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Abstract: The 5-axis Coordinate Measuring Machine (CMM) is widely used for quality data collection
of the machining parts, such as cylinder blocks and heads of the engines. High efficient inspection
path planning for multiple feature groups from different stations is one of the key tasks for CMM
application. In engineering practice, the inspection planning of diverse feature groups accounts
for large labor cost and process development cycle. To improve the efficiency of path generation
for the complex machining part, a five-axis CMM inspection path planning method considering
path length, probe rotation and path reusability is proposed. Firstly, the measuring points (MPs)
are classified based on feasible inspection direction cone and accessibility of the MPs to achieve the
minimum times of probe rotation. Then, the rapidly exploring random trees with multi-root node
(RRT-MRNC) algorithm is proposed to implement local path planning considering inspection path
reuse. Furthermore, intra-group and inter-group path is generated simultaneously based on the
proposed enhanced Genetic Algorithm (GA) algorithm. In order to evaluate the effectiveness of the
proposed method, the cylinder block path planning case is used. Compared with the benchmark
methods, the total planning time based on the proposed planning method for the dynamic tasks was
reduced by 55.2% and 54.9% respectively.

Keywords: path planning; inspection; path reuse; machining product; genetic algorithm; RRT

1. Introduction

Dimensional measurement of machining products is a key process to achieve product
quality monitoring, control, and improvement. The 5-axis CMM with triggering probe
is widely used in aerospace, auto body and other fields for its high inspection accuracy,
inspection reliability and low long-term cost [1,2]. Machining products with high precision
requirements, such as engines and fuselage, etc., require multiple machining stations to
complete the production of products. The parts need to be inspected in the critical produc-
tion stations. Multiple measurements are required for the key MPs of the parts. The MPs in
the paper include the curves, sweeping surfaces, hole, etc. In engineering practice, there
are different groups of MPs to be inspected for the parts. Therefore, high efficient CMM
inspection path planning for different groups is key for high-efficient process development.

However, the existing solution is to use re-planning and teaching or reuse the initial
path to achieve the planning of the diverse inspection features groups, which undoubtedly
increases the product inspection planning time and labor cost. Therefore, how to reuse
the planned local inspection path to meet the need of multi-station inspection planning
becomes a critical issue to improve the inspection efficiency of machining products.

1.1. Literature Review
1.1.1. Path Planning Considering Inspection Time

Researchers have conducted numerous studies for shortest path planning with differ-
ent applications [3,4]. Existing collision-free path planning methods can be divided into
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the following three categories: (1) Path planning based on graph search [5,6] (2) Sampling-
based path generation strategies [7,8] (3) Machine learning, reinforcement learning-based
path planning methods [9]. Han et al. [10] proposed an improved ant colony algorithm to
improve the inspection efficiency of CMM. Li et al. [11] constructed an adjacency feature
graph for path planning based on Voronoi diagram and designed a greedy search algorithm
to search the Voronoi diagram for minimizing the path planning. However, graph-based
search methods require modeling of the environment, and the complexity of modeling
increases with the complexity of the environment, which will certainly reduce the efficiency
of planning.

To solve the above problems, sampling-based path planning method was proposed [12,13].
Slavenko et al. [14] proposed a sampling based strategy to realize collision-free path
planning of CMM by simultaneously considering the inspection time and the configuration
of the inspection probe. Zhao et al. [15] proposed a geometry-guide method for collision-
free probing path generation based on a combination of inspection accuracy and inspection
time. However, in the face of complex spatial structures, the sampling-based method is
highly prone to path search failure due to the blindness of sampling points. To solve the
above problems, existing studies introduce different strategies to improve the effectiveness
of sampling and improve the adaptability of the algorithm. Suh et al. [16] proposed an
effective nonmyopic path planning algorithm that combined RRT* with the stochastic
optimization method cross-entropy to solve the path planning problem in complex space.
Lai et al. [17] introduced the Bayesian model within the sampling mechanism to increase
the probability of effective sampling in a narrow space, so as to improving the efficiency
of planning.

1.1.2. Path Planning Considering Dynamic Tasks

In the face of re-inspection of MPs exceeding the tolerance interval in the machining
process, the above path planning method will no longer be suitable due to the computa-
tional efficiency of the algorithm and the constraints of manual teaching time. To solve
the dynamic path planning problems, many researchers have combined deep learning and
reinforcement learning to improve the adaptability of the algorithm and achieve real-time
path planning [18,19]. Li et al. [20] quantified the environmental factors of Unmanned
Aerial Vehicle and then solved the Unmanned Aerial Vehicle path planning problem based
on an enhanced Q-learning algorithm to improve the path quality. Wang et al. [21] proposed
a reinforcement learning method based on global guidance for the reprogramming problem
in dynamic environments. Li et al. [22] proposed a motion planning framework combining
a traditional path planner with deep reinforcement learning to achieve the solution of
achieving the optimal path.

Although deep reinforcement learning can solve the dynamic planning problem well,
it is difficult to apply to practical engineering for the following two main reasons: (1) It
is difficult to provide a large number of real training sample sets in the actual manufac-
turing process, thus making it difficult for the training model planning results to meet the
inspection requirements. (2) Simulation planning results still require manual teaching to
eliminate uncertainty of planning results due to product manufacturing error and planning
error. Therefore, how to reuse the planning results after the planning and teaching is the
key to reducing the amount of teaching and improving the efficiency of inspection.

1.1.3. Path Planning Considering Inspection Accuracy

The inspection accuracy of the machining product is another issue in the inspection pro-
cess. Existing researches showed that in spite of environmental factors such as temperature
and humidity, and frequent orientation changes were the main cause of CMM inspection
accuracy degradation [23]. In addition, the orientation of each probe requires calibration
of the probe before inspection planning, which greatly increases the calibration time [24].
Zhang et al. [25] proposed a feature-based planning system for CMM inspection processes
and determined the minimum number of probe rotations based on a clustering algorithm
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and the adjacent redirection matrix of reorientations. However, path optimization is not
considered. Li et al. [26] firstly proposed the concept of orientation-point relation shema.
Based on the orientation-point relational schema, the minimum orientation algorithm and
the shortest path algorithm considering different priorities of probe directions and path
length was proposed. However, they used a greedy algorithm to plan the path between
different sets of categorical features, resulting in planning results are difficult to achieve
optimality. In addition, some scholars have proposed a knowledge-based inspection path
planning system, which combines human experience with commercial software,such as
UG, PC-DMIS, to achieve optimization of probe direction and path length [27,28]. However,
those methods still cannot achieve automatic path planning.

1.1.4. Contribution of This Paper

The state-of-the-art studies are mainly to find a collision-free path that considers
inspection time or inspection accuracy. However, few studies have considered the impact
of path reuse on efficiency improvement. In machining and other manufacturing scenarios,
the key features are often need to be measured several times to ensure the accuracy of
the product. In addition, the key features to be inspected in each process, such as launch
and mass production of the machining part, are different. To solve the above problems,
the following two strategies are proposed: (1) The initial path reuse; (2) The new path
re-planning. For the former strategy, there will be a large number of redundant paths.
For the latter one, though the generation of redundant paths are reduced but the teaching
time for the new path is increased. Both of the above strategies lead to a reduction in
CMM inspection efficiency. Therefore, it is necessary to develop a path reuse strategy that
also accounts for the number of path and probe measurement directions to reduce the
time for repeated teaching, and improve inspection efficiency. In this paper, a framework
for inspection path planning considering path reuse is established by considering the
number of probe orientations, inspection time and reusability of inspection path, the main
contributions include the following.

(1) Based on the feasible measurement orientation cone and accessibility, the set covering
problem model for MPs classification is established, and the minimum coverage
cluster is solved based on greedy algorithm.

(2) The rapidly exploring random trees with multi-root node competition algorithm is
proposed to implement inspection path planning considering inspection path reuse.

(3) The global path planning problem with multiple measuring points clusters is trans-
formed into a Generalized Traveling Salesman Problem (GTSP) model and solved
based on an enhanced Genetic Algorithm (GA) algorithm.

The rest of this article is organized as follows. In Section 2, an inspection path planning
framework for the machining products is established by considering the number of probe
orientations, inspection time and reusability of inspection path. In Section 3, an RRT-MRNC
algorithm is proposed to optimize the inspection path, and an enhanced genetic algorithm
is used to solve the global path planning problem with multiple MP clusters. Experiments
are implemented in Section 4. Section 5 concludes the article.

2. Problem Statement
2.1. Problem Description

In the machining process, Figure 1 shows the cylinder block inspection station, critical
MPs or MPs with dimensions exceeding the tolerance interval need to be measured several
times in a specific process. If the set of MPs sequence for collision-free inspection path a
process is π′i , and when some MPs in the set π′i is out of the tolerance interval, it still needs
to be measured again in a specific process. To eliminate the re-planning and teaching time,
we propose an inspection planning method based on the reuse of planning path. That is,
without increasing the obstacle avoidance points, some of MPs and obstacle avoidance
points in the π′i planning results are deleted, and the retained planning results still meet
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the requirements of collision-free. Overall, the following three aspects need to be taken
into account:

Figure 1. Cylinder block inspection station.

(1) Probe tolerability: The frequent probe rotations not only increase the inspection time,
but also increase the inspection error. Therefore, the number of probe rotations need
to be used as the optimization objective to classify the MPs.

(2) Path reusability: For the initial planned collision-free path, the planned path result is
still a collision-free path after deleting some of MPs and obstacle avoidance points.

(3) Inspection efficiency: For the classified MPs, the inspection time of in-group and
inter-group MPs need to be optimized.

2.2. Path Reuse Planning Optimization Modeling

The path planning problem in Section 2.1 can be abstracted into the following two
problems: (1) The global path planning problem with multiple MPs clusters, which can
be transformed into a GTSP model. Figure 2 gives a schematic diagram of the GTSP;
(2) The initial collision-free path reuse problem, i.e., path planning for dynamic tasks
without adding obstacle avoidance points to the initial path, can be solved as a dynamic
traveling salesman problem with constraints. Let S be the set of n classified sets obtained
by optimizing the number of probe orientation, S = {S1, . . . , Sn}, where each set Si ∈ S
consists of mi MPs Si = {Qi,1, . . . , Qi,mi}. The purpose of the first problem is to determine
the sequence of the MPs λ = {λ1, . . . , λ2n} to the sets Sλi ∈ S together with the relative
MPs positions π = {p1, . . . , p2n} such that pi ∈ Si, and the number of intersections of π
with any Si is always 2, which can be expressed as ∀ |π⋂ Si| = 2, where | · | is an operator
that calculates the number of elements in the intersection of two sets. Furthermore, The
second problem is to determine a collision-free path π′i = {qi,1, . . . , qi,mi} of each Si, where
qi,1 = pi, qi,mi = pi+1.To optimize the path planning problem, an optimization framework
is proposed with the objective function shown in Equation (1):

min
λ,π,π′

L =
n−1

∑
i=1

(∥∥(pλi , pλi+1

)∥∥+ mi

∑
k=1

∥∥(qi,k, qi,k+1)
∥∥)+

∥∥(pλn , pλ1

)∥∥ (1)

s.t.



λ = {λ1, . . . , λ2n}, 1 ≤ λi ≤ n, λi 6= λj f or i 6= j,
π = {p1, . . . , p2n},
∀ |π⋂ Si| = 2, i ∈ {1, . . . , n},
π′i = {q1,1, . . . , qi,mi}, qi,1 = pi, qi,mi = pi+1,
π′ = {π′1, . . . , π′n},
G(qi,k, qi,l) ∩ V = ∅, k, l = 1, . . . , mi, k 6= l

(2)
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where G(qi,k, qi,l) is denotes the geometric space occupied by the CMM moving from the
MP qi,k through the obstacle avoidance point to the MP qi,l ; V is denotes the geometric
space occupied by the inspected surface, including the inspected free-form part, tooling
bracket system, etc.; π′ denotes the set of all Si collision-free path.

Figure 2. Schematic diagram of GTSP problem.

In addition, without loss of generality, The following assumptions are listed:

(1) The 5-axis CMM consists of a rotating 2-axis probe and a traditional moving 3-axis.
During the inspection process, only movement or rotation is executed at one time.

(2) During the measurement process, the angle between the vector direction of the probe
and the normal direction of the feature should meet the constraints of the measurement
specification to ensure measurement accuracy.

(3) The velocity and acceleration of the CMM are assumed to be constant throughout the
inspection process.

3. Path Planning Considering Path Reuse
3.1. Measuring Points Classification and Probe Matching

The frequent probe rotation will increase the inspection time and inspection error.
To improve the tolerability of probe, a valid probe orientation should be satisfied the
following two criteria: (1) The inspection of features is achieved with a minimum number
of probe orientations while meeting the measurement specifications. (2) Probe approaches
MP without any collision. In order to obtain the minimum number of probe rotations,
we firstly build a feasible measuring orientation cone based on the inspection features.
In practice, the probe measures each MP in a range of acceptable orientation kept between
(−θ, θ), where θ is specified in the CMM probe user manual. A measuring point and its
feasible measurement orientation cone are given in Figure 3, and the feasible vector set Vi
of the MP Qi can be calculated by [26].

Figure 3. Schematic diagram of measuring orientation cone.
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Feature classification results are the determining factor for the success of path reuse
planning. On the premise of satisfying the above two specifications, it is assumed in this
paper that all MPs are distributed to at most K (K ≤ 2) surfaces, which is a sufficient
condition to achieve path reuse, as shown in Figure 4a,b. When the MPs are distributed to
more than 2 surfaces, a large number of redundant inspection path will be generated to
meet the dynamic planning requirements, leading to an increase in inspection path length.

Figure 4. Distribution of MPs. (a) The MPs are distributed in the same plane (b) The MPs are dis-
tributed in adjacent planes.

Therefore, the MPs classification and probe matching should meet following con-
straint , and the greedy algorithm is used to optimize the number of the probe orientation,
the related solution method can be found in [29].

s.t.


< Vi, Vprobe,j > < θi
GQi ∩ V = ∅
Q1 ⊕Q2 ⊕ . . .⊕Qmi ≤ 2

(3)

In the above constraint , Vprobe,j represents the jth orientation of probe; < Vi, Vprobe,j >
denotes the clamp angle between the MPs Qi and the jth orientation of probe; GQi is the
geometric space occupied by the probe; ⊕ denotes the operator symbol for calculating the
number of planes in which MPs are located.

Based on the aforementioned steps, the minimum MP sets S = {S1, . . . , Sn} can be
obtained, which provide the optimal probe orientation for subsequent path planning and
path reuse.

3.2. Inspection Path Reuse Based on RRT-MRNC

To ensure the reusability of the planned path of the classified MP sets, the follow-
ing two requirements must be met during path planning: (1) The planned path are the
shortest collision-free path; (2) no collision occurs between any two MP path. To address
the above problems, we propose the RRT-MRNC algorithm to meet these criteria simul-
taneously. The RRT algorithm is an incremental method to avoid modeling the space by
performing collision detection on sampled points in the state space, which can search the
high-dimensional space quickly and efficiently and is suitable for path planning problems
in complex dynamic environments [30].

To formulate the inspection path planning and reuse problem clearly, we introduced
the following symbol definitions, G f ree denotes the free space; Qi,k and xi,start denotes
the kth MP position and start position in the ith classified set, respectively; T.Vi,k and
T.Ei,k are denotes as the set of vertices of the tree edges relating to the kth MP in the ith
classification set, respectively; T.Vi = {T.Vi,1, . . . , T.Vi,mi} and T.Ei = {T.Ei,1, . . . , T.Ei,mi}.
The proposed RRT-MRNC algorithm generally follows three steps: firstly, the new can-
didate tree nodes x′initi,k

is determined based on the multi-objective constraints by using
the proposed RootSampling() function. Secondly, the optimal tree roots xiniti,k are selected
based on the cost function (Equation (4)) and the proposed RootRewire() function. Thirdly,
local collision-free paths from the root of the tree xiniti,k to Qi,k generated based on the
traditional RRT* search strategy. The algorithm terminates when all the collision-free path
is generated. The overviews of the proposed RRT-MRNC algorithm which generate the
local collision-free path from the xi,start to each Qi,k in Si are given in Algorithm 1.
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Algorithm 1 Local path planning based on RRT-MRNC algorithm
1: T.Ei = ∅;
2: T.Vi = ∅;
3: x′init,i ←− RootSampling(Si, G f ree);
4: j=0;
5: while j<Rootmax do
6: xinit,i ←− RootRewire(x′init,i, Si, G f ree);
7: j=j + 1;
8: end while
9: for k = 1 : mi do

10: T.Vi,k ←− Qi,k;
11: T.Vi,k ←− xi,start;
12: T.Ei,k ←− ∅;
13: T.Vi,k = T.Vi,k ∪ (xiniti,k );
14: T.Ei,k = T.Ei,k ∪ (xiniti,k , xi,start);
15:

{
T.Vi,k, T.Ei,k

}
←− RRT*(T.Vi,k, T.Ei,k);

16: T.Ei ←− T.Ei,k;
17: T.Vi ←− T.Vi,k;
18: end for
19: return T.Vi, T.Ei

In Algorithm 1, Rootmax is the maximum number of the RootRewire() iteration; x′initi,k
denotes the candidate root node of the kth MP in Si; xiniti,k denotes the optimal root
node of the kth MP in Si; x′init,i represent the sets of all the candidate tree nodes, that is
x′init,i = {x′initi,1

, . . . , x′initi,mi
}; xinit,i represent the set of all the optimal tree nodes, that is

xinit,i = {xiniti,1 , . . . , xiniti,mi
}.

We randomly determine multiple tree root nodes in the safe space, and the generated
root nodes can be obstacle avoidance points for multiple MPs, and further perform local
path planning for each MP based on these root nodes. Furthermore, the following three
aspects need to be satisfied when searching for the root nodes:

(1) Without adding avoidance points, all paths between root nodes and from root nodes
to the start are collision-free.

(2) The determined root node must be within the safe space.
(3) Ignore collision between root nodes and MP path.

The purpose of path reuse is to ensure that there is still no conflict between rejoined
path after deleting obstacle avoidance points. Therefore, we elaborately designed the
RootSampling() to meet this goal. Specifically, for some MPs are required re-inspected,
we only need to delete the relevant tree nodes between the MPs which do not need to be
re-inspected and the tree root nodes, then connect the disconnected path to complete the
re-planning, Figure 5 shows the path reuse schematic. The pseudocode of the proposed
RootSampling() function is shown in Algorithm 2.

In Algorithm 2, NotRootNodes is the flag to determine whether the algorithm is
terminated, which returns 0 if all tree nodes have been found, and 1 otherwise; iscollision()
is a function to evaluate whether the CMM collides with the static environment when
moving between two MPs, the related collision detection algorithm can be seen in the [3].
If the collision occurs, it is True, otherwise, it is False; SearchingforRoots() is a procedure
to search for the candidate tree nodes x′init,i.
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Figure 5. Path Reuse Schematic.

Algorithm 2 Candidate tree nodes x′init,i determination

1: Function: x′init,i ←− RootSampling(Si, G f ree)
2: NotRootNodes = 1;
3: x′init,i = ∅;
4: while NotRootNodes = 1 do
5: for Qi,k ∈ Si do
6: x′initi,k

= SearchingforRoots(Qi,k, G f ree);
7: x′init,i = x′init,i

⋃
x′init,i,k

8: end for
9: if iscollision(x′init,i, xi,start) = False then

10: for initq ∈ x′init,i & initp ∈ x′init,i & initp 6= initq do
11: if iscollision(initq, initp) = true then
12: NotRootNodes = 1;
13: break
14: else
15: NotRootNodes = 0;
16: end if
17: end for
18: end if
19: end while
20: return x′init,i

Furthermore, we deliberately create the SearchingforRoots() function to improve the
efficacy of sampling, the pseufocode is shown in Algorithm 3, where CreateSafetySpace()
is a function to determine the safe space Gsa f ety and the range of the safe space Range,
the safe space build-up can be referred to [6]; CreateVector() is a function that creates
a frequently used vector library vector, which includes vector directions of MPs in Qi,k,
the vector contained between the two MP vectors, etc.; ε0 is the threshold to judge whether
to select the vector direction in vector; rand denotes generating a random number between
0 and 1; ζ denotes the amount of range disturbance.

The clustered MPs in Section 3.1 exist in at most two adjacent faces with the angle
between MPs less than θi. Furthermore, the root node can typically be found for clustered
MPs that only exists in a single plane by conducting a search along the vector direction
of the MPs, as shown in the Figure 4a. Similarity, for the clustered MPs that exist on
two adjacent faces, a search along the direction between the vectors of two MPs usually
determines the root node, As shown in the Figure 4b. To boost the efficiency of root node
searching, we sample the root node by using the MPs as the center and the established
vector library as the search direction. Besides, in order to improve the randomness of
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sampling, we add the probability threshold ε0, when rand() ≥ ε0, the sampling point can
be searched in any direction, and ε0 should have a value slightly greater than 0.5 to speed
up the search.

Moreover, in order to ensure that the above sampling method based on search direction
can collect all points in Gsa f ety space, the sampling perturbation amount ζ is added in this
paper, that is, the full sampling in Gsa f ety space can be achieved by the combination of
expanding the sampling range, and the value of ζ can be slightly larger than the shortest
distance from each MP to Gsa f ety.

Algorithm 3 Searching for candidate tree nodes x′initi,k

1: Function: x′initi,k
= SearchingforRoots(Qi,k, G f ree)

2: (Gsa f ety, Range) = CreateSafetySpace(Qi,k, G f ree)
3: vector = CreateVector(Qi,k)
4: if rand() < ε0 then
5: vec = SelectVector(vector);
6: else
7: vec = rand();
8: end if
9: while x /∈ Gsa f ety do

10: x = x + vec · rand() · Range + ζ
11: end while
12: x′initi,k

= x;
13: return x′initi,k

The length of the inspection path is significantly influenced by the position of the root
node, and we use the root node rewiring method to optimize the root node. The procedure
of RootRewire() is shown in Algorithm 4, where costmin is the current minimum cost cal-
culated according to Equation (4); CalculateCost() denotes the distance objective function
using Equation (4).

costmin =
∥∥(Qi,k, xinit,i(k))

∥∥+ ‖(xi, start , xinit ,i(k))‖ (4)

Algorithm 4 Determining the optimal tree nodes xinit,i

1: Function: xinit,i ←− RootRewire(x′init,i, Si, G f ree)
2: xinit,i = ∅;
3: for k = 1 : mi do
4: x′initi,k

= x′init,i(k)
5: Qi,k = Si(k);
6: costmin = CalculateCost(x′initi,k

);
7: x′new,i,k = SearchingforRoots(Qi,k, G f ree)

8: costnew = CalculateCost(x′new,i,k);
9: if costnew < costmin then

10: costmin = costnew;
11: xinit,i = xinit,i − x′initi,k

;
12: xinit,i = xinit,i ∪ x′new,i,k;
13: end if
14: end for
15: return xinit,i

Based on the optimal root node xinit,i, we need to further optimize the path between
xinit,i,k and MP Qi,k. The complete local collision-free path can be generated based on the
RRT* algorithm, and the related algorithm can be seen in [31].
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Based on the above RRT-MRNC algorithm, the path from any MP to the starting point
within a given classification set Si, and the path of any two MPs connected by the root node
is collision-free can be determined.

3.3. Global Path Planning Based on Enhanced Genetic Algorithm

For the local collision-free path based on the Section 3.2, we need to further perform
global path optimization to ensure the improvement of inspection efficiency. The global
path planning including the following three problems: (1) The collision-free path between
different sets needs to be determined (2) The measurement sequence between each classified
set needs to be determined, which is a GTSP problem (3) The intra-group MPs sequential
optimization, which is a TSP problem. For the first sub-problem, it can be solved based on
Algorithm 1. The latter two problems are both NP-hard problem, and methods for solving
such problems include branch and bound mixed-integer linear programming and heuristic
algorithms [3]. In this paper, an enhanced genetic algorithm is used to solve the above two
sub-problems simultaneously to achieve the optimal solution of global path planning.

The genetic algorithm achieves population optimization by three operations on popu-
lation individuals: selection, crossover, and mutation. The genetic algorithm has significant
evolutionary ability in dealing with an NP-hard problem. However, it is prone to local
optimum in solutions. To tackle this problem, heuristic mutation [32] and 2-opt operation
are introduced in this paper to achieve the global path optimization solution. To better
introduce the proposed enhanced GA algorithm, we use gene to denote the encoded bit
string number of each MP. A gene sequence constitutes the chromosome, which contains
the measurement sequence information of the MP. The solutions generated from the chro-
mosome is named with individual. Population represents a collection of chromosomes.
The encoding in the chromosome that represents the MPs in each set of Si are called
sub-segments. The flowchart of the enhanced GA is summarized in Algorithm 5.

In the Algorithm 5, Npop is the number of initial populations; Pc represent the crossover
probabilities; Pm represent the mutation probabilities; Titer is the maximum number of iter-
ations of the algorithm; Encoding() generates a set of chromosomes (population), which
includes many sequencing schemes; Decoding() decodes the chromosome to obtain the
sequence of global planning; C is the population obtained by Encoding(); Fitness Evalua-
tion() denotes the evaluation function of the individual, the detailed calculation process is
shown in Equation (5); Celite, Cnon-elite represent the elite chromosomes or the non-elite chro-
mosomes selected from the fitness function Fitness Evaluation(), respectively; Choose()
ranks individuals from smallest to largest according to the fitness function and selects the
top Ne elite chromosome; Crossover() denotes the function of two chromosomes crossing
over to generate two new chromosomes, and the detailed steps can be found in [33]; Muta-
tion() represents the function that selects and modifies a sub-segment of a chromosome
to obtain a new chromosome; 2-opt() represents the function that selects two positions
in a chromosome sub-segment to be swapped to obtain a new chromosome; π′new,i, πnew
denote the set of all newly generated collision-free path sequences of Si and the result of all
inter-group sequences, respectively.

The chromosomes are integer encoded to decrease the complexity of encoding/decoding,
Figures 6 and 7 represent the process of encoding and decoding respectively. As shown
in the Figure 6, with each encoding denoting the index value of a MP, before and after
each vertical line in the figure indicates the ranking result of different Si. The inspection
sequence will be generated by decoding. As shown in Figure 7, the gene values in each
sub-segment were firstly ranked from smallest to largest to determine the sequence π′i of
each Si. Secondly, the gene with the smallest value in each sub-segment was selected for
ranking to determine the sequence π between each Si.
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Algorithm 5 Optimize global path via enhanced GA
1: Function: (π′i , π) = Enhanced GA(S, Npop, Pc, Pm, Tinter, k = 1)
2: C = Encoding

(
S, Npop

)
;

3: (π′, π) = Decoding(C);
4: Value = Fitness Evaluation(π′i , π);
5: while k < Titer do
6: (CNon−elite, Celite) = Choose(C, Value);
7: Cnew = Crossover(CNon−elite, Celite, Pc);
8: Cnew = Mutation(Cnew, Pm);
9: Cnew = 2-opt(Cnew);

10: (π′new,i, πnew) = Decoding(Cnew);
11: Valuenew = Fitness Evaluation(π′new, πnew);
12: if Valuenew −Value < 0 then
13: π′ = π′new;
14: π = πnew;
15: end if
16: k = k + 1
17: end while
18: return π′, π

Figure 6. Schematic of the encoding process.

Figure 7. Schematic of the decoding process.

The fitness function is a criterion for evaluating the merit of chromosomes, and a
reasonable choice of the fitness function is crucial in the process of algorithm execution,
the fitness function can be established as Equation (5).
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Value(π, π′) =
n−1

∑
i=1

(
‖(π(i), π(i + 1))‖+

mi−1

∑
k=1

∥∥(π′i(k), π′i(k + 1)
)∥∥+ ∥∥(π′i(1), π′i(k)

)∥∥)+ ‖(π(n), π(1))‖ (5)

In the fitness function, we use π, π′ to denote an individual which contains the
inspection sequence of each Si and the inspection sequence of MPs in each Si, respectively.
The value of the fitness function is the smaller, the better.

The mutation operation enriches the diversity of the population and increases the
probability of the optimal solution being searched, heuristic mutation and 2-opt operations
are introduced to optimize the overall path and the inter-group path. A schematic diagram
of the heuristic operator is shown in Figure 8, which operates in detail as follows:

(1) A new individual can be determined by randomly selecting X positions of encoding
from the individuals and arbitrarily swapping the positions with each other.

(2) Calculate the fitness function of X!− 1 new individuals and select the individual with
the smallest fitness as the new individual.

Figure 8. Schematic diagram of the heuristic operator.

The algorithm is easily trapped in the local optima caused by the coupling effect
between inter-group sequential optimization and intra-group sequential optimization.
Thus, the 2-opt is applied to the mutation operation of genetic algorithm to get rid of local
optimization, as shown in Figure 9, the specific steps are as follows:

(1) The genes with the maximum and minimum values in any sub-segment of the chro-
mosome are randomly selected, and the positions are exchanged between each other
to determine the new individual.

(2) If the fitness function of the newly generated individual is smaller than the previous
one, then use the newly generated individual as a new individual. Otherwise, go
to step1.

Figure 9. Schematic diagram of the heuristic operator.

4. Experiment and Discussion

In this section, the proposed method is validated for CMM path planning on the
cylinder block, the structure of the cylinder block is shown in Figure 10, with 39 MPs on its
surface, which requires a 5-axis CMM to realize the inspection of all the MPs within different
processes. Besides, to better verify the effectiveness of the proposed method, two state-of-
the-art path planning method, a dynamic searching volume-based(DSV) algorithm [3] and
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a measuring safety space (MSS) method [6] , were used as benchmark methods for compar-
ative analysis. The above cylinder block was inspected on a HEXAGON GLOBALPLUS
CMM. The measurement range is 700 × 1000 × 700 mm, the maximum allowable value
error is 1.7 + 3.0 L/1000 µm and the maximum allowable measurement error is 2.3 µm for
this CMM. The dimension of the probe used for inspection are shown in Figure 11, and the
related parameters of CMM and probe are shown in Table 1. The rotation and movement
speeds in the teaching stage are set as 0.47 mm/s and 40 mm/s, respectively.

Figure 10. MP layout on the cylinder block.

Figure 11. Probe model.

Table 1. Parameters of the CMM and probe.

Parameters L1
(mm)

L2
(mm)

D0
(mm)

D1
(mm)

D2
(mm)

Rotation Speed
(mm/s)

Movement Speed
(mm/s)

MP Inspection Time
(s)

Value 50 150 3 3 11 1 85 1
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4.1. Comparative Analysis and Verification

Based on the MP classification and probe matching in Section 3.1, the MP grouping
results and the accessible angle of the probe can be determined, and the results of the
subgroups are shown in Table 2. The maximum probe rotation angle for each Si is 35.288◦,
4.744◦, 84.379◦, 54.050◦, 30.616◦. The maximum probe rotation in all groups is less than 90◦,
which effectively reduces the measurement time caused by probe rotation and also reduces
the loss of accuracy caused by frequent probe rotation. In addition, the MPs in each Si
group are distributed in two planes at most, and the two planes are adjacent to each other,
which provides the necessary condition for path reuse.

Table 2. MP classification results.

Subgroup S1 S2 S3 S4 S5

MP No. {1, 2, 3, 30, 32, 33, 34, 36, 38} {7,31,35} {18,27,29,39,8,9,10,11,12,13,14} {4,5,6,26,28,27} {15,16,17,19,20,21,23,24,25,37}

As the sequential planning of groups are not considered in the comparison method,
and the proposed enhanced GA algorithm is used to optimize the sequence between
groups in the comparison method to ensure the fairness of the planning results. Figure 12
shown the multi-group sequential planning diagram based on the enhanced GA algorithm,
respectively. From the planning sequence results, it can be seen from Figure 12 that there is
no “crossover” phenomenon within and between groups, which can effectively improve
the inspection time.

The inspection path planning of CMM generated by DSV algorithm, MSS algorithm
and RRT-MRNC algorithm are shown in Figures 13–15, respectively, where the black star
represents the starting position, the green dot represents the obstacle avoidance point,
the red dot represents the MP, the colored lines represent path. Table 3 shows the inspection
time and computation time by different methods. In Table 3, the motion time represents the
sum of the movement time, the rotation time and the inspection time. Total time represents
the sum of the computation time, the motion time and the teaching time spent in planning
a given set of tasks. The probe rotation time based on the proposed method is reduced
by about 17.9%, 51.3%, compared to the DSV and MSS algorithms. Compared to DSV
algorithm, the motion time and teaching time determined by the proposed RRT-MRNC
method are increased by 12.3% and 38.8%, and decreased by 29.0%, 17.3%, respectively,
compared to the MSS algorithm. The RRT-MRNC algorithm ensures that the planned path
remains collision-free after removing some MPs and related obstacle avoidance points
by adding redundant paths. Thereby, the motion time and teaching time are slightly
longer than the DSV methods. However, the computation time and total time based on the
proposed RRT-MRNC method are lower than the benchmark method, and the total time is
reduced by 27.0% and 41.4% compared to DSV and MSS, respectively.

Table 3. Comparison of planning results by different methods.

Computation
Time (s) Probe Movement Time (s) Probe Rotation

Time (s)
Inspection

Time (s)
Motion
Time (s)

Teaching
Time (s)

Total Time
(s)

DSV 935.7 122.0 117.0 39.0 278.0 546.9 1760.5
MSS 864.1 203.7 197.0 39.0 439.7 890.5 2194.3
RRT-MRNC 213.2 177.4 96.0 39.0 312.4 759.3 1285.0
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Figure 12. Inter-group and intra-group inspection sequence diagram, different color dots represent
the MPs within different groups, the dotted line denotes the intra-group inspection sequence, the solid
yellow line denotes the inter-group inspection sequence.

Figure 13. Inspection path diagram based on DSV algorithm. (a) Collision-free path for groups 1–2,
in which yellow line represents the path of S1 and blue line represents the path of S2. (b) Collision-
free path for groups 3–4, in which yellow line represents the path of S3 and blue line represents the
path of S4. (c) Collision-free path for group 5.
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Figure 14. Inspection path diagram based on MSS algorithm. (a) Collision-free path for groups 1–2,
in which yellow line represents the path of S1 and blue line represents the path of S2. (b) Collision-
free path for groups 3–4, in which yellow line represents the path of S3 and blue line represents the
path of S4. (c) Collision-free path for group 5.

Figure 15. Inspection path diagram based on RRT-MRNC algorithm. (a) Collision-free path for
groups 1–2, in which yellow line represents the path of S1 and blue line represents the path of S2.
(b) Collision-free path for groups 3–4, in which yellow line represents the path of S3 and blue line
represents the path of S4. (c) Collision-free path for groups 5.

4.2. Path Reusability Analysis

The path between MPs Q3,27 and Q3,13 in S3 is chosen to evaluate the path reusability
of different algorithms. In order to better compare the adaptability of different methods for
dynamic tasks, the following two strategies are introduced in this paper for comparison:
(1) reuse of initial paths, that is, only the original path can be deleted with performing
path reuse rather than re-planning the path. Figure 16 represent the reused inspection
path diagrams based on DSV, MSS, and RRT-MRNC for the MPs in S3, respectively. (2) re-
planning of dynamic tasks. Figure 17 represent the re-planning inspection path diagrams
based on DSV, MSS for the MPs in S3, respectively. The comparison of planning results
under different methods is given in Table 4. The path reuse method does not require
additional calculation and teaching for planning dynamic tasks. Thus, the strategy of path
reuse improves planning efficiency greatly. The total path generation time based on the
proposed RRT-MRNC method are reduced by 55.2%, 54.9%, respectively. Furthermore,
as can be seen from the Figure 16, when path reuse is conducted based on DSV and
MSS algorithms, dynamic tasks only can be planned along the original path, and adding
many redundant path. However, when path reuse is conducted based on the proposed
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algorithm, the reusability of obstacle avoidance points within xinit ensures a collision-
free path between any MPs, and the redundant path generated by MPs that currently do
not need to be measured in the original path are deleted. Based on the above process,
the inspection time is reduced and the efficiency of re-planning inspection is improved.

Table 4. Comparison of dynamic task planning results by different methods.

Computation
Time (s)

Motion
Time (s)

Teaching
Time (s)

Total Time
(s)

Path reuse based on DSV 0.0 86.0 0.0 86.0
Path reuse based on MSS 0.0 85.4 0.0 85.4

Path re-planning based on DSV 337.5 61.1 129.8 528.3
Path re-planning based on MSS 277.5 69.4 147.5 494.5

Path reuse based on RRT-MRNC 0.0 38.5 0.0 38.5

Figure 16. Schematic diagram of reuse path by different methods. (a) Reused path diagram based on
DSV. (b) Reused path diagram based on MSS. (c) Reused path diagram based on RRT-MRNC.

Figure 17. Schematic diagram of re-planning path by different methods. (a) Re-planning path
diagram based on DSV. (b) Re-planning path diagram based on MSS.

4.3. Numerical Comparison

To improve the credibility of the experiments, the five groups of different MPs are
randomly selected for path reusability experiments in the Table 2. Furthermore, the pro-
posed RRT-MRNC method is compared with the state-of-the-art algorithms to verify the
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effectiveness and feasibility of the proposed method, the results (motion time and total time)
of the 5 simulations are further shown in Figure 18, where PRB DSV is the abbreviation of
the path reuse based on DSV; PRB MSS is the abbreviation of path reuse based on MSS; PPB
DSV is the abbreviation of path re-planning based on DSV; PPB MSS is the abbreviation of
path re-planning based on MSS; PRB RRT-MRNC is the abbreviation of path reuse based on
RRT-MRNC. The following summary can be given: (1) The dynamic task planning strategy
based on path reuse takes less time compared to the dynamic task planning strategy based
on path re-planning because the computation time and the teaching time are eliminated.
(2) Compared with the benchmark methods, the proposed RRT-MRNC path reuse method
effectively reduces the dynamic task planning time.

Figure 18. Comparison of 5 path planning results based on different methods.

5. Conclusions

A five-axis inspection path planning method considering inspection path planning
efficiency, path length and probe rotation angle is proposed to improve the path reuse.
Firstly, the measurement features are classified based on feasible inspection direction cone
and accessibility of the MPs to ensure the minimum times of probe rotation. Secondly,
the RRT-MRNC algorithm is proposed to implement local path planning considering
inspection path reuse. Then, intra-group and inter-group planning paths are generated
simultaneously based on the enhanced GA algorithm. The effectiveness of the proposed
method is validated by using the simulation of the cylinder block inspection case. Results
show that the re-planning time based on the RRT-MRNC method is shorter than the
benchmark methods. Overall, the proposed method improves the adaptability of the
algorithm to re-inspection, and improve the computer-aided inspection planning efficiency
for the machining parts.
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