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Abstract. With the aim of addressing the problem of low efficiency in free-form surface machining error
inspection, an improved Harris hawk optimization-radial basis function (IHHO-RBF) neural network prediction
model is proposed in this work. In this model, the dynamic programming learning mechanism is used to avoid the
repeated calculation of information and improve the global search capabilities of the Harris hawk optimization
(HHO) algorithm. The Nelder-Mead algorithm is used to improve the optimization capabilities of the HHO.
The improved Harris hawk optimization (IHHO) algorithm is used to optimize the network parameters of the
radial basis function (RBF) neural network. The optimized prediction model is compared with the sparrow
search algorithm-radial basis function (SSA-RBF) and fruit fly optimization algorithm-radial basis function
(FOA-RBF) models. The results show that IHHO-RBF can effectively improve prediction accuracy in detecting

free-form surface machining errors.
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1 Introduction

Owing to the continuous development of science and
technology, the requirements for the production and
inspection of parts are increasing. The most commonly
used method for inspecting free-form surface machining
error information involves the use of a coordinate
measuring machine (CMM) for contact measurement.
This method can be used to obtain accurate measurement
point information, but when faced with a measured
workpiece with many measurement points, the inspection
efficiency of the CMM is greatly reduced. Therefore,
improving inspection efficiency calls for the construction of
a machining error prediction model, in which the
machining error information of the measured points is
used to predict the machining errors of the unmeasured
points, thereby effectively improving the inspection
efficiency of the CMM.

Neural network models are widely used in error
prediction. Many experts and scholars have researched
neural network model prediction. Among them, many
schemes are proposed for the optimization of radial basis
function (RBF) neural network model. Shahriar et al. [1]
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used the Harris hawk optimization (HHO) algorithm to
optimize the network parameters in the RBF neural
network, and compared it with other algorithm-optimized
models through simulation experiments. The experimental
results confirm that the HHO algorithm has better
performance in training neural networks. Although the
HHO algorithm exhibits a high degree of adaptability,
there are still problems associated with low optimization
efficiency, as well as unbalanced exploration and develop-
ment in the exploration and development stages. In order
to enhance the prediction performance of the RBF neural
network model, Wang et al. [2] used the multi-strategy
sparrow search algorithm (SSA) to optimize the RBF
neural network, and improved its basic function and the
weight from the hidden layer to the input layer. Although
this method enhances the prediction performance of RBF
neural network to a certain extent, the stability of
prediction needs to be improved because the algorithm
was easy to fall into the local optimal solution. Gao et al. [3]
proposed a prediction model based on the HHO algorithm
combined with a convolutional neural network and a
regression vector machine and compared it with other
experimental models. The results demonstrate that the
model exhibits high prediction accuracy and stability.
However, the implementation process of this method is
complicated and the applicability is low. Qosja et al. [4]

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses /by /4.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://orcid.org/0000-0002-1585-0505
https://orcid.org/0009-0005-0783-3157 
mailto:2583665275@qq.com
https://www.edpsciences.org
https://doi.org/10.1051/ijmqe/2025008
https://www.metrology-journal.org
https://creativecommons.org/licenses/by/4.0

2 Y. Chen and Y. Liu: Int. J. Metrol. Qual. Eng. 16, 8 (2025)

used the radial basis function neural network model to
perform parameter learning and power demand forecasting
in Kalman filtering and compared this method with other
prediction models. Their findings indicate that they
effectively improved the prediction accuracy of the model
and reduced its complexity. Neven et al. [5] used two
different types of neural networks, including multilayer
perceptron and RBF neural networks, to predict the
compression coefficient of natural gas. By using continuous
measurements, the two models were compared and
analysed. The experimental results demonstrate that the
RBF prediction model has significant advantages. By
combining a mathematical model with an RBF neural
network, Mita et al. [6] showed that their proposed method
exhibited strong generalizability in nonlinear relationships
and enhanced the prediction accuracy of the model through
the introduction of a data distance index. Sun et al. [7]
proposed a prediction model based on chaos theory and an
RBF neural network. The model is used to extract dynamic
information and structures from chaotic characteristics,
update the weights of the RBF neural network model, and
improve the training speed and prediction accuracy of the
model. Bao et al. [8] used the adaptive SSA to optimize
the parameters of the RBF neural network, and optimized
the nonlinear system by updating the deviation of the
output layer of the RBF neural network model, and
calculated the predictive control function according to the
deviation. Although the optimized prediction model is
more efficient than the prediction performance of the
ordinary model, it has the disadvantages of complex model
and long running time. Jin et al. [9] constructed a particle
swarm optimization radial basis function prediction model
and used an adaptive weight optimization scheme to
optimize the particle swarm optimization algorithm. The
optimized model exhibits improved prediction accuracy.
Yang et al. [10] optimized the parameters of the grey neural
network through the fruit fly optimization algorithm
(FOA), and simulated the proposed prediction model
through the experimental data, which proved that the
optimized neural network model had better prediction
performance. Although the optimization method has high
prediction accuracy, the data processing time was long,
and it was not suitable for the case of large sample data.
Although these studies have resulted in some advancements
in neural network prediction, there is still much room for
improvement in model and algorithm optimization.

Therefore, these studies used different methods to
optimize the RBF neural network. The HHO algorithm has
a better effect on its optimization. There are also many
problems. For example, the algorithm was easy to fall into
the local optimal solution, the search ability was weak, the
parameter adjustment was complex, and the optimization
efficiency was low.

In addition, in order to make further research on the
prediction of machining error, many scholars use different
methods to carry out different experiments to demonstrate
the effectiveness of the method. Dang et al. [11] established
the practical behaviour of cutter and part (PBCP) model
by dividing the tool and part into differential units.
Subsequently, they optimized the PBCP model using a
noniterative method. The optimized model was used to

predict machining errors, and the reliability of the method
was verified via experiments. This method was only a
simple model optimization, not compared with other
methods, and has certain limitations. Iglesias et al. [12]
proposed the Flapham prediction model for predicting the
machining errors of a manipulator during surface milling
operations. According to the prediction results of the
model, there is a high degree of similarity between the
predicted value of the machining error and the true value.
This method only proves that the predicted value is similar
to the real value, so it is necessary to improve the efficiency
and practical effect of optimization. Based on the
characteristics of the surrogate model, Zhou et al. [13]
constructed an agent prediction model and analysed the
influence of experimental parameters on the machining
error of compressor blades. Subsequently, the machining
error was predicted. The results demonstrate that the
prediction model can effectively improve error prediction
accuracy. Li et al. [14] proposed a machining error
prediction model based on elastic force. The dynamic
response correction coefficient is introduced in the model,
which is then used to predict machining errors via the
Gaussian process regression method. The prediction
accuracy of the model was verified via experiments, which
demonstrated that the model can effectively predict the
machining errors of thin-walled parts. Han et al. [15]
collected thermal error data from different signal sources
and structures and extracted features according to the
characteristics of these data. Subsequently, based on the
nonlinear regression model, the thermal error prediction
model of the machine tool spindle was constructed. The
experimental results were compared with those of a single-
source model to verify the effectiveness of the method. Yu
et al. [16] proposed a migration-based machining error
prediction strategy to address the difficulties associated
with the machining error inspection of thin-walled parts.
The method involves the reuse of error data, which is
facilitated by establishing a relationship between historical
data and real-time data. The effectiveness of the method
was also verified. Li et al. [17] established a mapping
relationship between tolerance parameters and the geo-
metric errors of key parts by adding a Fourier series.
Subsequently, a prediction model for machining errors was
constructed by wusing a homogeneous transformation
matrix and the multibody system theory. The reliability
of the prediction model was verified via a grinding
experiment involving a precision vertical grinder. Denke-
naa et al. [18] proposed a data-driven active machine
learning prediction method that can effectively predict the
machining error of a workpiece. A comparison of the two
datasets reveals that the active learning strategy can
improve model accuracy. Sun et al. [19] proposed a
Bayesian learning method to predict the machining error of
a blade. The generalization capabilities of the model were
improved by incorporating engineering knowledge infor-
mation, and the complexity of the model was reduced by
using the sparse Bayesian learning method. The effective-
ness of the method was verified via blade milling experi-
ments. Liu et al. [20] proposed a new machining error
prediction method that integrates multiple models
and workpiece systems. The method was verified via
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experiments conducted on flexible thin-walled parts, which
indicate the reliability of the method and demonstrated
that it can effectively shorten the time required for error
inspections. These studies have led to improvements in the
accuracy of model prediction to a certain extent through
the construction of new error prediction models. However,
several shortcomings remain, such as insufficient applica-
tion and a lack of model adjustment and optimization.

In summary, although domestic and foreign scholars
have proposed many optimization schemes for error
prediction models, there are still several problems associated
with the prediction of machining errors, such as low
prediction accuracy, incomplete prediction models, unrea-
sonable parameter selection and low optimization efficiency.
Therefore, in terms of machining error prediction, it is
necessary to further optimize the prediction performance of
the HHO-RBF model. To address the problem of low
efficiency in free-form surface machining error inspection, an
improved Harris hawk optimization-radial basis function
(IHHO-RBF) prediction model is proposed in this work.
Aiming at the problem of weak search ability and low
optimization efficiency of Harris hawk optimization-radial
basis function (HHO-RBF) model. A dynamic programming
learning mechanism is adopted to avoid the repeated
calculation of information and improve the global search
capabilities of the HHO algorithm. Aiming at the imbalance
problem of HHO-RBF model in the development stage and
the problem that it was easy to fall into local optimal
solution. The precise Nelder-Mead algorithm is used to
improve the optimization ability of the HHO algorithm. The
improved Harris hawk optimization (IHHO) algorithm is
used to optimize the network parameters of the RBF neural
network. The THHO-RBF prediction model is compared
with the sparrow search algorithm-radial basis function
(SSA-RBF) and fruit fly optimization algorithm-radial basis
function (FOA-RBF) prediction models.

2 RBF neural network model

In an RBF neural network, a radial basis function is used as
the activation function. This function has the advantages of
fast speed, easy training and strong generalization ability.
The RBF neural network consists of an input layer, a hidden
layer and an output layer. The number of nodes in the hidden
layer is usually determined according to the complexity of
the problem. The transfer function of the hidden layer
neurons is a nonnegative nonlinear function that is radially
symmetrical and attenuated to the centre point. In an RBF
neural network, the input layer is responsible for receiving
external inputs, the hidden layer performs nonlinear trans-
formations on the input data, and the output layer outputs
the final prediction result. The activation function of the
hidden layer usually involves the use of radial basis functions,
such as Gaussian functions and polynomial functions. In this
work, the Gaussian function was used as the radial basis
function, expressed as follows:

(e=¢)?
Glx—c)=e 22

(1)

where zis a random variable, ¢;is the centre point position,
and o is the width parameter. Assuming that there are n
training data points, for the input x=(z;, s, ...... Lzt n
training data points can be used as a sample centre; that is,
Cqy Co, ..., Cp is the sample centre, and the m th output is as
follows:

him = Gu(||zi — cml|) (2)
where ¢,,=z,, is the sample centre of the hidden layer. The
output of the RBF neural network is as follows:

Y, = bm + Zhimwm = bm + Zmem(”xl - Cm”) (3)

m=1 m=1

where m is the weight of the output layer, b,, is the
threshold, and ||z ¢, is the Euclidean distance. When the
distance between the input and the sample centre ¢, is
shorter, the radial basis function responds to the input
faster. The topology of the RBF neural network is shown in
Figure 1.

3 HHO algorithm principle and improvement
strategy

3.1 Principle of the HHO algorithm

The Harris hawk algorithm is an excellent algorithm for
solving model optimization problems. The solution process
includes three stages: exploration, transition and develop-
ment.

In the exploration stage, the Harris hawk randomly
inhabits certain locations and uses two strategies with equal
probability tosearch for prey globally. When the probability,
p, is less than 0.5, the hawk will move according to the
locations of family members and prey. When the probability
isgreater than or equal to 0.5, the hawk will randomly stop on
a tree within the population range.

In the transition stage, different development and
utilization behaviours are dynamically selected according
to the escape energy of the prey. During the iterative
process, the dynamic escape energy tends to decrease.
When the escape energy is greater than or equal to 1, the
Harris hawk will search for prey in different regions (global
exploration); when the escape energy is less than 1, the
Harris hawk will search the area around the prey (local
exploration).

In the development stage, four strategies are used to
imitate the hunting behaviour of the Harris hawk. These
four strategies involve soft encirclement and hard encir-
clement when the prey has not successfully escaped, as well
as soft encirclement and hard encirclement when the prey
has successfully escaped.

_ oY) < f(2@))
o+ = {210 100 W

z=y+slf(d), 0.5 <|E|<1,7>0.5. (5)
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Fig. 1. Topology of the RBF neural network.

The soft encirclement and hard encirclement adopted
when the prey has failed to escape are described as follows:

{z(t + 1) = (Trappit(t) — 2(t)) — Eljxrapyie(t) — z(t)], 0.5 < |E| < 1,7>0.5

(6)

{z(t +1) = Zrawa(t) — E|Az(t)], |E| < 0.5,7>0.5. (7)

The soft encirclement and hard encirclement adopted
when the prey has successfully escaped are described as
follows:

Y = Trapbit (t) — Bl jrawit (t) — 2 ()| (8)

9)

where y represents the individual before reverse learning,
fly) represents the fitness value before reverse learning,
z represents the individual after reverse learning, f(z)
represents the fitness value after reverse learning, and If
represents the Levy flight factor.

y= xmbbit(t) - E”jxrabbit (t) - xm(t) ||

3.2 HHO algorithm improvement strategy

Although the HHO algorithm exhibits a high degree of
adaptability and is suitable for use in a variety of
constrained and unconstrained optimization problems,
there are still problems associated with low optimization
efficiency, as well as unbalanced exploration and develop-
ment in the exploration and development stages. There-
fore, the exploration and development stages in this work
are optimized through a dynamic learning mechanism and
the Nelder-Mead algorithm.

(1) Dynamic programming learning mechanism opti-
mization exploration stage. Although the HHO algorithm
performs well in the transition stage, it still exhibits
problems associated with low efficiency in complex
optimization problems during the exploration stage.
Therefore, the dynamic programming learning mechanism
has been improved to enhance the global search capabilities

&
[ F(3) )

® @ 0 ~
® -

Fig. 2. Calculation process of the F(4) subproblem.

of the HHO algorithm. By using the dynamic programming
learning mechanism and memory technology, the problem
can be divided into several subproblems of the same type.
The Fibonacci sequence, F(n)=F(n—1)+F(n—2), n>1, F
(0)=0, and F(1)=1, was proposed by Fibonacci. The
calculation process of the F(4) subproblem when n=4 is
shown in Figure 2.

Shadows of the same colour in Figure 2 represent the
same subproblem. If the top-down recursive solution is
used, the same subproblem will be calculated repeatedly.
The dynamic programming learning mechanism is used to
store the obtained subresults. When the problem located at
the same node is solved, the stored sub information can be
used directly, which prevents the repeated calculation of
the solution during the search process of the algorithm,
thereby improving the search efficiency of the HHO
algorithm. Therefore, in the exploration stage of the
HHO algorithm, the habitat location of the Harris eagle can
be expressed as follows:

_ ) ZTran (n) - T1|mmn (n) - 2T2.’L’(TL)| q205
w1 = a1y 4% 05
(10)
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Fig. 3. Principle of the Nelder-Mead algorithm.

Where z,4,4(n) is the random individual position, z,.py:(n)
is the location of the prey, z,,(n) is the average position of
the group, ubis the upper bound of the variable and b is the
lower bound of the variable.

(2) Nelder-Mead algorithm optimization development
stage. The HHO algorithm changes the escape energy
factor linearly, which leads to an imbalance in exploration
and development. Therefore, the Nelder-Mead algorithm is
used to improve the optimization ability of the HHO
algorithm. The Nelder-Mead algorithm is an unconstrained
optimization method for solving multivariate problems
that was proposed by Nelder and Mead; it constructs a
polyhedron that contains d+1 vertices in the d-dimensional
space, as shown in Figure 3.

In each iteration, it is necessary to ensure that the
quality of the solution is not lower than that of the previous
iteration. If the initial solution is not the optimal solution,
the algorithm will find a better solution according to the
preset rules and gradually approach the optimal solution
through multiple iterations. This process is conducted by
calculating the fitness value of all individuals to find the
centre position, as follows:

.= (Tg+x,)/2 (11)

(12)

where 7, is the best position, =, is the second position, and
flz,) and f(z,) are the corresponding fitness values,
respectively; z, is the reflection point, and f(z,) is the
corresponding fitness value; r is the reflection coefficient;
and 1, is the base variable.

When f(z,)<f(x,), the reflection direction is correct, and
the expansion operation can be performed. The point of
expansion is as follows:

Tp =T+ 71 X (Te — Ty)

zy = T+ 8(xr — xc) (13)

where z, is the point of expansion, and § is the coefficient of
expansion. If f(z,)<f(x,), then z,~x,; otherwise, z,~z,.

When f(z,)>f(z,), the reflection direction is wrong, and
the compression operation can be performed. The com-
pression point is as follows:

T, =T+ ﬂ(xr - xc) (14)
where z;and z,. are the compression points, and 8 represents
the compression coefficient.

When f(z,)>f(x,)>f(x,), the contraction operation is
performed. The contraction point is as follows:

Zo = Te — Ty — Tc) (15)
where z, and z. are the points of contraction, and « is the
contraction coefficient.

In the search process of the Nelder-Mead algorithm, the
fitness of each vertex of the polyhedron is evaluated, the
worst vertices are identified and improved, and these
vertices are improved via operations such as reflection,
expansion, and compression to form a new polyhedron.
Each vertex of the polyhedron is the solution of the HHO
algorithm. The polyhedron is equivalent to the optimal
hunting range of the Harris hawk. This method, which is
based on vertex fitness comparison and step-by-step
optimization, allows the Nelder-Mead algorithm to search
effectively, approximate the optimal solution of the
problem, and efficiently strengthen the exploration and
development performance of the HHO algorithm.

4 IHHO algorithm-optimized RBF neural
network prediction model

By combining the IHHO algorithm with the RBF neural
network the search and optimization ability of the RBF
neural network can be effectively improved. Additionally,
falling into local optimal solutions can be avoided by
optimizing the network parameters of the RBF neural
network. The specific algorithmic steps of the IHHO-RBF
neural network are as follows:

— The THHO algorithm population is initialized, with each
individual representing a set of RBF neural network
parameters (centre vector, width parameter and output
layer weight).

— The topology of the RBF neural network model is
determined according to the input and output of the
model.

— The THHO algorithm is used to initialize and update the
RBF neural network parameters.

— The fitness of each individual is calculated, and the pros
and cons of the solution are determined based on the
calculation results.

— The search and development stages are optimized via a
dynamic programming learning mechanism and the
Nelder-Mead algorithm.

— The THHO algorithm is used to iteratively update the
parameters of individuals in the population and conduct
a search with the aim of minimizing the objective
function value.
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Fig. 4. Flowchart of the IHHO-RBF prediction model.

— The optimized network parameters of the ITHHO algorithm
are output to the RBF neural network for calculation.

— The model determines whether the termination condi-
tion is satisfied. If the condition is satisfied, the predicted
value of the machining error is output; otherwise, the
model returns to step (3).

The algorithmic process of the IHHO-RBF prediction
model is shown in Figure 4.

5 Experimental verification
5.1 Analysis of machining error composition

The machining error of free-form surface parts refers to the
shortest distance between the theoretical surface points
and the actual inspection points. It also serves as an
evaluation index for surface machining quality. For

example, in Figure 5, the machining error diagram is

shown, where R is the machining error that corresponds to
the measurement point, Py(Xs, Ys, Z5), equation (1) is the
expression that corresponds to the machining error, and
Py(Xy, Y1, Z1) is the theoretical point that corresponds to
the shortest distance from the measurement point, P,, to
the theoretical surface. The normal vector, N, of the
theoretical point, P;, on the free surface is the vector
formed via the connection between measurement point P,
and theoretical point P;.

R= \/(X1 X))+ (Y1 =Y + (41— 2Z,)° (16)

5.2 Experimental design

To verify the prediction performance of the IHHO-RBF
prediction model, the machining error data obtained via
a CMM inspection were used for the experiments.
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Fig. 5. Machining error of the free-form surface.

Fig. 6. CAD model and measuring points on the curved surface.

The experiment uses Hexagon CMM, (PC-DMIS software,
MPEE=0.9+L/400pm), ruby measuring ball with a
diameter of 5 mm, the moving speed of the measuring ball
is 15 mm/s, the back distance of the measuring ball is 4 mm,
and the back speed is 2 mm//s. The experimental object was
the free-form surface model processed using the CNC
machine tool. A total of 898 measuring points were selected
on the free-form surface, and 600 measuring points were
randomly selected as samples for the training model. The
data from the remaining 298 measuring points were used as
prediction samples to verify the prediction performance of
the model. The CAD model and the theoretical measuring
points of the free-form surface are shown in Figure 6. The
CMM inspection experiment is shown in Figure 7.

To verify the effectiveness of the proposed algorithm,
four prediction models, including the SSA-RBF, FOA-
RBF, HHO-RBF and IHHO-RBF frameworks, were used
to predict the machining error on the MATLAB R2023b
platform. The theoretical measurement points (the z, y and
z coordinates on the free-form surface) were taken as the
three input parameters of the model, and the data were
normalized and analysed using the grey correlation degree.
The resolution coefficient was 0.5, the initial population
was 50, the number of hidden layer neurons was 20, and the
number of output layer nodes was 1. The mean absolute
error (MAE), mean absolute percentage error (MAPE) and
root mean square error (RMSE) were used as evaluation
indices to evaluate the prediction effect of the model. When
the values of the three evaluation indices are closer to 0, the
prediction performance of the model is better. The
calculation method of the evaluation index is expressed

7
P Free-form Surface Norminal Surface
Fig. 7. CMM inspection experiment.
as follows:
N
E— /. ) 17
OMAE N,Zpyl yill (17)
100% O, s — v
OMAPE = | | (18)
N ; Yi
(19)

where onmagp, Omape and oruse represent the mean
absolute error, mean absolute percentage error and root
mean square error, respectively. N is the sample size, y;’ is
the predicted value of the machining error, and y; is the
actual value of the machining error.

5.3 Experimental results and analysis

The prediction results of the IHHO-RBF, SSA-RBF, FOA-
RBF and HHO-RBF models are shown in Figure 8, and the
prediction errors are shown in Figure 9. The prediction
results for the different models are shown in Table 1, and
the comparison data between the IHHO-RBF prediction
model and the other models are shown in Table 2.
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Fig. 8. Prediction results for different models.
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Fig. 9. Comparison of the prediction errors of different models.
It can be seen in Figure 9 that the ITHHO-RBF SSA-RBF model was relatively stable, but the

model exhibits higher prediction accuracy than the
other prediction models, and the predicted values are
closer to the real values. The prediction performance
of the FOA-RBF and HHO-RBF models was not
stable enough. The prediction performance of the

overall error was higher. The prediction performance
of the THHO-RBF model was stronger. Additionally,
the prediction error fluctuation of the model when the
data distribution was offset was smaller, and the
robustness was stronger.
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Table 1. Prediction results for different models.

Prediction model OMAE/mMM omare/% ORMSE/ MM
SSA-RBF 0.0041 34.51 0.0053
FOA-RBF 0.0061 42.63 0.0067
HHO-RBF 0.0047 35.32 0.0058
IHHO-RBF 0.0026 17.85 0.0028

Table 2. Comparison data between the IHHO-RBF
prediction model and the other models.

Prediction model oy decrease/% opruvse decrease/%

SSA-RBF 36.59% 45.28%
FOA-RBF 57.38% 56.72%
HHO-RBF 44.68% 51.72%

It can be seen in Tables 1 and 2 that the mean absolute
error of the IHHO-RBF model is 0.0026 mm, the root mean
square error is 0.0028 mm, and the mean absolute
percentage error is 17.85%. The mean absolute error of
the SSA-RBF model is 0.0041 mm, the root mean square
error is 0.0053 mm, and the mean absolute percentage error
is 34.51%. The mean absolute error of the HHO-RBF model
i 0.0047 mm, the root mean square error is 0.0058 mm, and
the mean absolute percentage error is 35.32%. The mean
absolute error of the FOA-RBF model is 0.0061 mm, the
root mean square error is 0.0067mm, and the mean
absolute percentage error is 42.63%. Compared with the
FOA-RBF prediction model, the SSA-RBF prediction
model and the HHO-RBF prediction model, the THHO-
RBF prediction model decreased the mean absolute error
by 57.38%, 36.59% and 44.68%, respectively, and the root
mean square error by 56.72%, 45.28% and 51.72%,
respectively.

6 Conclusions

To address the problems associated with machining error
prediction for free-form surfaces, a neural network
prediction model based on the IHHO-RBF neural network
is established. To address the shortcomings of the
exploration and development stages of the HHO algorithm,
a dynamic programming learning mechanism is proposed
to increase its search efficiency, and the Nelder-Mead
algorithm is used to improve its optimization capabilities.
The improved HHO algorithm is used to optimize the
network parameters of the RBF neural network and
enhance the prediction performance of the model. The
prediction experiment involved predicting the machining
errors of free-form surfaces, and the results are compared
with those of other prediction models. The THHO-RBF
neural network model exhibited high prediction accuracy
and strong stability, leading to significant improvements in
the prediction results.
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