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Abstract: Machine vision-based detection methods have been widely applied in the detection of aircraft skin damage. During drone
inspection processes, a key step is to spatially locate high-resolution detailed images of aircraft skin from multiple angles onto a three-
dimensional point cloud model of the aircraft. This relies on the rigid registration of image center position coordinate point cloud with the
aircraft 3D point cloud. To address the issues of low accuracy and poor robustness encountered by existing registration algorithms when
dealing with heterogeneous point clouds with significant differences in density and low overlap, this paper presents a novel cross-source
point cloud registration network. The network integrates multi-scale information from the point cloud and employs an attention mechanism
to identify representative overlapping points. First, the network achieves initial correspondences using the multi-scale geometric features
and positional information of the point cloud. Then, an overlapping feature guidance module predicts the overlapping score of the point
cloud. By utilizing information interaction through the attention mechanism, the network combines point overlapping scores with fused
features to filter out representative overlapping points, achieving precise correspondences in the point cloud. The network employs
weighted singular value decomposition (SVD) to estimate two sets of transformation matrices, yielding the relative pose parameters of the
point cloud. Experiments were conducted in an unsupervised manner. The experimental results on the ModelNet40 dataset and the aero
object dataset aircraft measurement data showed that, compared to other existing traditional and learning-based methods, this approach
demonstrated excellent performance in terms of registration accuracy and robustness.
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0 Introduction

Aircraft are widely utilized in national defense and
military operations, as well as in transportation, where

safety and stability are of paramount importance'"’

. Damage
to aircraft skin is one of the critical factors affecting
structural safety. The skin surface is subject to atmospheric
erosion, bird strikes, lightning impacts, and the stresses
experienced during flight, leading to defects such as cracks,
dents, and corrosion. These issues can significantly reduce
the overall lifespan of the aircraft, highlighting the
importance of routine maintenance and quality inspection of
the skin. However, traditional manual visual inspection
methods are inefficient, time-consuming, and yield
inconsistent results, failing to meet the modern aerospace
industry’s demands for precision and efficiency. Machine
vision-based inspection methods offer enhanced accuracy
and speed, while leveraging the advantages of drones in
terms of efficiency”, safety, and path planning, making

them an ideal platform for skin inspection.
Rapid and accurate detection of aircraft skin is a critical

B methods based on

focus of research. Computer vision
neural networks demonstrate significant advantages in
detection speed and accuracy. By utilizing drone platforms
to scan high-definition detailed images of the aircraft skin
and integrating two-dimensional pixel data with three-
dimensional spatial localization algorithms and machine
vision target detection algorithms, it is possible to achieve
the localization, identification, and marking of skin defects.
The three-dimensional spatial localization of detailed
images 1s a key step in the inspection process. The
coordinates of the center point of the detailed image,
obtained in the camera coordinate system during the capture
of panoramic images, serve as the source point cloud in the
point cloud registration task, while the three-dimensional
point cloud model of the aircraft under inspection acts as the
target point cloud. Since the source point cloud is derived

from the depth information of the sensors and the rotational
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angles of the gimbal, while the target point cloud represents
the true three-dimensional model of the aircraft, both
belong to heterogeneous point clouds captured by different
sensors and imaging mechanisms. Consequently, there are
significant differences in resolution, scale, field of view,
and overlap, rendering the registration problem more
complex.

In the rigid registration of point clouds, traditional
methods such as the iterative closest point (ICP) "
algorithm are commonly used. This approach optimizes the
transformation estimation by iteratively refining the
matching pairs of closest points within the point cloud.
However, due to its non-convex nature, the ICP method
is highly dependent on initial values and is prone to converge
to local optima. Various enhanced algorithms, such as
PLICP",
correspondences, while Go-ICP" employs branch-and-

utilize point-line matching to update
bound (BnB) algorithms to guide the process and avoid
local minima. Nonetheless, these methods are significantly
slower than ICP and demonstrate poor robustness in
complex scenarios. Fast global registration (FGR) ™ is an
efficient global point cloud registration method that
leverages local fast point feature histograms (FPFH) for
feature extraction and global optimization. However, FGR
is sensitive to noise and outliers and performs inadequately
with low-resolution point clouds. Traditional registration
algorithms often encounter issues such as initial value
dependency, local optima, noise sensitivity, and
computational inefficiency ~ when  dealing  with
heterogeneous point clouds that exhibit substantial
differences in density and low overlap.

Compared to traditional point cloud registration
algorithms, deep learning methods integrate differentiable
pose estimation into the learning pipeline, demonstrating
significant advantages in registration accuracy, speed, and
robustness. Existing deep learning approaches can be
categorized into two main types: those based on global
features and those based on point correspondences.
Methods leveraging global features, such as PointNetLLK"
and PCRNet"”, adopt different frameworks. PointNetLLK

combines a global feature descriptor based on PointNet'"”

with the Lucas & Kanade (I.LK) optimization algorithm'",
iteratively estimating the relative pose transformation. On
the other hand, PCRNet integrates PointNet with a
multilayer perceptron (MLP) " within a Siamese network
structure, enhancing robustness against noisy points.
However, these methods rely on global information for
matching, and the absence of information in non-
overlapping regions can lead to inaccurate transformations.

Therefore, when dealing with partial-to-global point

clouds exhibiting low overlap, they may not capture
sufficient feature information, resulting in challenges for the
registration process.

Methods based on point correspondences establish
correspondences through local features. DCP"* employs a
DGCNN network™' to extract local features and compute
soft correspondences. However, it struggles to mitigate
negative impacts when matching point clouds of different
resolutions. PRNet"” predicts the correspondences of key

points using Gumbel-Softmax"*

, effectively addressing the
partial-to-partial registration problem, but its high
computational overhead makes it less suitable for practical
applications. DBDNet"” proposes a dual-branch structure
to decouple rotation and translation, enhancing the accuracy
of key point matching in overlapping regions. OMNet"'®
combines overlap region prediction and adaptive feature
fusion to reduce the mismatching of overlapping region
points. Nevertheless, these methods tend to produce
mismatches when dealing with low-overlap heterogeneous
point clouds, thereby reducing registration accuracy.
Overall, while methods based on point correspondences can
partially address the registration issues between partial and
global point clouds with low overlap, their susceptibility to
mismatches between point clouds of different resolutions'”’
and their high sensitivity to the structure of heterogeneous
point clouds continue to impact registration accuracy and
robustness.

In summary, this paper aims to achieve the registration
of heterogeneous point clouds with significant sparsity-
densification differences and low overlap using deep
learning methods. The network integrates multi-scale
spherical geometric features from point clouds, combining
feature class information and positional information to
compute the initial transformation matrix for the point
clouds. Subsequently, self-attention and cross-attention
mechanisms are employed to filter representative
overlapping points in the pre-matching region, facilitating
the calculation of an accurate transformation matrix and
enabling correspondence-based registration. The method
presented in this paper effectively addresses the accuracy
issues associated with the registration of point clouds that
exhibit large sparsity-densification differences and low
overlap), robustness even in

maintaining noisy

environments and heterogeneous conditions.

1 Method

1.1 Acquisition of multi-angle detailed images
and their representative coordinate points

The data acquisition system established for the
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experiments in this paper includes a high-precision of the acquisition method is illustrated in Fig.2.
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Fig. 2 Flowchart for acquisition of detailed images and their representative coordinate points

1.2 Three-dimensional spatial localization of panoramic image, while the target point cloud is the 3D
point cloud model of the aircraft being tested. An overview

detailed images of the network architecture is shown in Fig.3. The input

In the registration task, the source point cloud consists
of the coordinates of the center point of the detailed image
in the camera coordinate system when capturing the

point cloud consists of the red point cloud representing the
3D point cloud model of the aircraft, serving as the target
point cloud.
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Fig.3 Overview of network architecture

The green point cloud represents the spatial

coordinates of the center point of the detailed image in

the camera coordinate system during the capture of the
panoramic image, serving as the source point cloud for
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the point cloud registration task. The purple point cloud
indicates the initial corresponding region.
1.2.1 Problem statement

The problem of rigid point cloud registration from a
partial point cloud to a complete point cloud can be stated as
follows. Given two input point clouds X and Y, our
objective is to determine a rigid transformation 7', which
includes parameters R € SO(3) and t€ R?, to best align
the source point cloud X with the target point cloud Y in the
least squares sense. We use the same notation to represent
the sets of point clouds and their corresponding matrices
XeRY and YERY™.
transformation T’y to determine the optimal alignment by

We apply the true rigid

minimizing the distance between the precise matching
points of the transformed source point cloud and the precise

matching points of the target point cloud as

min > [NN(T(2)Y) =y ] O
Toa=1

2

where K is the number of precise matching points,
NN(T;’(L), Y) denotes the nearest neighbor point of

the transformed source point x, in the target point cloud
Y, x, and y, represent the matching points in the source
point cloud and target point cloud, respectively.
1.2.2 Adaptive region matching module based on multi-
scale spherical features

In order to achieve the initial correspondence between
the source point cloud and the target point cloud, this
paper proposes an adaptive region matching module

LU as illustrated

based on multi-scale spherical features
in Fig. 4. Specifically, it involves extracting the multi-
scale spherical geometric features of the point cloud,
integrating class information and positional information,
and then calculating the similarity of point cloud patch
features to establish the initial correspondence of the
point clouds.

Given the input point cloud X, we construct local patches
at different scales. Specifically, we define the number of
scales 7 and utilize the farthest point sampling to select
central points, ensuring that the sampled points are
uniformly distributed across the surface of the point cloud.
The set of selected central points is denoted as CT" =
FPX(X), where FPX( « ) indicates that the farthest point
sampling method is adopted for the point cloud, and S”
represents the number of patches at scale 5. Given the
central points, we generate the corresponding local patches
foreach central point using the K-nearest neighbors (KNN)
method. The representation of the patches at the »th scale

1s denoted as

P"=KNN(K",X,CT"), )
where the feature dimension is S"X K" X3, KNN (-, -, +)
represents the K - nearest neighbors operation, and K’
denotes the size of the patches, which is the number of
points contained in each patch. This size is adjusted based
on the specific datasets to capture features at different
spatial resolutions. In our experiments, we set 4 scales
7=1,2,3,4, with patch sizes K"=16,32,64,128 and
the corresponding number of patches S”=64,32,16,8,
and the total number of patches is S = i S"=120.
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Fig. 4 Adaptive region matching module based on multi-scale
spherical features

Due to the significant non-Euclidean geometric
characteristics of point clouds, accurately capturing their
geometric features becomes challenging. However,
mapping point clouds to spherical space can address this
issue. The improved shared multi-scale spherical geometric
feature extractor (MGFE) is illustrated in Fig.5. MGFE
fixed-length  local feature

generates geometric

representations by constructing local spherical mappings of
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the point clouds and combining them with a multi-scale
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neighboring points are mapped onto the unit sphere as
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o where the feature dimensions are K" X d.
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and y” are learnable parameters, (©
and §=e’
stability coefficient to prevent instability in calculations

where o”, B,
denotes the Hadamard product, 1s a set
caused by a zero denominator. The first part of Eq. (4)
normalizes each point in the patch to the unit sphere, the
second part computes the angular relationships between
the points in the patch and the neighboring points,
applying weighted normalization, and the third part, y7,
represents a bias term used for translation.

The point cloud patch features F}i outputted through
spherical mapping have a feature dimension of S”X
K7 X d. After applying the max pooling operation, we
obtain  the multi-scale global features FlL=
maxpool( ]Z) of the point cloud patch. Maxpool( )
represents the max pooling operation. After feature
concatenation, a multilayer perceptron (MLP) processes
the features to derive the multi-scale embedding local
feature representation FY; of the point cloud patch, where

the feature dimension i1s S” X K7 X d .

Fl. = MLP(Concat[ F, F}.]), (5)

where d,, represents the output feature dimension,
Concat[ «,+] represents the feature concatenation
operation, and MLP( ) represents the multi-layer
perceptron. Subsequently, F¥. undergoes another max
pooling operation to yield the multi-scale embedding
global feature representation Fli’G:Maxpool(F;i’L) of
the point cloud patch.

The » scales of point cloud patch features are fused

into a unified multi-scale feature representation.
FPZConcat[Fﬁ(;,'",F(:’(;] (6)

where the feature dimension is S X d,,.. We initialize the
class and position encoding of the point cloud patch
embeddings randomly, expanding the patch embeddings
to include both global category information and local
positional relationships. First, we randomly initialize a
learnable class label vector C. and represent the
positional information of each point cloud patch using the
centroid coordinates CT,. After concatenating CT;, with
C.., we map this combined information to the
embedding dimension d,, using a learned MLP,

resulting in the class and positional encoding.
Fro i — MLP(Concat[CT,-,Cd,.] ) (7)

where the feature dimension is S X 2d,,. Based on the
class and positional information of the embedding from
the source point cloud and the target point cloud, we
denote the total feature sequences of the point cloud
patches as Fy, y and Fp, y for convenience, using F'y and
Fy to represent them, respectively. We then compute

the similarity matrix of the point cloud patch features
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between the source and target point clouds to achieve a
coarse matching between patches, thereby establishing
the initial correspondence between the source and target
The

Sim(Fy,j,FX,j) between the target point cloud patch

point clouds. calculation of the similarity

features Fy; and the source point cloud patch features
Fy;i1s defined as

Fy'j‘F}(vj

, (®)
[ Fosl | F,

Sim(Fy, Fy,;)=

2 2
where Sim( +) denote the calculation of the cosine
similarity, which is then normalized to construct the
similarity matrix S € R**%, From the score matrix, we
select the top-# most descriptive matching patches to
form the matching patch set Kyy. Utilizing the positional
information of the patches, we compute the initial
transformation matrix [Ro,t()], using a weighted singular
value decomposition (SVD). SVD decomposes any
matrix into the product of two orthogonal matrices and a
diagonal matrix (the singular value matrix). In pose
estimation, it involves decomposing the covariance
matrix of two sets of point clouds to extract the
orthogonal basis corresponding to the largest singular
value, obtaining the optimal rotation matrix, and
calculating the translation vector by combining centroid
offsets, thereby minimizing registration error.
Based on the aforementioned content, we have
established the initial correspondence between the source
point cloud and the target point cloud, providing initial
conditions for precise point cloud alignment for the

prediction of overlapping points within the corresponding

regions of the point clouds.
1.2.3 Overlapping feature guidance module

We achieve precise point cloud alignment based on the
prediction of overlapping points in the initial
correspondence regions between the transformed source
point cloud and the target point cloud. We design an
overlapping point feature guidance module based on
point cloud fusion features, as shown in Fig.6, to predict
the overlap score of the points.

We utilize a modified PointNet network as the shared
encoder of the overlapping point feature guidance
module to obtain the local features Foy and F.y
corresponding to the source and target point cloud
regions within the patch set Kyy, with feature
dimensions of N X'd and M X d. We consider the
prediction of overlapping points as a binary classification
problem, and the calculation of the overlap point score is

expressed as

Fex, R(Féo),R(FEy),
Oy = g,softmax| Concat ,(9)
R(F&y— Fy)
Fev,R(FE&),R(Féy),
O, = g,softmax| Concat ,
R(F& — Fiy)
(10)

where g, is the shared overlap decoder, followed by a
softmax function, Féyand F§& represent the global features
obtained after the max pooling operation, R( ») denotes
the expanded feature dimension and feature replication,
while Oy and O\ represent the point overlap scores for the
source point cloud X'and the target point cloud Y.

. N\
/ Overlapping feature guidance module ® Max pooling
l ® Feature repeat
F, 0, @ Concat

O Element subtraction

Overlapping | /

Vany
)

C.

|
X' — PointNet —~ ’

decoder

— — — — =~ Weighted

| and filtering module based on I—> T;
l attention mechanism

D

—_————

S OverlappingL

Y — PointNet

decoder

a’J
Al
Fey
FE)
@y

F,

I

I

I

I

I

I

. ; [
| Overlapping feature matching SVD |
|

I

I

I

I

I

I

Fig. 6 Overlapping point feature guidance module

1.2.4 Attention mechanism-based overlapping feature
matching filtering module

To filter out more representative overlapping point

pairs and improve alignment accuracy, we design an

mechanism-based feature

attention overlapping

matching filtering module, as shown in Fig.7. The
specific steps involve enhancing the point pair features,
which undergoes information interaction through the
attention mechanism, followed by filtering using a

similarity matrix.
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For each point x € X', the £ nearest neighbors U, are
obtained within a predefined radius using the K-nearest
u,€U,, the
augmented feature representation F, of point u, is

neighbors” method. For each point

derived by linking the spatial coordinates and point pair
features PPF,.
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Fig.7 Attention mechanism-based overlapping feature
matching filtering module

We obtain the augmented feature representation F¢, of
pointx, with a feature dimension of d,

Fi,= MaxPool (1( F})), (12)

i<i<k

where g, consists of multiple one-dimensional
convolutional layers. The local augmented features of
the point cloud are fed into the attention layer.

The attention layer includes a self-attention layer and
a cross-attention layer. The input to the self-attention
layer comes from multi-scale features of the same point
cloud, while the input to the cross-attention layer is
derived from multi-scale features of two different point
clouds. This results in the feature representations F ¢y
and FQ after the information interaction based on the

attention mechanism
Fixy= ¢cross< Spsclf( Fx, F(?X’), Spsclf< Fey, F(‘Y) )v (13)

oy = @cmss( §0sc1f( Fey, F(?Y) , §Dsc1f( Fey, F(‘x’)), (14)

“2l encoder layer, consisting of

where ¢ ( « ) is a transformer
a multi-layer perceptron (MLP), a layer normalization
(LN), and a multi-head attention operation (MA) that
executes H attention functions in parallel. Each attention

head generates a query vector Q, a key vector K, and a

value vector V.

Q=FW?¢,
K=FWF¥, (15)
V=FW',

where W9, W*,
matrices. Each H attention function computes the

and WV are learned projection

attention score matrix through a dot product, which is
then multiplied by the value vector V to output the
attention features.

Attention ( Q.K,V ) = Softmax

vV, (16)

head

where the number of attention heads 1s H, and dy..q =
d/H. The

normalization operation.

softmax(+) function represents the
The multi-head
operation can be expressed as

head, = Attention(QWiQ,KWfK, VW,-V), (17)
F™= Concat[ head,, head,, -+ ,head, JW?, (18)

attention

where W is a learnable projection matrix. The self-
attention layer enhances the feature representations of
Fx and F ¢y, while the cross-attention layer enables the
interaction of feature information, resulting in the fused
and enhanced point cloud features F¢x and F¢@y. The
feature dimensions are N X 4d, and M X 4d,,
respectively.

We then perform representative overlapping point
selection. First, based on the overlap score Oy, we
select the top-N, points from the source point cloud X' as
the initial overlapping points X,;. Using the similarity
matrix H, = F:?x,,'( (”«‘Y)T

then filter to obtain a more representative set of

for feature matching, we

overlapping points.

X = Xol{arg max ( max <F)‘}‘ ( S‘Y)T) ﬂ (19)
top-prob J i

where top-prob refers to selecting points that achieve the

highest similarity score in the probability distribution of

the attention mechanism, and max denotes the features
j

F}' of the target points that are the most similar to the

points x,, ;€ X,,. Therefore, the similarity matrix H,, =
T . . .

Fy, (F{”x) for the representative overlapping point set

X2 1s obtained. And for each point &, ;€ X2, we search
for its corresponding target point y,€ Y, following the

matching rules.

J=argmax H,, ,, (20)
top-k
HuZ,[jy ]6],
w,= . 1)
0, Jj&J,
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2y 22
Vi S, (22)
jes

where J represents the indices of the top-4 points in point

cloud Y that have the highest similarity scores for each

point x,, ;. Based on the matched point pairs (1‘02,,-,3/,) and

their corresponding overlap weight scores Oy ;, we

utilize weighted SVD to compute the overlap-based

transformation matrix R, € SO(3) and translation vector
tER.

Based on the initial correspondences and the overlap-
based transformation matrix, we obtain the final precise
transformation matrix R = R, R, and translation vector
t=Rt,+ 1.

1.2.5 Loss function

The prediction of overlapping fractions is approached
as a binary classification task, where we consider
utilizing the cross-entropy loss function to supervise the
training process. We define the overlapping loss function
L, as

PP CHRICRIS

@X:{X,.NN(Ié-X,+i,Y)<d,vz'}, (24)

where Oy and O, represent the true overlapping scores
of point clouds X and Y, which are obtained from the
mapping @y based on Eq. (19). NN (X, Y ) denotes the
nearest neighbor of point X found within Y, where
mapping values below the threshold d are set to 1, while
those above this threshold are set to 0.

To enhance training efficiency, we calculate the
differences between the model’ s predicted values (R
and #) and their corresponding true values (R and #) as

an auxiliary loss function.

Li=|X+R'—X-R"

=i e

The total loss function of the network is expressed as

L=L,+ ALy (26)
2 Experiments

The training of the network was implemented in
PyTorch. All experiments were conducted on an Intel 19-
13900K CPU and an NVIDIA GeForce RTX 3090 Ti
GPU, with the CPU operating at 3 GHz. For the
ModelNet40 dataset, the model was trained for 800 epochs

[23]

using the Adam optimizer™', with an initial learning rate of

1 X 107*. The learning rate was adjusted using a cosine

annealing schedule, and the batch size was set to 32, with
the network iterating twice over the dataset. Unless
explicitly stated otherwise in the experimental studies, we
input 1024 (1 K) points.

2.1 Dataset

2.1.1 ModelNet40 dataset

The ModelNet40™ dataset is widely used for point
cloud registration, containing 40 categories with a total
of 12 311 mesh CAD models, including 9 843 training
models and 2 468 testing models. For each data model,
1 024 points were uniformly sampled from the surface of
the mesh, and the coordinates were normalized for
network input. During the training process, three
rotation angles were randomly generated within the
range of [—45“,45”}, and translations were applied
along the three axes within the range of [ — 0.5,0.5].
2.1.2 Aircraft dataset

Due to the current lack of large-scale optical
measurement labeled databases, the network proposed
in this paper employed an unsupervised training method.
A large-scale point cloud dataset named the aero object
dataset has been created based on the CAD models of the
aircraft to be tested. Initially, aircraft point cloud models
are randomly cropped with a clipping ratio of 0.5 to
generate a subset of point clouds. From this subset,
2 048 points were randomly sampled and combined to
form the final dataset. The resulting synthetic training
set contained 30 000 point cloud samples, while the
testing set includes 8 000 point cloud samples, both of
which were utilized for practical training. The data
processing methods were consistent with those used for
the ModelNet40 dataset.

2.2 Benchmarks and evaluation indicators

To evaluate the performance of point cloud

registration, we adopt the isotropic rotation and
translation errors proposed in RPMNet'*”.
w(R'R)—1
Error ( R )= arccos 5 | 27)
Error(t):H R't—1i|, (28)

1

where R and t represent the ground truth and predicted
transformations, respectively, while tr( +) denotes the
trace of a matrix. Additionally, we evaluate the root mean
square errors for rotation and translation, denoted as
RMSE (R) and RMSE (2) , as well as the mean absolute
errors, MAE (R) and MAE (#) , as utilized in OMNet.
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2.3 Contrast experiment

To validate the effectiveness of the proposed method,
we conducted comparisons with mainstream traditional
registration algorithms (ICP, FGR) as well as deep
learning-based methods (DCP, PCRNet, DBDNet,
OMNet). The implementations of ICP and FGR were

6] while we utilized the code

sourced from Open3D
provided by the authors for the other algorithms. The
performance metrics on the complete dataset, without
any additional processing, are presented in Table 1 for
the ModelNet40 dataset.

The experimental results presented in Table 1 indicate
that the traditional algorithm ICP performs poorly due to
significant initial differences in point clouds. In contrast,
FGR outperforms certain learning-based methods, as it
utilizes additional data. Compared to mainstream learning-
based approaches, our method achieves optimal rotation
and translation estimates, demonstrating leading precision
metrics on the ModelNet40 dataset.

Table 1 Results on ModelNet40 for unseen categories

Method  Error(R) Error(t) RMSE(R) RMSE(t) MAE(R) MAE(t)
ICP 35.9012 0.2838 28.2515 0.2554 19.4956 0.208 6
FGR 14.8852 0.1655 10.5713 0.1009 7.7127 0.077 3
DCP 174316 0.1785 12.4906 0.1193 8.7706 0.0828

PCRNet 18.5210 0.1990 14.5911 0.1473 9.3675 0.096 5
DBDNet 4.2032 0.0803 5.3811 0.0818 2.0271 0.0375
OMNet  1.2665 0.0159 24558 0.0210 1.0021 0.0082

Ours 1.2001 0.0091 2.1560 0.0148 0.5933 0.004 2

We also assessed the robustness of the model in the
presence of noise by adding Gaussian noise with a mean of
0 and a variance of 0.02. The results are presented in
Table 2. The metrics indicate that the traditional algorithm
ICP is highly susceptible to noise, while the error for FGR
increases dramatically, demonstrating its sensitivity to
noise. In contrast, the learning-based methods exhibit less
sensitivity to noise, maintaining a certain level of
robustness. Our method, along with OMNet, continues to
demonstrate high accuracy and superior performance,
thereby confirming the strong robustness of our network.

Table 2 Results on ModelNet40 for unseen categories with
added noise

Method  Error(R) Error(z) RMSE(R) RMSE(z) MAE(R) MAE(z)

ICP 40.2012 0.3550 30.2355 0.3002 21.1274 0.2543
FGR 28.3158 0.2766 26.1975 0.2510 16.3753 0.1799
DCP 20.4316 0.2048 13.4906 0.1342 9.1528 0.0927
PCRNet 21.5210 0.2315 155911 0.1649 9.8761 0.1156

DBDNet 5.2032 0.1059 5.8811 0.0934 2.5346 0.0482
OMNet  1.8665 0.0295 2.7558 0.0327 1.2679 0.0118
Ours 1.5410 0.0123 2.2793 0.0158 0.7740 0.0057

To evaluate the model’s performance on the
registration task of partially overlapping point clouds to
complete point clouds, we further processed the
ModelNet40 dataset by cropping the source point clouds
to a ratio of 0.3, while the target point clouds remained
untrimmed, with both sets augmented by Gaussian
noise. The performance of various methods on the
ModelNet40 dataset is presented in Table 3. The
experimental results indicate that traditional algorithms
do not perform well in handling non-overlapping regions
in the partial-to-whole registration task. While the
overall accuracy of learning-based methods also
declines, our method consistently achieves optimal
performance across all metrics.

Table 3 Results on ModelNet40 for unseen categories with

0. 30 cropping and added noise

Method  Error(R) Error(z) RMSE(R) RMSE(z) MAE(R) MAE(z)
1CP 55.1175 0.3642 45.1058 0.3178 36.6210 0.3100
FGR 40.2750 0.2825 38.0453 0.2568 29.4887 0.2156
DCP 25.6003 0.2517 17.7659 0.1610 13.7645 0.1440

PCRNet 24.6537 0.2488 19.8450 0.1815 13.9890 0.1522

DBDNet 8.6125 0.1220 9.5637 0.1012 5.7336 0.0559
OMNet  3.6074 0.0457 45225 0.0496 2.3231 0.0167
Ours 29728 0.0277 3.6353 0.0351 15297 0.0131

We also conducted a comparison of the inference
efficiency of the model, as shown in Table 4. The
analysis of inference time indicates that our model
demonstrates high efficiency in the point cloud
registration task, with inference times significantly
lower than traditional algorithms, although slightly
inferior to some learning-based algorithms. However,
our model achieves a good balance between efficiency
and registration accuracy, maintaining a reasonable
inference speed while delivering optimal performance.

Table 4 Inference time results on ModelNet40

Method Time/s
ICP 0.4855
FGR 0.733 6
DCP 0.016 8

PCRNet 0.009 1

DBDNet 0.0120

OMNet 0.008 2
Ours 0.014 7

To further validate the robustness and generalization
ability of our model in low-overlap point cloud scenarios,
we designed and conducted experiments under low overlap
conditions (0.05—0.30). The experiments cover two
datasets: ModelNet40 and the aero object dataset. We
cropped the source point clouds at ratios of 0.05, 0.10,
0.15, 0.20, 0.25, and 0.30, while the target point clouds
were not cropped and noise was added. The results on
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ModelNetd0 are shown in Table 5, and the results on the
aero object dataset are shown in Table 6.

Table 5 Results on ModelNet40 for unseen categories with

different cropping ratios

Ratio Error(R) Error(t) RMSE(R) RMSE(t) MAE(R) MAE(#)

0.05 7.5077 0.0754 10.8112 0.0898 3.9307 0.0366
0.10 51492 0.0526 6.9857 0.0639 2.6764 0.0252
0.15 39141 0.0385 5.0945 0.0460 2.0356 0.0184
0.20 3.6466 0.0372 4.8285 0.0482 1.8894 0.0174
0.25 3.3427 0.0311 4.2343 0.0387 1.7102 0.0148
0.30 29728 0.0277 3.6353 0.0351 1.5297 0.0131

Table 6 Results on aero object dataset with different cropping

ratios

Ratio Error(R) Error(t) RMSE(R) RMSE(t) MAE(R) MAE(z)

0.05 59803 0.0811 114400 0.1357 3.2769 0.0382
0.10 34129 0.0365 4.8983 0.0524 1.7619 0.0167
0.15 21968 0.0249 17691 0.0183 1.1558 0.0119
0.20  1.2153 0.0140 2.5939 0.0280 0.6523 0.006 8
0.25 09662 0.0098 1.3402 0.0110 0.5166 0.0047
0.30 0.6702 0.0073 0.5997 0.0060 0.366 8 0.003 6

The experimental results for low-overlap point cloud
scenarios indicate that our model demonstrates strong
robustness and generalization ability when the overlap
ratio ranges from 0.10 to 0.30. Despite the differing
complexities of the ModelNet40 and aero object dataset,
our model maintains strong performance. Notably, the
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model’ s performance significantly declines at extremely
low overlap rates (such as 0.05), accompanied by
considerable fluctuations in error. This suggests that
registration  tasks under extreme low-overlap
conditions, where point cloud information is severely
lacking, remain challenging.

We conducted a visualization of the algorithm’s
performance. The registration performance of our model
on the ModelNet40 dataset for fully overlapping and
partially overlapping cases with an overlap ratio of 0.30
is shown in Fig.8. The performance of all algorithms on
the ModelNet40 dataset at an overlap ratio of 0.30 is

illustrated in Fig.9.
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Fig. 8 Visualization of registration on ModelNet4( dataset with

full overlap and an overlap ratio of 0.30. (a) Full overlap;
(b) Overlap ratio of 0. 30. Red, green, and blue represent target
point cloud, source point cloud, and transformed source point
cloud, respectively
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Visualization of registration on ModelNet4) dataset with an overlap ratio of 0.30. Red, yellow, and purple colors

represent source point cloud, target point cloud, and transformed source point cloud, respectively

we evaluated the performance of

Additionally,
different algorithms on the aero object dataset, where we
again cropped the source point clouds to a ratio of 0.30.
The results are presented in Table 7. It can be see that all
methods show an improvement in accuracy; however,
our method maintains the highest accuracy and
robustness.

Representative center coordinates of detailed images
were enriched through an interpolation method based on
Delaunay triangulation. The actual training registration

effects with the three-dimensional point cloud model of

the aircraft are demonstrated in Fig.10.

Table 7 Results on aero object dataset for cropped portion
with a ratio of 0. 30 to overall data

Method  Error(R) Error(z) RMSE(R) RMSE(z) MAE(R) MAE(?)
ICpP 13.3264 0.1513 11.4350 0.1404 10.1009 0.1255
FGR 8.0366 0.1085 7.5123 0.0845 6.6288 0.069 1
DCP 8.7459 0.1149 7.9804 0.0838 5.5702 0.059 0

PCRNet 54891 0.0513 4.8802 0.0427 3.9785 0.0371

DBDNet 3.2730 0.0349 29431 0.0303 2.3624 0.0239

OMNet  0.8358 0.0997 0.7405 0.0082 0.5351 0.006 5
Ours 0.6702 0.0073 0.5997 0.0060 0.3668 0.003 6
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(a) (b) ()

Fig. 10 Schematic diagram of registration effect between
representative center coordinate points of detailed images and
three-dimensional point cloud model of aircraft. (a) Middle of
left fuselage; (b) Left wing; (c¢) Right tail wing. Purple and
yellow colors represent representative center coordinate points
of detailed images and three-dimensional point cloud model of
aircraft, respectively

2.4 Ablation experiment

To demonstrate the effectiveness of the network
modules, we conducted a series of ablation experiments
on the ModelNet40 dataset with an overlap ratio of 0.30.
This section focuses on investigating the roles of the
multi-scale spherical feature extractor (MGFE), the
overlapping feature matching filtering module (FMF) ,
and the fused attention (SCA) layer. The results are
presented in Table 8. The removal of any individual
module leads to a degradation in network performance,
highlighting the importance of each component in the
overall architecture.

Table 8 Ablation studies of different components

MGFE FMF SCA Error(R) Error(z)
N N 6.259 3 0.102
NG N/ 4.663 6 0.059
NG NG 4.797 8 0.062
N N N 2.972 8 0.027 7

3 Conclusions

In the task of spatial localization registration from
detailed images to the three-dimensional point cloud
model of an aircraft, this paper presents a cross-source
point cloud registration network that integrates multi-
scale information and employs an attention mechanism
to discern representative overlapping points. This
network is capable of addressing the challenges posed by
sparsity variations and low overlap conditions in partial-
to-whole  point cloud registration. An initial
correspondence of the point clouds was established
through an adaptive region matching module based on
multi-scale  spherical  features.  Furthermore, an
overlapping feature guidance module was utilized to
predict the overlap scores of the point clouds, while the
overlapping feature matching filtering module selectively
identified representative overlapping points, achieving

precise correspondence between the point clouds.

Experimental results demonstrated that our method
exhibited strong robustness and high accuracy in the
presence of noise interference and significant sparsity
variations  during  partial-to-whole  point  cloud
registration, thus validating the effectiveness of the

proposed approach.
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