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Abstract
This paper takes the existing optimized single product production scheduling scheme as the cloud
service resource, and the production planning scheme for the product to be processed as the request
task, and then subjects the two to semantic search and matching to generate a set of optimal production
planning schemes. Then this paper innovatively takes the minimum production and processing cost,
processing time, equipment state and minimum transport distance in product processing as the
objective functions, and uses the penalty function to establish the fitness function to constrain the
group leader optimization algorithm. After that, the proposed improved group leader optimization
algorithm (GLOA) is used to screen the generated scheme set, and finally the optimal intelligent
workshop control and scheduling scheme is obtained. The simulation results show that the proposed
GLOA algorithm achieves a good convergence and is well adaptable. The research conclusions can
provide theoretical reference for the intelligent workshop control and scheduling in single product
manufacturing.
(Received, processed and accepted by the Chinese Representative Office.)
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1. INTRODUCTION
With the increasing demand for specialized, personalized and diversified products in the
production market, production of single-piece custom-made products has gradually become
the main production mode for many manufacturers [1]. Custom-made products, such as deep
mining equipment, special processing machines, vessels under harsh conditions and custommade cars, etc., differ a lot from common products in terms of appearance, size and function
[2]. Due to the complex production process, the difficult scheduling and the infeasibility for
mass production, the conventional workshop production scheduling mode is not applicable to
the manufacturing of single-piece products. Therefore, it has become a research hotspot to
explore new optimized intelligent production scheduling modes to realize intelligent
manufacturing [3-5].
At present, most manufacturing companies resort to intelligent methods (cloud
manufacturing, cloud service, Internet of Things, etc.) to optimize the production and
processing scheduling of single-piece customized products and obtain real-time information
on production scheduling and logistics through the cloud manufacturing platform [6-11].
Production and processing planning, as the core of production scheduling, is the foundation
for the optimal processing and rational resource allocation of single-piece products. So far,
researchers have carried out extensive research on the intelligent production and processing
planning and rational resources allocation [12-15]. For example, Framinan and Perez-
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Gonzalez used the greedy search algorithms to solve the optimal scheduling of multiple
personalized orders [16]; Gomes et al. optimized the single-piece customized production
scheduling based on the proposed predictive-reactive scheduling algorithm [17]; Yang et al.
proposed a genetic algorithm with priority rules that takes into account factors such as scrap
rate, temporary increase of product and delivery rate during production and processing [18];
aiming to reduce search space and computing time, Vidal et al. proposed an algorithm
combining evolutionary computation and BP neural network to solve the scheduling
efficiency reduction caused by product diversity [19]. Phanden et al. and Li et al. also studied
the optimal scheduling of production and processing by intelligent means from different
angles [20, 21].
The above research results can achieve good scheduling effect when the product
processing scale is small, but when the scale is larger, they will be no longer applicable to the
intelligent process planning and decision making of the workshop production [22-24]. In
recent years, some researchers have worked on sharing the information, equipment and
resources of different manufacturing enterprises through the service platform such as cloud
manufacturing to realize the individualized needs of customers, so as to achieve the
reutilization of processing resources and previous experience [25, 26].
By referring to the processing decision-making method of “cloud service manufacturing”,
this paper takes the existing optimized single product production scheduling scheme as the
cloud service resource, and the production planning scheme for the products to be processed
as the request task, and then subjects the two to semantic search and matching to generate a
set of optimal production planning schemes. It then uses the proposed improved group leader
optimization algorithm (GLOA) to screen the generated scheme set, and finally obtains the
optimal intelligent workshop control and scheduling scheme.

2. RELATED CONCEPTS AND PROBLEM DESCRIPTION
This section first explains some concepts mentioned in this paper.
Processing features of product parts: these are the basis for intelligent workshop control
and scheduling optimization. They contain all the dimensional information and processing
requirements of the product parts. The parts of the one-piece product include n general
machining features Fi:
Fi  F1 , F2 , F3 ,..Fi ,..., Fn 
(1)
Fi generally refers to the shapes, grooves and chamfers, etc. of the parts, and is generally
achieved by the combination of various processing schemes.
Semantic matching: this paper uses the ontology web language (OWL) to describe the
related services of workshop production and processing scheduling, mainly including the
input, output, premise and effect of cloud services. OWL can make the customer’s needs
better understood by the manufacturer.
Real-time status of processing equipment: the status (S) of all processing equipment in the
workshop is collected by a radio frequency identification device in real time, and can be
evaluated with the following equations:
 Processing equipment load rate d1

d1  Te Tw  Tr  100%

(2)

 Equipment processing pass rate d2
d2  ng n 100%

 Product processing completion rate d3
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d3  n np 100%

(4)

d4  Ts Tw 100%

(5)

 Equipment failure rate d4

Te, Tw, and Tr represent the actual working time, theoretical working time, and breakdown
maintenance time of the equipment; n is the number of products; np is the number of products
to be processed.
Fig. 1 shows the intelligent workshop processing scheduling and decision-making process
designed in this paper.

Figure 1: Intelligent workshop product processing scheduling and decision-making process.

In the product processing planning, the first step is to conduct semantic matching of
schemes, so that the optimal processing scheduling scheme can be selected from the set of
historical schemes and design schemes. The matching rule is based on the concepts of
parameters within the scheme.

1,
L1  L2

1

sim  L1 , L2   
, Inheritance relationship
1  dis  L1 , L2 

0,
No inheritance relationship


(6)

L1 and L2 are arbitrary sub-concepts in the set of scheme concepts, and dis(L1, L2) is the
distance between the two, and there are

0,
L1  L2

dis  L1 , L2   l L1 , L2      n , Inheritance relationship

,
No inheritance relationship


(7)

The matching degree of the statement concepts is verified according to Eq. (6). When
there is a mismatch, the original production and processing plan will be adjusted, and the
above mismatch will be included in the historical planning schemes. The semantic matching
process of intelligent workshop scheduling is shown in Fig. 2.
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Figure 2: Semantic matching process of intelligent workshop scheduling.

After intelligent matching, the candidate scheme set is formed as follows:



V i  V1ii ,V2ii ,V3ii ,...,Vkii ,...,Vii



i  1, 2,..., n

(8)

where, Vi represents the candidate optimization scheme, in which, the specific relationship
between the process and the equipment is shown in Fig. 3.

Figure 3: Relationships between processes, processing features and equipment in a candidate
intelligent processing scheme.
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3. INTELLIGENT WORKSHOP SCHEDULING SCHEME MODEL AND
SOLUTION METHOD
3.1 Mathematic model for the scheduling scheme
This paper takes the minimum production and processing cost, processing time, equipment
state and minimum transport distance in product processing as the optimization objectives,
and establishes the mathematical model for the intelligent workshop scheduling scheme
[27, 28]. The objective function is as follows:
 Minimum transport distance D in product processing:


n

D  min  DV i  ki
i 1 k 1

(9)

ki

 Shortest overall processing time T:
n



m

T  min  DVji  ki
i 1 k 1 j 1

ki

(10)

 Minimum overall processing cost C:
n



m

C  min  CVji  ki
i 1 k 1 j 1

ki

(11)

 Optimal equipment processing state S:
S

n  m
1
max  SVji  ki
ki
m
i 1 k 1 j 1

(12)

The mathematical optimization model established in this paper targets the multi-objective
minimum value of Eqs. (9) to (12).


D  Dmin
T  Tmin
C  Cmin
f  min  1
 2
 3
 4 S 
Tmax  Tmin
Cmax  Cmin
 Dmax  Dmin

4

s.t.


q 1

q

 1,

q  0,1 ,

(13)

q  1, 2,3, 4

ω1-ω4 are the weighting coefficients of the four sub-objective functions. Since Eq. (12)
needs to consider the range of the independent variable in the calculation process, the penalty
function is used to establish the fitness function FE:
n

FE  f  M   hk2  x 

(14)

k 1

hk(x) is the constraint equation and M is the penalty coefficient.
3.2 Model solving algorithm
A common method for solving workshop scheduling is the heuristic intelligent algorithm.
Due to the high discreteness of single-piece product processing scheduling, this paper makes
an improvement to the original group leadership algorithm to solve the intelligent workshop
control and scheduling model.
The group leadership optimization algorithm (GLOA) divides the searched space into subgroups, each having a leader, who is the member with the global minimum value within the
sub-group. The features of a member in the group are influenced by both the leader and other
members. If (after each iteration) the objective function value of the child group member is
smaller than that of the parent group leader, then the leader will be automatically replaced by
the above member in the next iteration.
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The relevant constrained parameters of the optimized scheduling scheme are mapped to
the parameters in the GLOA algorithm one by one. In the GLOA calculation, the pth member
in the gth group can be expressed with the following equations:
 x pg  t    x pg,1  t  , x pg,2  t  ,..., x pg, j  t  ,..., x pg,m  t  

n

m

i


i 1


(15)

The mapping relationships between the constrained parameters of the optimized
scheduling scheme and the parameters of the GLOA algorithm are shown in Fig. 4.

Figure 4: Mapping relationships between the constrained parameters of the optimized scheduling
scheme and the parameters of the GLOA algorithm.

Fig. 5 shows the calculation process flow of the proposed GLOA.

Figure 5: Calculation process flow of GLOA.
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Figure 6: One-way cross calculation.

The specific steps of the algorithm are as follows:
(1) Initialization of the algorithm-related parameters. Break the initial group down into M
sub-groups, each having P members. Calculate the fitness FE of each member.
(2) Obtain the leader of the initial sub-group based on FE, and carry out iterative
calculation i.
(3) Variation recombination. Conduct variation recombination of the group members so
that the algorithm will finally obtain the global optimal solution. This paper uses the
sequential traversing method to perform variation recombination of group members. The
calculation formula is as follows:

new gp  t   r1  x pg  t   r2  Leader g  t   r3  Random

(16)

where, Random adopts the Gaussian distribution.
   x  x g 2 
1
p, j

Random ~ N  x ,1 
exp 


2
2π


g
p, j

(17)

(4) One-way cross calculation. The overall architecture of the one-way cross calculation is
shown in Fig. 6.
(5) Select the local minimum using the method in Fig. 6. Repeat steps (2)-(4) until the
optimal fitness is selected as the final solution.

4. SIMULATION TEST AND RESULTS ANALYSIS
This paper takes the gear shaft processing in a workshop as an example to verify the
feasibility of the mathematical model and algorithm proposed. 6 processing features of the
gear shaft are selected, as listed in Table I.
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Table I: Gear shaft processing features.
Fi

F1

Definition

End

F2

F3

F4

F5

F6

Cylindrical Blind hole Flat key Thread Straight tooth

The diameter of the cylinder is 140 mm; the diameter of the tooth surface 130 mm; the
width of the keyway 19 mm, the length 106 mm, and the required machining precision IT9;
and the required machining precision for other features IT7. Figs. 7 and 8 illustrate the
concept tree of gear shaft machining features and the corresponding weights.

Figure 7: Concept tree of the gear shaft machining features and corresponding weights.

Figure 8: Concept tree of the gear shaft machining precision and corresponding weights.

According to the calculation method above, the production scheduling schemes for the
cylindrical shape, the flat keyway and the straight tooth are summarized, as shown in Table II.
There are 3, 4 and 4 planned schemes for end face, blind hole and thread, respectively.
According to the importance of each sub-objective function in Eqs. (9) to (12), the weights of
the sub-objective functions are given as ω1 = 0.17, ω2 = 0.26, ω3 = 0.28 and ω4 = 0.29. Then
according to Eq. (13), the objective function obtained is as follows:
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20
20
20
 20

f  min  1  Di xi  2  Ti xi  3  Ci xi  4  Si xi 
i 1
i 1
i 1
 i 1

 x1  x2  x3  1
x  x  1
 4 5
 x6  x7  x8  x9  1

s.t.  x10  x11  x12  x13  1
x  x  x  x  1
 14 15 16 17
 x18  x19  x20  1
 x ~ x  0 or 1
20
 1

(18)

Table II: Production scheduling schemes for the cylindrical shape,
the flat keyway and the straight tooth.
Processing
feature

Processing
Scheme
V2 1

Cylindrical
V2 2
V4 1
V4 2
Flat keyway
V4 3
V4 4
V6 1
Straight
tooth

V6 2
V6 3

Master operation

Device

Rough turning-semifinish turning-finish
NC lathe, grinder
turning-grinding
Rough turning-semifinish turning-finish
NC lathe, grinder
turning-grinding
Rough milling-finish
NC milling machine
milling
Rough milling-finish
Plane miller
milling
Rough milling-finish
Machining centre
milling
Cutting grooves-milling
NC cutting machine, NC
grooves
milling machine
Hobbing-shaving-gear
Hobbing machine, shaving
honing
machine, gear honing machine
Gear shaping-shaving- Gear shaping machine, shaving
gear honing
machine, gear honing machine
Hobbing machine, gear
Hobbing-gear grinding
grinding machine

C
T
D
(yuan) (min) (m)
119

22

7

158

30

7

72

10

0

92

7

0

112

6

0

82

8

4.5

312

430

6

337

425

7

452

293

8

The traditional genetic algorithm (GA) is compared with the proposed algorithm (GLOA)
here. The number of iterations is G = 200, the initial number of groups set to 50, with 30
members in each group, and the number of groups crossed in each iteration set to 7. Fig. 9
shows the comparison of the optimal values of the GA algorithm and the GLOA algorithm.
It can be seen from Fig. 9 that the traditional GA algorithm converges very fast, and
already falls into the local optimal solution in the early iteration, while the GLOA algorithm
proposed in this paper converges well and reaches the global optimal solution after 99
iterations. According to the proposed mathematical model, under this algorithm, the shortest
transport distance in the processing of the single-piece product is 9 m, the minimum
processing time 508 min, the total cost 911 RMB, and the real-time status S of the processing
equipment 0.415; on the other hand, under the GA algorithm, the shortest transport distance is
9 m, the minimum processing time 537 min, the processing cost 878 RMB, and the S value
0.601. Overall, GLOA has better fitness than GA, and the algorithm accuracy is improved by
about 20 %, which proves the effectiveness and superiority of the proposed algorithm.
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Figure 9: Comparison of the optimal values of GLOA (left) and GA (right).

5. CONCLUSIONS
By referring to the processing decision-making method of “cloud service manufacturing”, this
paper takes the existing optimized single product production scheduling scheme as the cloud
service resource, and the production planning scheme for the products to be processed as the
request task, and then subjects the two to semantic search and matching to generate a set of
optimal production planning schemes. Then it uses the proposed improved GLOA to screen
the generated scheme set, and finally obtains the optimal intelligent workshop control and
scheduling scheme.
This paper innovatively takes the minimum production and processing cost, processing
time, equipment state and minimum transport distance in product processing as the objective
functions, and uses the penalty function to establish the fitness function to constrain the
GLOA algorithm. GLOA is optimized to further adapt to the high discreteness of the single
product manufacturing scheduling process.
The simulation results show that the proposed GLOA algorithm achieves a good
convergence – it reaches the global optimal solution after 99 iterations, and compared with
GA, GLOA has better adaptability. Both aspects prove the effectiveness and superiority of the
proposed algorithm.
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