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Abstract

Large-scale measurement of key feature points (KFPs) on an aircraft is essential for coor-
dinated movement of locators, which is critical to the final assembly accuracy. Due to the
large number and wide distribution of KFPs as well as line-of-sight occlusion, network
measurement of laser trackers (LTs) is required. Existing approaches rely on operational
experience for the configuration of stations, sequences and station transitions of LTs, which
compromises both efficiency and automation capability. To tackle this challenge, this article
presents an autonomous mobile measurement method for KFPs in complex scenes of air-
craft assembly, incorporating path self-planning and self-positioning capabilities, thereby
substantially diminishing temporal expenditure. Firstly, a simultaneous self-planning
method of measurement stations and tasks is proposed to determine the minimum number
of stations, optimal locations, and their specific KFPs at each station. Secondly, considering
obstacles and turning time, a path planning model of mobile LTs combining coarse and
fine localization is established to realize automatic station transitions. Finally, an opti-
mal sequence of series of KFPs with a wide spatial distribution is generated to minimize
total distance. Aircraft component assembly experiments validated the method, cutting
measurement error by 37% and total measurement time by over 50%.

Keywords: aircraft assembly; key feature points; large-scale measurement; mobile mea-
surement; measurement planning; laser tracker

1. Introduction
1.1. Background

Driven by large-scale measurement, the posture alignment of aircraft components rep-
resents a mainstream technology for achieving in situ high-efficiency assembly of aircraft [1].
During the posture alignment and assembly process, it is crucial to accurately obtain the
three-dimensional coordinates of key feature points (KFPs) on the components [2,3]. This
information is essential for determining the current pose of the components, calculating
their deviations from the target pose, and subsequently computing the motion parameters
for each numerically controlled locator. These steps are necessary to achieve precise posture
alignment and assembly between aircraft components [4–6]. Therefore, the large-scale
measurement accuracy of KFP coordinates directly determines the accuracy and efficiency
of component assembly [7,8]. However, these aircraft components, such as the fuselage
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and wings, are often large and complex in structure. These components exhibit dozens of
KFPs that are sparsely distributed over ranges of 30 to 60 m. Moreover, the line-of-sight for
series of KFPs is easily occluded. Consequently, network measurement of laser trackers
(LTs) involving multiple stations is required [9]. In the aircraft assembly sites, workers
often use LTs at multiple stations to measure KFPs on the aircraft. The configuration of
the number, position, and measurement tasks of each station of LT is heavily dependent
on operational experience. Moreover, measurement stations are frequently added on a
temporary basis in response to line-of-sight occlusion or insufficient accuracy, which leads
to substantial increases in time required for measurement. Meanwhile, the measurement of
numerous KFPs is carried out on a point-by-point basis through manual beam aiming, and
the transition between stations of LT also requires implementation via manual dragging.
Evidently, there is an urgent need to enhance the efficiency and automation level of KFP
measurement in large-scale scenarios.

The measurement system of mobile laser tracker (MLT), which integrates an Auto-
mated Guided Vehicle (AGV) with LT, offers flexible station transitions without the need for
manual dragging. This system serves as a valuable reference for enhancing the efficiency
of KFPs measurement in large-scale scenarios [10]. On the basis of this idea, to further
improve the automation and intelligence level of KFP measurement, this article proposes
an autonomous mobile station transition measurement method with path planning con-
sidering on-site line-of-sight occlusion. Through the optimal planning of measurement
stations, movement paths, and measurement sequences, manual intervention is greatly
reduced, and both the station transition time and the measurement time of the LT are sig-
nificantly shortened. In this method, the core aspects include measurement station layout
optimization, rapid localization of the measurement system, and mobile path planning.

1.2. Related Work

Regarding the above key points, many scholars have carried out extensive studies,
providing valuable references for this study. In terms of measurement station planning,
Sheng et al. [11] established a planning method based on the measurement range constraints
of the LT and the incidence angle constraints of the spherically mounted retroreflector
(SMR), and employed an improved genetic algorithm to solve for the optimal station
distribution in space. Zou et al. [12] introduced a measurement error model of KFPs
and established planning constraints by considering the effective angular and distance
ranges of LT measurement. The optimal station layout was then obtained by solving
with a sequential quadratic programming (SQP) algorithm. Xu et al. [13] proposed a
spatial accuracy-driven adaptive station planning method. Their approach maximizes the
number of target points covered while minimizing the number of stations, thus improving
overall efficiency. The above methods optimized measurement station planning from
different perspectives; however, none of them comprehensively considered both line-of-
sight occlusion and optimal task allocation under complex on-site scenes.

In terms of mobile measurement system localization, technologies such as ultra-
wideband (UWB), simultaneous localization and mapping (SLAM), and inertial measure-
ment units (IMU) are commonly used for the localization of mobile platforms [14,15]. Wang
et al. [16] fused the measurement data from three drawstring displacement sensors and
an IMU, and achieved indoor localization of the AGV. Chung et al. [17] improved the
robustness of mobile robot localization by combining two-dimensional laser information,
rangefinder data, and an improved Adaptive Monte Carlo Localization (AMCL) algorithm,
enabling the robot to localize itself even in complex scenes. Ren et al. [18] addressed the
problem of low global localization accuracy of the AMCL algorithm in dynamic scenarios
by adding reflective columns as landmarks in the scene. However, complex aircraft assem-
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bly requires simultaneous localization of both the AGV and the onboard LT. The intricate
relationships among multiple coordinate systems make online positioning of the mobile
measurement system challenging with existing methods.

For measurement path planning, traditional algorithms mainly include the rapidly
exploring random tree [19], the artificial potential field method [20], and the A-star (A*)
algorithm [21]. Among them, the A* algorithm has been widely applied due to its high
efficiency and low spatiotemporal complexity. Kabir et al. [22] proposed an adaptive cost
function to enhance the performance of the A* algorithm, and employed robot motion
block units to store surrounding node information, thereby improving the search speed.
Martins et al. [23] proposed an improved multi-objective A* algorithm that surpasses
the classic version in search speed, smoothness, and length, and performs well in large-
scale environments. Wang et al. [24] accelerated A* search and reduced turns by labeling
occupied nodes and backtracking turning nodes. Existing studies based on the traditional
A* algorithm have mainly focused on optimizing search speed, path smoothness, and
the number of turning points, while neglecting the overall time cost of the path. In
addition, deep reinforcement learning methods have recently been explored for robotic
path planning [25–27]; however, they demand large amounts of training data. In the low-
volume context of aircraft manufacturing, data acquisition is costly. Moreover, stability
during deployment is hard to guarantee, limiting their near-term applicability.

In summary, the measurement efficiency of discrete KFPs for the assembly of large-
scale aircraft components still has room for further improvement. Therefore, this article
proposes an autonomous mobile station transition measurement method with path plan-
ning that considers line-of-sight occlusion. Compared with previous studies, the main
contributions of this article can be summarized in three aspects. First, considering line-of-
sight occlusion and minimizing measurement distance, an optimal measurement layout
is planned, obtaining the minimum number of stations and their optimal locations, and
assigning measurement tasks to each station. Second, the onboard LT is precisely localized
through a combination of coarse and fine measurements, and the station transition path is
planned considering complex on-site obstacles, achieving the minimum movement time
between stations. Third, with the objective of minimizing the total measurement path of a
series of KFPs under a single station, the optimal measurement sequence is planned, and
efficient automated measurement is achieved by integrating LT automatic pointing.

The rest of this article is organized as follows. Section 2 introduces the overall frame-
work of the proposed method and presents the key operational procedures and derivation
process of the autonomous mobile measurement approach for KFPs in complex aircraft
assembly scenes. Section 3 presents the experimental process and analyzes the key data to
verify the effectiveness of the proposed method. Finally, Section 4 concludes the article.

2. Methodology
2.1. Overall Architecture of the Proposed Method

In the assembly process of large aircraft components, a series of discrete KFPs need to
be measured with high accuracy to provide precise pose information for component posture
alignment. As shown in Figure 1, the KFPs to be measured include posture control points on
the components and the enhance reference system (ERS) points under the global coordinate
system. To address the demand for high-precision and high-efficiency measurement of
KFPs, this article proposes an autonomous mobile station transition measurement method
with path planning that considers line-of-sight occlusion. By planning measurement
stations, measurement tasks, and the shortest station transition path, the proposed method
significantly reduces the measurement time of large numbers of discrete KFPs.
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Figure 1. Measurement of KFPs in the assembly process of large-scale aircraft components.

The overall architecture of the proposed method is illustrated in Figure 2. First, by com-
prehensively considering line-of-sight occlusion and the nearest measurement point-station
distance, the minimum number of stations and the optimal station layout are planned, and
measurement tasks are assigned to each station. Second, an online localization method
combining radar-based coarse positioning and laser-based fine positioning is proposed. A
station transitions path planning model that considers both movement time and turning
time is established, and the shortest-time station transfer path is obtained, enabling auto-
mated transfer between stations. Finally, for large-scale series KFP measurement tasks, a
measurement path planning method is formulated to minimize the total path length among
measurement points. Through automatic pointing and sequential measurement with the
LT, automatic measurement of KFPs under a single station is achieved, thereby ensuring
measurement efficiency.

 

Figure 2. Overall architecture of the autonomous measurement method for KFPs.
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2.2. Measurement Station Planning Considering Line-of-Sight Occlusion

For complex assembly scenes, station planning must consider the occlusion problem
between measurement stations and measurement points. In this article, line-of-sight
occlusion is determined based on a ray–triangle model. As shown in Figure 3, the 3D
models of components and tooling in the measurement control field are first converted into
the .obj format, in which the surfaces of the 3D models are represented as mesh models
composed of triangular facets. The measurement laser is abstracted as a spatial ray, and
occlusion determination is performed by evaluating the positional relationship between
the ray and the triangular surfaces.

Figure 3. Occlusion determination method based on the ray–triangle model.

A ray originating from point O, the laser emission point of the LT, intersects the
triangle. Any point P on the ray can be expressed in terms of the origin O and the unit

direction vector
→
d from O to the KFP as follows:

P = O + t
→
d (1)

where t is the distance from O to P.
The triangle is defined by its three vertices p1, p2, p3, and any point on the triangle can

be expressed as:

P = (1−m1 −m2)p1 + m1 p2 + m2 p3 m1 ≥ 0, m2 ≥ 0, m1 + m2 ≤ 1 (2)

where (m1, m2) specify the position of the intersection point P within the triangle plane.
Therefore, solving the intersection of the ray and the triangle is equivalent to:

→
O + t

→
d = (1−m1 −m2)p1 + m1 p2 + m2 p3 (3)

Which can be written as:

[
−d p2 − p1 p3 − p1

] t
m1

m2

 = O− p1 (4)
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By solving the above linear equations, the barycentric coordinates (m1, m2) and the
distance t from the ray origin to the intersection point can be obtained. When these
parameters satisfy t ≥ 0, m1 ≥ 0, m2 ≥ 0, m1 + m2 ≤ 1 , the ray intersects with the triangle
and the intersection point lies within the triangle; otherwise, the ray does not intersect with
the triangle. Based on this algorithm, it is possible to determine whether the laser path
from a station to a measurement point is occluded, and thereby whether the point can be
measured from that station.

To ensure all KFPs remain measurable, we minimize both station count and total
point-to-station distance under range, angle and region constraints. The requirements of
the planning method are as follows:

(1) A single measurement station should cover as many measurement points as possible:
that is, under the premise of satisfying measurement requirements, the number of
stations should be minimized to reduce coordinate transformation errors, while fewer
station transitions can also improve measurement efficiency.

(2) The vertical angle range for single-point measurement is 0~145◦, and the distance
range is within 10 m: this corresponds to the effective measurement range of the LT,
where the measurement distance can be user-defined according to the LT performance
and accuracy requirements.

(3) The total distance between each measurement station and its corresponding measure-
ment points should be minimized as much as possible.

(4) Occlusion determination should be performed during the planning process to ensure
measurement accessibility and full coverage. If any point proves non-measurable
under the current layout, the station count is incremented and the layout is re-planned;
when defining the feasible region for each additional station, priority is given to
guaranteeing line-of-sight access to the previously occluded point.

According to the above requirements, the nonlinear constraints for station planning
are established, as expressed in Equation (5):

c1 =
√
(Xk − xi)

2 + (Yk − yi)
2 + (Zk − zi)

2 − 10000 ≤ 0

c2 = arccos
(
(zi − Zk)/

√
(Xk − xi)

2 + (Yk − yi)
2 + (Zk − zi)

2
)
− 145 ≤ 0

i = 1, 2 · · · n ; k = 1, 2 · · · s;

(5)

where n is the number of KFPs, s is the number of stations, (Xk, Yk, Zk) denotes the coordi-
nates of the stations to be optimized, the number of decision variables is 3s, and (xi, yi, zi)

represents the coordinates of KFPs.
The station planning is carried out with the objective of minimizing the total distance

between each measurement station and its corresponding target points, while also con-
sidering the occlusion problem between stations and measurement points. The objective
function is expressed in Equation (6):

F(X) = min
s
∑

k=1

(
n
∑

i=1

√
(Xk − xi)

2 + (Yk − yi)
2 + (Zk − zi)

2 ·Wi
k

)
+ (Cocc ·M)

Wi
k =

1 The i-th point is closest to the the k-th station

0 Others

(6)

where the decision variable X denotes the three-dimensional coordinates of the measure-
ment stations, represented as a 3s × 1 array; Wi

k is a Boolean array of size n× 1 that assigns
each KFP to its nearest measurement station, with s groups in total, used to assign target
points to each station according to the principle of minimum distance. Cocc is the penalty
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factor, with an initial value of 0. If all station positions fail to effectively measure a certain
KFP due to occlusion, point-station distance, or vertical angle exceeding the constraints,
the value of Cocc is increased by one and multiplied by a large constant M (the magnitude
of which can be determined based on the estimated average distance from the KPPs to the
LT; set to M = 10000 in this article). This penalty is added to the objective function F(X),
and because Cocc ·M is large, this layout is heavily penalized, so the optimization keeps
looking for a layout that can measure all KFPs.

2.3. Localization of the Measurement System and Mobile Path Planning

After the measurement stations are planned, the transfer between stations is accom-
plished through the movement of the AGV. As shown in Figure 4, the measurement system
mainly consists of an AGV and an LT, operating in laser navigation mode. The LiDAR
mounted on the AGV emits laser beams and receives the reflected signals from the reflective
pillar target to determine the AGV’s position and orientation in the map coordinate system,
and then follows the planned path to reach the designated station.

 

Figure 4. Composition of the mobile measurement system and its moving scenario.

In the mobile localization scenario, multiple coordinate systems are involved, includ-
ing the control network three-dimensional coordinate system (global coordinate system)
O− XGYGZG, the LT measurement coordinate system O− XLYLZL, the two-dimensional
map coordinate system (where the reflective pillar targets are located) O − XMYM, the
LiDAR coordinate system O − XDYD, and the AGV coordinate system O − XAYA. As
shown in Figure 5a, the relationships among these coordinate systems are first calibrated
offline. Then, through a composite online localization method that combines radar-based
coarse positioning and laser-based fine positioning (Figure 5b), the pose of the onboard
laser tracker in the global coordinate system is determined, thereby enabling it to point to
the KFP for measurement.

The path planning needs to account for the AGV’s position and size through coordinate
system A, and LiDAR’s coordinate system D is required to obtain the AGV/LT position in
the two-dimensional map; since the relative position between the LiDAR and the AGV is
fixed and determined, the transformation relationship between their coordinate systems is
also constant. As shown in Figure 6, after the LiDAR measures multiple reflective pillar
targets, its current pose

(
xM

D , yM
D , βD

)
in the two-dimensional map coordinate system can
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be directly obtained. Based on the AGV body structure and assembly relationship, the pose
of the AGV in the map coordinate system can then be derived as:

xM
A = xM

D − L cos(βA)

yM
A = yM

D − L sin(βA)

βA = βD

(7)

 
(a) (b) 

Figure 5. Illustration of multi-coordinate system calibration and online localization. (a) Schematic of
offline calibration. (b) Online localization combining coarse and fine positioning.

Figure 6. Localization of the AGV in the two-dimensional map.

Then, the relationship between the onboard LT and the AGV coordinate systems is
calibrated. Using the map coordinate system as a bridge, the transformation between
the onboard laser tracker and the AGV coordinate systems is derived by simultaneously
determining their poses in the two-dimensional map coordinate system. The main steps
are as follows:

(1) Construct the two-dimensional map coordinate system.

The initial position of the LiDAR is taken as the origin of the map coordinate sys-
tem, with the 0◦ scanning direction defined as the positive X-axis, and counterclockwise
relative to the X-axis defined as the positive rotation direction. The onboard LiDAR of
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the AGV then scans the surrounding reflective pillar targets to obtain their coordinates

pM,i =
[

xM,i yM,i ρM,i

]T
in the map coordinate system.

(2) Measure the two-dimensional equivalent centers of the reflective pillar targets using
the laser tracker.

An auxiliary hollow ring capable of mounting an SMR is designed at the top of each
reflective pillar (hollow cylinder) to ensure that the sphere center of the reflector coincides
with the axis of the hollow cylinder. The laser tracker sequentially measures the SMR to
obtain the coordinates of the top circle centers of all reflective pillars. The horizontal and
vertical coordinates of each circle center are then taken as the two-dimensional equivalent
centers of the reflective cylinders, yielding the following sequence set.

QL =
[
qL,1 qL,2 . . . qL,n

]
, qL,i =

[
xL,i yL,i

]T
(8)

(3) Calibration between the map coordinate system and the onboard LT coordinate system.

Based on the above two-dimensional equivalent circle center coordinates, multiple
sets of common points acquired in the current static state are used to solve for the rotation
matrix RM_L and the translation vector TM_L between the two-dimensional map coordinate
system and the LT measurement coordinate system, as expressed in Equation (9).

[
RM_L TM_L

]
= min

(
n

∑
i=1

∥∥∥qL, i −
(

RM_L · pM,i + TM_L

)∥∥∥2
)

(9)

(4) Calibration between the onboard LT coordinate system and the AGV coordinate system.

Based on the AGV pose
[

xM
A yM

A ρM
A

]T
in the map coordinate system and the trans-

formation relationship between the map coordinate system and the current onboard LT
coordinate system (RM_L and TM_L), the AGV coordinates in the onboard LT coordinate
system are calculated using Equation (10). The difference in the Z-direction between the
two coordinate systems can be determined from the height difference between the XOY
plane of the onboard LT and that of the AGV coordinate system.[

xL
A,i

yL
A,i

]
= RM_L

[
xM

A,i
yM

A,i

]
+ TM_L (10)

where
[

xL
A yL

A

]T
represents the AGV coordinates in the onboard LT coordinate system.

Through the above derivation, the transformation relationship between the AGV
coordinate system and the onboard LT coordinate system is determined. Subsequently,
the two-dimensional map coordinate system is registered to the global coordinate system
via the LT coordinate system using the common-point best-fit method, following the same
principle as in Equation (9) and thus not repeated here.

After the calibration of the transformation relationships among multiple coordinate
systems, LiDAR and LT measurements are fused to enable online global localization of the
mobile measurement system.

First, by combining the calibrated information with the AGV localization information[
xM

A , yM
A , ρM

A

]T
in the map coordinate system, the instantaneous pose matrix of the

onboard LT in the map coordinate system, RL_M and TL_M, is obtained:
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RL_M = RA_MRL_A =

[
cos
(
ρM

A
)
− sin

(
ρM

A
)

sin
(
ρM

A
)

cos
(

ρAMwa

) ]RL_A

TL_M = RA_MTL_A + TA_M = RA_M

[
tL_A,x

tL_A,y

]
+

[
xM

A
yM

A

] (11)

Using the calibration between the map and the global coordinate systems, the pose
matrix of the onboard LT in the global coordinate system is calculated as:

RL_G = RM_GRL_M

TL_G = RM_GTL_M + TM_G
(12)

The two-dimensional transformation matrix is extended to a three-dimensional trans-
formation matrix, as shown in Equation (13).

⌢
RL_G =

[
RL_G 0

0 1

]
,
⌢
TL_G =

[
RM_GTL_M + TM_G dL

]T
(13)

where
⌢
RL_G and

⌢
TL_G are the three-dimensional rotation matrix and translation vector,

respectively, and dL denotes the height of the origin of the onboard LT coordinate system
relative to the XOY plane of the global system.

Based on the estimated pose of the onboard LT in the measurement control network,
the coordinates of the control points in the onboard LT coordinate system are obtained,
thereby accomplishing coarse localization of the LT. Subsequently, by applying the LT’s
pointing search measurement technique together with vision-assisted guided measurement,
multiple control point coordinates are observed to accurately solve the current pose of the
onboard LT. The measurement of all KFPs in the onboard LT coordinate system is then
completed, and their coordinates are transformed into the global coordinate system.

To ensure the safe operation of the mobile measurement system in complex measure-
ment scenes, this article considers not only the occlusion caused by complex obstacles but
also the additional time consumed during the deceleration-stop-turning phases of AGV
steering. A motion path turning determination method based on three-point iterative back-
ward recursion is proposed, in which the slopes of consecutive line segments are compared
to determine whether the path involves a turn. A time-optimal and efficient path planning
model for mobile measurement is then constructed with high-efficiency movement as the
objective. The specific algorithmic procedure is summarized in Algorithm 1.

Algorithm 1: Path Planning Based on the Shortest Running Time

Input: start, goal
Output: Path ∏ and its total cost
1 open← {start}, closed← ∅
2 g← 0, h = h(start), c = 0, f [start] = g + h + c
3 while open ̸= ∅ do
4 n← node in open with minimal f
5 if n = goal then return reconstruct-path (parent, n), f [n]
6 end if
7 for all neighbor v of n do
8 g′ ← g[n] + cost (n, v)
9 h′ ← h(v)
10 if closed = ∅ then c′ ← 0
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Algorithm 1: Cont.

11 else c′ ← turn (parent[n], n, v)
12 end if
13 f ′ ← g′ + h′ + c′

14 if v ∈ open then
15 if f ′ < f [v] then update g, h, f, parent[v]
16 else insert v into open with g′, h′, f ′, parent[v]
17 end if
18 end for
19 move n from open to closed
20 end while
21 Return path ∏ and its total cost

Compared with straight-line motion, AGV turning requires deceleration, stop, and
steering phases, which significantly increase the motion time and may lead to situations
where the traveled distance is short but the operation time is long. However, in measure-
ment scenarios, operation time is often of greater concern. The conventional A* algorithm
uses the shortest distance as the evaluation function, whereas in this article, operation time
is adopted as the evaluation function. By incorporating a turning time penalty term, an
optimization objective of minimizing the total operation time is constructed. The evaluation
function is expressed as:

f (i) = g(i) + h(i) + c(i) (14)

where f (i) denotes the estimated total time from the start node to the target node via node
i; g(i) records the actual time already consumed from the start node to node i, accumulated
from the travel time of each path segment; h(i) estimates the theoretical shortest time from
node i to the target by dividing the Euclidean distance by the maximum travel speed,
serving as the heuristic term; and c(i) is an additional penalty introduced to suppress
frequent turns, adding a positive cost whenever the heading angle changes. By minimizing
f (i), the algorithm achieves the shortest path while reducing unnecessary turns, thereby
improving measurement efficiency.

The implementation procedure is as follows. The implementation procedure is as fol-
lows. (1) Reconstruction of the two-dimensional scene map. The complex three-dimensional
scene is projected into two dimensions to obtain a two-dimensional representation con-
taining obstacles. The map is then binarized and gridded, with one additional grid cell
expanded outside the obstacle grid boundaries as a safety margin. The grid size is set
equal to the area of the AGV, resulting in a two-dimensional grid map of the measurement
site. (2) Perform iterative optimization of the path nodes based on the evaluation function
to obtain all nodes of the motion path, and then backtrack to derive the complete path.
(3) Simplify all nodes according to the start-end path sequence, that is, multiple nodes lying
on the same straight-line motion path are reduced to only the first and last nodes.

Taking the LT mobile station transition path planning in a wing–fuselage assembly
experimental scenario (Figure 7a) as an example, the two-dimensional scene is first recon-
structed to obtain the 2D map, as shown in Figure 7b. Then, the path nodes are optimized
based on the evaluation function, and the discrete collinear paths are simplified. It should
be noted that, because the omni-directional AGV used in this article is restricted to eight
principal movement directions (forward, backward, left, right, and the four 45◦ diagonals),
which is also one of the path planning constraints. Finally, the mobile path of the laser
tracker is obtained, as illustrated in Figure 7c.
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(a) (b) (c) 

Figure 7. Mobile path planning results based on time optimization. (a) Wing–fuselage assembly site.
(b) Grid map of the site. (c) Result of mobile path planning.

2.4. Measurement Sequence Planning of Discrete KFPs

To improve the measurement efficiency at each LT station, it is necessary not only to
reasonably allocate the measurement points among the stations but also to plan the measure-
ment sequence of multiple points within each station; since the LT turning time is positively
correlated with the distance between two successive points, the overall measurement
efficiency is in this study simplified to minimizing the total measurement path distance.

Let G =
(

V, D
)

be a weighted graph, V =
{

1, 2, · · · , n
}

the set of vertices, n
the number of points to be measured under a single station, and D the set of edge lengths,
with the distance between vertices denoted as di,j

(
di,j > 0, i, j ∈ V

)
. The optimization

model is formulated as Equation (15).

min Ds =
n
∑

i=1

n
∑

j=1
ai,jdi,j

n
∑

j=1
ai,j = 1, i ∈ V

n
∑

i=1
ai,j = 1, j ∈ V

∑
i,j∈s

ai,j ≤ |S| − 1, ∀S ⊂ V, 2 ≤ |S| ≤ n− 1

ai,j ∈
{

0 1
}

(15)

where di,j denotes the distance between the i-th and j-th measurement points, ai,j indicates
the path selection: ai,j = 1 if the path includes the segment from point i to point j, and 0
otherwise, S represents all non-empty subsets of V, and |S| denotes the total number of
vertices in the vertex set V of the weighted graph G.

The traditional exhaustive search method for measurement point sequences requires
calculating the total path distance of (n− 1)! possible sequences, which results in enor-
mous computational cost. To improve computational efficiency, this article develops a
measurement sequence planning model based on an improved genetic algorithm, where
heuristic search is employed to reduce optimization time. The final measurement sequence
is obtained, and the specific steps are illustrated in Figure 8.
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Figure 8. Sequence planning of measurement points based on the improved genetic algorithm.

The specific procedure is as follows:

(1) Population initialization based on a combination of the nearest-neighbor method
and the random method. Assume the number of measurement points is n and the
population size is N To avoid excessive duplicate individuals during initialization,
one measurement point is selected as the first point in the sequence, and the nearest-
neighbor method is applied to generate one sequence (i.e., one individual). By taking
each measurement point as the first point and performing sorting once, n individuals
are generated in total. The remaining N − n individuals are then generated using
the random method, thereby completing the initialization of all N individuals in
the population.

(2) Offspring generation based on order crossover. A portion of the measurement point
sequence is copied from one parent to the offspring, and then the remaining measure-
ment points are copied from the second parent to the offspring while preserving their
relative order from the second parent.

(3) Generate offspring through mutation. A combined mutation operation consisting of
inversion, insertion, and swapping is employed. Specifically, inversion reverses the
order of measurement points between two randomly selected positions. Insertion
moves the measurement point at position i to immediately follow position j. Swapping
exchanges the measurement points at positions i and j.

(4) Design the fitness function. The total distance of each measurement point sequence is
calculated, and the reciprocal of the total distance is taken as the fitness function. The
smaller the total distance, the better the fitness value.

(5) Select suitable individuals to retain as parents. The roulette wheel method is employed
for selection.

By applying the improved genetic algorithm described above, an optimized measure-
ment sequence is obtained, which reduces the measurement time for a single station and
thereby improves the overall measurement efficiency.
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3. Experimental Validation and Discussion
The wing-fuselage assembly process is a canonical complex aircraft assembly

scene [28,29]; therefore, a validation experiment was conducted on a simulated wing-
to-fuselage assembly to verify the effectiveness of the proposed method. Figure 9 presents
a view of the on-site measurement experiment, the LT used was a Leica ATS600 (Hexagon
AB, Stockholm, Sweden), with a maximum measurement error of ±(15 µm + 6 µm/m),
mounted on an AGV equipped with a LiDAR sensor. The assembly system consisted of a
fuselage and a wing, supported by four and three numerical controlled locators, respec-
tively. The KFPs to be measured included 8 posture control points (p1~p8) on the fuselage,
10 posture control points (p9~p18) on the wing, and 21 ERS points (p19~p39), distributed
within a spatial volume of 5000 mm × 2000 mm × 1500 mm. All computations for the
experiments were performed on a computer with a 20-thread processor (3.50 GHz), 32 GB
of RAM, a GPU with 8 GB of VRAM, and a 480 GB SSD.

 

Figure 9. Experiment of measuring station planning with LT.

Two approaches were adopted for the arrangement of measurement stations: (i) In
the empirical method, station positions are manually assigned by visually examining
the observability of each KFP and iteratively adjusted throughout repeated experiments,
yielding an experience-based layout. (ii) In the proposed method, station positions are
optimized in advance using the proposed station planning method, and the optimization
results are then used to guide on-site station placement. To apply the proposed method, the
CAD models of the wing, fuselage, jigs, fixtures, and surrounding equipment are rapidly
retrieved from the model library according to their on-site layout positions and assembled
into a virtual scene that replicates the real environment. This composite scene is then
converted into a triangulated .obj format, and the set of 39 KFPs to be measured is imported.
Based on the practically measurable space, feasible station placement regions are defined
for each station. The proposed algorithm is then applied to plan the stations, yielding the
optimized station positions and their assigned measurement tasks (i.e., which points each
station measures), as shown in Figure 10. Finally, three station layout results are obtained,
and the reference position and measurement tasks of each station are listed in Table 1.
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Figure 10. Calculation results of station planning.

Table 1. Reference position and measurement tasks of each station.

Station Name
Reference Position of Station

Measurement Tasks
X/mm Y/mm Z/mm

Station 1 −422.352 −1669.265 1371.717 p3, p4, p7, p8, p15, p19, p20, p21, p22, p39

Station 2 4060.940 −85.044 1482.281 p5, p9, p10, p11, p12, p13, p14, p16, p23, p24,
p25, p26, p27, p28, p29, p34

Station 3 −633.645 3843.305 1319.160 p1, p2, p6, p17, p18, p30, p31, p32, p33, p35,
p36, p37, p38

First, we determined the ground-truth coordinates of each KFP by averaging repeated
measurements taken with the LT in stable mode under the global coordinate system. In the
empirical method, the LT was placed at three stations determined by visual observation
to cover all measurement points. In contrast, based on the proposed station planning
method, the optimal LT station coordinates under the three-station scheme were obtained
and used to guide station layout. Subsequently, the KFPs were measured from each station
under both layouts. Using rigid constrained coordinate transformation, we registered the
point clouds obtained from each station into the global coordinate system by minimizing
the residuals of the common points. For every KFP, its transformed coordinate was then
compared with the corresponding ground-truth value acquired in the LT stable mode; the
Euclidean distance between the two was taken as the individual measurement error. The
results are shown in Figure 11. After station optimization, the average measurement error
of the proposed planning method was reduced from 0.035 mm with manual empirical
planning to 0.022 mm, a 37% decrease, thereby demonstrating the effectiveness of the
proposed method.

During measurement at each station, the proposed method was used to determine the
measurement sequence with the shortest total distance. The LT was then rapidly localized
by combining coarse and fine localization, and all measurement points at a single station
were quickly measured through pointing measurement.

Taking the second station as an example, this station required the measurement of
8 posture control points on the fuselage and wing, as well as 8 ERS points, for a total
of 16 points. The coordinates of some KFPs are listed in Table 2. With the objective of
minimizing the total distance of the measurement sequence, the parameters were set
as follows: population size of 1000, maximum number of iterations of 500, crossover
probability of 0.8, mutation probability of 0.2, swapping probability of 0.2, inversion
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probability of 0.5, and insertion probability of 0.3. Through iterative optimization, the
measurement sequence was obtained as shown in Figure 12 In the optimized sequence, the
measurement paths neither overlap nor intersect, and the total distances before and after
optimization were 16,005.305 mm and 12,261.601 mm, respectively.
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Figure 11. Comparison of measurement errors for each point.

Table 2. Three-dimensional coordinates of the series of test points.

Point Name X/mm Y/mm Z/mm

P5 699.000 1947.190 1555.386
P9 694.081 362.078 1552.166
P10 4060.566 2248.582 1357.038

...
...

...
...

P28 2584.708 2388.403 38.779
P29 2303.704 2270.357 37.910
P34 923.443 2394.333 −159.615

  
(a) (b) 

Figure 12. Measurement sequence planning results based on the genetic algorithm. (a) Measurement
path of 39 points. (b) Iterative computation process.

Through the proposed studies on online rapid localization of the mobile measurement
system, motion path planning, and automatic LT measurement, the overall measurement
efficiency of large-scale discrete KFPs was ensured. Experimental results showed that the
total measurement time was cut from one hour to within 25 min, representing a reduction
of more than 50%.
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4. Conclusions
This article proposes an autonomous mobile measurement method for complex aircraft

assembly scenes. Considering the issue of line-of-sight occlusion in complex on-site scenes,
a measurement station layout is planned to obtain the configuration with the minimum
number of stations and the minimum total distance from stations to measurement points,
while assigning KFPs measurement tasks to each station. Then, a calibration model was
constructed to establish the transformation relationships among multiple on-site coordinate
systems. The mobile measurement system was automatically localized through a combined
coarse and fine localization approach. Meanwhile, a motion path planning method was
developed under complex obstacles, taking both motion time and turning time into account,
and the shortest-time path was obtained. Finally, a measurement sequence planning method
was developed to minimize the total path length for multiple KFPs over a large area. The
resulting automatic measurement sequence ensured non-overlapping and non-intersecting
paths. Experimental results show that, compared with manual empirical measurement, the
proposed station planning method reduced the average measurement error from 0.035 mm
to 0.022 mm, yielding a 37% decrease. Furthermore, the planning and automated execution
of motion paths and single-station measurement sequences reduced the measurement time
from one hour to within 25 min, representing a reduction of more than 50%. Therefore, the
proposed method provides effective guidance for efficient KFPs measurement in complex
assembly scenarios of large-scale aircraft components.

In certain aircraft assembly scenarios, multiple instruments may be deployed simulta-
neously to improve measurement efficiency; however, this article does not address such
multi-device coordination. Future work will therefore focus on the optimal scheduling
of a fleet of mobile measuring devices and on the development of a fully automated
“measurement–planning–control” software platform to further enhance measurement effi-
ciency in aircraft assembly.
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