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Abstract
In order to improve the grinding efficiency of bearing raceways, a multi-objective optimization method that considers 
the surface integrity constraints of the bearing raceway is proposed. Appropriate design points are selected through 
an orthogonal test, and a response surface model of the grinding parameters along with the response output is estab-
lished on the basis of the test results. Explicit expressions for the grinding force and roughness are formulated, and the 
constraints necessary to meet the quality requirements are obtained. The genetic algorithm NSGA-II is applied to the 
multi-objective optimization of grinding time and material removal rate, and the Pareto set is solved. The results of the 
study show that using optimized grinding parameters can reduce the grinding time and material removal rate, and can 
also help broaden the available knowledge base on high-speed and high-efficiency grinding technology.

Keywords Surface integrity · Response surface model · Orthogonal test · Multi-objective optimization · Grinding 
efficiency

1 Introduction

The importance of bearing raceways, which form the 
working surface of bearings, is quite evident. Grinding is 
widely used in the manufacture of bearings and is one of 
the most important processing methods used in the fab-
rication of bearing raceways. An important requirement 
often encountered in the optimization of such processes 
is the further improvement in grinding efficiency without 
compromising on grinding quality.

Surface integrity of the bearing raceway is the most 
important index used to evaluate their grinding quality [1]. 
The surface integrity of bearing raceway usually includes 
two indexes, namely the surface texture and surface physi-
cal characteristics. The surface texture or accuracy of the 
bearing raceway is usually related to the accuracy of bear-
ing rotation, while the surface physical characteristics of 
the bearing raceway are usually associated with the life of 
the bearing.

The optimization of grinding process parameters can 
be regarded as a multi-objective optimization problem 
[2]. The surface integrity of the bearing raceway can be 
regarded as a constraint condition, and the grinding effi-
ciency of the bearing can be regarded as an objective 
function. Generally, two kinds of algorithms, namely evolu-
tionary algorithms and swarm intelligence algorithms, are 
used to solve multi-objective optimization problems [3].

Evolutionary algorithms generally consist of the 
genetic algorithm and its improved variants [4–6]. Sara-
vanan [7] uses a genetic algorithm to optimize plane-
grinding parameters. Compared with the quadratic 
programming method, the production cost is reduced 
and the productivity is improved. Sedighi [8] uses the 
genetic algorithm and neural networks to predict grind-
ing roughness and grinding removal rate. Swarm intelli-
gence algorithms mainly include the ant colony and par-
ticle swarm optimization algorithms and their improved 
variants [9, 10]. Baskar [11] uses the ant colony algorithm 
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to optimize plane-grinding parameters, reduce produc-
tion costs, and improve productivity. Lee [12] uses parti-
cle swarm optimization to optimize grinding parameters, 
while ensuring grinding quality, improving productivity, 
and reducing production costs.

Several useful and insightful studies have been car-
ried out regarding practical problems in grinding opti-
mization, and these serve well to guide engineering 
applications [13–15].

From the above literature survey, it is evident that 
studies on the grinding efficiency of bearing raceways, 
and especially multi-objective optimization studies, are 
scarce. Many grinding optimization studies do not con-
sider the constraint of bearing raceway surface integrity. 
In this context, the present study establishes a first-order 
response surface model of the grinding tangential force 
and grinding roughness by an orthogonal test, and 
explicit expressions for the grinding tangential force and 
roughness are obtained. The genetic algorithm NSGA-II 
is used to solve the two-objective optimization problem 
of grinding time and grinding removal rate. The results 
of this study are expected to prove valuable for practical 
applications.

2  Experiment

Grinding experiments were carried out on a 3MK1420 
bearing raceway grinder. The grinding wheel material is 
corundum, and the model is P80 X 10 X 20A80KV60. The 
grinding wheel is dressed using a single-point diamond 
pen dresser. An emulsion is used as the grinding fluid, and 
the grinding workpiece is the outer ring of an angular-
contact ball bearing (model: 7014AC) after heat treatment. 
The outer diameter of the ring specimen is 110 mm, inner 
diameter is 98 mm, width is 20 mm, and width of the 
raceway is 7 mm. The material of the ring is bearing steel 
GCr15. The processing equipment is shown in Fig. 1.

Plunge grinding process is used to machine the bearing 
raceway. Plunge grinding is a grinding method in which 
there is no axial motion but only radial motion between 
grinding wheel and workpiece. The grinding process of the 
bearing raceway can be divided into three stages: rough 
grinding, fine grinding, and spark out. When all the three 
stages are completed, the grinding wheel is dressed using 
a diamond pen. It can thus be assumed that the character-
istics of the grinding wheel are the same before the grind-
ing of each bearing raceway.

In Fig. 2, U1 represents the feed speed of rough grinding 
and U2 is the feed speed of fine grinding. The feed speed 
of spark out, U3, is equal to 0. t1 is the rough grinding time, 
t2 is the fine grinding time, and t3 is the spark out time.

3  Optimization algorithm

An important requirement in the manufacture of bearings 
is the improvement in bearing accuracy, while maintain-
ing the required grinding quality. This requirement can be 
expressed as a multi-objective optimization problem that 
is described mathematically as follows:
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In the given problem formulation represented as the set 
of Eq. (1), X is the variable to be optimized, r is the number 
of variables, fi(x) is the optimization objective function, s 
is the number of objective functions, gj(x) is the constraint 
function, and p is the number of constraint functions.

As per the problem defined in this study, improvement 
in the grinding efficiency can be achieved by reducing the 
grinding time and improving the material removal rate.

3.1  Selection of objective function

In the plunge grinding of bearing raceway, a shorter grind-
ing time is considered desirable. First, the total grinding 
time is considered as the optimization objective function 
denoted by,

where t1 is rough grinding time, t2 is fine grinding time, t3 
is spark out time, and t4 is dressing time. In order to ensure 
that the grinding parameters remain similar for each grind-
ing operation, the grinding wheel is dressed once after 
grinding each bearing raceway. The dressing time of the 
grinding wheel is fixed. Hence, only the time durations of 
the rough grinding, fine grinding, and spark out phases 
can possibly be optimized.

Now, the modified grinding time T′ can be written as 
the optimization objective function, as follows:

apr is the depth of rough grinding, U1 is the feed speed of 
rough grinding, apf is the depth of fine grinding, and U2 is 
the feed speed of fine grinding.

The total grinding depth of bearing raceway can be 
divided into rough grinding depth and fine grinding 
depth. The total grinding depth is determined by the 
machining allowance, which is 250 μm.

Now, the material removal rate Z is considered as the 
second objective function.

(1)
X =

�
x1, x2,… xr

�T
min fi(x) =

�
f1(x), f2(x),… , fs(x)

�
s.t. gj(x) ≤ 0 j = 1, 2,… , p

⎫
⎪⎬⎪⎭
.

(2)T = t1 + t2 + t3 + t4.

(3)min T
�

= t1 + t2 + t3.

t1 =
apr

u1
.

t2 =
apf

u2
.

(4)apr + apf = 250.

(5)Z = bvwapf.

b is grinding width, vw is work piece speed, and apf is grind-
ing depth.

According to the function theory, the maximum value 
of f(x) is equivalent to the minimum value of −  f(x). For 
the convenience of optimization, the function Z′ may be 
considered as the objective function of optimization, as 
follows:

3.2  Variable constraints

In order to optimize the grinding time and material 
removal rate, some intermediate variables are eliminated, 
and six appropriate variables mentioned below are 
selected for the optimization.

where vs is grinding speed, vw is workpiece speed, apf is 
grinding depth. u1 is the feed speed of rough grinding, 
u2 is the feed speed of fine grinding, and t3 is the spark 
out time.

Due to the limitations of machine tools and grinding 
wheels, the constraints applicable to these six variables 
can be represented by the following:

4  Response surface model

4.1  Representation of constraints

Grinding quality refers to the surface integrity of the bear-
ing raceway. The surface integrity of bearing raceway 
includes the surface texture and surface physical charac-
teristics. In the context of this study, surface texture refers 
to the roughness of the bearing raceway. The roughness 
of bearing raceway is regarded as the constraint condi-
tion for the multi-objective optimization. In the grind-
ing of bearing raceway, it is considered that a roughness 
less than 0.3 μm is sufficient to meet the grinding quality 

(6)min Z
�

= − bvwapf.

X =
[
vs, vw, apf, u1, u2, t3

]
.

0 ≤ vs ≤ 45.

0 ≤ vw ≤ 1.5.

0 ≤ apf ≤ 30.

5 ≤ t3 ≤ 8.

3 ≤ u1 ≤ 10.

1 ≤ u2 ≤ 3.
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requirements [16]. Thus, the roughness constraint can be 
formulated as:

There are three indexes pertaining to the surface physi-
cal characteristics of bearing raceway, namely the resid-
ual stress, hardness, and metallographic structure of the 
bearing raceway. Rowe [17] studied the effect of grinding 
temperature on the surface integrity of the bearing race-
way: when the grinding temperature is less than 400 °C, 
the residual stress on the bearing raceway is compressive, 
hardness is more than 60 HRC, and the metallographic 
structure does not change. Thus, the grinding temperature 
is regarded as the constraint condition of multi-objective 
optimization. In the bearing raceway grinding, it is con-
sidered that the grinding temperature must be less than 
400 °C to meet the grinding quality requirements [17]. So, 
the next constraint can be formulated as:

4.2  Response surface modeling

In this study, the model of grinding roughness and grind-
ing force is established by the response surface method.

Grinding roughness is assumed to be a function of vs , 
vw , apf [18]. In order to facilitate the optimization, the func-
tion of grinding roughness is needed.

The grinding temperature can be calculated by the fol-
lowing formula [17]:

In the formula, C is the coefficient, 1 for shallow grind-
ing, qw is the heat entering the workpiece, �w is the thermal 
characteristic, and lc is the real contact arc length.

In the given equation, Ft is tangential force, � is heat 
distribution ratio, and b is grinding width.

It can be seen from the above formula that as long as 
the tangential grinding force model is obtained, the tem-
perature model can be obtained.

Tangential grinding force is considered as a function of 
vs, vw, and apf [17].

0 ≤ Ra ≤ 0.3.

0 ≤ T ≤ 400.

(7)Ra = f
(
vs, vw, apf

)
.

(8)T = qw
C

�w

√
lc

vw
.

(9)qw = �
Ft ⋅ vs

lc ⋅ b
.

(10)Ft = f
(
vs, vw, apf

)
.

In order to facilitate the optimization, we need to obtain 
the function of the grinding tangential force.

The response surface method is a method of approxi-
mating the implicit function with a polynomial explicit 
function [19]. The response surface model is established. 
First, the experiment is designed, the data are fitted, and 
finally the predictions related to non-test points are car-
ried out.

Because there are three variables that affect the grind-
ing force and roughness, this study uses three factors 
and three levels in the orthogonal test table to carry out 
experiments.

The first-order model is adopted in the response sur-
face model, and the approximate function can be rep-
resented as:

In Eq.  (11), �i is determined by the least-square 
method, and � is a random error.

Orthogonal test is a three-level and three-factor test.
In the orthogonal grinding experiment, the tangential 

grinding force is obtained by measuring the grinding 
current, and thereby calculating the power. The meas-
uring instrument is the current probe Tek A622. In the 
orthogonal grinding test, the surface roughness Ra of 
the bearing raceway was measured using a PGI contact 
aspheric surface measuring instrument. The measure-
ment results are presented in Table 1. 

The tangential force regression analysis was compiled 
using MATLAB. The significance level was set to 0.02, and 
the confidence level was set to 95%. The explicit func-
tion expression of the tangential grinding force model 
is obtained.

The roughness regression analysis was performed 
using MATLAB. The significance level was set to 0.02, and 

(11)y = �0 + �1xk + �2x2 + �3x3 +⋯ �kxk + �.

(12)Ft = 209.4733 ⋅ v−.04635
s

v0.5278
w

a0.2473
af

.

Table 1  Measurement results from grinding [20]

Group 
num-
ber

Wheel 
speed
vs/m/s

Work 
piece 
speed
vw/m/s

Grind-
ing 
depth
apf/μm

Grinding
force/N

Roughness/
μm

1 20.9 0.5 5 55.1 0.31
2 20.9 0.8 10 81.3 0.35
3 20.9 1.1 15 107.4 0.32
4 29.3 0.5 10 50.5 0.26
5 29.3 0.8 15 73.2 0.26
6 29.3 1.1 5 66.7 0.25
7 37.7 0.5 15 55.4 0.18
8 37.7 0.8 5 52.6 0.16
9 37.7 1.1 10 75.4 0.18
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the confidence level was set to 95%. The explicit func-
tion expression of the roughness model is obtained as 
follows:

The explicit expressions of grinding roughness and 
grinding temperature can be obtained using Eqs. (12) 
and (13), which lay the foundation for the next multi-
objective optimization.

5  Multi‑objective optimization

In this study, the objective function is the minimum grind-
ing time and maximum material removal rate. Grinding 
quality is regarded as a constraint condition, and the multi-
objective optimization problem is established. Genetic 
algorithm NSGA-II is used for multi-objective optimiza-
tion. This algorithm, proposed by Deb, is considered to be 
one of the most effective evolutionary algorithms [21, 22]. 
NSGA-II is an improvement in the conventional genetic 
algorithm. First, it designs a fast, non-dominant operator 
followed by an individual congestion distance operator, 
and lastly, an elite strategy selection operator [23].

A set of Pareto solutions is obtained by multi-objective 
optimization design, and the set of solutions cannot opti-
mize all the objective variables optimal. We can select an 
optimal solution from the Pareto solution set for the opti-
mal solution.

The optimization is performed using MATLAB. In the 
genetic algorithm NSGA-II, the population is 50, the cross-
over probability is 0.6, and the mutation probability is 0.2.

As can be seen from Fig.  3, the grinding time and 
material removal rate converge to a stable value after 

(13)Ra = 7.205 v−1.0545
s

v−0.0027
w

a0.0655
pf

.

approximately 100 iterations. This shows the high con-
vergence speed of genetic algorithm NSGA-II. It is − 360, 
which indicates that the maximum material removal rate 
can reach 360 um 3/s. 37 s, which means that the grinding 
time can reach 37 s.

As can be seen from Fig. 4, the Pareto front surface is 
fairly uniform, and the Pareto curve shows a downward 
trend.

This shows that the genetic algorithm NSGA-II can 
effectively find the Pareto solution. As can be seen from 
Fig. 4, the two objective functions are contradictory and 
follow the polyline relationship. The red box in the figure 
indicates the optimal solution, which maximizes the grind-
ing removal rate and minimizes the grinding time. Based 
on the actual grinding process requirements, a few reason-
able solutions can be selected. In this way, the combina-
tion of grinding parameters will be more flexible.

6  Comparison of optimization results

Based on the result of the orthogonal experiment, a set 
of optimal grinding parameters that satisfy the grinding 
quality requirements are selected. The optimum grind-
ing parameters are the No. 5 test parameters: 29.3 m/s 
wheel speed, 0.8 m/s work piece speed, and 15 um grind-
ing depth. The other grinding parameters are based on 
those recommended by the bearing manufacturers. The 
rough grinding speed is 5 μm/s and the finishing speed 
is 1 μm/s and the polishing time is 7 s. With this group of 
grinding parameters, the roughness of the grinding sur-
face is 0.26 μm, and the physical properties of the grind-
ing surface are satisfactory. Empirical method comes from 
bearing manufacturer.Fig. 3  Optimization iteration

Fig. 4  Pareto set obtained from the analysis
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As can be seen from Table 2, in the new optimized 
grinding parameters, the speed of the grinding wheel 
increases by only about 6.8%. This shows that the 
selected grinding wheel speed is reasonable with 
respect to the grinding parameters of the orthogonal 
test combined with the empirical method. For the other 
grinding parameters, the new optimization method 
has nearly doubled the other grinding parameters. This 
shows that the combination of the orthogonal experi-
ment and empirical method has shortcomings, and opti-
mization is necessary.

Compared with the empirical method, the grinding 
time associated with the optimized method is reduced 
by 46.3%, while the material removal rate increased by 
275%. This indicates that the new optimization method 
has considerable potential engineering applications and 
can be used in the grinding of bearing raceways.

7  Conclusion

(1) The first-order response surface model of the grind-
ing tangential force and grinding roughness was 
established by orthogonal test. The explicit expres-
sions for the tangential force and roughness are 
obtained, and the constraint conditions that satisfy 
the quality requirements are obtained.

(2) Taking the grinding time and material removal rate 
as objective functions and grinding quality param-
eters as constraints, a multi-objective optimization 
problem is proposed. The genetic algorithm NSGA-
II is used to solve the multi-objective optimization 
problem, and a Pareto solution set is obtained. The 
optimal solution is selected from among the mem-
bers of the Pareto solution set.

(3) Compared with the empirical method, the grinding 
time is reduced by 46.3%, and the material removal 
rate is increased by 275% after optimization. The 
grinding efficiency has also been greatly improved. 
This indicates that the method has significant poten-
tial for practical engineering applications.
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