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Abstract: A series of experiments were performed aiming at controlling milling force-induced surface
errors in the robot-assisted milling process, for the sub-area of the multi-stiffener reinforced inner wall
of complex cylindrical thin-walled casting parts, to investigate the relationship between surface errors,
milling forces, and robot-assisted milling parameters. Firstly, based on the design of experiments
(DoE) method, milling forces and surface errors were investigated based on a series of experiments
with different groups of milling parameters. Secondly, the modeling of milling forces, surface errors,
and milling parameters was realized by means of response surface methodology (RSM), then the
parametric expression was obtained of the robot-assisted milling process. Finally, the parameters of
the milling process toward the surface error were obtained based on an evolutionary algorithm. The
results show that the surface errors are different for the different milling styles of down milling and
up milling. In up milling processes, the surface errors are positive, and the actual material removal
amounts are generally higher than the nominal ones, while negative in down milling processes. The
surface errors induced by milling forces can be effectively controlled and reduced using process
optimization in the robot-assisted milling process, while maintaining relatively high milling forces
and high machining efficiency. This provides theoretical support for industry applications.

Keywords: robot-assisted milling; surface error; milling force; parametric modeling; optimization

1. Introduction

Complex cylindrical parts are widely used in machinery in the aerospace field, en-
gineering, and other fields, due to their light weight, simple casting molding process,
and complex internal geometric structure for carrying various types of onboard electrical
equipment and other devices [1–5], such as aerospace cabins and other key structural
components. The quality of the finish processing is significant in improving reliability
and application performance. With technical improvements being achieved in the casting
modeling process, the structural integration of the cylindrical parts is becoming more and
more complex. These new properties require not only a gradual increase in the design
accuracy of the cylindrical structure parts, but also the development of processing and
manufacturing technology to keep pace with the product development. The milling of
casting cylindrical parts is the typical surface multi-area machining process, with complex
structure, a large amount of material removal, and a long manufacturing time. As a neces-
sary process of cylindrical part processing, the milling process of casting cylindrical parts is
an important step to controlling the accuracy of the final wall thickness, and guaranteeing
processing efficiency. However, nowadays, the milling process of casting cylindrical parts
mainly relies on workers’ experience to achieve milling trajectories by artificial teaching
and offline programming, due to the lack of a wall-thickness-oriented control model, which
relies on the ideal model and stable milling conditions. This process fails to deal with
the casting geometric variations in the cylindrical part, and leads to the milling errors of
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thickness or overcutting. What is more, the robotic milling process generally needs to be
manually programmed for different workpieces, which is labor-intensive, low-efficiency,
has poor dimensional accuracy and batch-production consistency, and struggles to meet
the needs of multi-model and batch production.

Robotic-assisted milling has many advantages, such as good flexibility, large working
space, and low equipment cost. It is more and more widely used in the machining pro-
cess of multi-species and small batch parts [6], which can achieve efficient machining of
multi-species parts with different size specifications. However, due to the weak rigidity
characteristics both of the robotic-assisted milling system, and the thin-walled cylindrical
parts, it is difficult to control the surface errors induced by the milling forces in the milling
process [7]. Compared to computer numerical control (CNC) machine tools, the stiffness of
the robotic-assisted milling system, consisting of industrial heavy-duty robots, is only 1/50
to 1/20 of the general CNC machine tools [8]. According to previous studies, approximately
1 mm of trajectory deviation will be generated under the cutting force of 500 N at the end of
the industrial robotic milling system, whereas the trajectory deviation is less than 0.01 mm
on the end of CNC machine tools under the same load. Nowadays, the process design
and offline programming of robotic-assisted milling systems for casting cylindrical parts
mainly rely on repeated manual adjustments according to workers’ experience [9], which is
unstable, and sensitively affected by working conditions, resulting in low efficiency and
precision. Therefore, the key issue to improving the application capability of the robot-
assisted milling system is learning how to realize machining-error control in the process
of robotic-assisted milling for thin-walled and weak rigid cylindrical parts. The typical
robotic-assisted milling process for casting cylindrical parts is shown in Figure 1 below.
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Figure 1. Schematic diagram of the robotic-assisted milling process for casting cylindrical parts.

In the process of robotic-assisted milling, machining error is not only a common
parameter for evaluating the quality of machined surfaces, but also a key index used to
reflect the machining process capability. Both are closely related to the process parame-
ters [10]. Therefore, we intend to study the parametric expression of the milling force in the
machining process with different milling parameters, and to establish expression models
of the relationship between the milling parameters and the milling force, as well as the
surface error after machining [11,12]. This will optimize the performance of the milling
process, and improve processing technology for the robotic-assisted milling processes used
in casting cylindrical parts.
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In recent years, several studies have been conducted on the effect of process param-
eters on the milling quality. Abou-El-Hossein et al. [13] investigated the statistical law
between different milling parameters and milling forces, based on a large amount of ex-
perimental data using the response surface method, and established a cutting force model
with prediction validation. Ratnam et al. [14] investigated the effect of process parameters
on machining performance during turn-mill machining using the Taguchi method, and the
experiment results show that the amount of feed, cutting speed, and cutting depth have
different degrees of influence on the surface roughness and surface hardness. Ni et al. [15]
conducted robotic-assisted milling experiments on 7075-T651 high-strength aerospace alu-
minum alloy under certain postures. The effect of process parameters such as milling depth,
spindle speed, and feed rate on the milling performance was investigated by introducing
contribution rate, based on the analysis of variance (ANOVA), considering the milling
load and surface quality as the study objects. The results showed that the contribution of
milling depth to the milling load was 69.25%. In addition, the surface quality after milling
will directly affect the overall performance of the machined parts. Vakondios et al. [16]
investigated the effect of different milling strategies on the surface roughness of the end
milling of the Al7075-T6 alloy. For each milling strategy, milling experiments were con-
ducted under different cutting conditions, and mathematical models of surface roughness
for each strategy were established, based on regression analysis and the ANOVA method.
Hassanpour et al. [17] measured the surface roughness of a nickel-based alloy at different
milling speeds, feed rates, and milling depths, and established a quadratic model for
predicting the surface roughness based on experimental data analysis. The model showed
that the feed rate had the greatest effect on the surface roughness. The material removal
rate is the main dynamic characteristic that affects the machining surface error during the
robot-assisted milling process. Persoons et al. [18] studied and analyzed the robot cutting
parameters based on the traditional cutting theory, and pointed out that there is a coupling
relationship between the robot cutting removal rate and cutting force. A dynamic model
was proposed, to predict the surface quality of the workpiece. In addition, Huang et al. [19]
showed that normal cutting force, tangential feed rate, and tool speed are also important
factors affecting the material removal rate, and the study by Whitney [20] and Ren [21] also
showed similar conclusions. To further calculate the effect of cutting parameters on the
material removal rate, Song et al. [22] discussed and quantified the relationship between
feed rate, tool speed, robot stiffness, cutting force, and material removal rate (MRR), and a
prediction model of material removal speed was developed, to predict the error due to the
variation in material removal speed during the robot-assisted milling process.

In most of the aforementioned studies, the effects of material properties were consid-
ered, as well as the machining methods and the robot itself, on the machining performance
of the robotic assistant. However, there is less research on the influence law between milling
process parameters; such as milling depth, spindle speed, feed rate; and milling force as
well as surface error under a certain position of the robot milling processing system, which
cannot effectively guide the accurate regulation of the robot milling processing error of the
inner wall of casting cylindrical parts.

Robot-assisted milling parameters are directly related to the machining quality, effi-
ciency, and performance of the milling system. Generally, the design of process parameters
is mostly based on the experience of mechanical engineers. A great deal of research by aca-
demics has focused on designing process parameters for different milling processes [23,24].

In terms of improving the quality of the milling process, Xu et al. [25] studied the
comprehensive effects of milling process parameters and robot posture on machining re-
sults through extensive experiments, and effectively reduced the cutting forces to improve
the surface quality, based on a multi-objective optimization method. S.vijay et al. [26]
optimized the process parameters, such as milling speed, feed per tooth, and milling depth
in the milling process, using the Taguchi method and ANOVA, and achieved a better
machining efficiency. Based on this, Hou et al. [27] combined the Taguchi method, response
surface methodology, and genetic algorithm for parameter design, and applied them to
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the parameter optimization of the milling process. The optimal milling parameters were
obtained, to improve the milling machining capacity and machining quality. In considering
the machining time and energy consumption, Li et al. [28] optimized the spindle speed
and feed rate for different combinations of cutting depth and cutting width parameters,
considering the cutting energy efficiency and machining time cost as the optimization
objectives. E. Budak et al. [29] optimized the process parameters with maximum material
removal rate as the optimization objective, and with machining surface quality and machin-
ing power as constraints in robot-assisted milling. Y Altinas et al. [30] established a cutting
parameter optimization model, to maximize the material removal rate, by selecting the
cutting speed, feed rate, cutting depth, and cutting width. Kumar et al. [31] obtained the
key parameters in end milling using the Taguchi method for the modeling and optimization
of cutting parameters, and the optimal milling process parameters were determined based
on a genetic algorithm. Campatelli et al. [32] optimized process parameters such as cutting
speed, cutting depth, and feed rate, using the response surface method for minimizing
the power consumption in carbon steel milling. Tang et al. [33] proposed a multi-objective
parameter optimization method, to obtain the optimal parameter solutions for maximum
energy efficiency and minimum production time. Velchev et al. [34] proposed a param-
eter optimization method for steel turning, to investigate the effect of the blade grade,
feed, and cutting depth on the minimum energy consumption. In addition, Qin et al. [35]
significantly reduced the overall tool deflection during robotic machining, by optimizing
workpiece posture. Kuram et al. [36] evaluated specific energy, tool life, and surface rough-
ness through milling parameters such as cutting speed, cutting depth, and feed rate. Single
and multi-objective optimization studies were carried out using this mathematical model.

Most of the above studies reveal the influence law between process parameters and the
machining efficiency, as well as the energy efficiency, from experiments, and optimize the
process parameters, with lower consideration given to the influence of process parameters
on the surface error of robot-assisted milling of the inner wall of casting cylindrical parts.
Furthermore, choosing the optimal parameter combinations from the experimental data set
can fail to satisfy the global optimization solution.

According to the above literature, most researchers have studied the effects of material
properties, milling methods, and the robot itself on the robot-assisted milling performance.
However, there are fewer studies on the parametric representation and surface-error control
of the robot-assisted milling process of complex inner walls of casting cylindrical parts
under certain postures.

For this reason, in this study, we designed experiments to study the relationship be-
tween the machining surface quality, and the milling process parameters of aluminum-alloy
casting cylindrical parts. Firstly, through designing the parameters of the milling process,
and performing milling machining experiments, the milling force and the surface error
after machining under different process parameters were obtained. Secondly, the response
surface model of milling forces and surface errors could be established under different
machining process parameters. Finally, we established the process optimization model, and
performed process optimization research based on the evolutionary optimization algorithm,
to obtain the milling process at the optimal machining error. The experimental study pro-
vides an important reference for the practical factory application of robot-assisted milling
of complex thin-walled and cylindrical casting parts. The optimal design of machining
parameters can improve the surface quality and the performance of the robot-assisted
milling process.

2. Experimental Setup

The surface errors that occur during robotic milling are mainly due to variations in
milling forces during the milling process. Therefore, the surface error of the workpiece
can also be referred to as force-induced surface error. The purpose of the experiment in
this paper is to study the milling force and the machining error of the machined surface
under different milling processing parameters of the robot-assisted milling system. Ex-
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periments were analyzed and investigated through the following three steps: (1) milling
experiments, through designing milling process parameters, performing milling experi-
ments with different machining parameters, and obtaining the corresponding machined
surfaces; (2) milling force measurement, using the force sensor to measure the milling forces
during the milling process, and obtain the milling forces of different milling processes; and
(3) surface measurement, to measure the quality of the machined surface before and after
the milling process, to obtain the machined surface error.

Machining experiments were performed using a robot-assisted milling machining
system. A typical square experimental sample workpiece was designed to study the
milling performance under different milling processing parameters. The sample workpiece
material was the ZL114A aluminum alloy. The workpiece size of the milling sample
is 100 mm × 100 mm × 40 mm, as shown in Figure 2. The workpiece of the machining
sample is clamped to the force-measurement instrument, to record the milling force during
the machining process in real time.
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As shown in Figure 2, the machining equipment was designed for the milling of the
complex inner wall of casting cylindrical parts, consisting of an industrial-grade robot
end-mounted extension bar. The movable fixture was fixed to the Kistler three-way dy-
namometer (Type 9257B). The collected data were filtered to obtain the change in milling
forces during machining. Each experiment went through two processes, rough milling and
finish milling; the finish-milling process used minimum quantity lubrication (MQL) milling
to obtain the final machined surface. A helical 4-edge milling cutter with PVD coating was
used in the machining process.

Experimental parameters and experimental protocols were developed using Taguchi’s
experimental design methodology, based on processing requirements. The machining
parameters of the finish milling process are shown in Table 1. The experimental design
was used to perform the machining experiments, with different combinations of machining
parameters. The effect of the milling process parameters on the milling force and the
machining error was studied, to obtain the optimal milling process parameters. Using
orthogonal experimental design, four levels were selected for each milling parameter, and a
total of eighteen groups of experiments were performed, of which the last two groups were
designed as validation experiments. Each milled surface is planned with nine measuring
points, and the surface was measured before and after machining, using the vernier caliper
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and ultrasonic measuring device. This gave the surface error of the workpiece, as shown in
Figure 3.

Table 1. Design of finish-milling parameter factor level table.

Parameter
Level

Spindle Speed
[r/min]

Feed per Tooth
[mm/tooth]

Cutting Depth
[mm]

Radial Cutting Depth
[mm]

1 6000 0.03 1.0 3.2
2 9000 0.04 1.5 6.4
3 12,000 0.05 2.0 9.6
4 15,000 0.06 2.5 12.8
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The specific experimental process is as follows. Firstly, the rough parts went through
multiple rough-milling processes, to make the surface error of the machined area consistent.
The rough-milling process was carried out with micro-cutting depth and high speed, to
ensure the uniformity of the machined surface error, and to measure the initial machined
surface error. Finally, the finish-milling process was carried out, to obtain the machined
surface with different combinations of machining parameters, and to measure the machined
surface error. The experimental design and results are shown in Table 2.

Table 2. Experimental design and results.

Number

Parameter Level Up Milling
Spindle
Speed

Feed per
Tooth

Cutting
Depth

Radial Cutting
Depth Fx Fy Fz εrr Standard

Deviation[r/min] [mm/tooth] [mm] [mm] [N] [N] [N] [mm]

1 6000 0.03 1 3.2 −23.89 −1.75 −11.81 0.016 0.015
2 6000 0.04 1.5 6.4 −64.10 −5.12 −3.06 0.02 0.017
3 6000 0.06 2.5 12.8 −172.68 −31.25 75.73 0.224 0.033
4 8000 0.05 1.2 11.2 −74.84 −8.71 28.18 0.055 0.051
5 9000 0.03 1.5 9.6 −66.55 −6.18 3.83 0.042 0.028
6 9000 0.04 1 12.8 −58.12 −5.69 15.21 0.017 0.027
7 9000 0.05 2.5 3.2 −63.24 −7.24 −20.50 0.056 0.027
8 9000 0.06 2 6.4 −94.53 −12.66 2.06 0.041 0.029
9 10,000 0.05 1.6 8 −87.04 −10.04 22.99 0.072 0.046
10 12,000 0.03 2 12.8 −91.55 −10.34 19.21 0.075 0.032
11 12,000 0.04 2.5 9.6 −111.11 −14.08 15.86 0.086 0.030
12 12,000 0.06 1.5 3.2 −43.19 −4.33 −16.24 0.050 0.022
13 15,000 0.03 2.5 6.4 −76.81 −7.62 −8.83 0.048 0.019
14 15,000 0.04 2 3.2 −45.47 −3.92 −15.97 0.10 0.063
15 15,000 0.05 1.5 12.8 −87.95 −10.93 36.76 0.147 0.065
16 15,000 0.06 1 9.6 −59.82 −6.92 21.40 0.095 0.037
T1 8000 0.04 1.6 9.6 −80.45 −7.97 13.27 0.045 0.069
T2 13,000 0.03 1.8 11.2 −83.17 −9.47 18.17 0.050 0.029
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3. Model Construction Based on the Response Surface Methodology

Response surface methodology is a mathematical method that integrates experimental
design and statistical analysis, which is widely applied in different fields to study the
influence of multiple process parameters on the objective parameters. By establishing a
regression analysis model of multiple input influencing parameters and target parameters,
complex response relationships can be fitted with good robustness [37,38]. A generalized
quadratic regression model expression is shown in the following equation:

Y = f (X) = b0 +
k

∑
i=1

biXi +
k−1

∑
i=1

k

∑
j=i+1

bijXiXj +
k

∑
i=1

biiX2
i + ε (1)

where b0 is the constant coefficient,b1, b2 . . . bk and b11, b22 . . . bkk are the coefficients of the
one-degree term and quadratic term of the RSM, respectively, b12, b13 . . . b(k−1)k denotes
the coefficient of the cross-effect term; Xi and Xj are the input variables of the design
X = [v, f , ap, ae], Y is the target variable Y = [Fx, Fy, Fz, Err]

t.
As shown in Table 1, for this study, we mainly selected process parameters, such

as spindle speed, feed rate, and cutting depth, that have an impact on milling force and
machining deformation, to study their influence laws on the machining performance. In
order to accurately express the influence law of each machining parameter on the milling
force and the surface error caused by the machining deformation, the relationship model
between them and the machining parameters is established with RSM, as shown in the
following equation:

Fx = 1.20 × 102 − 1.55 × 10−2v − 4.57 × 103 f + 60.7ap − 5.74ae
+2.86 × 10−1v f + 2.81 × 10−3vap − 1.37 × 10−4vae − 1.04 × 103 f ap − 3.19 f ae − 4.92apae
−7.20 × 10−8v2 + 3.09 × 104 f 2 − 7.30a2

p+6.97 × 10−1a2
e

(2)

Fy = 6.01 − 3.51 × 10−3v − 1.33 × 102 f + 1.50 × 101ap + 8.52 × 10−1ae
+4.39 × 10−2v f + 5.73 × 10−4vap + 8.40 × 10−6vae − 2.22 × 102 f ap − 2.11 × 101 f ae
−9.67 × 10−1apae + 2.05 × 10−8v2 + 6.42 × 102 f 2 − 2.10a2

p+5.38 × 10−2a2
e

(3)

Fz = −1.95 × 102 + 3.05 × 10−2v + 3.90 × 103 f + 3.08 × 101ap − 1.73 × 101ae
−2.44 × 10−1v f − 4.74 × 10−3vap + 1.29 × 10−4vae − 3.83 × 102 f ap + 2.59 × 102 f ae
+4.0apae − 5.90 × 10−7v2 − 2.90 × 104 f 2 − 1.64a2

p+8.16 × 10−2a2
e

(4)

εrr = −0.09 + 3.07 × 10−5v − 8.96 f + 0.436ap − 6.77 × 10−2ae
+4.34 × 10−4v f − 9.43 × 10−6vap − 8.43 × 10−7vae − 1.87 f ap + 0.974 f ae + 4.26 × 10−3apae
−1.20 × 10−9v2 + 4.11 f 2 − 6.49 × 10−2a2

p+1.96 × 10−3a2
e

(5)

The correlation coefficient of the regression model is a measurement of the degree of
model fitting, and is calculated as follows. The expression can be described as an equation:

R2 =
SSR
SST

(6)

where SSR is the sum of squares of the differences between the predicted and actual values
of all observations in the regression model; SST is the sum of squares of the differences
between all observations and their mean values. The results of the correlation coefficients
of the regression models established in this paper are shown in Table 3, and the values are
all close to 1, indicating the validity of the regression models above.

Table 3. Correlation coefficients of the regression models.

Correlation Coefficient Fx Fy Fz εrr

R2 0.9954 0.9996 0.9996 0.9979
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4. Experimental Results and Analysis

For this section, the results of the above experiments were analyzed, to obtain the
machining surface error with different milling-processing parameters, as well as the char-
acteristics of the milling force and its relationship with the machining surface error for
different machining processes. We did this by choosing the optimal machining surface error,
and designing the machining process that formed this surface error, and then improving
milling performance in practical engineering applications.

4.1. Experimental Results

In this paper, the experimental device is shown in Figure 2. During the milling process,
the robot drove the spindle-connecting link, to drive the electric spindle, and finish the
milling process of the part surface along the preset milling path. During the machining
process, the change in milling force during the surface milling of the workpiece was
recorded, and after each group of experiments was completed, the surface error of the
machined part was recorded.

As an example, we will consider the machining robot Group 15 milling experiment.
Figures 4 and 5 show the surface area of the machined part after machining, and the
measured curves of the machining force under different machining paths. The method
of machining was end milling. The surface of the workpiece was machined from bottom
to top in the machining process, and the milling trajectory was zigzag. In this case, the
previous milling path would be covered by the next one. The machining errors caused by
this phenomenon would be magnified by the weak stiffness of the robotic milling system.
Through measuring and observing the machined surface of the part, it was found that a
more obvious surface error occurred at the junction of the different milling paths under the
same milling parameters. As can be seen from Figure 5, the milling force of smooth milling
and reverse milling in the machining process is different. Because of the weak rigidity
characteristics of the machining system itself, the pulling phenomenon that occurs at the
end of the workpiece during the reverse milling process is more obvious, when the actual
feed of the tool point along the Y direction is deeper.
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Figure 6 shows the workpiece surface after experimenting with 16 robot-assisted
milling treatment groups. It can be seen from the figure that the surface of the workpiece
of experiments 5 and 6 was smoother, and the surface error was smaller, than that of
experiments 10 and 13. As can be seen from Table 2, the milling depth and milling width of
experiments 5 and 6 were small, and the variation in the milling force in the process was
smaller. Therefore, for the robot milling system with weak stiffness, the actual position
of the point was closer to the ideal position, and the surface error of the workpiece was
obviously reduced. On the contrary, the surface error of the workpiece increased obviously
in experiments 10 and 13. This is consistent with the analysis in Figure 4 above.
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From the analysis of the experimental results, it can be seen that the robot milling
process often showed the phenomenon of “pulling the tool inward in the up milling process
while pushing the tool outward in the down milling process”. Therefore, excessive up
milling radial force should be avoided during the milling process of thin-walled cylindrical
parts, in order to minimize the surface error after milling, and reduce the risk of cutting
through the inner wall of casting cylindrical parts.

Figure 7 shows the statistical graph of the stable cutting force of each up milling tool
path during the milling experiment. It can be seen from the graph that the X-directional
milling force was the largest during the milling process, which mainly affected the tilt angle
of the tool. The Y-direction milling force was smaller, and mainly affected the tool tilt of
the vertical workpiece machining surface, and then affected the actual cutting depth of
the tool on the workpiece surface, forming the machining surface error. Different milling
parameters had different magnitudes of milling force in the machining process, and the
control of milling force in the subsequent milling process could be realized through the
selection of milling parameters.
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Furthermore, the relationship between the milling force and the machining surface
error is analyzed as an example of a Y-directional milling force. The statistical relationship
between the Y-direction milling force and the machined surface error is shown in Figure 8.
From the graph, it can be seen that the milling machining surface error increased with
the increase in the axial milling force, and the two showed a non-linear relationship.
Meanwhile, the machining surface error was also affected by the force in other directions,
and other factors.
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4.2. Response Surface Model Accuracy Analysis

Table 2 gives the measurement results for the first 16 sets of experiments and the final
2 sets of validation experiments, respectively. For the first 16 experimental data groups,
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respectively, we constructed response surface models of machining area error and milling
force in the XYZ direction, and verified the performance of the fit. The prediction results
from the two groups of validation experiments were then calculated using the established
response-surface models, and compared to the actual measured results, in order to verify
the predictive ability of the established response surface models within the feasible region
of the machining parameter space. Figures 9–12 show the response surface fit accuracy and
the prediction accuracy of the machining surface error and the XYZ milling force in three
directions, respectively. From the plot, it can be seen that the response surface model had a
good accuracy of fit, and also showed a high accuracy of prediction in terms of prediction,
which tested the efficacy of the response surface models established in this paper on a
surface error and three-direction XYZ milling forces in robot assisted milling processes.
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milling force.

5. Process Optimization Based on Evolutionary Algorithm

The main objective of this study was to investigate the influence law between the
milling process parameters and the milling force, as well as the machining surface error of
the workpiece, and then to obtain the milling parameters that minimized the machining
surface error of the workpiece. An evolutionary algorithm (EA), also known as an evolu-
tionary optimization algorithm, is a heuristic random search algorithm with a “generation +
detection” iterative process, and its vigorous development reflects the recent development
of science and technology in the interpenetration and mutual promotion of life sciences and
engineering sciences [39]. Evolutionary algorithms can achieve the global optimization of
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multi-factor objective functions via the simulation of the natural evolution process through
program iterations, and then searching for the optimal solution for the problem in the
feasible domain. Therefore, the milling process optimization work presented in this section
was conducted based on the above response surface model, combined with an evolutionary
optimization algorithm. The optimization model is constructed as shown in the following
equation: {

minimizeεrr= f(X)
s.t.Xlow ≤ X ≤ Xup (7)

where Xlow and Xup, respectively, are the upper and lower limits of the constraint range of
the milling process parameters. The upper and lower limits of the range of values of the
variables in this paper are Xlow = [5000, 0.02, 0.8, 3.0] and Xup = [16000, 0.08, 2.8, 14].

An evolutionary optimization algorithm was used to carry out the optimization model
of the above optimization model, to find the optimal calculation. The variation in the
workpiece surface error, with the generations of population evolution in the calculation
process, is shown in Figure 13. It can be seen from the graph that the optimization process
converged to the optimal value after 100 generations, which reflects the fast optimization-
seeking capability of the evolutionary optimization algorithm in the optimization process.
After optimization, the optimal surface error is 4.406 × 10−7 mm, which is close to 0.
The corresponding machining parameters are [9511 r/min, 0.039 mm/tooth, 1.078 mm,
10.51 mm], respectively, and the corresponding milling forces are [−70.91 N, −7.01 N,
17.43 N], while the mean values of the milling forces are [−66.11 N, −6.66 N, 6.79 N], as
shown in Figures 14–16. It can be seen that the surface error of the milling process can
be minimized by the optimization of the process parameters. The results also show that
the optimized surface error is not corresponding with the minimum milling forces. That
is to say, it is not proper to control surface errors in the robot-assisted milling process
by indicatively reducing milling forces, which may lead to lower machining efficiency.
Therefore, the model proposed in this paper provides a theoretical way to control surface
errors, while maintaining higher milling forces and machining efficiency.
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Figure 14. The plot of the mean and optimal values of X-directional milling force with population
evolution in the optimization process.
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Figure 15. The plot of the mean and optimal values of Y-directional milling force with population
evolution in the optimization process.
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Figure 16. The plot of the mean and optimal values of Z-directional milling force with population
evolution in the optimization process.

6. Conclusions

The exploration of robot milling experiments, and optimization of process parameters
can effectively reduce the machining area error. The conclusions of this paper are as follows.

1. The relationship between the ZL114A aluminum alloy robot-assisted milling process
parameters and the milling force, as well as the surface error after machining, was
investigated through milling machining experiments, machining surface measurement
experiments, and milling-force measurement experiments. The process of milling
robots demonstrates the phenomenon of “pulling the tool inwards in the up milling
process while pushing the tool outwards in the down milling process”, excessive
upward radial milling force should therefore be avoided as much as possible in
practical application, in order to reduce the risk of cutting into the complex inner wall
of cylindrical castings.

2. Experimental results have shown that machined surfaces with different milling param-
eters have different surface qualities and mechanical properties. The optimization of
the machining parameters of the milling process can improve the milling performance
and the surface quality of the robot, and the machined area error can be kept within an
appropriate range, which provides a theoretical foundation for practical application
in later plants.
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