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Abstract

The automatic inspection of surface defects is an important task for quality con-
trol in the computers, communications, and consumer electronics (3C) industry.
Conventional devices for defect inspection (viz. line-scan sensors) have a limited
field of view, thus, a robot-aided defect inspection system needs to scan the object
from multiple viewpoints. Optimally selecting the robot’s viewpoints and plan-
ning a path is regarded as coverage path planning (CPP), a problem that enables
inspecting the object’s complete surface while reducing the scanning time and
avoiding misdetection of defects. However, the development of CPP strategies
for robotic line scanners has not been sufficiently studied by researchers. To fill
this gap in the literature, in this paper, we present a new approach for robotic
line scanners to detect surface defects of 3C free-form objects automatically. Our
proposed solution consists of generating a local path by a new hybrid region
segmentation method and an adaptive planning algorithm to ensure the cover-
age of the complete object surface. An optimization method for the global path
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sequence is developed to maximize the scanning efficiency. To verify our proposed
methodology, we conduct detailed simulation-based and experimental studies on
various free-form workpieces, and compare its performance with a state-of-the-
art solution. The reported results demonstrate the feasibility and effectiveness of
our approach.

Keywords: Coverage path planning (CPP), Line-scan sensor, Surface inspection,
Robotic inspection, 3C components

1 Introduction

Defect inspection is essential to quality control, process monitoring, and non-
destructive testing (NDT) in the manufacturing industry (Chen et al., 2022; Chen &
Yang, 2021; Luo & He, 2016). Specifically, manufacturing processes in the 3C indus-
try are highly sophisticated and demand detailed and accurate defect inspection.
Traditional defect inspection approaches typically rely on visual inspection of an inter-
mediate/finished product by a quality control or quality check inspector. This sole
dependence on human workers is a problem for regions and countries with a short-
age of manpower (Liu et al., 2022; Ming et al., 2020). Furthermore, human-based
inspection is inherently subjective, hence, prone to errors. To address these prob-
lems, various researchers have reported the automatic surface inspection system for
free-form components (Li et al., 2023; Yang et al., 2023).

Recently, automatic detection systems equipped with an industrial-grade line scan-
ner, depth camera, and robotic manipulator has been developed to offer effective
and rapid non-contact measurement (Huo et al., 2022; Liu et al., 2022). During the
defect inspection task, the robotics inspection system scans the surface of the target
workpiece exhaustively from different viewpoints. Planning an inspection path can be
considered as the CPP problem (Molina et al., 2017). Estimating a CPP strategy for
automatic inspection consists of three tasks: (1) determining the viewpoints to mea-
sure the workpiece’s surfaces, (2) generating a sequence to visit all viewpoints in a
time and kinematically optimal way, and (3) planning a feasible path to travel to each
viewpoint. Additional criteria can be defined while planning the coverage path, includ-
ing full coverage of the target surfaces and the resulting cycle-time for the inspection
task (Glorieux et al., 2020). The existing CPP methods can be divided into two coarse
categories: two-dimensional and three-dimensional methods.

Various researchers reported two-dimensional (2D) CPP for mobile robots in floor
cleaning, bridge crack monitoring, and weed mowing tasks (Almadhoun et al., 2016;
Galceran & Carrreras, 2013). Veerajagadheswar et al. (2020) developed a motion
planner for floor cleaning. Polyomino tiling theory was adapted to define reference
coordinates and generate a navigation path to maximize the area coverage; Real-time
experiments in different scenarios tested the planner on a Tetris-inspired shape-shifting
robot. Hung M. La et al. (2013) proposed an autonomous robotic system for pre-
cise and efficient bridge deck inspection and identification, where a boustrophedon
decomposition was applied to solve the CPP problem. Lim et al. (2014) developed an
automatic detection and mapping system for automatic bridge crack inspection and
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maintenance; They used an improved genetic algorithm to search for a CPP solu-
tion to minimize the number of turns and detection time while achieving an efficient
bridge inspection. Danial Pour Arab et al. (2023) presented a CPP algorithm pro-
viding the optimal movements over an agricultural field; First, tree exploration was
applied to find all potential solutions meeting predefined requirements, and then, a
similarity comparison was proposed to find the best solution for minimizing overlaps,
path length, and overall travel time.

It must be remarked that 2D CPP methods cannot be adopted directly for a three-
dimensional (3D) CPP problem, as the level of complexity in 3D space is much higher
than in 2D space. In most 2D applications, a complete planner map is available dur-
ing planning. Most 3D CPP methods have to plan the paths from partial or occluded
3D maps. A CPP method for 3D reconstruction based on Building information mod-
eling used a robot arm and a lifting mechanism for wall painting at construction
sites (Zhou et al., 2022). It consists of a two-stage coverage planning framework, a
global planner that can optimally generate the waypoints sequence, and a local plan-
ner that can provide the mobile base pose. The authors reported that this method
could ensure coverage of all waypoints and improve painting efficiency. Hassan and
Liu (2020) proposed an adaptive path planning approach cable of updating the paths
when unexpected changes occur and still can attain the coverage goal. Zbiss. K et
al. (2022) reported a path-planning method for collaborative robotic car painting. This
proposed algorithm depends on computational geometry and convex optimization,
and Morse cellular decomposition and boustrophedon algorithms are applied for path
planning to generate a feasible and collision-free trajectory. A CPP method is based on
Unmanned Aerial Vehicles (UAV) equipped LiDAR for bridge inspection (Bolourian
& Hammad, 2020). This method combined a genetic algorithm and an A* algorithm
to find a barrier-free and shortest path. This method planned the near-optimal and
feasible path.

Recent studies on 3D CPP for industrial product quality detection focused on
achieving full surface coverage of the workpiece with minimum inspection time are:
Li et al. (2018) demonstrated a robust CPP method for aerospace structures based
on their geometric features. Path planning relied on the feature graph construction
through Voronoi Diagram. Then, a search method is proposed to find this graph to
decide the inspection sequence and a convex hull-based approach is applied to avoid
collisions. Glorieux et al. (2020) presented a targetted waypoint sampling strategy with
the shortest inspection time for dimensional quality inspection of sheet metal parts.
Liu et al. (2022) developed an enhanced rapidly exploring random tree (RRT*) method
and integrated the inspection errors and the optimal number of viewpoints into mea-
surement cost evaluation for higher precision in quality inspection. Huo et al. (2022)
applied the nearest neighbor search algorithm to find a near-shortest scanning path
aiming at convex free-form specular surface inspection.

Despite numerous recent developments, CPP for free-form surface inspection
remains an open research problem. There are very few CPP solutions for line scan-
ning robotic systems (Kapetanovic et al., 2018). Compared with area-scan sensors, a
line-scanning sensor is more suitable for defect inspection in industrial/manufactur-
ing applications due to higher spatial resolution and lower production costs (Steger &
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Ulrich, 2021; Wang et al., 2022). Unlike a common area camera or other optical sen-
sors that only work at some discrete positions, a line scanner utilizes only single beam
scanning light to detect 3D objects when capturing images, and it needs to move con-
tinuously using a robotics manipulator along the coverage path. These features lead to
many traditional CPP methods being ineffective. Therefore, developing a novel CPP
method for the automatic line scanning system becomes imperative and advantageous.

This paper aims to overcome the limitations of existing CPP methods for surface
defect inspection. We focus on defect detection for free-form surfaces of 3C workpieces
based on a robotic line scanning system. This robotic system utilizes a 6-DOF robot
manipulator with a line scanner to finish a full-coverage inspection path and a depth
sensor to localize the workpiece. The proposed CPP method for robotics line scanning
inspection consists of two parts, local path definition for accurate defect inspection
and global time optimization for minimum scanning path. It incorporates the detailed
requirements of 3C components surface inspection and the specific characteristics of
a robotic line scanning system. The main contribution of this paper includes:
(1) A new region segmentation method and an adaptive region-of-interest (ROI)

algorithm to define the local scanning paths for free-form surfaces.
(2) A Particle Swarm Optimization (PSO)-based global inspection path generation

method to minimize the inspection time.
(3) Detailed simulations, experiments, and comparisons to validate the proposed

method.
The rest of this article is organized as follows. Section “Coverage path planning for
inspection” describes the path planning problem for 3C component surface detection.
Section “Methodology” presented the proposed CPP approach in detail. Section “Case
study” shows the specific simulations, experiments, and comparisons on 3C compo-
nents to validate the method’s feasibility. Finally, Section “Conclusion” concludes this
article and discusses the limitations and future direction.

2 Coverage path planning for inspection

The CPP problem can be divided into two subproblems: 1) the local path definition
is to generate view regions and partial scanning paths to meet the precise scanning
and full coverage for 3C free-form workpieces. 2) global path planning aims to find an
optimal or near-optimal sequence of all local paths (Gerbino et al., 2016).

The key to the first sub-problem determines the position and orientation of each
pair of viewpoints at both ends of local paths (the path between two consecutive
viewpoints). The line-scan camera only captures an image line of pixels at a time, so
the relative motion perpendicular to the line of pixels between the camera and object
is necessary for 2D image acquisition during the defect inspection task (see Fig. 1).
In this automatic scanning system, the camera is moved with a robotics manipulator
along the stationary object, and the direction of depth of view (DOV) of the camera
should be perpendicular to the scanned region to ensure image quality. Therefore, the
scanned area needs to keep as flat as possible even if models of workpieces include many
different geometric features (see Fig. 2). In addition, each local path consists of two
viewpoints at both ends of it, and the camera at the robotic end-effector could scan one
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2D image

Line scanning camera

Line-by-line scanning 

transmission of image
DOV

Fig. 1 Conceptual representation of line scanning sensor

viewpoint to another to inspect the surface defects of the regions corresponding to this
local path. The change in the position of these two waypoints is required to be along
one regular direction, whose orientations need to remain as unchanged as possible to
ensure the quality of acquired images. Besides, this sub-problem is also affected by
some critical factors, such as field of view (FOV) and DOV (Liu et al., 2022).

PlaneCurved surface

Corner Bevel

Fig. 2 Geometric features of 3C workpieces

The global path planning problem is concerned with finding the sequence and path
connecting the selected viewpoints to minimize the total travel cost. This generated
coverage path needs to reach all local paths with the shortest connection path. In
other words, the objective is to find the minimum kinematic feasible path for the
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robot manipulator to target the scanning sensor at each viewpoint precisely through
all local paths, without colliding with any obstacles in the workspace.

This proposed method should provide a feasible coverage path that transverses all
the local paths with minimum inspection time efficiently and automatically. Moreover,
it needs to consider diverse measurement directions of local paths to ensure high
detection precision. Generally, there are many local paths to evaluate the surface
quality of the 3C components. To obtain precise defect original images, every scanning
parameter is significant and could be set according to one new automatic method
rather than the workers’ experience and opinion.

3 Methodology

A CPP generation and optimization approach is presented based on the robotics
line scanning system(see Fig. 3). This includes i) a new hybrid region segmentation
method based on the random sample consensus (RANSAC) and K-means cluster-
ing method; ii) an adaptive ROI method to define the local measurement paths; and
iii) one PSO-based global optimization approach for the minimum inspection time.
This optimal path is then implemented for offline programming and surface detection,
thereby improving the efficiency of the inspection of 3C components.

To exact the workpiece’s geometry features, the 3D model is converted to a point
cloud. The sampling procedure is based on selecting a series of points randomly and
uniformly from the model to form a point cloud that can be used to segment and
process all surfaces of the workpiece. The acquired point cloud O consists of points
pi = [xi, yi, zi], i = 1, 2, ...,m (m is the total sampling number of O), which preserves
the geometric information of all faces.

3.1 Hybrid region segmentation based on RANSAC and
K-means clustering

The image acquisition characteristics of line-scan cameras necessitate the preservation
of flat scanning areas to ensure optimal image quality. Therefore, it becomes crucial to
employ an effective segmentation method to divide the entire surface into flat regions.
In this study, we propose a hybrid region segmentation method specifically designed for
the surface features of 3C components. This method leverages the RANSAC method
and enhanced K-means clustering to achieve accurate segmentation. The RANSAC
method is used to detect a region with planar geometry. It can also remove some points
with minimum curvature from the entire point cloud, enhancing the computation
speed of the whole procedure (Su et al., 2022). Furthermore, it can effectively remove
outliers, thereby improving the accuracy of the subsequent K-means clustering process.

Here, we use RANSAC to partition O first. It includes two steps: producing an
assumption by random samples and proving this assumption with the remaining data.
Given different hypothesis geometrical models, RANSAC can identify planes, spheres,
cylinders, and cones (Xu et al., 2016). Since the flat regions are required for precise
line scanning, RANSAC utilized the equation of a plane as a feature model in the
proposed system. It selects N sample points of O and estimates the plane model
parameters by those sample points. The position of a point is selected as an inlier if
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Fig. 3 Framework of the proposed method

the distance between the point and plane is less than the fixed thresholds and the
shape that contains the greatest number of outlier points could be split and extracted
after multiple iterations. The plane model can be represented as

aX + bY + cZ + d = 0 (1)

where [a, b, c, d]T is the plane model parameter, and [X,Y, Z]T denotes any point in
the 3D coordinates.

This method can extract a nearly planar point cloud region C0 when the best plane
model has been identified. RANSAC does not require complex optimization or high
memory resource so that we can obtain C0 rapidly. However, the remaining point cloud
Or with the size ηr cannot be segmented clearly by this approach since Or consists of
bevels, curved surfaces, and other complex geometrical information.

The traditional K-means clustering methods regarded the region segmentation as
a clustering analysis problem of surface geometric features. They applied the position
and surface normals of the point cloud for segmentation, which are not appropriate
for workpieces with large variations in curvature or many bevels and corners (Li et
al., 2018; Liu et al., 2020). Therefore, Some different factors should be considered to

7



describe the features of the object. The enhanced K-means clustering is proposed in
this paper to process Or. In the standard K-means method, the number of clusters N
dramatically affects the performance of this method, and many trials are required to
find a near-optimalN in some classical methods (Juang &Wu, 2011). In this developed
method, we apply not only the corresponding surface normals nr

i = [nr
ix, n

r
iy, n

r
iz] of the

points in Or but also the Gaussian curvature Kr
i and Mean curvature Hr

i of each point
pri in Or as the inputs of the enhance K-means clustering. Besides, a feasible weighting
factor ω among nr

i , K
r
i , and Hr

i is determined through many manual experiments.
Kr

i is the product of the principal curvatures of pri , and it neutralizes the maximum
and minimum curvatures. A positive Gaussian curvature value means the surface is
locally either a summit or a valley, while a negative value illustrates the surface locally
consists of saddle points. And zero Gaussian curvature indicates the surface is flat in
at least one direction like a plane or cylinder (Li et al., 2019). In mathematics, the
mean curvature of a surface presents the curvature of an inset surface in Euclidean
space or other ambient spaces. The curvature of the point can be represented by
cri = [Kr

i , H
r
i ]. With adding these two parameters in this enhanced K-means method,

the clustering quality can be improved than before, so the geometric feature of the
point of Or is presented as Iri = [nr

i , c
r
i ]. Besides, we present a method to automatically

adjust N since N affects the result of the classification, and the traditional techniques
set one fixed N , whose drawback is its poor flexibility. The algorithm depends on a
two-looped 1D search, with the inner loop for similarity comparison and the outer
loop for iterating N . The iteration can end when the largest intra-class difference is
smaller than a threshold T . The entire procedure of this enhanced K-means method
is illustrated in Algorithm 1.

For the outer loop, we represent the feature vectors of the N -cluster set as

Qj = [qn, qc] qn = [q1, q2, q3] qc = [q4, q5] (2)

Qj is one 5-dimensional vector (j = 1, 2..., N). All of them can be initialized with
a random value. Afterward, the procedure goes into the inner loop, composed of two
steps: 1) similarity comparison and 2) updating. In the first step, cosine similarity is
used in this proposed method for assessing the similarity between Iri and Qj , which
is considered as a measure of similarity between two sequences of numbers in data
analysis (Kiricsci et al., 2023). The similarity αij is described in detail as follows:

αij = ω1 cos

(
nr
i · qn

|nr
i | · |qn|

)
+ ω2 cos

(
cri · qc
|cri | · |qc|

)
(3)

where ω1 and ω2 are the weighting factors for αij , and they are set as 0.6 and 0.4
respectively in this method according to many experiments.

Then, this method should find the cluster Cj with the smallest αij and exact the
corresponding pri and Iri to it. The next step is to determine whether the classification
has met the termination condition. For each cluster Cj , the termination parameter λj
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is calculated from the maximum intra-class difference Dj as:

λj =

{
0, Dj > T

1, else
;Dj = max

i
αij (4)

βt represents the sum of λj from every region Cj at this iteration t .If βt = N , the
current segmentation is satisfactory and the algorithm can finish iteration. Otherwise,
the procedure continues. In this stage, the search direction should be considered since
the method includes two loops, the inner one that compares similarity and clusters
concerning N and the outer one that increases the value of N gradually. The change
relies on the performance of βt. If the performance deteriorates at the iteration step t
(i.e. βt is smaller than βt−1), the inner loop must stop immediately and a new outer
loop starts with N←N + 1 because the current N is not ideal. If the performance is
better(i.e. βt is larger than βt−1), the search within the inner loop continues.

Before switching to the next inner iteration, all feature vector Qj = [qn, qc] are
updated to improve the representation level:

qn =

1
ηj

∑ηj

i=1 nij∥∥∥ 1
ηj

∑ηj

i=1 nij

∥∥∥ qc =

1
ηj

∑ηj

i=1 cij∥∥∥ 1
ηj

∑ηj

i=1 cij

∥∥∥ (5)

where nij , cij and ηj are i-th normal feature vector in Cj , curvature feature vector
in Cj and the size of the Cj separately.

The proposed algorithm only takes the limited features of the region Cj into con-
sideration, which can lead to a high sparsity of the clustered points within the same
region. Therefore, Euclidean cluster extraction is implemented as a post-processing
step to verify if it is necessary to subdivide the region Cj into two new regions according
to the location of the points in it.

Algorithm 1 The enhanced K-means Region Segmentation

Require: T , Or

Ensure: Cj , j = 1, 2, . . . , N
1: while βt < N do
2: Initialize Qj ; randomly, j = 1, 2, . . . , N ;
3: while βt ⩾ βt=1 do
4: for i = 1 : ηr do
5: Compute similarity αij ← (3);
6: jargmin ← argminαij , take pri → Cj ;
7: end for
8: Calculate: βt ← (4);
9: Update: Qj ← (5);

10: end while
11: N ← N + 1;
12: end while
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3.2 Adaptive ROI Based Path Planning

The local paths are generated according to the proposed planning method, which
takes the segmented region Cj as input. Due to the synchronization of the scanning
inspection of the line camera and the robot’s motion, every viewpoint in these local
paths should be produced through a feasible method for accurate detection, and all
local paths are required to cover the whole region Cj of the workpiece. Hence, this
part presents an adaptive ROI method for generating local paths that aim to adapt
scan paths and viewpoints to the various shapes of objects

Since the scanning sensor captures a horizontal line image, the scanning coverage
can be thought of as a cuboid when the system is moving linearly, which contains
the DOV VD, the FOV VF , and the moving direction VL(see Fig. 4). Besides, the

key of this approach is to determine the position µ = [x, y, z] and pose i = [d⃗, l⃗] of
the viewpoints (vp, vp∗) at both ends of a local path Gt, t = 1, 2, ..., U . The pose i is

described by the direction d⃗ of VD and the direction l⃗ of VL.

D
V

F
V

L
V

1v
p

2v
p

Fig. 4 Cuboid coverage generation of line scanning camera during linear motion

To make the geometric scanning model effective and keep the accuracy of this
system, our algorithm further segments every Cj into 3 sub-regions Wjf , f = 1, 2, 3.
Due to the irregular shape of each Cj , we stipulate that the Cj is divided into 3 sub-

region Wjf evenly following the direction k⃗ of the longest length of each Cj and the

scanning motion is also along k⃗ for every area ( l⃗ = k⃗). In addition, we define that d⃗

is the reverse direction of the surface normal w⃗jf of this Wjf ( d⃗ = −w⃗jf ).
Thus, the corresponding µ1, µ2 are located on :

µ = τ − w⃗jf · |VD| (6)

The center of the sub-region Wjf is regarded as cjf = [cx, cy, cz], and the intersec-

tions τ1, τ2 of the Wjf ’s edge and the line k⃗ · cjf are deemed as the inspection points
of viewpoints vp, vp∗ at both ends of a local path Gt on this sub-region surface. |VD|
is the magnitude of VD.

10



ll

jC

jfc

jfW

1
m

2
m

jf
ww

jfww

Fig. 5 Further region segmentation and linear path planning

3.3 PSO-based global path optimization

Based on the local path definition in the previous step, we need to find an optimal
sequence of all local paths to generate a complete scanning path for the whole free-
form workpiece surface. We should consider how to minimize the total robot’s motion
time under a constant velocity of the sensor during the inspection task. According to
the requirements in practice, the robotics manipulator should complete the scanning
inspection task through all pre-defined viewpoints. This sequence optimization prob-
lem can be regarded as Traveling Salesman Problem (TSP) to obtain a path with the
shortest time (Claro et al., 2023). The TSP is one integrated optimization problem and
nondeterministic polynomial time (NP)-hard. The problem of global path planning
can be formulated

min

{
U∑
t=1

U−1∑
s=1

T scanning
t + T across

s

}
(7)

where T scanning
t is the cost time of passing every local path Gt, T

across
s means the cost

time from Gt to Gt+1 and U represents the total number of local paths. The cost time
in the context of the robot manipulator’s end-effector is determined by the straight-
line distance between two viewpoints, considering the constant speed of movement.
In contrast to the general TSP, our scenario requires sequential traversal of adjacent
viewpoints within the same local path to ensure optimal inspection performance. This
constraint is imposed due to the limitations of region segmentation and the necessity
for adaptive ROI local path definition. The limitation can be summarized as

T scanning
t (Gt) =

{
T (vpt → vp∗t )

T (vp∗t → vpt )
(8)
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T a
s cross(Gt, Gt+1) =


T (vpt → vpt+1)

T (vpt → vp∗t+1)

T (vp∗t → vp∗t+1)

T (vp∗t → vpt+1)

(9)

The prior studies on this problem include branch and bound linear programming,
and dynamic programming methods (Shang et al., 2020; Xu et al., 2023). However,
with the increasing number of targets, the computation of a feasible path becomes
exponentially more difficult, and obtaining the global optimal solution becomes more
challenging. Different heuristic algorithms have been developed for TSP, including
Simulated Annealing, Genetic Algorithm, Ant Colony Optimization, A* algorithm,
etc (Abualigah & Diabat, 2023); Ghali et al., 2023). In the proposed method, the
PSO-based method is used to solve TSP with the advantage of general flexibility in
TSP solving. After selecting the shortest path, the optimal general path sequence
can be acquired in this step. In PSO (Karim et al., 2021), a swarm of particles are
used to describe the possible solutions. Every particle ξ is related to two vectors in
D-dimension space, i.e., the velocity vector Vξ = [V 1

ξ , V
2
ξ , ..., V

D
ξ ] and the position

vector Xξ = [X1
ξ , X

2
ξ , ..., X

D
ξ ].Both of them are initialized by random vectors. During

the PSO process, the velocity and position of particle ξ on dimension d are updated
as (Zhan et al., 2009):

V d
ξ = ωV d

ξ + c1 rand
d
1

(
pBestξ −Xd

ξ

)
+ c2 rand

d
2

(
gBest−Xd

ξ

)
(10)

Xd
ξ = Xd

ξ + V d
ξ (11)

where ω represents the inertia weight, and c1 and c2 are random numbers within
[0,1]. pBestξ is the position with the best fitness value for the ξth particle and gBest
is the best position in the global. The main steps of PSO are:
(1) Initialize all particles, including their velocity and position.
(2) Establish the fitness function and calculate the fitness value of each particle,
(3) Update the pBestξ and gBest.
(4) Update the velocity and position of each particle according to (10) and (11).
(5) Increase the number of iterations, Go to step 3 and repeat until the termination

condition.

4 Case study

To illustrate the performance of the proposed method, we provide two case studies
for simulation tests (Case 1: a camera lens, Case 2: a Computer fan) and two case
studies for experimental evaluation (Case 3: a tablet back cover, Case 4: upper part of
computer mouse) on 3C component surface inspection. A state-of-the-art CPP method
is also used for comparison with the developed method in “Comparative analysis and
verification”.
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4.1 Case study setup

Fig. 6 shows the experimental setup for evaluating the proposed methods. A custom-
made end-effector housed the defect inspection system consisting of a line scanning
sensor (Hikvision MV-CL041-70GM camera) and a uniform line illumination source
(TSD-LSH230200-B from TSD company). The Intel RealSense L515 LiDAR camera
was mounted on the top of the workspace to capture the real-time stream of point
clouds. The pose of the workpiece was estimated using the point clouds from LiDAR.
An analog control box with a high-power strobe ensures an adjustable and stable
voltage for the light source. The system consisted of a UR5 manipulator from Universal
Robots to manipulate the end-effector in order to scan the workpiece automatically.
The entire automated line scanning framework is based on ROSon Linux PC, which
can simultaneously monitor the sensors (line scanner, depth sensor) and control the
actuator (manipulator).

Depth camera

UR5 robot

Defect  acquisition 

system

Inspected 

workpiece

Fig. 6 Experimental setup of the automated line scanning system

Table 1 The parameters used in the
case study

Parameter Value

VD(mm) 300
VF (mm) 70

Sampling frequency(Hz) 10000
Image resolution 3000*680
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The line velocity and acceleration of the manipulator’s end-effector were empiri-
cally set to 0.05 m/s and 0.5m/s2, respectively. During trajectory execution, the robot
manipulator followed a constant line speed to maintain consistency of image acquisi-
tion (the acquisition line rate of the scanner is 3000 line/s). Table 1 summarizes the
other parameters for the line scanning system used for the experiment.

4.2 Path generation and defect inspection

Fig. 7 presents four 3C component models. Each 3D mesh model (or CAD model) was
converted into a point cloud to identify the geometrical features through uniform and
random sampling (Arias-Castro et al., 2006), as shown in Fig. 7. Some geometrical fea-
tures, such as surface normals, Gaussian curvature, and mean curvature, are computed
by a point cloud processing software named CloudCompare (Tang et al., 2023). Then,
the point cloud was inputted into the proposed method for estimating the scanning
path. The similarity threshold T should be selected before region segmentation. If T
is large, the segmentation process needs more computation time to cluster the point
cloud, which could reduce the overall clustering efficiency. On the contrary, a smaller
value of T groups the different features into the same cluster Cj , which degrades the
segmentation accuracy. Consequently, selecting this component must balance the seg-
mentation accuracy and calculation efficiency. 0.64 is an optimal value for T , found
by hit and trials.

The results from the hybrid segmentation method are shown in Fig. 8, where the
different colors indicate various segmented regions (or clusters). Here, the methods
used RANSAC to cluster the plane region. In Case 3 and Case 4, a significant portion
of the planar/near-planar region has been grouped in one cluster, as shown in Fig. 8(c).
Initial clustering using RANSAC significantly reduces the processing time. After the
hybrid unsupervised region segmentation, the surfaces with similar geometric features
were clustered together. Fig. 8 shows the four geometrically diverse workpieces, and
each is divided into different regions based on the features. Some segmentation errors
will remain due to the uncertain nature of computing features, but if they do not affect
the scanning path generation.

With adaptive ROI-based path planning and PSO-based global path generation, a
complete and near-optimal inspection path can be produced, which is visualized in Fig.
9. The number of viewpoints is 48, 48, 42, and 30 in Case 1-4 respectively, displayed by
the frames. They show the pose of the robot’s end-effector during the inspection task.
The global path planning is demoted with a black line and every segmentated region
has a corresponding local path. The different viewpoints are connected by straight
lines in the optimal sequence. The robotics motion should follow this detection path
to achieve full object coverage.

We input the inspection paths to the automatic line scanning system to scan the
tablet back cover and upper part of computer mouse in order to mimic the real defect
inspection, as illustrated in Fig. 10. Fig. 11 illustrates the surface defects of these two
objects. Since the segmented results have similar geometric features, and the feasible
viewpoints can be selected by the ROI-based method based on the parameters of the
line-scan camera, surface defects can be acquired clearly, even where the defects are
easy to ignore for a human eye, like corners and curved surfaces. The proposed method
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(c)

(d)

(b)

(a)

Fig. 7 The model and point cloud of workpieces, (a) Case 1: the camera lens; (b) Case 2: the
computer fan; (c) Case 3: the tablet back cover; (d) Case 4: upper part of computer mouse

can effectively conduct region segmentation, local path planning, and global path opti-
mization, enabling precise surface defect inspection and further process optimization
for the 3C industry.

15



(b)(a)

(c) (d)

Fig. 8 The segmentation result by the proposed method, (a) Case 1: the camera lens; (b) Case 2:
the computer fan; (c) Case 3: the tablet back cover; (d) Case 4: upper part of computer mouse

4.3 Comparative analysis and verification

To further validate the proposed CPP method, a cutting-edge line scanning CPP
method (Huo et al., 2022), a convex specular surface inspection method, is applied as
a benchmark approach for comparative analysis. In this method, the traditional K-
means clustering method is used for region segmentation and they produced the final
path through a local optimization method, nearest neighbor search (Aryal et al., 1998).

There are five comparison criteria: region segmentation time, total number of view-
points, length of the global inspection path, total inspection time, and surface defect
detection rate. Segmentation time was used as a measure of efficiency for region seg-
mentation methods. The inspection path length and total detection time served as
indicators of overall path efficiency in CPP methods. The surface defect detection
rate provided insights into the actual effectiveness of defect acquisition, reflecting the
accuracy of region segmentation and the quality of path planning. Additionally, when
defect results or coverage rates were similar, preference was given to the CPP method
that generated fewer viewpoints as it was considered a more viable path planning
approach (Liu et al., 2020).

The comparison results are shown in Fig. 12. For region segmentation time, the
proposed time used less time to finish this procedure. Due to the usage of RANSAC
and more geometric features, the proposed method can obtain the subregions with

16



X

XY

Z

X

Y

Z

Y

Z

X

X

Z Z

X

Y

X

Z

-0.1

Z

X

ZZ

X

-0.08

Z Z

Y

ZZ

Y

0
-0.06

0.01

0.1

0.02

-0.04

Z

0.03

0.08

0.04Z
/m

Z

Z

-0.02

0.05

0.06

0.06

Y/m

Z

0.04

0.07

0

Z

0.08

0.02

Z

X/m

0.020 0.04-0.02 -0.04 0.06-0.06 0.08-0.08 0.1-0.1

(a)

0

0.06

0.01

0.02

0.04

Z

0.03

Z
/m

0.02 0.06

0.04

Y/m

0.040

0.05

Z

0.02

0.06

X/m

-0.02

Z

0
-0.02-0.04

-0.04-0.06 -0.06

(b)

0
0.25

0.05

0.2

Z

0.1

0.15

0.15

0.20.1

Z
/m

0.15

0.2

0.05 0.1

Y/m

0

0.25

0.05

X/m

-0.05

0.3

0-0.1 -0.05
-0.15 -0.1

-0.2 -0.15
-0.25 -0.2

(c)

0
0.06

0.05

0.04

0.1

0.02

Z
/m

0.15

Y/m

0
0.06

0.2

-0.02 0.04

X/m

0.02

0.25

0-0.04
-0.02

-0.04-0.06 -0.06

(d)

Fig. 9 Coverage path planning through the proposed method, (a) Case 1: the camera lens; (b) Case
2: the computer fan; (c) Case 3: the tablet back cover; (d) Case 4: upper part of computer mouse
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Fig. 10 Experimental scenarios of 3C component surface inspection by the proposed method, (a)
Case 3: the tablet back cover; (b) Case 4: upper part of computer mouse

Fig. 11 Representative defect images obtained by the proposed method, (a) Case 3: the tablet back
cover; (b) Case 4: upper part of computer mouse

planar/near-planar geometry efficiently. As for the viewpoints, our developed approach
produces fewer viewpoints since more accurate region segmentation results and concise
ROI generation. Conversely, the convex specular surface inspection method employed
a more complex iteration process for viewpoint determination, as it struggled to pre-
cisely segment objects with intricate geometries. When comparing inspection path
length and time, our method outperformed the benchmark approach. While the bench-
mark utilized a local optimization solution, namely nearest neighbor search, it fell
short in generating a feasible global inspection path for CPP. In contrast, our PSO-
based method effectively addressed the TSP with reasonable optimization goals and
feasible viewpoints. Although our approach is slightly better than its surface defect
detection rate, the presented method can finish the inspection task with less time and
shorter paths. Based on this comprehensive comparison, our proposed CPP method
stands as a superior choice over the state-of-the-art line scanning inspection method.
Consequently, the proposed method presents a valuable and feasible solution for CPP
in surface defect inspection.

5 Conclusion

This paper proposes a systematic framework for an inspection CPP method for 3C
component surfaces. According to this framework, a high-resolution line scanning sen-
sor, mounted on a multi-DOF robotic manipulator, can execute surface scanning and
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Fig. 12 Results of the proposed method and Convex specular surface inspection method in Case
1-4. Comparison of (a) Region segmentation time, (b) Number of viewpoints, (c) Inspection path
length, (d) Inspection time, and (e) surface defect detection rate

detection precisely and flexibly. The developed methodology includes (1) a new hybrid
region segmentation method based on the RANSAC and K-means clustering method;
(2) an adaptive ROI method to define the local measurement paths; and (3) a PSO-
based global optimization approach for the minimum inspection time. Four case studies
verify the effectiveness and efficiency of this method. The results show it outperforms
the state-of-the-art line scanning CPP method according to comparison. Overall, the
proposed method can achieve precise and efficient surface inspection for 3C free-from
components. It can be applied in the 3C industry and be extended to inspect other
structures such as auto spare parts and industry-standard components.

However, it should be noted that the proposed method may encounter challenges
when applied to workpieces with complex structures, making it less suitable for parts
with intricate shapes. Future research should focus on optimizing the design of the
system end-effector to enhance the flexibility of the inspection framework. Addition-
ally, exploring mathematical methods for optimal path planning and investigating the
potential of information theory and deep learning techniques, such as convolutional
neural networks, could further improve the effectiveness of the segmentation method.

Supplementary information The following video demonstrates the
performance of the proposed method with simulations and experiments:
https://vimeo.com/842785212.
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