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Abstract: This paper investigates the uncertainty of machine tools and proposes an efficient interval
uncertainty analysis framework for machine tools. This problem involves interval analysis and the
calculation of machine tool response. The traditional analysis method has drawbacks, including low
computational efficiency and the need to collect a large amount of sample information. In this paper, the
intelligent optimization algorithm is used to analyze the interval of the machine tool, and the interval
analysis results can be obtained by using less sample information, which improves the efficiency of the
interval analysis. The dynamic evolution sequence (DES) is used to optimize the search sequence of the
artificial bee colony (ABC) algorithm to improve the computational efficiency and accuracy of the
optimization algorithm. To address the problem of the high computational cost of the finite element model,
the Kriging surrogate model is used to replace complex finite element calculations. To achieve better
calculation accuracy, this paper utilizes the DES to optimize the Kriging model, resulting in a significant
improvement in the calculation accuracy of the improved Kriging model (DES-Kriging). Combining DES-
ABC and DES-Kriging, this paper proposes a new interval uncertainty analysis framework and verifies the
accuracy and efficiency of this interval analysis framework by numerical experiments.

Keywords: uncertainty analysis; intelligent optimization algorithm; dynamic evolution sequence;
Kriging surrogate model; machine tool stability
Mathematics Subject Classification: 65C05, 74P10, 90C29




18802

Abbreviations: DES: dynamic evolution sequence; ABC: artificial bee colony; DES-Kriging: the
improved Kriging model; DES-ABC: the improved artificial bee colony

1. Introduction

The gantry machine tool, a large-scale computer numerical control system, is specifically
designed for machining large, heavy, and complex workpieces. Characterized by high precision,
efficiency, and automation capabilities, this equipment has become indispensable in modern
manufacturing [1-3]. Its innovative structural configuration incorporates a stationary worktable and a
dynamically driven crossbeam. During operation, the beam, as the main moving part, must
simultaneously bear its inertial load and the gravity of key subsystems, such as sliding saddles, and
maintain good performance to ensure fast and smooth processing performance [4]. Conventional
crossbeam assembly typically employs bolted connections, a method preferred for its maintenance
accessibility and component modularity. However, this approach inherently creates extended
interfacial contact zones between structural members, introducing localized stiffness discontinuities
within the machine tool's framework [5]. Empirical studies reveal that 60%—80% of a machine tool's
stiffness originates from these interconnected component interfaces [6]. Consequently, the stiffness
characteristics of the crossbeam joint play an extremely crucial role in the performance of the machine
tool.

Uncertainty is a common issue in practical engineering [7—10] and is essential for providing
more comprehensive risk assessment and decision-making support for complex engineering
problems [11,12]. The specific conditions of the machine tool crossbeam joint are highly complex
and may be influenced by various factors such as pre-tightening force [13], surface roughness [14],
and material properties [15], leading to significant uncertainty in the performance of the joint.
During the operation of the machine tool, the stiffness and deformation of the machine tool joint
can affect the machining accuracy and the stability of the machine tool [16]. Since the stiffness of
the machine tool mainly originates from the joints, it is crucial to conduct an uncertainty analysis
on the stiffness of these joints. If a large number of uncertainty samples corresponding to different
stiffness levels and machine tool responses could be measured, the responses could be described using
stochastic models based on probability theory [18]. However, in practice, it is often difficult to measure
the exact stiffness of the machine tool joints and to obtain the corresponding machine tool responses
for different stiffness levels. For such uncertainty variables with insufficient sample size and missing
sample information, namely epistemic uncertainty variables, interval models are commonly employed
for description, and interval uncertainty analysis is conducted. Interval uncertainty analysis is typically
regarded as an extremum problem, which can be solved using optimization algorithms. Among them,
intelligent optimization algorithms are frequently used in various optimization problems due to their
diversity and flexibility [17,18].

Among intelligent optimization algorithms, the artificial bee colony (ABC) algorithm [19] has
the advantages of fewer parameters, high computational efficiency, and strong global search
capabilities, making it an effective tool for solving complex optimization problems. It has been
successfully applied in areas such as engineering optimization [20], energy conservation and emission
reduction [21], and path planning [22]. Applying the ABC algorithm in the uncertainty analysis of
machine tool stiffness can more quickly and accurately identify the response bounds. However, the
ABC algorithm, which searches for optimization through the generation of random sequences, has the
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disadvantage of being unable to effectively cover the search space because of the non-uniform
distribution of the sequences. Wu et al. [23] demonstrated that replacing the random variables in
intelligent evolutionary algorithms with low-discrepancy sequences (LDS), which have better
uniformity, can effectively generate offspring samples to cover the solution space, thereby significantly
improving computational efficiency. Common LDS include the Halton sequence [24] and the
dynamical evolution sequence (DES) [25]. Among the tested LDS, DES has the most significant
improvement effect [23]. Therefore, we adopted the more uniform DES point set to optimize the ABC
algorithm, thereby further enhancing the global search capability of ABC. The DES-ABC algorithm
can quickly and precisely identify the interval range of key point responses, assisting us in conducting
an interval uncertainty analysis of the machine tool.

Although the DES-ABC algorithm can help us quickly identify the interval range of key point
responses, using finite element models [26,27] for analysis in interval analysis still consumes a
significant amount of time. During the solution process of finite element analysis, due to the large size
and complex structure of the machine tool, the corresponding high-precision finite element model
often contains a large number of nodes, which significantly increases the computation time for each
finite element analysis. When conducting an uncertainty analysis of the machine tool's finite element
model, multiple repeated solutions are usually required, which greatly reduces the efficiency of model
analysis. To address this issue, current researchers typically employ the method of constructing
surrogate models to simplify the calculations [28—-30]. Among many surrogate models, the Kriging
model captures the spatial correlation of data to provide high-precision predictions and quantify error
estimates. It has the advantages of strong adaptability, good continuity of prediction results, and
outstanding optimization capabilities, making it particularly suitable for the modeling and optimization
of complex systems [31,32]. Under normal circumstances, the accuracy of the Kriging model is
proportional to the number of training sample points. However, due to the limitations of simulation
computational costs, we hope to construct a high-precision surrogate model using as few sample points
as possible. Studies have shown that the uniformity of the sample point set is closely related to the
accuracy of the Kriging model. The more uniformly the sample points are distributed, the higher the
accuracy of the generated Kriging model [33]. By introducing a more uniform DES sequence to replace
the initial sample set in the Kriging model, the accuracy of the Kriging model can be improved, thereby
more accurately identifying the responses at different locations of the machine tool.

Based on the DES-ABC algorithm and DES-Kriging model, this paper proposes a new framework
for interval uncertainty analysis of machine tools, which can efficiently and accurately analyze the
interval of machine tools. The remaining structure of this paper is as follows: Section 2 briefly
introduces the interval uncertainty analysis method and the ABC algorithm; Section 3 introduces the
improved ABC algorithm and the Kriging model and presents the framework for interval analysis in
this paper; Section 4 verifies the effectiveness of the proposed method through three numerical
examples; Section 5 concludes and provides an outlook.

2. Uncertainty analysis
2.1. Interval uncertainty analysis

In engineering practice, numerous scenarios involve insufficient probabilistic distribution
information, where interval modeling serves as an effective approach for characterizing uncertainty
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variables [34]. Interval uncertainty analysis represents uncertain parameters through bounded intervals
rather than single-point estimates or probability distributions [35,36], thereby establishing a more
robust and conservative framework for uncertainty modeling. When employing interval models for
uncertainty representation, the uncertain variable x is defined as an interval variable, mathematically
expressed as:

2.1)

where D represents the dimension of the interval variable, x and x, represent the lower and

i,min i,max

upper bounds of the i-th element, respectively. The general interval analysis model is formulated as:
y=r(x), (2.2)

where represents the response function, and y corresponds to the system response. When inputs exist
as interval variables, the response becomes a bounded range rather than a deterministic value. If the
number of responses is 7, the response y can be expressed as: y = [ Vs Voot yn], V€ [ Vi min» yi,maX]

The critical task in interval uncertainty analysis involves determining the extremal bounds of target
responses, which effectively transforms the problem into 2n optimization subproblems: one for
maximizing and another for minimizing each response component. This dual optimization framework
provides quantifiable boundaries for structural uncertainty analysis:

min y;,
i=1,2,-,M, (2.3)
max y,,

By performing interval uncertainty analysis on the uncertain variable x, we can determine the
minimum and maximum values of its response, denoted as y . and y ., respectively, thereby

identifying the bounds of the output response.
In the interval analysis of the machine tool beam in this paper, we consider the combined stiftness
K= [Kl K, ---K8] and the applied force position r as uncertain variables. Taking the range of

uncertain variables [K K max] and [r v ] as input, the displacement response range of the key

parts of the machine tool beam [wmm, wmax] is obtained by interval analysis. Determining these

response bounds provides essential insights for structural optimization design and machining accuracy
enhancement, ensuring that beam deformation remains within acceptable limits under varying
operational conditions, thereby guaranteeing overall machine performance and stability.

2.2. The ABC algorithm

The ABC algorithm [19] is a swarm intelligence optimization technique inspired by honeybee
foraging behavior, renowned for its strong global search capability and rapid convergence. By
simulating the social structure and cooperative mechanisms of bee colonies, ABC effectively addresses
optimization problems through three distinct bee roles: employed bees, onlooker bees, and scout bees.
The collective objective is to locate the nectar-rich food source corresponding to the minimum fitness
value in the solution space. For a D -dimensional optimization problem with N employed bees and
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N o . : .
— onlooker bees, let the objective function be f () . Each candidate solution is represented as

x=(x,x,, %, )T e R”", where R isareal number set, with corresponding fitness y = f(x) . The

ABC workflow comprises:
(1) Initialization phase:

Randomly generate N initial food sources via:
xi = xmin + (oj“i °© (xmax - xmin )’ l = 1’ 23. : "N 9 (24)

where x; represents the specific position of the i-th food source, x,  and x_, denote the upper

and lower bounds of each uncertain element in the food source, and ¢™ € R”" is a random matrix
with elements uniformly distributed in the range [0, 1], and the elements are mutually independent.

The i-th row of the matrix ¢™ is denoted as ¢

(2) Employed bee phase:
For each food source x;, the employed bees search within their neighborhood according to the

following formula to generate a new food source v;:

1 1

v, =x,+(20 ~1)o(x,-x,), i=12,,N, (2.5)

where k is a randomly selected food source different from i, and @™ e R”" is a random matrix

whose elements are all in the range [0, 1], and the elements are mutually independent. Then calculate
the fitness value f (vl.) and compare it with the fitness value f (xl.) , and retain the food source with

a better-fitness value.
(3) Onlooker bee phase:

Onlooker bees set the roulette parameters according to the magnitude of the fitness function
f (xl.) in proportion. They select the food source x, according to the roulette-wheel selection

strategy, as detailed in literature [32]. After the onlooker bees select the food source, a new candidate
food source position v is generated near the food source x , 1n the following way:

v, =xi+(2g0:’“1—l)o(xi—xp), (2.6)

Dx
where @™ €R 2 is a random matrix whose elements are all in the range [0, 1], and the elements

are mutually independent. x; is a randomly selected food source different from x,. Calculate the

fitness values of the new food sources selected by % onlooker bees. Similarly, compare the fitness
of the original food source and the new food source, and retain the food source with higher fitness.
(4) Scout bee phase:

If a certain food source has not been updated in R consecutive iterations, it is considered that
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the solution at this place has fallen into a local optimum, and this food source is abandoned. If the food
source is abandoned, the corresponding bee transforms into a scout bee. The scout bee randomly
generates a new food source position:

xlnew :xmm +(2¢jco_1)o(xmax _xmin)’izlazn.M’ (27)

where ¢*° € R” is a random matrix whose elements are all in the range [0, 1], where M is the

number of food sources that need to be re-initialized during this iteration process.
(5) Repeat phases (1)—~(4) until termination, recording the position and fitness value of the best food
source per generation.

While ABC effectively balances global and local search capability through swarm intelligence,
its reliance on random initialization and stochastic search vectors introduces spatial distribution
inhomogeneity, potentially compromising search efficiency and solution quality. To address this, we
propose the DES-ABC algorithm by integrating DES to optimize ABC’s initialization and search
mechanisms.

3. Efficient machine tool interval analysis framework, DAK

In the interval analysis of machine tools, an efficient and accurate interval modeling framework
for machine tools in combination with the DES-ABC algorithm is proposed. Compared with the
traditional Monte Carlo method, which is characterized by a large sample size and low computational
efficiency, the proposed method in this paper can significantly enhance the efficiency and accuracy of
interval analysis. To address the large number of finite element model nodes and time-consuming
analysis, a DES-Kriging model of the machine tool crossbeam was established in this paper to replace
the finite element model, thereby improving the computational efficiency of the machine tool response.

3.1. Improved Kriging surrogate model based on DES (DES-Kriging)

In the context of machine tool structure optimization, model updating often encounters the issue
of high computational complexity associated with finite element analysis. To address this challenge,
surrogate models are commonly employed to achieve efficient computation. Kriging model is an
interpolation method based on spatial autocorrelation. It has been widely used to predict unknown
points by optimal unbiased estimation. The construction process of the Kriging model can be referred
to in literature [38]. The first step in building a Kriging model is to obtain a suitable sample set for
model construction by inputting the finite element model to get the corresponding results. Traditional
Kriging modeling typically employs Latin Hypercube Sampling (LHS) [39] to construct the initial
sample set. However, this approach has limitations in terms of spatial uniformity. Uniform sampling
strategies can improve the uniformity of the sampling space, better capture the spatial characteristics
of the finite element model, reduce interpolation errors, and enhance the accuracy of the surrogate
model. In this paper, we introduce the DES point set, which exhibits stronger uniformity in high-
dimensional spaces.

The static solutions of multi-body systems often exhibit good uniformity. Inspired by this, Wu et
al. [25] proposed DES. Assume that all samples are within the D-dimensional unit cube, and each
sample is regarded as a star with a mass of m . The coordinate of the i-th staris x, = (xl.l, -, xl.D) ,

AIMS Mathematics Volume 10, Issue 8, 18801-18823.



18807

and there are interaction forces between points. The Lagrangian equations of the stars are expressed
as:

S = J-; Ldt

L (3.1)

1 &4 ., 1|

Lz—mZle.k—G Z o
2 i=l k=1 I<i<j<N dq,g/

where G =1 represents the generalized gravitational constant; ¢ and p are control parameters;

and d_, is the generalized distance. The values can be found in the literature [25]. According to

Hamilton’s variational principle [27,40], it can be obtained that,

mi, + iy + f;, =0, 1<i<N, 1<k <D, (3.2)

where ¢ is an artificial damping coefficient. When the system is static, the sequence
X, y={x.,x,,---,x,} composed of the obtained galaxy coordinates x, can be regarded as LDS.

Given that DES maintains good uniformity in high-dimensional spaces, this study employs DES
as the initial sampling set for the Kriging model, which is then input into the finite element model.
This approach yields results that more accurately reflect the spatial characteristics of the finite element
model, thereby effectively enhancing the model’s predictive accuracy [41]. In Section 4.2, we will use
a numerical example to prove that using the DES-Kriging model to construct the machine tool
surrogate model can more accurately calculate the response of the machine tool.

3.2. Improved ABC based on DES (DES-ABC)

Wu et al. [23] demonstrated that, in intelligent evolutionary algorithms, replacing random
variables with low-discrepancy sequences with better uniformity can effectively generate offspring
samples that cover the solution space, thus significantly improving computational efficiency. Among
the tested low-discrepancy sequences, DES has the most remarkable improvement effect. Therefore,
we choose the DES point set to improve the ABC algorithm.

Assume that a DES of size Dx N, called P, is obtained by Eqs (2.4)—(2.7).

Pu P - Py D
p- p.zl p'zz p?N _ p:2: . (3.3)
Ppi Ppr -+ Ppwn Dp;

So, each column vector of P can be used to replace the random vector ¢ in Eqs (2.4)~(2.7),

making the offspring cover the solution space more uniformly. However, it causes ABC to lose the
randomness [42]. In order to make the ABC enhance uniformity while preserving randomness, a
method called dimension random rearrangement ( DRR ) is proposed. The specific steps of DRR are
as follows:

A. Let [,= {1, 2, ...,D} and randomly select a number @, from /;, random selection is
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performed by drawing without replacement from the remaining set of dimensions;
B. Let j=1,2,...D and do the following loop,

a) Putthe @ -th rowelementsin P intothe j-th row elementsof F,;
b) [1,=1I,,—@,. This operation denotes, removing the selected number @, ; from theset 7,
to generate the new set 7, ;

¢) Randomly select a number @ ; from the set /.

Finally, a new sequence P, with randomness is generated by the above operations,

_p¢1’1,1 Py o = Py Py .
pﬂrl pﬁpz pﬂrN p¢12:3
P, =" R (3.4)
_p¢l,D’1 p¢l,D’2 p¢|,D>N_ _p¢1.D’:_

Based on the above content, the construction process is as follows: continuously select row
indices randomly from the initial set of row numbers, fill the new matrix with the corresponding rows
from the original matrix, and update the set to avoid repetition. This ultimately allows the matrix rows
to be rearranged in a random and non-repetitive order for the matrix P, .

It can be proved that the uniformity of P, is the same as that of P . There are many commonly
used discrepancies to measure uniformity, such as L, discrepancy, MD discrepancy, and WD

discrepancy [43]. Taking L, discrepancy as an example, its calculation formula is as follows:

qu(p)zz(%jl)_%iﬁ{l_l’jj #;N:lli[[l maX(P,,aplz)] (3.5)

Replacing P in Eq (3.5) with P, from Eq (3.4), it can be obtained that the L, discrepancy
of P, is

It can be derived that,
2
D, (P) =D, () - 3.7)

From this, it can be seen that the DRR method only changes the order of matrix rows in high-
dimensional space, while the cumulative product of the same column of the matrix remains unchanged.
This means that DRR does not change the numerical values and distribution of the data itself, but only
adjusts the arrangement of the data. The relative differences between samples and the statistical
characteristics of the overall data have not changed. Random techniques such as perturbation and
jittering will directly change the values of sample data or their distribution characteristics [44], causing
the uniformity of samples to change.
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If G random matrices are needed in the iterative process of ABC algorithm, DRR the DES P
G—-1 times to generate G —1 different LDSs of Dx N size, named Py, Py, ..., ch,] . Each

column vector of P and qu,g can be used to replace the random vector ¢, in Eqs (2.4)+2.7),

making the offspring cover the solution space more uniformly to enhance the efficiency. The more
efficient ABC based on DES is called DES-ABC.

3.3. An efficient and accurate framework for interval analysis of machine tools

When conducting interval analysis of machine tools, the following issues arise: 1) The traditional
Monte Carlo method requires a large number of samples to identify the response boundaries, resulting in
low computational efficiency. 2) The finite element model comprises a vast number of nodes, and finite
element analysis consumes a significant amount of time. In view of the above two problems, we use the
DES-Kriging model to establish the finite element model of the beam, and use the DES-ABC algorithm to
analyze the interval of the machine tool. The DES-Kriging machine tool agent can quickly and accurately
obtain the response range of the dangerous position and improve the computational efficiency of the
machine tool response. DES-ABC algorithm can quickly find the interval range of machine tool response
because of its strong global search ability. We name this interval analysis method combining DES-ABC
algorithm and DES-Kriging model as DAK, and the calculation framework is shown in Figure 1.

Assign an uncertainty
analysis of machine
tool response

Set interval variable

x:[.\:,.\:\-- "DJ")\.mm =X S e

DES-ABC ! DES-Kriging

solver Employed Bee Phase: For each food response solver
source, generate a new food source

A : o
e R el i, () Obtained the input information of

i DES-Kriging model.

Onlooker Bee Phase: Sclected
solutions are generated via roulette-  —
wheel selection by Eq. (2.6).

- l greedy choice Y

Using the DES-Kriging model to

Scout Bee Phase: Replace stagnant calculate the response of machine tools
food sources with randomly penerated

new ones by Eq. (2.7).

_— \.Vhether the sto.]; ~— Obtam the response at the
g corresponding point.

Y

I

4

T~ conditionismet
No — =

Obtain the bound of
the corresponding
point.

Figure 1. The framework of the interval analysis method for machine tools (the
termination conditions for the DES-ABC algorithm are: reaching a certain number of
iterations or no improvement between consecutive iterations).
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The yellow section in the figure represents the solution process of the DES-ABC solver, while
the green section illustrates the calculation of the responses at corresponding points using the DES-
Kriging model of the machine tool. According to the literature [45], we adopted the maximum number
of iterations as one of the termination conditions for the algorithm; the other termination condition is
that when the change in the objective function value over consecutive iterations of the algorithm is less
than a set threshold, the algorithm is considered to have converged, and the iterations can be stopped.
At this point, combined with the DES-ABC algorithm and the DES-Kriging model, this paper proposes
an efficient and accurate machine tool interval analysis framework, DAK. The DAK can effectively
evaluate the impact of uncertainties in the connection of the machine tool's crossbeam on the stability
of the machine tool. In Section 4 of this paper, three numerical examples are given to verify the
accuracy and efficiency of the DAK.

The DAK method proposed by us demonstrates broad applicability in practical problems,
especially suitable for complex engineering issues that involve high-dimensional parameter spaces,
high computational costs, and require efficient uncertainty analysis. This includes performance
assessment challenges due to parameter uncertainty (such as connection stiffness, load positions, etc.)
in other machine tool components, manufacturing equipment, aerospace and other engineering systems.
It provides an efficient and reliable analytical tool for design optimization and stability assurance.

4. Numerical experiments
4.1. Performance comparison between ABC and DES-ABC algorithm

To evaluate the optimization performance of the DES-ABC algorithm, this study selected five
benchmark test functions [46] to validate the algorithm’s performance. The Table 1 provides detailed
information on the naming conventions, mathematical characteristics, and global optimal solutions of
each test function (F) .

Table 1. Detailed information of benchmark test functions.

Fn Functions F
F1 Shifted and full rotated expanded Schaffer’s f6 function 600
F2 Shifted and full rotated Levy function 900
F3 Hybrid function 1 2000
F4 Hybrid function 2 2200
F5 Composition function 2300

The specific forms of F1-F5 are shown in the appendix.

To ensure fairness in the experimental design, the core control parameters of the comparison
algorithms are uniformly configured, with the population size set to 40. The limit value is a specific
control parameter of the ABC algorithm, which is determined by the following formula:
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hzng, (4.1)

where N represents the population size of the swarm, and D denotes the dimensionality of the
optimization problem. In this experiment, D =10, 20. The maximum number of iterations G 1is used
as the termination condition of the experiment, with values of 2000 and 4000 for D =10 and D =20,
respectively. The parameters were determined based on literature [47] and validated through
preliminary experiments to balance computational efficiency and accuracy. The algorithm parameters
are shown in Table 2.

Table 2. Algorithm parameter settings.

D N G h=N/2xD
D =10 40 2000 200
D =20 40 4000 400

According to literature [46], the computational complexities O of the DES-ABC algorithm and
the ABC algorithm can be calculated, and the results are shown in Table 3.

Table 3. Comparison of computational complexity between DES-ABC and ABC.

The computational complexity of an algorithm

No. T, T T, 0

DES-ABC 0.3106 1.3074 166.1
0.0060

ABC 0.3296 1.2950 160.9

As shown in Table 3, the computational complexities of the DES-ABC algorithm and the ABC
algorithm are not significantly different, which indicates that the calculation times of DES-ABC and
ABC algorithms are basically the same under the same maximum number of iterations. Therefore,
improving the ABC algorithm with the DES sequence does not affect the iteration speed of the
algorithm.

To minimize the interference of randomness in the optimization process on the results, we execute
each algorithm 30 times. Based on this, the optimization performance of the two algorithms is
comprehensively evaluated by the mean convergence value of the objective function and the number

of iterations required for the objective function error ¢,, to converge to 5% . We also performed a

Wilcoxon rank-sum test on the computational results of the ABC algorithm and the DES-ABC
algorithm to determine if there is a statistically significant difference in the performance of the two
algorithms using a significance level.

In Table 4, p, .. represents the significance level of the mean value, and p,  represents the

significance level of the number of iterations. The comparison of the performance of the algorithm is
as follows. We coarsen the data that represents better performance.

AIMS Mathematics Volume 10, Issue 8, 18801-18823.
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Table 4. The results of 30 independent runs of the numerical function of the ABC algorithm.

Func ABC DES-ABC Wilcoxon rank-sum test
&y =5% &, =5% iteration
D Mean Pinean Dis
Mean . .
1teration step step
F 10 600.0204 44 600.0002 25 3.02x107"" 1.68x1071?
: 20 600.1367 109 600.0000 60 3.02x107"" 2.95x107M
F 10 9022219 167 900.0000 68 3.02x107" 1.92x107°
? 20 955.0710 3369 900.0000 791 3.02x107"" 1.20x1071°
F, 10 2058.5263 89 2045.9783 20 1.87x107°  1.01x107?
20 2054.7834 205 2045.8405 120 3.47x1071% 2.47x1077
F 10 22299749 8 2225.6350 1 4.64x107°  4.42x107°
Y20 22280192 20 2226.0817 16 2.23x107°  1.59x107°
F 10 2401.5439 1203 2400.0217 467 3.02x107"" 2.92x107M
’ 20 2406.3306 3536 2400.0009 926 3.02x107"" 3.01x107M

As can be seen from the table above, the average optimal objective function values obtained by
the DES-ABC algorithm are lower than those by the ABC algorithm across different dimensions. The
average error of the ABC algorithm is calculated to be 2.37%, while that of the DES-ABC algorithm
is 1.56%. This indicates that the computational accuracy of the DES-ABC algorithm is enhanced by
80% compared with the ABC algorithm. The number of iterations required for the traditional ABC
algorithm to achieve an average error convergence within 5% is more than 3.5 times that of the DES-
ABC algorithm, which implies that the computational efficiency of the DES-ABC algorithm is
improved by a factor of 3.5 compared with the traditional ABC algorithm. The results obtained from
the Wilcoxon rank-sum test are all less than the significance level p=0.05, indicating that there is a
statistically significant difference in the performance of these two algorithms. These results
demonstrate that the DES-ABC algorithm possesses higher computational accuracy and efficiency.

4.2. Accuracy verification of DES-Kriging model of the machine tool beam

The research object of this case is a machine tool crossbeam model. Due to the strong uncertainty
of the machine tool joint and the fact that the stiffness of the joint in the machine tool accounts for
approximately 60%—80% of the total stiffness of the machine tool [6], the stiffness of the machine tool
joint is selected as an uncertain variable, and the uncertain analysis of the machine tool is carried out
in combination with the force-bearing position of the slider on the guide rail. The geometric midpoint
of the crossbeam is used as the coordinate origin to establish a three-dimensional XYZ coordinate
system. The material of the crossbeam has an elastic modulus of £, = 2x10"' Pa and a Poisson’s ratio
of u=0.3. The bottom of the machine tool crossbeam is fastened to the column via bolts, resulting
in a semi-rigid connection structure. Due to the structural discontinuity introduced by bolted
connections in machine tool assembly, it is necessary to focus on the performance evaluation of the
connection area. In this study, to simulate the joint’s connection characteristics, eight Y-directional
spring elements were incorporated at the crossbeam-column interface surfaces. Additionally, to
achieve accurate representation of the crossbeam’s structural performance, movement in the X and Z
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directions was restricted in the finite element analysis. The specific locations of the applied spring
elements are illustrated in Figure 2(a).

The machine tool structure was discretized using finite element analysis, yielding a computational
mesh comprising 376,547 nodes and 195,475 elements. The model considers the self-weight of the

crossbeam and external forces from other components. These forces are simulated as a remote force
with a magnitude of 25,454 N and a direction along the negative Y-axis; the specific situation can

be referred to Figure 2(b).

1-Remote force

2-Contact surface between
bean and column

3-Left endpoint of the
range of remote force

4-Right endpoint of the
range of remote force

5-Test point 1

6-Test point 2

7-Test point 3

8-Test point 4

9-Test point 5

Figure 2. Beam model of gantry machine tool.
In this study, the force can move along the Y-axis, and the application position of the force along
the Z-axis, as well as the stiffness coefficients of the eight spring elements, are treated as input variables.

The specific information on these variables is listed in Table 5.

Table 5. Remote force position and spring element stiffness information.

Unknown variable Distribution range
Position of the applied force [-1,1]m
Stiffness of 8 spring elements [3x10%1x10"] N/m

As depicted in Figure 2, the midpoints of five slide pillow planes are selected as measurement
points. The DES sequence of dimension 9 is selected as the sample point set, composed of 100
uniformly distributed sample points. These sample points are utilized as input parameters for the finite
element analysis of the machine tool, and the deformation responses of the five measurement points
are computed as the output results. Subsequently, a DES-Kriging model for the machine tool is
developed. The DES-Kriging model is applied to compute a random sample, and the results are
presented in Table 6.
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Table 6. The measured data compared with the predicted results.

Response result (m) Calculation time (s)

No. 1 2 3 4 5
finite element model 3.12x107 2.99x107  3.13x10°  3.22x107°  3.06x10° 46
DES-Kriging model  3.05x10°  3.05x10°  3.11x10°  3.22x10°  3.06x10° 0.0068

e 2.42% 2.96% 0.65% 0.09% 0.30%

Randomly generate K =100 test points to evaluate the Kriging models constructed using
different sampling methods. The mean absolute relative error (MARE) is used as the criterion to
measure the accuracy of the surrogate model, which is defined as:

A

Yi= Vi

1 K
MARE:—Z
Vi

; 4.2
KL (4.2)

where p, denotes ¢ the predicted response calculated by the surrogate model, and y, denotes the

actual response of the machine tool. It can be seen from Table 6 that the five-point response errors of
the DES-Kriging model of the machine tool are all within 5%, and the computational efficiency of the
DES-Kriging model is more than 6000 times that of the finite element model. It can be seen from Table
7 that for each point, the MARE of the DES-Kriging model is smaller than that of the traditional
Kriging model, and the MARE of the DES-Kriging model is within 5%. This shows that different
point-set construction methods and sample sizes have a significant impact on the accuracy of the
Kriging surrogate model. Adopting the DES point set as the initial sampling data for Kriging modeling
enhances the surrogate model’s predictive precision.

Table 7. Two models are used to solve the MARE of 100 test sets.

MARE
Model 1 2 3 4 5
Kriging model 6.75% 7.08% 2.32% 1.77% 2.04%
DES-Kriging model 4.32% 4.78% 2.04% 1.56% 1.22%

4.3. Interval analysis of machine tools using DAK method

In Sections 4.1 and 4.2, we propose the DES-ABC algorithm and establish the DES-Kriging
model of the machine tool beam response. Next, we apply DAK to interval analysis of machine tools.
The spring stiffness and the force position are used as interval variables, the DES-Kriging model of
the beam is used to solve the response of the dangerous point, and the ABC algorithm is used to find
the range of the response value. The Monte Carlo simulation method (the number of samples set to
10° and 10°, respectively) and DAK are used for uncertainty analysis. When employing the DAK
method for analysis, the calculation is terminated when the range of the obtained response values
surpasses that derived from the Monte Carlo method with a sample size of 10°. The computational
outcomes and the number of computations is then recorded. This process is conducted 10 times to
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determine the mean and variance of both the computational results and the number of computations.
The specific ranges and variances of the five-point responses can be observed in the following Table
8.

Table 8. Comparison of Monte Carlo method and this method.

Monte Carlo

Method of this article Standard deviation

Selected points range

simulation method

10° 10° result number of o 8, (Unit: 107 s,
total calculations

. lower bound 2.622x107° 2.590x107> 2.581x10°° 6.074x10° 528

Test point 1 s s 5 1918 3
upper bound 3.498x107° 3.554x107° 3.558x10 1774 4.141x10 272
. lower bound 2.625x107° 2.620x107° 2.607x10™° | o¢ 8.087x10°* 226

Test point 2 s s s 5
upper bound 3.437x107° 3.500x107° 3.521x107° 5446 17.69x10 699
, lower bound 2.975x107° 2.966x107° 2.960x107° 2290 4.499x10°8 419

Test point 3 s s s -8
upper bound 3.275x107° 3.290x107° 3.295x107° 2416 4.199x10 807
. lower bound 3.142x107° 3.121x107° 3.119x1075 3094 1.959x107 549

Test point 4 s s s 2596 -8
upper bound 3.345x107° 3.387x107° 3.397x10 7032 6.582x10 704
. lower bound 2.971x107° 2.949x107> 2.948x10°° 9.342x10°77 597

Test point 5 s s 5 1294 -8
upper bound 3.299x107° 3.323x107° 3.330x10 4.943x10 282

As shown in Table 8, when employing DAK for interval uncertainty analysis of the machine tool
beam model, a minimum of only 1198 simulations is required to obtain a more conservative lower
bound compared to the Monte Carlo method at the same computational scale. Even in the most
demanding case, only 3094 simulations are needed to determine a less conservative upper bound that
exceeds the Monte Carlo results. The DAK method proposed in this paper is used to analyze the
interval uncertainty, and a larger response boundary than the Monte Carlo method can be obtained by
calculating 21,958 responses. Compared with the Monte Carlo method, the efficiency of the DES-
ABC method is improved by three orders of magnitude, and the calculation accuracy is higher than
that of the Monte Carlo method. Therefore, it can be considered that the method proposed in this paper
can accurately and efficiently analyze the interval uncertainty of the machine tool beams. The standard
deviations of the calculation results and the number of calculations show the average degree of
deviation of data points from the mean, indicating that the DAK method has strong algorithmic stability.

In summary, we have proposed an efficient and accurate interval uncertainty analysis method for
machine tools, which can perform uncertainty analysis on the responses of key positions of machine
tools and obtain the specific range of responses, providing important support for machine tool design,
machining accuracy improvement, and stability assurance.

5. Conclusions

The stiffness of the beam joint of the machine tool is affected by many uncertain factors during
use, which may lead to changes in the performance of the machine tool. It is necessary to perform
interval uncertainty analysis on the machine tool to ensure its smooth operation.

Aiming at the uncertainty of beam stiffness of the gantry machine tool, an improved interval
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analysis method based on the DES-ABC and DES-Kriging model is proposed in this paper. The DES
point set optimization ABC algorithm is used to solve the problem of low search efficiency caused by
the uneven distribution of random sequences in the traditional ABC algorithm. Experiments show that
the DES-ABC algorithm is significantly better than the original algorithm in terms of convergence
accuracy and speed. The computational accuracy of the DES-ABC algorithm has been improved by
80% compared to the ABC algorithm, and its computational efficiency is about 3.5 times higher than
the traditional ABC algorithm. By constructing the Kriging model of the machine tool beam, the
computational burden of the finite element model is effectively reduced. The single calculation
efficiency of the Kriging model is more than 6,000 times that of the finite element model. At the same
time, the DES sequence is used to replace the original sample of the Kriging model, which makes the
original sample of the Kriging model more uniform. Experiments show that the introduction of the
DES sequence improves the accuracy of the Kriging model, keeping the error of the calculation results
within 5%, and the DES-Kriging model can accurately solve the machine tool response. In the interval
analysis of the machine tool beams, the proposed method accurately obtains the displacement response
boundary of key points with very low computational cost, which is three orders of magnitude more
efficient than the Monte Carlo method. By integrating the DES-Kriging model with the DES-ABC
algorithm, this paper successfully proposes an efficient and accurate uncertainty analysis method for
machine tools, known as the DAK method. In general, the method proposed in this paper not only
improves the accuracy and efficiency of machine tool interval analysis but also provides important
support for machine tool design, machining accuracy improvement, and stability assurance. The
proposed combination method of DES-ABC and DES-Kriging can be widely used in the optimization
design and uncertainty analysis of complex engineering structures and has high practical value and
promotion potential.
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Appendix A. The specific forms of benchmark test functions

The specific forms of benchmark test functions are shown in this appendix. The benchmark test
function is composed of 16 basic functions as follows:
1) Rosenbrock’s Function

D-1

[100( )2+(x,,—1)2] (A.1)

i=1
2) Expanded Schaffer’s Function

sin’ («/y2 +z° )—0.5

,z)=0.5+ >
g(»:2) (1+0.001(y” + 2%)) : (A.2)

f2(x):g(xl,x2)+g(x2,x3)+-~-+g(xD_1,xD)+g(xD,xl)

3) Rastrigin’s Function

= i(xf —~10cos(27x,)+10). (A.3)

i=1

4) Levy Function

D-1
fi(x)=sin*(7w,) +Z[ w, (1+lOsm (IZ'WZ.+1)):|+(WD—1)2(1+Sin2(27Z'WD))
= (A4)
wherewl.:1+%,Vi:1,...,D

5) Bent Cigar Function
fi(x)=x"+10"7= . (A.5)

6) HGBat Function
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2/x, — round(ijl. )‘ Jz’ 10

10 D .32
A(X)EH{I-FIZ; 2].

10) Expanded Rosenbrock’s plus Griewangk’s Function

fw(x):fl“(fl(xl’xz))-'_ 14(f1(x2,x3))+~- 14(fi(xD—1’xD))+ 14(f1(xDax1))'

11) Modified Schwefel’s Function

f“(x):418.9829><D—ZD:g(xl.)

i=1

z, = x, +4.209687464475036 x10°

zl.sin( |zl.|)

g(z) =1(500~mod(z,,500))sin( /500~ mod(z,,500) ) - 100000

2

,500) 500 )sin [ mod( z,|,500) =500 ) - —

(mod(|z,.

12) Ackley’s Function

D D
i (x) = —ZOeXp[—O.Z /%fo j —exp(%2005(272xl.)j+ 20+e.
i=1 i=1

13) Discus Function

(z,-500)’

100000

(A.6)

(A.7)

(A.8)

(A.9)

(A.10)

(A.11)

(A.12)

AIMS Mathematics Volume 10, Issue 8, 18801-18823.



18822

fiz(x)=10"x +Zx (A.13)
14) Griewank’s Function
fia(x)= X [ijﬂ (A.14)
a ~ 4000 Ji

15) Schaffer’s F7 Function

1 D-1

fls(x){mZ(Js_i )sin2(50(s,»)°'2+1)j s =l (A.15)

L=

The first benchmark test function F1 is Shifted and full Rotated Expanded Schafter’s F7, which
is shown as,

B O.S(x—o) .
Fl(x)—fz(M—loo }LFI , (A.16)

where M is the rotation matrix, o is the shifted global optimum, and F =600 is shown in Table

1. Besides, The second benchmark test function F2 is the Shifted and Rotated Levy Function as follows,

B 5.12(x—o) .
Fz(x)_f{M(—mo DJFF2 (A.17)

where F, =900 is shown in Table 1. And the third and fourth benchmark test functions are both

hybrid functions. In the hybrid functions, the variables are randomly divided into some subcomponents
and then different basic functions are used for different subcomponents.

F(x)=g,(Mz)+g,(Myz,)++g,(Mz,)+F, (A.18)

where F(x) is the hybrid function, gi(-) is the i-th basic function, n is the number of basic

function, and z; is shown as follows:
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% :I:xl T O, Xy =0y, Xp, _ODI]

5= [xD,H “Op1>Xp 2 T Op 25" Xpap, T ODI+D2:|

Z,=| X —0,, 5 X —0,, ,*Xp —0p
YD+l YD+l D2 Y D2
[pD], i=12,-,n-1
D = -1 (A.19)
D—ZDj
Jj=

The parameters of the third benchmark test function F3 are as follows, n=6 ,
p:[0.1,0.2,0.2,0.2,0.2,0.1,0.2], g,.(-) is HGBat Function f,, Katsuura Function f;, Ackley’s

Function f;,, Rastrigin’s Function f;, Modified Schwefel’s Function f;, , and Schaffer’s F7
Function f,, respectively. And the parameters of the forth benchmark test function F4 are as follows,
n=5, p=[0.3,02,0.2,0.1,0.2], g,(+) is HGBat Function f;, HappyCat Function f,, Expanded
Griewank’s plus Rosenbrock’s Function f,,, Modified Schwefel’s Function f;,, and Ackley’s
Function f,,, respectively. In addition, the last benchmark test function F5 is the composition function,
F(x):Zsl{a)i[/@gi(x)+biasi:|}+F;, (A.20)

=1

1

where g, (+), i=1,2,---,5, is Rotated Rosenbrock’s Function f,, High Conditioned Elliptic Function
/-, Rotated Bent Cigar Function f;, Rotated Discus Function f; and High Conditioned Elliptic

Function f, . i:[l,lxIO‘é,1x10‘6,1x10‘6] ,  bias=[0,200,300,100,400] , a)l:wi/Zwi ,
i=1

W, =——exp| ———— |, 0=[10,20,30,40,50].
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