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Abstract: In the aviation industry, the demand for high accuracy airplane product is growing,
which makes precise production of airplane parts and accurate manufacturing
increasingly important. To this end, it is crucial to be able to accurately measure the
whole surface of an aircraft. Three-dimensional laser scanner is widely utilized to
capture the local shapes,  represented as 3D point clouds, of an object from different
viewpoints. Multiview registration of point clouds is therefore a critical step to obtain the
whole shape of an object. In this paper, we propose a global registration framework to
simultaneously align multiple point clouds with target detection and hierarchical
optimization for aircraft inspection. By placing some targets (i.e., markers) surrounding
an aircraft, we first scan the aircraft by putting a laser scanner around the aircraft at
various stations, resulting in a number of laser scans which contain the point clouds of
aircraft parts as well as targets. By detecting the centers of targets automatically, all
partial point clouds are initially aligned to the global coordinate system. Furthermore,
we tackle the influence of non-uniform distribution of point cloud density on registration
accuracy, which has not been extensively studied so far, due to the large size of the
aircraft. Existing approaches cannot directly apply to large size point clouds registration
due to aforementioned challenge. To address this issue, we propose a density-
invariant area-based method to measure the overlapped region. On this basis, a
hierarchical optimization registration method is used to achieve multiview registration of
aircraft point clouds, and thereby the entire geometry shape of the aircraft is accurately
obtained. A variety of experiments on real raw data demonstrate the effectiveness and
robustness of our proposed framework.
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Density-Invariant Registration of Multiple Scans for
Aircraft Measurement

Abstract—In the aviation industry, the demand for high accu-
racy airplane product is growing, which makes precise production
of airplane parts and accurate manufacturing increasingly im-
portant. To this end, it is crucial to be able to accurately measure
the whole surface of an aircraft. Three-dimensional laser scanner
is widely utilized to capture the local shapes, represented as 3D
point clouds, of an object from different viewpoints. Multiview
registration of point clouds is therefore a critical step to obtain
the whole shape of an object. In this paper, we propose a
global registration framework to simultaneously align multiple
point clouds with target detection and hierarchical optimization
for aircraft inspection. By placing some targets (i.e., markers)
surrounding an aircraft, we first scan the aircraft by putting a
laser scanner around the aircraft at various stations, resulting
in a number of laser scans which contain the point clouds of
aircraft parts as well as targets. By detecting the centers of targets
automatically, all partial point clouds are initially aligned to the
global coordinate system. Furthermore, we tackle the influence of
non-uniform distribution of point cloud density on registration
accuracy, which has not been extensively studied so far, due
to the large size of the aircraft. Existing approaches cannot
directly apply to large size point clouds registration due to the
aforementioned challenge. To address this issue, we propose a
density-invariant area-based method to measure the overlapped
region. On this basis, a hierarchical optimization registration
method is used to achieve multiview registration of aircraft point
clouds, and thereby the entire geometry shape of the aircraft is
accurately obtained. A variety of experiments on real raw data
demonstrate the effectiveness and robustness of our proposed
framework.

Index Terms—Multiview registration, target detection, aircraft
measurement, density-invariant.

I. INTRODUCTION

IN aircraft manufacturing industry, aircraft assembly accu-
racy inspection is an important process of the final assem-

bly line, such as aircraft defect inspection [1], skin surface
inspection [2], [3], and surface deformation inspection [4].
Since it significantly affects the final aerodynamic shape,
evaluation of the error in the final assembly and verifying
its conformity is critical in the aircraft manufacturing process.
The most common practice in the traditional aviation industry
is to use the coordinate measuring machine (CMM). With its
good measurement accuracy and versatility, it is widely used
in the processing and inspection of small aviation components.
In addition, the coordinate measuring machine can realize
the automatic measurement of parts through the coordinate
measuring machine program interface. For the large size air-
craft components measurement, the section inspection method
is adopted, where measurement is made on the surface of
several parallel cross section on the object to be measured, and
then compared with the design data. However, the individual
key points of sections cannot reflect the overall shape of
the aircraft. Besides, the inspection results are sensitive to

measurement point density. Moreover, the use of traditional
coordinate measuring machine is strongly limited by its reach-
ability. For large-scale aircraft, it is impossible to move the
coordinate measuring machine to the measured region. Hence,
no in-situ aircraft measurement can be implemented and the
measurement must be always performed in the coordinate
measuring machine platform, which is usually the inevitable
exclusion element for most large-scale aircraft measurements.
Consequently, contact measurement is inefficient and infeasi-
ble in aircraft measurement.

Nowadays, with the rapid development of measurement
technology, it becomes possible to scan the entire surface
of the aircraft with a 3D laser scanner. This technology
can rapidly provide millions of high quality data points to
represent the aircraft surface, and it is suitable in aircraft
measurement environment due to its noncontact property, wide
measurement range and its active illumination provided by
the scanner. For large scale objects like aircraft, the entire
surface usually cannot be obtained in a single station due to
equipment limitation and occlusion. Multiple station scanning
is required to obtain the entire aircraft surface. Therefore, how
to register the point clouds in the different coordinate systems
into a global one is a fundamental and crucial step for aircraft
inspection.

This problem can be formulated as a multiview point
cloud registration problem, which can usually be achieved by
optimized pairwise registration. Among them, the sequence
in which the registration is performed plays a decisive role in
the accuracy of the final registration result. For example, point
clouds with larger overlapping area always have higher regis-
tration priority. Tang et al. [5] consider the number of concrete
point pairs as the area of the overlapping region. This method
has a good performance for small size objects. However, it
is observed that the scanned aircraft point clouds are usually
non-uniformly distributed. As a result, the overlapping area
can not be effectively estimated using the number of concrete
point pairs. Thus, we propose a new method for calculating
the overlapping area, which can effectively solve the problem
of the uneven density distribution of the aircraft point clouds.

In this paper, we propose an efficient framework for mul-
tiview point cloud global registration. The main contributions
of the paper are:

1) We present a fully automatic aircraft point cloud registra-
tion framework from initial alignment to density-invariant
global registration.

2) We propose an efficient approach based on deep learn-
ing techniques to automatically detect targets for initial
registration.

3) A density-invariant global registration method is de-
veloped, which improves the area estimation to better
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Fig. 1. Algorithm overview of aircraft multiview point cloud registration framework, which contains two 
kernel stages. In the initial registration stage, a set of targets are placed around the plane, we use the laser 
scanner to obtain multiple point clouds of the aircraft with targets. After that, each scan obtained from the 
scanner can be initially aligned using the detected targets. In the global registration stage, a graph based 
registration is applied to refine the registration result.

Fig. 1. Algorithm overview of aircraft multiview point cloud registration framework, which contains two kernel stages. In the initial registration stage, a set of
targets are around the plane, we use the laser scanner to obtain multiple point clouds of the aircraft with targets. After that, each scanning obtained from the
scanner can be initially aligned using the detected targets. In the global registration stage, a density-invariant registration is applied to refine the registration
result.

accommodate the registration of point clouds for large
aircraft.

The remainder of this paper is organized as follows. We
briefly review related work of target detection and registration
approach in Section II. Then in Section IV and Section V, we
present details of the proposed CNN-based target detection
method and density-invariant global registration algorithm.
Experimental results and comparison results are displayed in
Section VI to demonstrate the advantage of our methods.
Finally, conclusion and future works are discussed in Sec-
tion VII.

II. RELATED WORK

Point cloud registration is an active research area in many
domains, such as robot mapping [6], [7], [8], shape recogni-
tion [9], and large-scale measurement [10]. Usually, the regis-
tration process can be divided into two steps: initial registration
and fine registration. The initial registration approximately
aligns two point clouds according to some coarse correspon-
dence information, and then fine registration is applied to
refine the registration result as accurately as possible.

A. Initial registration

For initial registration, feature descriptor is widely used
for correspondence search. Theiler et al. [11] proposed a
marker free Keypoint-based 4-Points Congruent Sets (K-
4PCS) method to automatically register two point clouds. Such
3D key point extraction methods also include SIFT [12], point
feature histograms [13] and Harris corner detection [14]. These
algorithms encode the local characteristic as their descriptor
to match the closest feature within the other point clouds.
For large scale coarse registration, such as urban building
point clouds, Shiratori et al. [15] utilized the scanner position

information provided by GPS as the basis for the initial
registration of the city-scale point cloud, and then carried out
the registration of all point clouds through the generalized
ICP algorithm. Although this method can quickly achieve the
registration of large objects, its accuracy is insufficient to meet
the requirements of the aviation industry. Bueno et al. [16] ver-
ified the validity of the initial registration base on Monte Carlo
method. The method consists of evaluating the tolerance of an
ICP registration result to initial registration errors. Another
type of registration method is to use the man-made targets,
and consider the centers of targets as the correspondence of
adjacent point clouds. The role of the target is similar to the
key point extracted from the point cloud mentioned above.
Once the correlation is established, the registration can be
thereby carried out. Yun et al. [17] and Franaszek et al. [18]
achieved automatic registration of point clouds by detecting
and calculating spherical target centers. Vezocnik [19] ex-
tracted the target center by fitting the surface on the intensity
image associated with the point cloud data. To further improve
the extraction accuracy of the target center, Chow et al. [20]
fitted the circle on the target plane with the least squares
method and then extracted the target center coordinates of
the low-cost target. However, this low-cost target is likely to
get unsatisfactory results due to the vibration interference or
poor installation reasons. Liu et al. [21] achieved a global
registration system based on dynamic coded points. However,
this method is prone to accumulate errors when measuring
large-scale objects and is costly due to the need for external
projectors. Although the target-based method increases a little
workload when collecting data, it can significantly reduce the
initial registration time in the data processing, especially for
point cloud registration of large objects.
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Fig. 2. Target shape and characteristics. (a) Scanning scene. (b) Target for
initial registration. The target is divided into 4 quarter circles by two vertical
lines, and the target can be rotated around the Z-axis and the X-axis to ensure
that the coordinates of the target center remain unchanged.

B. Fine registration

For fine registration, the most well-known fine registration
method is the iterative closest point (ICP) algorithm initially
presented by Besl and McKay [22] and Zhang [23]. On this
basis, a variety of ICP variant methods have been proposed
to improve registration accuracy based on different criteria,
such as point-to-plane [24] and point-to-projection [25]. Fur-
thermore, due to the differences between the point cloud
density distribution, acquisition scanner, and scan angle, di-
rect use of the ICP method often suffers from inefficiency
and instability. However, the ICP concept inspires numerous
studies on searching suitable registration features [26], [27],
accelerating data query speed [28], [29], and directly op-

timizing the registration efficiency [30], [31]. Besides, the
Random sample consensus (RANSAC) algorithm is applied
to the registration. It randomly selects points to eliminate
outliers, and finds the transformation parameters with maxi-
mum registration degree [32], [33]. Although achieving higher
registration accuracy for pairwise registration, these methods
have stronger requirements for the initial pose of the point
cloud and are prone to fall into local optimum. Hence, it
is difficult to achieve satisfactory results for registration with
partial overlap among the point clouds. To address this issue,
Chetverikov et al. [34] introduced an overlap parameter to
optimize the registration result, called trimmed ICP (TrICP)
algorithm. Moreover, to improve the efficiency of the algo-
rithm, Phillips et al. [35] formalized a new distance measure,
fractional root mean squared distance (FRMSD), which can
improve the accuracy of partial overlap registration and the
robustness to outliers and noise. Payeur et al. [36] encoded
a planar patch to represent the measured surface so as to
estimate the registration parameter automatically, which results
in greatly improved registration efficiency. For the purpose
of global optimization, Yang et al. [37] proposed the Go-
ICP method which can obtain a more consistent result using
branch-and-bound (BnB) scheme.

Although the methods mentioned above can handle pair-
wise registration well, they are not ideal for multiview point
cloud registration. Pulli et al. [39] proposed an incremental
registration algorithm that diffuses the registration error using
concrete pairs to avoid local minima. However, it produces the

Fig. 3. Training data of the detection network.

accumulated deviations. To conquer this problem, Bergevin
et al. [40] simultaneously registered all scans iteratively.
Meanwhile, Govindu et al. [41] proposed a motion averaging
algorithm which calculates all transformation matrices simul-
taneously with a portion of available results as input. On this
basis, Guo [42] designed a more robust and accurate method
named weighted motion averaging algorithm, which selects
reliable pairwise registration result to estimate the multiview
registration parameter. To achieve real-time registration of
multiview point cloud data, Shi et al. [43] proposed an in-
process registration method using miniature attitude sensor,
which can determine the relative transformation between the
scans without any markers. Recently, Tang et al. [5] solved the
multiview registration problem via hierarchical optimization
defined on an undirected graph which shares a lot in common
with ours. For large scale objects, the registration order of
multiview point clouds has a significant impact on registration
accuracy, and the registration order of point clouds highly
depends on the estimation of the overlapping area between
two scans. Due to the lack of consideration of the non-uniform
distribution of point cloud density, Tang et al. [5] cannot obtain
an accurate overlapping area. Therefore, its calculation of the
overlap area is not applicable to large objects. Thanks to the
automatic detection of the targets and fine registration with
improved overlap area estimation, our algorithm is capable
of achieving high-precision global registration for multiview
aircraft point clouds.

III. OVERVIEW

In this section, we provide a brief overview of our algorithm.
The proposed method takes as input a set of raw lidar
scans from various stations, represented as unorganized 3D
point clouds. Given the aircraft point cloud data, our goal
is to automatically align a set of aircraft point clouds into a
global uniform coordinate reference with high accuracy. Fig. 1
illustrates a detailed pipeline of our proposed coarse registra-
tion and global registration framework, which is essentially
composed of two main steps.

CNN-based target detection. In order to provide a high
efficiency registration, we implement initial registration by
using targets around the aircraft. Thus, we need to first detect
targets in the scanned 3D scene. Taking as input the 2D
image converted from 3D point cloud, we recognize the targets
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Fig. 4. Target detection procedure via the improved YOLOv2. The input is a panorama image with the resolution of 10110 × 4267. We cropped the panorama
image with the resolution of 416 × 416 as the input of the detection network. After the stitching and NMS [38] operations all the targets can be detected
efficiently.

automatically using the deep learning method. Benefiting
from both image and cross-shaped geometric property, the
centers of targets within the point cloud can be determined
simultaneously.

Density-invariant global registration. After initial regis-
tration using the center of each target, we proceed to refine
the initial alignments. To this end, we propose a density-
invariant global registration method, which is able to deal
with the influence of non-uniform distribution of point cloud
density on registration accuracy. We formulate the multiview
registration as an optimization problem upon an undirected
graph. Each node and edge represent an individual scan and
size of the overlapping region respectively. More specifically,
we improve the measurement of point cloud overlapping area
in order to get density-invariant weights of each edge. Finally,
we achieve the optimum by hierarchically performing the loop-
closing process, and thereby obtain the final aircraft model for
inspection.

IV. CNN-BASED TARGET EXTRACTION

In this section, we present a CNN-based method to auto-
matically detect targets, and then extract the geometric centers
of targets based on least-squares line fitting. As can be seen
in Fig. 2, the circular target is divided into 4 congruent
quarter circles by two vertical lines, and the adjacent areas
are distinguished by the black and white regions with high
contrast. The intersection of the two lines, i.e., the center
of the target, is the correspondence of adjacent point clouds
during initial registration. It’s worth noting that the target can
be rotated around the Z-axis and the Y -axis to ensure that the
coordinates of the target center remain unchanged. We choose
this target because it has the excellent property of maintaining
the coordinates of target center unchanged at different viewing
angles.

Given the raw scan from each station, our aim is to
automatically recognize all targets within the scan, and then
extract the 3D coordinates of their corresponding centers. To
achieve this goal, we propose a two-stage approach. We first
map the input point cloud of each scan into a 2D panorama
image, followed by detecting the targets based on the CNN
method from the image. Having the targets detected from the
panorama image, the corresponding centers are determined
precisely by investigating its geometric properties based on
the 3D point data.

A. CNN-based target detection

For each scan, the point data is captured from a single
station. Therefore, we are able to map the point data into a 2D
panorama image, and then train a convolutional neural network
(CNN) to recognize all targets from the image.

Detection network. Inspired by [44], we employ the object
detection network, the YOLOv2 [44], to detect the target.
Note that we modify the original network to adapt the char-
acteristics of our data such that the targets can be detected
more accurately. The original network contains 23 convolution
layers, 5 pooling layers, 2 route layers, 1 reorg layer and 1
region layer. We adopt the original input size, and modify the
anchors of the final region layer to suit our target. Anchors
are a set of predefined bounding boxes of a certain height
and width. Thus, we need to ensure the similarity of anchor
and target size. The anchors of our work are computed from
our own dataset by the k-means algorithm. all boxes of the
target are clustered in our dataset to 5 classes, and the cluster
centers are defined as anchors. To improve the efficiency, we
resize the input image to 10110 × 4267, and use 416 ×
416 sliding window to detect the target. The overlap between
any two adjacent windows is 30 pixels. After a series of
convolution and pooling operations, we obtain 13× 13 = 169
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Fig. 5. Extraction of target centers. As shown, target centers are determined by its geometric properties including the flatness and the surface normal.

feature vectors. Each vector predicts 5 bounding boxes, each
of which has 6 parameters: the top left corner of the target
(x, y), the width w and height h of the bounding box, and the
corresponding parameters confidence c and Pr(Object). The
confidence c is defined as c = IoU truthpred , and IoU is the ratio
of the intersection over the union between the detection result
and the ground truth. Pr(Object) indicates the confidence of
an object in the box. If there is an object inside the bounding
box, Pr(Object) = 1, otherwise Pr(Object) = 0. As a
result, a tensor with the shape of 13x13x30 is obtained. On
this basis, we traverse the output tensor and set a threshold of
Pr(Object) to 0.5 to get all the targets in the input image.

Training data. The panoramagram corresponding to the
point cloud of one scan have the resolution of 10110 × 4267,
which is typical high for network training. To this end, we
crop the panoramagram into small images with the resolution
of 416x416, to fit the input of the modified YOLOv2 [44].
These images are then selected as the training data, as shown in
Fig. 3. In the test, one panoramagram produces five images that
can be used for training. We therefore place a totally 100 scan
stations at different locations to create 100 panoramagrams,
resulting in 500 cropped images. To augment the training data,
we apply flipping, scaling and rotation on the cropped images,
finally acquire 2000 training images. For each training image,
we label the locations of targets as the ground truth, under the
image coordinate.

During the testing phase, we first crop the testing panorama-
gram into small images. Each cropped image is then delivered
into the trained network model. The network outputs the image
with bounding boxes on the most possible regions. After
stitching all the output images of a panoramagram, we apply
the NMS [38] algorithm to get rid of the repetitive bounding
boxes, and obtain the final detection result, as shown in Fig. 4.

Generally, we obtain the center of the target as the corre-
spondence of the adjacent station. The coarse registration can
be achieved using various type of targets, such as spherical
target or cross-shaped target printed on paper. Like the target
mentioned in our paper, using a spherical target can easily
obtain a stable target center under different viewing angles, and
is easy to manufacture. In addition, a low-cost target printed
on normal paper can also be used for initial registration.
Also, it does not need specially designed or retro-reflective
based targets. As can be seen, the target used for initial
registration needs to have a unique geometric center. However,
the template used for calibration generally does not have this
geometric center, so it is not suitable for initial registration of
point clouds.

We deploy our network on a PC with an Intel i7-8700K of
3.70GHz CPU, 16GB RAM, 8GB GeForce GTX 1080 GPU,
based on which panoramagram can be successfully detected.

B. Target center determination

After obtaining the candidate target bounding box, the next
step is to extract the target center from the point cloud.
Due to the small size of the target, directly calculating the
target center on the panoramic image will inevitably introduce
errors. To this end, we design a least-squares fitting method
to automatically extract the coordinates of the target center
from the original point cloud data. It utilizes the geometric
properties of the target point cloud, including the surface
normal and the flatness. The pipeline of the method is shown
in Fig. 5.

Target plane extraction. The center of the target ideally
lies on the target plane. However, due to the influence of noise
or measurement error, the two lines may not intersect in 3D
space. Therefore, in order to obtain accurate target coordinates,
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Fig. 6. Correspondence between two adjacent targets. (a) Four targets of
station A. r represents the distance between t2 and t3. (b) In station B, we
use the geometric relationships to find the correspondence between targets in
different stations.

we first seek the target plane, and project the target point cloud
on this plane to calculate the target center coordinates. In order
to segment the background point cloud from the bounding
box in 5 (c), we adopt the region growth strategy to cluster
the bounding box into three parts: the target plane, the target
base, and the background point cloud. Since the target plane is
perpendicular to the incident laser as much as possible at each
station, the number of points usually accounts for the majority
of the point data of the bounding box. We empirically choose
the point cloud set which accounts for more than 85% in the
bounding box as the target plane point cloud as can be seen
in 5 (d), which generally yields satisfactory results in all our
experiments.

After clustering the points near the target plane, we fit it to a
plane using the least-squares method, denoted as Z(A,B,C),
as the green plane shown in Fig. 5 (e). In order to project all the
points on the target plane on plane Z(A,B,C), we calculate
the average distance from all points Pm(m = 1, 2, ..., n)
clustered from last step to the plane Z.

d =
1

n

∑
pi∈n
‖pi − Z(A,B,C)‖ (1)

We empirically define a parameter e for clustering. If d<e,
we regard the clustered point cloud as the target plane point
cloud and project these points on plane Z.

Target center determination. As observed, the center
of the target ideally is formed by the intersection of two
perpendicular lines on the target plane. Therefore, we are to
seek the boundaries between the black and white regions on
the target, and fit those boundaries with two perpendicular
lines using the least-squares strategy, followed by intersecting
those two lines to obtain the target center.

Given the point cloud of a target plane, the boundaries
between the black and white regions can be searched by the
region growing scheme. Specifically, for any point p on plane
Z, A = {pi|intensity(pi)− intensity(p) < δ} represents
the point set where the points have the same intensity value.
We iteratively select and compare the intensity of points near
the seed point p. If the point intensity value differs from point
p by more than 120, we consider the point is near the border

of the black and white regions, and put it to the boundary
point set Q. Otherwise, they belong to the same region. By
this means, we obtain the boundary point data set Q.

For the boundary point set Q, we use RANSAC [45]
combined with the least squares method to fit two vertical
intersection lines. First, through several RANSAC iterations,
we select a set of line parameters with more inliers as one of
intersection lines L1. The inliner points of L1 are denoted
by L′1 = {P |P ∈ inlier(L1)}. Subsequently, we calculate
the second line L2 with most inliers using RANSAC in set
Q′ = Q − L′1 to eliminate effects of L1, formulated as
L′2 = {P |P ∈ inlier(L2)}. Given L′1 and L′2, we obtain
the two lines by least-squares fitting with constraints. The
parameters of the two lines can be obtained by solving
the optimization problem of 2, which means to contain as
many inliers as possible on the premise that two lines are
perpendicular sufficiently.{

max {
∑m

1 di +
∑n

1 dj} , di ∈ L′1; dj ∈ L′2
min

{
∠(L1, L2)− π

2

} , (2)

where di is the inlier of L1, dj is the inlier of L2, m and
n represent the point number of di and dj , respectively. The
target center is determined by calculating the intersection of
the two lines as depicted in Fig. 5 (g).

V. DENSITY-INVARIANT GLOBAL REGISTRATION

A. Coarse registration

After obtaining each target’s center, all targets can be
integrated into the global coordinate system through geometric
relations. Fig. 6 illustrates the correspondence between two
scans. The common targets between two adjacent stations
are (t1, t2, t3, t4) in Fig. 6 (a) and Fig. 6 (b). In order to
seek the correspondence between the same targets within two
stations, we randomly select two targets at station B to get
their distance value, and then find two targets with the same
length at station A. In this way, we get the line where targets
t1 and t3 are located. Let r denote the distance between t1
and t2. To determine which ends of targets t1 and t3 locate
at, we draw a sphere of radius r± ε centered at both sides of
t′1 and t′3. We can see that t′2 is closest to the sphere of t′3 and
forms a congruent triangle with t1, t2, and t3 in station A,
and therefore we determine the correspondence between the
targets in station 1 and station 2 through geometric relations.
Finally, all point clouds can be initially registered to the global
coordinate system through the targets using SVD [46].

After completing the coarse registration, the relative position
between the point clouds is close to the ideal case, while there
still exist a certain level of registration error among scans. To
this end, we propose a density-invariant global optimization
method to further refine the coarse alignment so as to achieve
accurate registration.

B. Problem formulation

Given N different views of scans {Vn|n = 1, ..., N}, the
transformation matrix {θi} : θi · Vi → Vi+1 registers two
neighboring scans obtained from initial alignments. We want
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A∩B

Station A Station B

Station C Station D

Point number :N1
Area: S1

Point number : N2
Area: S2

C∩D

Point number:  N1<N2
Area:                S1 >S2

(a) Neighboring scans (b) Overlapping region (c) Area comparison

Fig. 7. Illustration of the influence of point cloud density on overlapping area estimation. (a) The first row and the second are two scans with overlapping
region, respectively. (b) Overlapping area of two point clouds. From the real scanned data analysis, although the number of points in the overlapping area of
the first row is much smaller than that of the second row, the underlying surface area S1 is much larger than that of S2.

to register all scans into an entirety with the minimum global
error. According to Tang et al. [5] ,it can be defined as

minimize
θ̂

N∑
t=1

M∑
i=1

(
∥∥∥θ̂i(xti)− xti∥∥∥2 + ∥∥∥θ̂i−1(yti)− yti∥∥∥2)

subject to θ̂1 · θ̂2 · · · · θ̂N = I
(3)

where M represents the number of concrete point pairs during
registration. And N is the number of scans. (xti, y

t
i ) are

concrete point pairs in neighboring scans, and (xti, y
t
i) are

the corresponding virtual mates. Equation 3 considers both
registration errors and transformation errors for multiview
registration. Therefore, our task is to minimize registration
errors and transformation errors while ensuring registration
consistency.

Inspired by [5], we employ the idea of graph optimization
to select the appropriate registration order. An undirected
graph is built with nodes and edges, representing each view
of scans and the overlapping degree, respectively. Then, we
close the loop by iteratively selecting and forming a new node
until no remaining node in the scan graph. In this way, the
global optimization registration of the aircraft point cloud is
completed, as demonstrated in the second row of Fig. 1.

C. Density-invariant weighting scheme

In the process of constructing the scan graph, the calculation
of each edge weight plays an important role during the
optimization process, since it determines the loop closure
sequence, and significantly affects the registration accuracy.
Tang et al. [5] simply regarded the number of points within
the overlap regions of two scans as the edge weight. Note that
their edge weight is fairly sensitive to the density of points
within the overlapping region of two scans.

As can be seen in Fig. 7, for two sets of aircraft point
cloud data, each set has two partially overlapping scans. We

intercept the overlapping parts of the two sets of point clouds
for comparison. From Fig. 7 (a), we can see that the point
cloud density distribution is non-uniform. It can be seen in
Fig. 7 (c) that the point cloud data of the overlapping region
of the first row contains most of the fuselage and part of
the wings, while the area of the overlapping region of the
second row contains only the radome and part of the wing
point clouds. Fig. 7 (b) and Fig. 7 (c) indicate that although
the number of points in the overlapping region of the first row
is much smaller than that of the lower row, the underlying
surface area on which it is located is much larger.

According to the working principle of the scanner, the
scanner emits laser light at a certain frequency in the horizontal
and vertical directions, calculating the distance from the object
surface to the scanner by the reflected echo of the laser. There-
fore, the point density will decay double as the increasing
of the distance, as shown in Fig. 7 (a). Consequently, if we
obtain more concrete point pairs from a scanned object, it is
difficult to determine whether the scanned object is closer to
the scanner, or the scanned area is larger. For the practical
scanning of the aircraft, it is quite difficult to ensure uniform
distribution of point cloud density at large scale measurement.
For sake of rapid computation, Tang et al. [5] simply con-
sidered the number of points within the overlapping region of
scans as the size of the overlapping region, which is apparently
not suitable for large object scanning, e.g., aircraft, where the
scanned points are usually non-uniformly distributed, as shown
in Fig. 7 (a).

As observed, the relevance of two scans should link to their
overlapping region, which should be measured independently
of the distribution density of points within scans. Therefore,
we propose a distribution-independent area-based measure to
define the relevance of two scans so as to better reveal the
relevance of two scans in a density-invariant fashion. The
principle of our weighting scheme is to favor scans with a
large overlapping region, regardless of the point density within
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(b)

Scan station

(a)

Target

Fig. 8. Experiment setting on aircraft measurement. (a) Scan station 
arrangement. (b) Scanning scene.

Fig. 8. Experiment setting on aircraft measurement. (a) Scan station arrange-
ment. (b) Scanning scene.

TABLE I
EXPERIMENT SETTING.

Aircrafts #1 #2 #3 #4

Number of scans 14 17 10 19
Number of targets 42 56 38 67
Size of aircraft (m) 18*22*5 19*24*6 17*12*5 23*30*8

the region. To achieve density-invariability, we approximate
the area by the combination of summation of edge lengths in
the kNN graph and the number of concrete point pairs with a
balance weight. Specifically, the area of the overlapping region
between two scans can be defined as:

S = ω ln(
∑

di∈E
|ei|) + (1− ω) ln(n) (4)

where S denotes the area of the overlapping region, E repre-
sents a collection of edges generated by kNN graph, and |ei|
is the length of the i-th edge. n is the number of concrete point
pairs, where coefficients ω act as a parameter between 0 and 1
to balance the two items. The value of parameter ω is related
to the degree of unevenness of the point cloud density. The
more uneven the point cloud density, the larger the value of ω.
In our experiments, for large scale aircraft, ω = 0.7 generally
yields satisfactory results. From the definition, our weighting
function encourages those regions with a large area, while
suppressing regions that produce large point cloud density with
a small area. By this means, all edges within the scan graph
are weighted accordingly.

D. Loop closure

In this section, we introduce the loop closure pipeline,
which is the basis for hierarchical optimization registration.
We use an objective function with consistency constraints to
solve the loop closure problem. First, we initially register
each pair of point clouds with targets and obtain the overlap
region. Subsequently, we formulate the weight of each edge
of the scan graph as the overlap area between point clouds.
Finally, the highest priority loop will be closed using the graph
optimization method in each iteration, until all point clouds are
registered. Commonly, we will select the loop with the least
scans to shorten the error transfer chain, and the optimized θi
can be obtained by the partial derivative method.

After obtaining the weight in each view of the point cloud
by equation 4, we register the entire aircraft point cloud scans

TABLE II
COMPARISON BETWEEN FOUR METHODS AMONG FOUR AIRCRAFT IN

TERMS OF RMSE. (UNIT: MM)

Methods Aircraft1 Aircraft2 Aircraft3 Aircraft4

Pulli et al. [39] 2.554 3.141 3.510 4.278
Liu et al. [47] 2.740 2.276 1.962 3.514
Tang et al. [5] 2.346 2.751 1.683 2.944

Ours 1.327 1.559 1.231 1.983

TABLE III
QUANTITATIVE RESULTS OF FOUR REGISTRATION ALGORITHMS FOR EACH

SCAN IN TERMS OF RMSE. (UNIT: MM)

Scans Pulli et al. [39] Liu et al. [47] Tang et al. [5] Ours

1 3.929 2.757 2.169 1.699
2 4.144 2.619 2.616 1.315
3 3.288 3.581 1.706 1.421
4 3.652 2.196 2.359 1.757
5 2.352 2.417 2.420 1.685
6 2.977 2.544 3.193 1.195
7 3.726 1.647 1.946 1.723
8 3.458 2.301 2.620 1.474
9 2.939 3.264 2.446 1.326

10 4.363 2.322 1.940 1.558
11 3.440 1.799 1.824 1.678
12 3.749 2.189 2.314 1.717
13 3.394 2.449 2.220 1.506
14 2.703 2.745 2.707 1.424
15 3.700 2.367 2.265 1.528

by selecting and closing the loop one by one. The pipeline of
this hierarchical registration method is designed as follows:
1. Extract the maximum spanning tree from the graph using

the Kruskal algorithm.
2. Add the edge with the largest weight from the remaining

edges to the maximum spanning tree.
3. For the maximum spanning tree, at least one loop is

introduced for each added edge. In the newly generated
loop, we merge the loop with the shortest path and form a
new node N’.

4. We get the new graph after the merging operation, and
calculate all the node weights adjacent to N’.

5. Repeat step 2 until no edge can be added to the current
graph. Otherwise, all the nodes in the graph have been
merged and the registration is ended.

Through the above steps, we obtain the optimized trans-
formation matrix during each loop closing procedure. The
processing of selecting the most suitable loop minimizes the
overall registration error. By applying the closure optimization
for each local loop, the overlapping area between adjacent
point clouds becomes larger, which increases the number
of corresponding points in the ICP calculation, and hence
improving the overall registration accuracy.

VI. EXPERIMENTS AND RESULTS

A. Experiment settings

In this section, we provide the qualitative and quantitative
experiment results to demonstrate the feasibility and robust-
ness of our method on a number of large scale aircraft point
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(a) Input scans (b) Registration order (c) Registration results

normal order

graph-based order

Scan 1 Scan 2 Scan n

Scan 1

Scan 2

Scan n

Scan 1

Scan n

Fig. 9. Comparison registration results with and without the graph based optimization. (a) The input multiview scanns. (b) Two different registration methods.
(c) Registration results of forebody and vertical fin. As shown, the graph based optimization plays an important role in improving registration accuracy.
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(a) Input scan graph (b) Loop closure (c) Registration results

Fig. 10. Comparison registration results with and without density adaptive estimation. (a) Input scan graph. (b) Different registration graphs obtained from
different area estimation methods. (c) Registration result of two regions. As shown, the performance of the registration is improved by the proposed density
adaptive estimate strategy, which contributes to the correct registration result.

clouds. Both synthetic and real datasets are tested in our ex-
periments. Different types of aircraft are collected to evaluate
the feasibility of our method. Additionally, to validate the
superiority of large scale point cloud registration, we compare
our method with some related representative approaches. As
shown in Fig. 8, all the real data are captured by a laser
scanner. Each aircraft is scanned in multiple scan stations, and
each station contains several targets distributed throughout the
scene. Detailed measurement parameters for each aircraft are
listed in Table I. The scanner we used in the experiment was
FARO Focus3D, with 1/5 resolution and 3× quality. We scan
the aircraft in the aircraft hangar and register the raw lidar
data. The input of the algorithm is the local point cloud data
of the aircraft acquired at different stations, each of which
contains about nineteen million points.

B. Ablation experiments

In order to show the significance of each part of the method
for aircraft point cloud data registration, we ablate some of

the algorithms for comparison. Most areas of the aircraft are
composed of free-form surfaces with small curvature, which
tends to slide along the surface during registration, and the
accumulated error is likely to exhibit in the head and the
vertical tail of the aircraft. Therefore, we intercept the area
of the front fuselage and the vertical tail for the convenience
of comparisons. Fig. 9 illustrates the ablation results with
and without graph based optimization. The registration result
suggests that loop closure optimization is an essential step
for global registration. We can see from the first row that the
insignificant errors will accumulate throughout the registration
chain, and the error will be amplified on the large scale point
data. As can be seen, our method produces more accurate
registration results owing to the elaborated density-invariant
global registration strategy.

We continue to evaluate the performance of our registration
algorithm with HMRR for aircraft point cloud data processing,
as shown in Fig. 10. As can be seen in Fig. 10(a), the same
set of point cloud data is used as input data for the two global
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(b) Pair to pair (c) HMRR (d) Ours(a) Initial alignment

Fig. 11. Comparison of different methods applied to an aircraft. (a) Initial alignment result. (b) The result of pair to pair registration method. (c) The result
of HMRR [5]. (d) The result of our method. Although HMRR improves the registration accuracy, compared with the traditional pair to pair method, it is still
not feasible to the large-scale aircraft point cloud registration.

(a) Input scans

(b) Initial alignment (d) HMRR (e) Ours(c) GoICP

Fig. 12. Another visual comparison with HMRR [5], GoICP [48] and our algorithm of 12 selected scans. From the results, our method performs better on
registration accuracy and consistency.

registration methods. Note that in Fig. 10(b) although the two
methods form the graphs with the same topology, the two
methods have different loop closure order due to the difference
in area estimation. This is because the non-uniformity of the
point cloud density more significantly reflects on large objects
such as aircraft, which will greatly affect the estimation of the
point cloud overlap area, thus affecting the registration results.
Fig. 10(c) shows the remarkable registration errors at the
vertical tail and the blade, which indicates that the point cloud
density should be considered during the global registration.
Thanks to our density-invariant weighting strategy, we are able
to take into account the actual overlapping area to build the

correct overlapping relationship between each scan so as to
achieve the accurate registration results, as presented in Fig.
10(c).

C. Qualitative results

To further demonstrate the advantages of our improved
method, we compare our method with some related algo-
rithms on the raw point cloud data in Fig. 11. We focus on
comparing the point cloud data of the forebody parts with
large inconsistent curvature changes. From Fig. 11(b), we can
see that the pair-to-pair registration method yields remarkable
errors. The traditional pair to pair registration methods do
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Fig. 13. Gallery of four aircraft registration results. (a) Four aircraft scan scenes. (b) Target detection in each scan. (c) Initial registration result of each
aircraft. (d) Global registration result of each aircraft.

TABLE IV
COMPARISON RESULTS ON MEASURING THE DISTANCE OF TARGETS AMONG DIFFERENT SCANS. (UNIT: MM)

Scan laser tracker Pulli et al. [39] Liu et al. [47] GOICP [48] Tang et al. [5] Ours

(#1, #12) 13812.9251 13809.9988 13810.4238 13815.8548 13810.9448 13813.8428
(#5, #3) 8034.0689 8036.5702 8036.4332 8032.2992 8036.1472 8034.9422

(#11, #4) 17672.3451 17675.0747 17669.5637 17674.5567 17674.0897 17671.7157
(#12, #19) 9220.7687 9223.5450 9222.6590 9218.9180 9222.5080 9221.5030
(#16, #17) 17197.1972 17201.0172 17200.4382 17194.7592 17195.0592 17196.3822

(#3, #8) 19083.4867 19086.7808 19086.5158 19080.2928 19085.1428 19084.4028

not consider the registration consistency problem between
multiview point clouds globally, and they treat the multiview
registration problem as an iterative implementation of pairwise
registration. As a result, those methods do not perform well
when dealing with multiview aircraft point cloud registration.
Although the HMRR method can commendably solve the
consistency of multiview point cloud registration, the results
of processing the large-scale aircraft point cloud datasets are
not ideal, as shown in Fig. 11(c). This is mainly because of
the lack of consideration of point cloud density distribution.
Thus, this approach is not feasible for large-scale point cloud

processing. Nevertheless, by improving the estimation strategy
of the weight of the graph edge, our algorithm can eliminate
the effect of point cloud density on overlap area estimation
and is suitable for registration of large-scale aircraft data, as
can be seen in Fig. 11(d).

We also compare our algorithm with two other state-of-
the-art global registration methods. In Fig. 12, we randomly
select twelve scans to perform initial registration. In order to
provide a convenient way to depict the registration result, we
have adapted different colors for different stations of point
clouds, as shown in Fig. 12(a). From the zoom-in views, the
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Fig. 14. An example of aircraft measurement based on the registered point cloud. As shown, after the global registration is completed,we can check the
key indicators of the aircraft without level adjustment. Therefore, there is no need to develop a separate measurement plan for each inspection item. The
measurement results include the following indicators: A1: Distance from left main landing gear wheel to plane of symmetry, A2: Distance from right main
landing gear wheel to plane of symmetry, ξ1: Y-direction deviation of tail beam, ξ2: Z-direction deviation of tail beam, θ1: Horizontal stabiliser pitch angle,
θ2: Horizontal stabiliser roll angle, θ3: Vertical stabiliser yaw angle, θ4: Vertical stabiliser roll angle.

TABLE V
DISTANCE ERROR OF DIFFERENT METHODS. (UNIT: MM)

Scan Pulli et al. [39] Liu et al. [47] GOICP [48] Tang et al. [5] Ours

(#1, #12) -2.9263 -2.5013 2.9297 -1.9803 0.9177
(#5, #3) 2.5013 2.3643 -1.7697 2.0783 0.8733
(#11, #4) 2.7295 -2.7815 2.2115 1.7445 -0.6295

(#12, #19) 2.7763 1.8903 -1.8507 1.7393 0.7343
(#16, #17) 3.8200 3.2410 -2.4380 -2.1380 -0.8150

(#3, #8) 3.2941 3.0291 -3.1939 1.6561 0.9161
Average 3.0079 2.6346 2.3989 1.8894 0.8143

results from our method are more reasonable and consistent.
However, due to the lack of consideration of the point cloud
density, HMRR [5] fails to obtain the correct registration order,
and consequently the consistency of the registration results
cannot be guaranteed. Although GoICP [48] has high accuracy
for partially overlapping registration, it does not perform
global optimization for multiview point cloud registration.
In addition, because most areas of the aircraft have similar
surface geometric characteristics, such as the fuselage, there
are a large number of false correspondences in the initial
registration, which also leads to poor registration results. As
we can see from the regions pointed out by the red rectangle,
compared with the other two state-of-the-art methods, ours
further improves the registration accuracy.

Fig. 13 presents the gallery of the registration results of four
different aircrafts from our method. For each scan obtained in
different distance and angle relative to targets, we successfully

TABLE VI
AIRCRAFT MEASUREMENT RESULT.

Item Measuring point Theoretical value Recent status

A1 16 2456.2mm 2458.616mm
A2 17 2456.2mm 2458.457mm
ξ1 3 0 4.357mm
ξ2 7 0 3.492mm
θ1 8-9 2.355° 2.361°
θ2 10-11 0° 0.313°
θ3 12-13 3.462° 3.159°
θ4 14-15 0.575° 0.419°

detect all the targets and complete the initial registration. On
this basis, our global registration method is applied so as to
significantly improve the overall registration accuracy.
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D. Quantitative results

After verifying the performance of our method on various
aircraft qualitatively, we further compare our approach with the
other three representative methods quantitatively. Specifically,
we choose several aircraft CAD models to generate synthetic
data. Pulli et al. [39] adopts an incremental registration method
with virtual pairing. Liu et al. [47] formulates the multiview
registration problem as an optimization of the maps to make
the rigid transformation globally consistent. Tang et al. [5] uses
the hierarchical method to address the multiview registration
problem. Table II lists the root mean square error (RMSE) of
the four methods on four aircrafts. We can see that our method
achieves the highest accuracy among the other methods. Ta-
ble III shows the statistical results of four compared algorithms
in terms of RMSE. In this experiment, Pulli et al. [39] exhibits
the largest misalignments caused by the accumulated errors.
Furthermore, due to the influence of aircraft size on point
cloud density distribution, Liu et al. [47] and Tang et al. [5]
cannot diffuse the transformation error among all overlapped
view pairs evenly. Our proposed method outperforms the other
three methods with respect to registration accuracy. Also, the
registration error of each point cloud is relatively uniform, as
a result of the improved global optimization method.

To further verify the performance of our method, a quan-
titative comparison is given in Table IV. In this experiment,
we design to measure the distance of different targets on the
scene using a laser tracker, and then calculate the distances
between the corresponding targets in a least-squares sence in
the point cloud after registration, so as to verify the registration
accuracy of different methods. Since these targets are scattered
in different scans, ideally, the distance between targets after
registration should be the same as the measured distance
on the scene. Note that the accuracy of the laser tracker is
15µm+6µm/m, thus we can consider the measurement result of
the laser tracker as ground truth. We can see from Table V, the
maximum deviations of five methods to the results of the laser
tracker are 3.8200mm, 3.2410mm, 3.1939mm, -2.1380mm and
0.9177mm, respectively. As can be seen from both maximum
deviations and average deviations, our method achieves the
highest registration result among these methods.

E. Aircraft measurement

Since our global registration method can achieve outstand-
ing performance in terms of registration accuracy, it can be
used for aircraft measurement. As known, aircraft inspection
requires measurement of a large number of aircraft features.
However, for large scale objects, such as aircraft, the laser
scanner can only acquire part of the point cloud of the
aircraft due to limited view range. On this basis, the multiple
point clouds need to be globally registered to obtain the
overall shape of aircraft with high accuracy. Fig. 14 shows
an example of aircraft measurement based on the globally
registered point cloud from our method. After obtaining the
globally registered point cloud, all indicators of the aircraft can
be analyzed simultaneously. Table VI illustrates the results of
aircraft measurement. As can be seen, our method improves
the efficiency of aircraft measurement. Moreover, we can build

digital lifecycle management for aircraft using scanned data,
which can monitor the status of the aircraft over different
periods and provide data support for aircraft maintenance.

F. Limitation

Although our algorithm performs well in the registration of
large scale point clouds, there are still a few limitations. Due
to the reflection of sunlight, as demonstrated in Fig. 15(a) and
Fig. 15(b), the targets lost the contrast between the black and
white regions. As a result, our algorithm may fail to detect
the target that has no significant contrast. In our future work,
we would study methods to extract the target center directly
from the point cloud.

Fig. 15. Limitation cases of our method. Due to the reflection of sunlight,
some targets in the two scenes lost the contrast between black and white
regions.

VII. CONCLUSIONS AND FUTURE WORK

In this work, we present a general framework for aircraft
point cloud registration. An automatic method is proposed
to detect the cross-shape target for initial registration, in
which both image and geometric properties are exploited to
accurately find the target center. We improve the hierarchi-
cal registration method by eliminating the effects of density
changes in large-scale point clouds. Furthermore, our method
is reliable for aircraft inspection even in the presence of a large
number of free-form surfaces. Experimental results show that
our method significantly outperforms the existing methods in
both accuracy and consistency.

In the future, we mainly aim at providing more accurate
and efficient registration. In addition, we will adopt some
acceleration techniques to reduce computation time. Finally,
recent researches on point cloud segmentation [49],[50] may
help to recognize the target without panorama image.
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