
Scenes (Glocker et al. 2013), proving its superiority and
establishing it as a state-of-the-art method in image-to-
point cloud registration tasks.

Related Work
In this section, we briefly overview related works on image-
to-point cloud registration, including stereo image registra-
tion, point cloud registration, and inter-modality registra-
tion.

Stereo Image Registration. Detector-based methods
have long dominated stereo image registration. Prior to deep
learning, key points were detected using handcrafted tech-
niques like SIFT (Ng and Henikoff 2003) and ORB (Rublee
et al. 2011), which built 2D matches from local features.
The advent of deep learning introduced neural network-
based detection, transforming the field. SuperGlue (Sarlin
et al. 2020) was pioneering in using Transformers (Vaswani
et al. 2017) for image registration, greatly enhancing local
feature matching. However, the challenge of detecting re-
peatable interest points in non-salient areas has led to the
rise of detector-free methods. Approaches like LoFTR (Sun
et al. 2021) and Efficient LoFTR (Wang et al. 2024) use a
coarse-to-fine pipeline with Transformers to efficiently esti-
mate dense image matches through global receptive fields.

Point Cloud Registration. Point cloud registration has
advanced from handcrafted descriptors like PPF (Mo-
heimani, Vautier, and Bhikkaji 2006) and FPFH (Rusu,
Blodow, and Beetz 2009) to deep learning-based ap-
proaches. CoFiNet (Yu et al. 2021) introduced detector-free
registration with a coarse-to-fine strategy, and recent meth-
ods have replaced RANSAC (Fischler and Bolles 1981) with
deep robust estimators for better speed and accuracy. Geo-
Transformer (Qin et al. 2023) improves inlier ratios by in-
tegrating global information with the transformer and intro-
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duces a local-to-global method for RANSAC-free registra-
tion.

Inter-modality Registration. Inter-modal registration
presents greater challenges compared to intra-modal regis-
tration because of the significant domain discrepancies in-
volved. Traditional approaches typically employ a detect-
then-match strategy. For instance, 2D3D-Matchnet (Feng
et al. 2019) uses SIFT (Ng and Henikoff 2003) and ISS
(Sontag 1998) to extract key points from images and point
clouds, constructing patches around these key points. It then
uses CNNs and PointNet (Qi et al. 2017) to extract fea-
tures and build descriptors for matching. P2-Net (Wang
et al. 2021) introduces a joint learning framework with a
comprehensive reception mechanism, using a single for-
ward pass to detect key locations and extract descriptors,
enabling efficient matching through contrastive constraints.
Unfortunately, the inefficiency of keypoint extraction in
cross-modal scenarios has led to significant accuracy loss,
prompting the emergence of detection-free methods. 2D3D-
MATR (Li et al. 2023) adopts a coarse-to-fine matching
process, using a transformer-based approach to establish
patch-level matches and then seeking fine-grained matches
within them, followed by regressing rigid transformations
using PNP+RANSAC (Lepetit, Moreno-Noguer, and Fua
2009; Fischler and Bolles 1981). This detection-free method
overcomes the challenge of obtaining repeatable key points
and makes 2D-3D descriptors more consistent. Using trans-
formers’ global receptive fields and multi-level methods sig-
nificantly increases the inlier ratio of matches. Our pro-
posed B2-3Dnet follows the detection-free approach, mod-
eling uncertainty in the coarse matching process and effec-
tively bridging the modality gap between images and point
clouds. These innovations make our method state-of-the-art
in image-to-point cloud registration.

Method
Overview

Given an image I ∈ RW×H×3 and a point cloud P ∈ RN×3

from the same scene, the objective of the registration be-
tween images and point clouds is to determine the rigid
transformation [R, t] from the point cloud coordinate system
to the camera coordinate system. Here,W andH are the im-
age’s width and height, whileN is the number of points. The
transformation consists of a 3D rotation R ∈ SO(3) and a
3D translation vector t ∈ R3.

Our method, B2-3Dnet, depicted in Figure 2, adopts a hi-
erarchical structure comprising four main components: the
feature extraction backbone, the Uncertainty-aware Hierar-
chical Matching Module (UHMM), the Adversarial Modal
Alignment Module (AMAM), and the subsequent pose es-
timation. Initially, we extract features from images and
point clouds using different feature extractors. These fea-
tures are aligned via the AMAM before being processed by
the UHMM. The UHMM applies uncertainty modeling to
achieve coarse patch-level matches, which are then refined
into dense matches. Finally, the PnP-RANSAC algorithm ef-
fectively computes the rigid transformation.

Feature Extraction Backbone
We use ResNet (He et al. 2016) with FPN (Lin et al. 2017)
for image feature extraction and KPFCNN (Thomas et al.
2019) for point cloud features. The 2D and 3D features are
downsampled to fi ∈ Rh×w×c and fp ∈ Rn×c for coarse
matching. At the original resolution, they are represented
as FI ∈ RH×W×C and FP ∈ RN×C for fine matching.
Positional encoding enhances fi and fp, which are refined
through self- and cross-attention in transformers, yielding
improved features fi′ and fp′.

Uncertainty-aware Hierarchical Matching Module
After the feature extraction backbone, including a series of
attention layers, we obtain the image and point cloud fea-
tures fi′ and fp

′. To achieve coarse matching in patches,
the image I ∈ RH×W is divided into h × w patches. A
lightweight three-stage CNN (Zhang et al. 2022) is used to
extract image patches at three different scales, denoted as
[i1, fi1], [i2, fi2], and [i3, fi3].

In point cloud registration, a point-to-node partition (Li,
Chen, and Lee 2018) maps points in P ∈ RN to nearest grid
points in p ∈ Rn, forming point patches [p1, fp1]. A multi-
level approach addresses scale ambiguity due to perspective
effects, where nearby objects in images appear larger, and
distant ones smaller, while the point cloud maintains a con-
sistent scale. Hierarchical features ensure accurate matching
at the correct scale, avoiding misalignment.

Uncertainty estimation layer. Although the hierarchi-
cal design effectively builds multi-scale image features for
coarse matching with point clouds, it is crucial to distinguish
the importance of image patch information to address issues
such as receptive field misalignment and occlusion from 2D
and 3D feature extraction. Image patches with higher signif-
icance should receive more attention to enhance the match-
ing success rate and minimize the impact of noisy patches.
To achieve this, we designed an uncertainty estimation layer
to assess image patch importance through uncertainty esti-
mation, enabling differential treatment of image patches.

In the uncertainty estimation layer, we reconstruct fea-
tures of image patches at different scales. The input features
fix, where x ∈ {1, 2, 3}, are fed into three uncertainty esti-
mation layers. We model the feature distribution of a single
image as a Gaussian distribution. The features fixu obtained
through uncertainty modeling for the x-th layer are recon-
structed from a Gaussian distribution parameterized by the
mean vector µ(x) and covariance matrix Σ(x), predicted by
the network. This process is illustrated in the uncertainty es-
timation layer area of Figure 2.

We utilize a term q, representing entropy, where the vari-
ance is positively correlated, primarily to prevent the vari-
ance of flat solutions from approaching zero. The term q ef-
fectively helps maintain the level of uncertainty in the train-
ing samples and is defined as follows:

q =
1

2
log

(
det(2πeΣ)

)
, (1)

the larger the variance, the greater the entropy. Through
computation, the total uncertainty loss formula is derived by
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Figure 2: Overall pipeline of B2-3Dnet. We use a feature extraction backbone to obtain features from images and point clouds,
which are aligned using the adversarial modal alignment module to reduce domain differences. The image features are processed
through hierarchical layers and uncertainty estimation layers to create informative image patches. During the interaction stages,
updated point cloud patches and image features generate a score map via cosine similarity and maximum, achieving coarse-
level matching and refining fine-level matches. Finally, PnP+RANSAC is used to regress the rigid transformation.

combining all the layers’ losses as follows:

Lsig = max(0, γ −
3∑

x=1

q(x)), (2)

where γ is the threshold value for the total uncertainty sum,
and q(x), where x ∈ {1, 2, 3}, represents the entropy of each
layer. Evidently, utilizing Lsig, the model aims to maintain
the overall level of variance of the training samples.

Here, we emphasize the use of the reparameterization
trick in sampling. Direct sampling produces random feature
samples that do not allow gradients to propagate back to
previous layers. To address this, we first draw a sample ε
from a standard Gaussian distribution with zero mean and
unit covariance, ε ∼ N (0, I). We then compute the sam-
ple using µ+ εΣ instead of directly drawing from N (µ,Σ).
This approach decouples the sampling process from parame-
ter training, enabling effective backpropagation of gradients.

Through Lsig, our network gains two key capabilities:
1. It assigns smaller variances to correctly matched image
patches and larger variances to incorrectly matched ones.
2. Image patches with larger variances have less impact on
model training, minimizing the effect of incorrect matches
that might otherwise misguide the network.

We will analyze these reasons in detail in the discussion
section. By integrating these capabilities, the network is em-
powered to focus more effectively on extracting critical im-
age patches. This targeted approach facilitates a more accu-
rate alignment of point cloud patches with the most critical
regions of the image. As a result, the overall matching pro-
cess becomes more precise and reduces the impact of less
relevant or noisy patches.

Interaction stage. After obtaining the multi-scale image
features fi1u, fi2u, and fi3u through uncertainty modeling,
we do not immediately perform coarse-level matches like
the previous methods. Instead, we process them with point
cloud patches during the interaction stage. Hierarchical fea-
tures enable better scale-specific matching and help avoid
feature misalignment. However, direct multi-scale match-
ing may not be optimal due to the differences between im-
ages and point clouds and the untapped contextual infor-
mation across image scales. To address this, we use cross-
attention to facilitate interaction between image and point
cloud patches. We then calculate the cosine similarity be-
tween the updated point cloud patches and the image feature
pyramid across hierarchical patches to generate the initial
score maps. For the first layer, we compute the query, key,
and value matrices as follows:

Q = fp1 ·Wq, K = fi1u ·Wk, V = fi1u ·Wv, (3)

the matrices Wq , Wk, and Wv are learnable weight matrices
for query, key, and value transformations, respectively. The
attention matrixA is calculated using the following formula:

A = softmax
(
Q ·KT

√
dk

)
, (4)

where KT represents the transposed key matrix, and dk is
the dimensionality of the key vectors used for scaling. The
attention features are further projected with a shallow MLP
as the final output features fp2. Following a similar process,
we update to obtain fp3.

We construct an image feature pyramid F = {f1, f2, f3}
through concatenation. After normalizing this pyramid to
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the same dimension, we compute the cosine similarity
(Strehl, Ghosh, and Mooney 2000) between the image fea-
ture pyramid and the point cloud features fp1, fp2, fp3,
yielding in three initial score maps.

To create the final Score Map, we take the maximum
value at each corresponding position across the three Initial
Score Maps. During inference, patch-level matches ψc are
extracted through mutual top-k (Qin et al. 2022a) selection
in the score map. Then, we refine the local region’s pixels
and points back to the initial resolution in the feature images
(FI ) and feature point clouds (FP ). We then normalize and
again perform top-k selection to achieve dense matches ψf .
Since 2D patches of different scales can overlap, we remove
duplicate correspondences from the final match results.

Discussion. Why do we only model uncertainty for im-
age patches? Modeling uncertainty for both image and point
cloud patches is computationally expensive and hard to
converge. Therefore, we choose to model uncertainty only
for images. Images, being two-dimensional and arranged
in regular grids, are more straightforward to model com-
pared to unordered, sparse, and irregular three-dimensional
point clouds. Multi-level image patches naturally incorpo-
rate multi-scale information, effectively conveying contex-
tual details for more accurate and robust matches. Our ex-
periments confirm this approach’s effectiveness.

Why does the network exhibit these two capabilities?
First, let us examine the loss functions for the coarse and
fine-matching networks. Both Lcoarse and Lfine use the gen-
eral circle loss (Sun et al. 2020; Qin et al. 2022b). Given
an anchor descriptor di, the descriptors of its positive and
negative pairs are DP

i and DN
i , respectively:

Li =
1

γ
log

[
1 +

( ∑
dj∈DP

i

eβ
i,j
p (dj

i−∆p)
)

·
( ∑
dk∈DN

i

eβ
i,k
n (∆n−dk

i )
)]
,

(5)

where dji is theL2 feature distance, βi,j
p = γλi,jp (dji−∆p)

and βi,k
n = γλi,kn (∆n−dki ) are the individual weights for the

positive and negative pairs, with λi,jp and λi,kn as scaling fac-
tors (Huang et al. 2021). Since fine-level matching derives
from coarse-level matches, uncertainty modeling mainly af-
fects Lcoarse. With this understanding, let us discuss these
two capabilities of the model.

Why is larger variance assigned to misaligned image
patches? The circle loss constrains Lcoarse, where incorrect
matches increase dji , reducing the difference between posi-
tive and negative samples, which in turn raises Lcoarse. Image
patches with larger variances result in higher Lcoarse due to
the larger sampling space and more incorrect matches. How-
ever, we control the total variance and cannot satisfy Lcoarse
by reducing all variances to zero. So, which image patches
should be assigned a larger variance? Misaligned image
patches will still cause a large Lcoarse even with smaller vari-
ance, but reducing the variance of correctly matched patches
can directly reduce Lcoarse. Therefore, the model assigns
larger variance to misaligned image patches.

Figure 3: Comparison of the effects with or without an
uncertainty estimation layer on correctly or incorrectly
matched patches.

Why do image patches with larger variance have less im-
pact on model training? If an image patch is assigned a
large uncertainty, the samples from this patch will have a
large variance Σ, causing the result Z to deviate from the
original image patch µ. Consequently, when collecting fea-
ture space vectors between point cloud patches to differ-
ent Z(1), Z(2), . . . , Z(n) and averaging them, their gradi-
ents may cancel each other out, as illustrated in Figure 3.
Conversely, when the variance of an image patch is small,
consistent gradients will be generated after entering the net-
work, thereby enhancing its importance. Thus, our uncer-
tainty modeling can determine which image patches are
more or less important, altering their influence on model
training to better focus on key information patches and re-
duce the impact of noisy patches.

Adversarial Modal Alignment Module
Images are two-dimensional data represented on a regular,
dense grid at a specific resolution, while point clouds are un-
ordered, sparse, and irregular three-dimensional data. Fea-
ture extractors are designed based on their different charac-
teristics, resulting in significant domain differences between
image and point cloud features, which become a major ob-
stacle in the matching process. To address this, we designed
an adversarial modal alignment module using adversarial
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concepts to align the image and point cloud modalities for
better matching.

We label the extracted features f ′i from images and f ′p
from point clouds with d′, distinguishing between image
(denote as label 1) and point cloud (denote as label 0) do-
mains. These features are then fed into a domain classifier,
composed of three connected layers, to predict the label d.
The cross-entropy loss (Rubinstein 1999) between the pre-
dicted label and the true domain label is calculated to obtain
Ld. The domain alignment loss, Ld, is defined as follows:

Ld = − 1

N

N∑
n=1

[d′n log(dn) + (1− d′n) log(1− dn)] , (6)

where N is the total number of samples, d′n is the true label
for the n-th sample, and dn is the predicted value for the
n-th sample.

The gradient of Ld is backpropagated as ∂Ld

∂x , and after
passing through the Gradient Reversal Layer (GRL), it is
inverted to −λ∂Ld

∂x before propagating back to the feature
extraction backbone network. The inverted gradient repre-
sents the differences in feature space between image and
point cloud domains learned by the classifier. By inverting
these gradients, the differences are mitigated, aligning the
extracted features more closely. This aligned feature is then
classified, ensuring it retains its intrinsic characteristics de-
spite modal alignment. With this adversarial approach, the
feature extractor is optimized, obfuscating classification by
domain, ultimately achieving alignment of image and point
cloud feature domains.

Model Training & Inference
Training. Incorporating the four types of losses mentioned
earlier, we use Lcoarse and Lfine to constrain the coarse and
fine-level matching relationships. Lsig focuses on key image
patches by limiting the total variance, while Ld promotes
alignment of image and point cloud features by reversing
gradients during backpropagation. Thus, our total loss func-
tion is expressed as:

L = Lcoarse + Lfine + Lsig + Ld. (7)

Inference. During inference, the computations from the ad-
versarial modal alignment module are not required, ensuring
the efficiency of the inference process.

Experiments
Datasets and Implementation Details
Based on the 2D3D-MATR benchmark, we conducted ex-
tensive experiments and ablation studies on two challenging
benchmarks: RGB-D Scenes V2 (Lai, Bo, and Fox 2014)
and 7Scenes (Glocker et al. 2013).

Dataset. RGB-D Scenes v2 consists of 14 scenes con-
taining furniture. For each scene, we create point cloud frag-
ments from every 25 consecutive depth frames and sample
one RGB image per 25 frames. We select image-point-cloud
pairs with an overlap ratio of at least 30%. Scenes 1-8 are
used for training, 9-10 for validation, and 11-14 for testing,

Model Scene.11 Scene.12 Scene.13 Scene.14 Mean

Mean depth (m) 1.74 1.66 1.18 1.39 1.49

Inlier Ratio ↑

FCGF-2D3D 6.8 8.5 11.8 5.4 8.1
P2-Net 9.7 12.8 17.0 9.3 12.2
Predator-2D3D 17.7 19.4 17.2 8.4 15.7
2D3D-MATR 32.8 34.4 39.2 23.3 32.4
B2-3Dnet (ours) 36.4 32.7 43.8 27.4 35.1

Feature Matching Recall ↑

FCGF-2D3D 11.1 30.4 51.5 15.5 27.1
P2-Net 48.6 65.7 82.5 41.6 59.6
Predator-2D3D 86.1 89.2 63.9 24.3 65.9
2D3D-MATR 98.6 98.0 88.7 77.9 90.8
B2-3Dnet (ours) 100.0 99.0 92.8 85.8 94.4

Registration Recall ↑

FCGF-2D3D 26.5 41.2 37.1 16.8 30.4
P2-Net 40.3 40.2 41.2 31.9 38.4
Predator-2D3D 44.4 41.2 21.6 13.7 30.2
2D3D-MATR 63.9 53.9 58.8 49.1 56.4
B2-3Dnet (ours) 58.3 60.8 74.2 60.2 63.4

Table 1: Evaluation results on RGB-D Scenes V2. Bold-
faced numbers highlight the best and the second best are
underlined.

resulting in 1,748 training pairs, 236 validation pairs, and
497 testing pairs.

The 7-Scenes is a collection of tracked RGB-D camera
frames. All seven indoor scenes were recorded from a hand-
held Kinect RGB-D camera at 640×480 resolution. We se-
lect image-to-point-cloud pairs from each scene with at least
50% overlap, adhering to the official sequence split for train-
ing, validation, and testing. This results in 4,048 training
pairs, 1,011 validation pairs, and 2,304 testing pairs.

Implementation Details. We used an NVIDIA Geforce
RTX 3090 GPU for training. Our Domain Classifier employs
three fully connected layers with dimensions {128, 64, 2}.
In the uncertainty estimation layer, the mean is obtained by
averaging the image features at each layer, while the vari-
ance is normalized through a convolutional layer followed
by a softplus activation. To prevent the variance from being
zero, a small constant is added.

Metrics. We evaluate the models with three metrics: Inlier
Ratio (IR) — the percentage of pixel-point matches with a
3D distance below 5 cm; Feature Matching Recall (FMR) —
the percentage of image-point-cloud pairs with an inlier ratio
above 10%; and Registration Recall (RR) — the percentage
of image-point-cloud pairs with an RMSE below 10 cm.

Evaluations on Dataset
We compared our approach with 2D3D-MATR and other
baselines on the RGB-D Scenes V2 dataset (Table 1). Our
method, incorporating an attention mechanism focusing on
key image regions, improves inlier ratio by 2.7 percentage
points (pp) and feature matching recall by 3.6 pp over previ-
ous methods. Notably, it surpasses the previous state-of-the-
art in critical metric registration recall by 7 pp.
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Figure 4: (a) Ablation studies of our model. (b) Ablation studies on γ. (c) Ablation studies on λ.

Mtd Chs Fr Hds Off Pmp Ktn Strs Mean

Mdpt 1.78 1.55 0.80 2.03 2.25 2.13 1.84 1.77

Inlier Ratio ↑
FC 34.2 32.8 14.8 26 23.3 22.5 6.0 22.8
Pr 34.7 33.8 16.6 25.9 23.1 22.2 7.5 23.4
P2 55.2 46.7 13.0 36.2 32.0 32.8 5.8 31.7
2D 72.1 66.0 31.3 60.7 50.2 52.5 18.1 50.1
ours 73.8 66.7 33.1 61.7 50.8 52.3 18.1 50.9

Feature Matching Recall ↑
FC 99.7 98.2 69.9 97.1 83.0 87.7 16.2 78.8
Pr 91.3 95.1 76.6 88.6 79.2 80.6 31.1 77.5
P2 100.0 99.3 58.9 99.1 87.2 92.2 16.2 79
2D 100.0 99.6 98.6 100.0 92.4 95.9 58.2 92.1
ours 100.0 100.0 98.6 100.0 92.7 95.6 64.9 93.1

Registration Recall ↑
FC 89.5 79.7 19.2 85.9 69.4 79.0 6.8 61.4
Pr 69.6 60.7 17.8 62.9 56.2 62.6 9.5 48.5
P2 96.9 86.5 20.5 91.7 75.3 85.2 4.1 65.7
2D 96.9 90.7 52.1 95.5 80.9 86.1 28.4 75.8
ours 98.3 90.5 56.2 96.4 84.0 86.1 32.4 77.7

Table 2: Evaluation results on 7Scenes. Models are abbrevi-
ated using the first two letters, and scenes are abbreviated.
Boldfaced numbers highlight the best and the second best
are underlined.

We evaluated the generalization of our method to unseen
viewpoints in the 7-Scenes dataset, with results presented in
Table 2. Our approach achieves an advantage of 0.8 percent-
age points (pp) over 2D3D-MATR in an inlier ratio. This ad-
vantage further increases to 1 pp in feature matching recall.
In terms of registration recall, our method outperforms the
baseline by nearly 2 pp. The 7-Scenes dataset presents more
significant scale variations compared to RGB-D Scenes V2.
Despite these challenges, our method demonstrates superior
performance, highlighting B2-3Dnet’s adaptability to vary-
ing scales. Notably, 2D3D-MATR shows marked improve-
ments in two challenging scenes, Heads and Stairs. In the
Heads scene, the camera’s proximity to surfaces amplifies

small errors in 3D space on the image plane, complicat-
ing accurate correspondence extraction. The Stairs scene in-
cludes many indistinguishable repetitive patterns. Our multi-
scale patch uncertainty modeling strategy effectively ad-
dresses these challenges, enabling better performance in dif-
ficult scenarios.

Ablation Studies

We conducted extensive ablation studies to evaluate the ef-
fectiveness of our designs on the RGB-D Scenes V2 dataset.
We tested the impact of the UHMM (comprising the interac-
tion stage and uncertainty estimation layer) and the AMAM.
As illustrated in Figure 4(a), BL represents the baseline, M1
represents only the interaction stage, M2 represents only the
UHMM, M3 represents the interaction stage and AMAM,
and full represents all modules included. The interaction
stage alone increased the inlier ratio, but without the un-
certainty estimation layer, the registration recall (RR) de-
creased. Adding the AMAM improved all performance met-
rics by reducing domain differences between modalities.

In the process of selecting the total variance threshold γ,
as γ changed, the values exhibited some fluctuations. How-
ever, these were minor and did not significantly impact the
overall results. Regarding the threshold for the coefficient
λ of the gradient reversal layer (GRL), we found that the
range between 0.001 and 0.1 is optimal, and through testing,
we determined the best choice. The visual representations of
these two parts are shown in Figure 4(b) and Figure 4(c).

Conclusion

We propose the B2-3Dnet, an uncertainty-aware hierarchi-
cal registration network with domain alignment. Our ap-
proach models uncertainty from hierarchically extracted im-
age patches and interacts with point cloud features to iden-
tify key informative regions while leveraging contextual in-
formation. Additionally, we employ a domain alignment
module to reduce the domain differences between images
and point clouds, enhancing the accuracy and robustness
of the image-to-point cloud registration task. Our method
achieves state-of-the-art performance on the RGB-D Scenes
V2 and 7-Scenes datasets.
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