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ABSTRACT 
When a manufacturing enterprise adopts lean manufacturing system for multi-species production and 
processing of products, the workshop production scheduling problem (i.e., production scheduling) is 
a major factor affecting the production efficiency of products. Aiming at the shortcomings of the 
standard simulated annealing algorithm, which is easy to fall into the local optimum due to the 
influence of stochastic factors, this paper designs an improved simulated annealing algorithm with 
tempering and slow-cooling functions, and an event-driven priority coefficient search for solving the 
dynamic scheduling optimization model of the production line. At the same time for specific cases of 
simulation and parameter testing of the algorithm, and respectively with manual scheduling results, 
the performance of the basic algorithm before the improvement of experimental comparison and 
analysis, to find the optimization effect of the improved optimization scheduling algorithm. Compared 
with the manual scheduling method, this paper's method significantly optimizes the two objectives of 
total weighted delay time and production energy consumption. Compared with the basic SA algorithm, 
the accuracy of chromosome encoding of this paper's method is improved by 233.33% and the 
computing workload is reduced by 79.51%, which verifies the feasibility and efficiency of this 
algorithm's optimization scheme. 

Keywords: lean manufacturing, priority coefficient search, improved simulated annealing algorithm, 
dynamic scheduling 
 

1. Introduction 

Small and medium-sized enterprises (SMEs) account for the majority of China's manufacturing 
industry, presenting the production characteristics of multiple varieties and small batches. These 
enterprises often have problems such as poor technological innovation ability, imperfect equipment 
management, inability to guarantee the delivery date, etc. In terms of production plan scheduling, they 
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often fail to reasonably decompose the orders into operation plans, resulting in production line 
imbalance problems [1-2]. And the production process is not integrated into the lean management 
ideas, resulting in production waste and inventory surplus, these problems make the competitiveness 
of small and medium-sized enterprises is weak, unable to meet the customer's requirements for 
product diversity [3-4]. Therefore, it is of great significance to research and develop a modern 
manufacturing execution system for small and medium-sized manufacturing enterprises (SMEs) in 
view of the production characteristics and problems of SMEs. 

Production scheduling can also be referred to as production scheduling, which is the process of 
finally reaching production goals by rationally allocating limited production resources and arranging 
production planning tasks under the premise of time or space resource constraints [5-7]. Production 
scheduling determines the start time and end time of all orders within the planned scope on the 
processing of required resources, i.e., it indicates the processing procedures of orders on the given 
resources [8-10]. However, the production scheduling of some companies still uses manual Excel 
scheduling and only considers the batching of super-large orders, which leads to low efficiency of the 
company's scheduling, and the big difference between the demand estimation of the capacity and the 
actual capacity, which is obviously not able to satisfy the development of the present time, and 
therefore it is necessary to seek for a more effective scheduling method to improve the efficiency of 
production [11-12]. After years of research on production scheduling, production companies have 
gradually evolved the lean manufacturing production line scheduling problem into a polynomial NP 
problem [13-14]. Based on this, an optimization algorithm can be introduced to find the globally 
optimal solution to formulate a job planning and scheduling strategy to achieve optimal productivity. 

The vigorous development of computer technology and the large-scale application of the 
corresponding programming software, the research of shop floor production scheduling has entered 
a new stage, and the more complex as well as efficient intelligent algorithms have been widely used, 
which has injected new vitality into the research of shop floor production scheduling [15-16]. 
Literature [17] studied rescheduling and delayed scheduling solutions in industrial production 
management, established a flexible job shop scheduling problem model with sequence dependence 
and finite dual resources (FJSP), and used a hybrid meta-heuristic method to find an optimal solution 
to the model, which improves the rescheduling decision of industrial production under uncertainty 
conditions. Literature [18] applies Deep Q Network (DQN) intelligent body algorithm to industrial 
production control system, which can utilize deep neural networks to train according to user-defined 
goals in a reinforcement learning environment to continuously improve the performance of industrial 
production line production scheduling. Literature [19] shows that Reinforcement Learning (RL) has 
outstanding advantages in solving large-scale, strongly constrained production scheduling decision-
making problems, and by analyzing the application of Reinforcement Learning scheduling algorithms 
in different types of scheduling problems, as well as fusion research with other algorithms, it will 
promote the forward development of production scheduling optimization applications. Literature [20] 
uses genetic algorithm to optimize the production scheduling in assembly line workshop and 
combines it with discrete event simulation algorithm to form a robust scheduling framework under 
uncertainty conditions, and reduces the probability of failure of the computational equipment through 
the Equipment Prediction and Health Management (EPHM) module as well as Digital Twin (DT) to 
have high performance in the production process of assembly line. Literature [21] describes the 
application of information-physical fusion systems (CPS) in industrial production, which is linked to 
production scheduling schemes that can be used to simplify the production scheduling decision-
making process through the transfer of information and the computation of complex models to achieve 
a more flexible and lean production line. Literature [22] proposes an energy-aware multi-objective 
optimization algorithm (EA-MOA) to seek the optimal solution of the hybrid flow shop scheduling 
problem with the objectives of completion time and energy consumption, and further proposes a 
variety of deep exploitation and deep exploration strategies to balance the global and local search 
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capabilities of the proposed algorithm. Literature [23] developed a mixed integer programming model 
to solve the effective solution of the semiconductor manufacturing clean operation scheduling 
problem, and proposed the decentralized simulated annealing (SSA) algorithm to search for more 
potential solutions, and experiments showed that the SSA is able to efficiently solve the bi-objective 
single-objective problem with flexible maintenance activities. 

In this paper, the production scheduling problem for lean manufacturing is firstly proposed to plan 
and sequence production tasks, allocate production resources, and construct a production scheduling 
optimization model with certain constraints under the optimization objectives of optimal production 
profit, optimization of total weighted lead time, and minimization of energy consumption. Combined 
with the characteristics of solving the DPSLM, an improved simulated annealing algorithm with 
tempering, and slow-cooling, and event-driven priority coefficient search is proposed to solve the 
production scheduling optimization model. By triggering the PWS-SA algorithm, the priority 
coefficients are re-searched to realize the dynamic scheduling of the lean manufacturing production 
line, thus improving the quality of the pre-scheduling solution. Finally, the model and the improved 
algorithm are validated based on specific arithmetic examples and comparative experiments. 

2. Dynamic production scheduling optimization algorithms for lean 
manufacturing 

2.1. Production Scheduling Issues in Lean Manufacturing 

Production scheduling for lean manufacturing can be described as the event of planning and 
sequencing production tasks, allocating production resources, and achieving the goal of minimizing 
the completion time of production tasks and optimizing the profitability of production under certain 
constraints. Simply put the production scheduling problem is the problem of allocating the available 
resources according to the objective function to accomplish the relevant tasks. Production scheduling 
consists of three main aspects, the constraints, the optimization algorithm used, and the final 
optimization solution, as shown in Figure 1. The constraints are the limitations of the actual 
production process in terms of different resources, such as labor, amount of material, number of molds, 
etc. The optimization algorithm used is able to show its optimal value in terms of its completion time 
as well as production cost and delivery penalties. The final optimization solution, i.e., the optimal 
solution to the scheduling problem, is obtained after solving the problem using the relevant algorithm. 

Constraint 
condition

Work piece

Machine

Optimization 
algorithm

Optimal 
scheduling 

scheme

 

Fig. 1. Production scheduling problem deϐinition 

One of the purposes of production scheduling is to optimize resource utilization. Through 
appropriate scheduling arrangements, equipment, machinery and manpower can be fully utilized, 
avoiding idle or over-invested resources, and achieving the optimal allocation of production factors, 
thus improving production efficiency and reducing costs. 

The purpose of lean manufacturing-oriented production scheduling is also to improve production 
efficiency, ensure product quality, control production cycle time, enhance production safety and 
optimize resource utilization. By rationally arranging the production process and resources, avoiding 
idleness and waste in the production process, ensuring that each process and each link is carried out 
according to the standard, avoiding quality problems, and ensuring the stable and reliable quality of 
prefabricated components. In addition, reasonable production scheduling can reduce the interference 
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of human factors on the production process, reduce the risk of accidents, guarantee the safety of 
production personnel and equipment, reasonably plan the utilization of production resources, avoid 
waste and excess of resources, and maximize the efficiency of resource utilization. 

2.2. Production scheduling optimization model 

2.2.1. Objective function. The production scheduling optimization model is built based on the 
classical flow shop model, taking into account the production characteristics, buffer size and other 
influencing factors [24]. The model to obtain the minimum value of production cost and maximize the 
profit goal, the specific description is shown below, the symbol of the objective function is defined as 
shown in Table 1. The production cost is divided into five parts, including labor cost, material cost, 
machine work cost, downtime waiting cost, and delivery time penalty. Labor cost is the cost required 
for all stages of labor, stipulating that no workers are needed in the maintenance stage, 4g   no need 
to calculate the labor cost, and the material cost is set to M  according to the actual data of production. 
The machine work cost is the sum of the total energy consumption of the electricity used for 
processing during machine work, and the downtime waiting cost takes into account the length of time 
that the machine is idle and waiting Mst , and the cost per unit time of idle waiting is sM . And the 
machine continues to run during the maintenance phase without having to stop and wait. Delivery 
time penalties mean that components that are finished processing too early need to be stored to incur 
inventory costs ,f iC , and if delivery is delayed you will be liable for the corresponding liquidated 

damages ,y iW , and a delivery time window is set for the products produced ia . The lead time is 

 , ,max 0,d i d i ia D S   and the delay time is  , ,max 0,l i i d id S D  , where iS  is the required 

completion time for the ith component. 
  



SIMULATED ANNEALING ALGORITHM-BASED SCHEDULING 9201 

 

Table 1. Symbolic deϐinition of objective function 

Symbol Definition 
n  The number of products to be produced 
i  Product number 
g  Machine number 
c  Production cost 

,D gC  Unit time machine cost 

,R gC  Labor cost per unit time 
Q  Delivery penalty 
T  Time cost 

,i gT  The start time of component i  on machine g  

,i gt  The time required for workpiece i  to be processed on machine g  

,i gD  End time of machining of component i  on machine g  

iL  The income obtained from producing component i  

Downtime waiting costs are: 

 
3 6

, , , , , ,
1 1 5 1
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t D T t D T t
   

          (1) 

Delivery period penalties are: 

 , , , ,
1 1

( ) ( )
n n

d i i f i l i i y i
i i

Q a C d W 
 

      (2) 

Production costs are shown below: 
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 (3) 

Cost of Time: 

 
6

,
1 1

n

i g
i g

T t
 

  (4) 

The formula is described as the time consumed by component i   on machine g  , with the total 
number of components set to n . 

The objective function is: 

 
1

( )
n

i
i

P i L C


   (5) 

where ( )P i  is the profit earned from producing the batch of components. 

2.2.2. Constraints: 

1) Production constraints. For product processing in the conservation stage process, if the product can 
be completed within the normal working hours of the day in the production of the process, or if it 
needs to continue until after the next day to be completed, it can be produced normally. However, if 
the product needs to take up overtime time during the maintenance process and cannot be completed 
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until the next day, the completion of the process components is delayed until the next day's work hours, 
taking into account the parallel processing of the maintenance phase and the inability to perform 
subsequent operations after the normal work shift. This is shown in Figure 2, and the symbols of the 
production constraints are deϐined as shown in Table 2. 

Completed 
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Next member

Completed 
member

Next member

Completed 
member

Next 
member

Completed 
member

Completed 
member

Next member

Next member

Next member

Day

Non curing 
phase

Curing 
stage

Day+1
zH jH

A

,24( 1) i gD t  ,i gt

1A

1A

24( 1)D 
 

Fig. 2. Completion time of components in different stages 

Table 2. Symbolic deϐinitions of production constraints 

Symbol Definition 

zH  Normal working hours 

jH  Overtime 

gH  Buffer size between machines 

A  Working time used on the day of processing components in non-maintenance stage 

1A  The time spent on the completion of the maintenance phase component within the working hours of 
the day 

D  A is the number of hours in a whole day and is rounded to less than 1 hour 

1D  1A  is the number of hours in a whole day, less than 1 hour 

, ,W i gT  The time component i  waits for machine g  to process 

, 1gi H gT    The start time of component gi H  on machine 1g   

,i gD  End time of machining of component i  on machine g  

 
The constraints on the completion time for products in the non-maintenance phase are described 

in different scenarios: 

 ,
,

24

24( 1) 24
z j

i g
i g z j

A A D H H
D

D t A D H H

  
      

 (6) 

 , 24( 1)i gT D   (7) 

 24 z jA D H H    (8) 

  / 24D A  (9) 
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 , ,i g i gA T t   (10) 

The formula for the completion time of the maintenance phase of product production in different 
cases is described as:   

 
1 1 1 1 1

,
1 1 1 1

( 24 , 24( 1))

24( 1) (24 ) 24( 1)
z

i g
z

A A D H A D
D

D D H A D

   
      

 (11) 

 1 ,4 ,4i iA T t   (12) 

  1 1 / 24D A  (13) 

2) Resource constraints. The size between each buffer is set as follows, if the processing completion 
time of product i  on machine g  is less than the start time of product gi H  on machine 1g  , there is 
no need to wait and it goes directly to the next buffer or machine, and vice versa. The waiting time is 
the difference between the machining start time of product gi H  on machine 1g   and the ϐinish time 
of product i  on machine g . The ϐirst workpiece can enter the work without waiting and the waiting 
time is 0 when the workpiece is ϐinished on machine 3g  . The fourth step of the conservation stage 
does not need to wait and goes directly to the conservation kiln to carry out the conservation work. 
The speciϐic formula for the waiting time is described below: 

 
, 1 ,

W, ,
, 1 , , 1 ,

0 , 3
g

g g

i H g i g

i g
i H g i g i H g i g
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T D T D
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 (14) 

According to the buffer constraint, the first building block starts working at time 0, and the rest of 
the building blocks start at time: 

 
1, , 1, , 1

,
, 1

max( , ) 4

4
i g W i g i g

i g
i g

D T D g
T

D g
  



 
  

 (15) 

2.3. Model solving 

2.3.1. Simulated Annealing Algorithm. Simulated Annealing Algorithm (SA) has been more widely 
used in shop scheduling and combinatorial optimization problems for its simplicity and ϐlexibility. The 
central idea of simulated annealing algorithm is essentially a process of continuous iteration and 
improvement and has a strong ϐinite region search capability [25]. 

The mathematical formula for the simulated annealing algorithm is: 

 0

1 0

y xE E

T
y x

xy

y x

e E EP
E E

   
  

 (16) 

where xyP  is the probability that the new solution y  replaces the old solution x , xE  indicates that the 
function value of the objective function is x  , yE   indicates that the function value of the objective 
function after the iteration of the simulated annealing algorithm is y  , and T   is the temperature 
control parameter in the algorithm. 

It can be seen that when the value of parameter T  is large, the probability of the old solution being 
replaced by the new solution is very high, but as the iteration continues, the value of parameter T  is 
getting smaller and smaller, and ultimately tends to 0. At this time, the probability of the old solution 
being replaced is very low, and this is used as the global optimal solution. 

The basic flow of the simulated annealing algorithm is shown in Figure 3: 



9204 FENG ET AL. 

 

1) Set initial state values x  , determine temperature parameters T  , and generate random initial 
solutions xE . 

2) Perturbation to generate new solution yE . 
3) Judge whether the new solution is accepted by the Metropolis criterion, and output the new 

solution if it is accepted, and output the old solution if it is not accepted. 
4) Judge whether the solution output by the Metropolis criterion satisfies the stopping condition, if 

it does, then jump out of the calculation and obtain the optimal solution. If not, change the value of 
control parameter T  and return to step 2, and so on until the optimal solution is obtained. 

 

Start

Set initial state

Generate a random 
initial solution

Perturbations produce 
new solutions

 Whether the stop 
condition is met

The optimal solution 
is obtained

End

Change the value of the 
control parameter T

 
Whether to 
accept new 
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Give up the old and 
keep the new

Give up the new and 
keep the old

Metropolis criterion

Y

Y

N

N

 

Fig. 3. Basic ϐlow chart of simulated annealing algorithm 

2.3.2. Algorithmic improvements. The standard simulated annealing (SA) algorithm algorithm can 
be used to solve the dynamic production scheduling for lean manufacturing (DPSLM) problems. 
However, this type of problem is characterized by a more complex objective function and more 
constraints, and the algorithm parameters are difϐicult to control and susceptible to the initial solution, 
as well as the inϐluence of random factors in the perturbation process. At the same time, due to the 
characteristics of the algorithm's own iteration criterion, the search space is more limited, easy to fall 
into the local optimum and difϐicult to jump out, and the generated results are not stable [26]. In this 
paper, combined with the characteristics of solving DPSLM, an improved simulated annealing 
algorithm with tempering operation is proposed, and the tempering operation has a signiϐicant effect 
on the optimization of the SA algorithm. For solving DPSLM with more complex constraints, this paper 
proposes an improved simulated annealing algorithm (PWS-SA) with tempering, as well as a slow-
cooling function, and event-driven priority coefϐicients search, and its functional implementation 
pseudo-code is as follows: 

1) If the current BestCost lasts *OL a  generation without change. 
2) 0 0*(1 / ) *( )T T it OL T OL    . 
3) End. 
Where OL  indicates the number of outer loop iterations, BestCost records the internal energy of 

the optimal solution in the it  th generation, T   indicates the current temperature, 0T   indicates the 
initial temperature, a  indicates the cooling rate, and a  indicates the tempering iteration coefficient. 

When the current optimal solution no longer changes in *OL a   iterations, the algorithm will 
perform a tempering operation, if the tempering is still not searched for a more optimal solution, the 
temperature will be reduced at a rate lower than a  , the algorithm tempering searched for a more 
optimal solution the cooling rate will be restored immediately to a . The basic flow is shown in Fig. 4. 
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Fig. 4. Improved simulated annealing algorithm ϐlow 

2.4. Dynamic scheduling optimization for lean manufacturing lines 

2.4.1. Priority rules. In this paper, we use here a weighted sum of attributes priority rule (WSP) with 
the expression: 

 1 2 3

( )

( ) ( )
ijk min i ij ijk ijk min

ijk
max min max max min

PT PT d S p PT p PT
Pr u u u

PT PT d p PT p PT

    
     

   
 (17) 

Based on the idea of hyper-heuristic algorithm, it requires the lean manufacturing production line 
to actively sense the changes in the production environment and conditions, and dynamically search 
for the weight coefficients of each process attribute according to the different optimization objectives, 
so as to generate the priority values. The three process attributes considered in this paper for parts 
machining under mass customization are machining time, lead time, and machining energy 
consumption, which correspond to the three objectives of minimizing the maximum completion time, 
minimizing the total overrun lead time, and minimizing the total energy consumption, respectively. 

In this paper, the WSP rule is actually a matching method for manufacturing resources. Under mass 
customization, when a workpiece can be selected for machining by more than one idle machine, the 
idle machine with a small rP   value will be selected. When an idle machine can select multiple 
workpieces for machining, the workpiece with the smaller value of rP  will be selected. That is, the 
smaller the value of rP , the better the match between workpiece and machine. 
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2.4.2. Priority coefϐicient search. According to the characteristics of lean manufacturing production 
line, after the implementation of pre-scheduling program, it is relatively difϐicult to change the work 
order of workpieces or products, but it is relatively easy to change the priority matrix of workpieces 
or products. Therefore, in the previous section of this paper, an improved simulated annealing 
algorithm (PWS-SA) with tempering, and slow-cooling functions for event-driven priority coefϐicient 
search is proposed. When disturbing events occur, such as machine or station failure, workpiece or 
product order insertion, workpiece or product rework, etc., the PWS-SA algorithm will be triggered to 
re-search the priority coefϐicients to obtain a re-scheduled solution, which improves the quality of the 
pre-scheduled solution. 

1) Priority coefϐicients of pre-scheduled solutions. The PWS-SA algorithm starts with the priority 
coefϐicients of the pre-scheduled solution 1 2 3( , , )u u u u  and the ϐitness of the pre-scheduled solution 
after the perturbation event ( )F F u . The initial temperature 0T , the termination temperature minT , 
the Markov chain length maxL , and the coefϐicient of cooling K  are set up. 

2) Generate new priority coefϐicients by perturbation. Add a random vector ( , )u r   to the original 
priority coefϐicients by randomly perturbing the integer r  and the proportion of cooling perturbation 
  to obtain the new priority coefϐicients ( , )u u u r     and the new ϐitness under the new priority 
coefϐicients ( )F F u  . The speciϐic method is as follows: 

 0( , ), ( ),  {1,2,...,6}, /u u u r F F u random r T T         (18) 

  

1 1
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2 2
1 2 3

2 2

3 3

3 3
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( , ,0), 3
( , ) ( , ), ( , ), ( , )

(0, , ), 4

( ,0, ), 5

(0, , ), 6

u u if r

u u if r

u u if r
u r u r u r u r

u u if r

u u if r

u u if r

 
 
 

   
 

 
 

  
   
            
   


  

 (19) 

3) Judge whether the new priority coefϐicient is accepted or not. If the new ϐitness is less than the old 
ϐitness ( )F F  , the new priority coefϐicient and its ϐitness are accepted ( , )u u F F   . If the new 
ϐitness is greater than or equal to the old ϐitness ( )F F  , the new priority coefϐicient and its ϐitness 
are accepted according to the Metropolis criterion with a certain probability p : 

 , , , [0,1)
F F

Tu u F F if e p random p


      (20) 

4) Markov chain loop and temperature reduction loop. The steps of generating new priority 
coefϐicients by perturbation and determining whether the new priority coefϐicients are accepted or 
not are required to ϐirst enter the Markov chain loop at temperature T , with each cycle 1L L  , until 
the Markov chain length is reached maxL . Then, it starts to enter the cool-down loop, with each cycle 
T T K  , until it reaches termination temperature minT . 

5) Prioritization factor of the reprogramming solution. Waiting until the whole cyclic process is 
terminated, the priority coefϐicient of the reprogrammed solution 1 2 3( , ),u u u u , and the ϐitness of the 
reprogrammed solution after the disturbance event ( )F F u  are obtained at the termination point. 

2.4.3. Dynamic Scheduling Optimization. In this section, the architecture and algorithms proposed 
in the previous section will be synthesized in a step-by-step manner to be applied to the optimization 
process of dynamic scheduling of smart production lines for lean manufacturing. In the lean 
manufacturing system composed of DSUs, there are three layers from top to bottom, namely EIS, MAS 
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and ubiquitous shop ϐloor, where EIS is used as a manufacturing knowledge database, MAS is used as 
a real-time decision support middleware, and ubiquitous shop ϐloor is responsible for the line and 
sense of the production process. These three layers need to work together to achieve dynamic 
scheduling optimization of intelligent production lines. 

The specific steps are shown as follows: 
Step 1, EIS dispatches order tasks and process data to MAS. 
When issuing a workpiece order task, the EIS needs to transfer the type and quantity of the planned 

workpieces, as well as the process parameters and equipment parameters, to the scheduling Agent 
(including the machining time of the planned workpieces PT , the lead time d , the average machining 
power p , the average idle power of the machine idlep  and the average breakdown power failurep ). At 
the same time, the EIS needs to provide the normalized weight coefficients 1 2,w w   and 3w   for the 
fitness according to the production model, as well as the upper and lower bounds used for the 
normalization. The EIS also needs to transfer the type and quantity of the inserted workpieces or 
products, as well as the process data, to the scheduling Agent when an order insertion event occurs. 

Step 2, MAS generates an optimized pre-scheduling solution (job order and priority matrix). 
An optimized pre-scheduling solution is generated according to the WSP priority rules in the 

previous section. This pre-scheduling solution, contains the job order and priority matrix with the 
smallest fitness value. 

Step 3: MAS monitors the operation and status of the ubiquitous shop floor layer in real time. 
MAS controls and monitors the facilities at the ubiquitous shop floor level in real time to execute the 

production, and this step is a cyclic process until the order task is completed. When a disruptive event 
occurs, MAS will control the ubiquitous shop floor to perform the appropriate operation according to 
the type of disruptive event, including machine or station repair, workpiece or product insertion, 
workpiece or product return, etc. 

Step 4, MAS generates an optimized rescheduling solution (update priority matrix). 
After a certain kind of disruptive event has been handled, the scheduling agent generates an 

optimized rescheduling solution based on the production status at the moment using the proposed 
PWS-SA algorithm. This rescheduling solution does not change the job order of the pre-scheduled 
solution, but only updates the priority matrix of the pre-schedule to minimize the fitness value.After 
Step 4 is completed, the process will return to Step 2.The MAS will follow the rescheduling solution to 
control and monitor the facilities at the shop floor level to execute the production until the order is 
completed or a new disruptive event occurs. 

Step 5, MAS will send the scheduling result back to EIS. 
When an order is completed, MAS sends scheduling data such as start time ST, end time FT, overrun 

ET, and energy consumption CE for each part processed in the selected machine or each product 
assembled at the selected station back to the EIS system to create a scheduling Gantt chart, and MAS 
also sends completion data such as maximum completion time maxC , total lead time TET, and total 
energy consumption TEC back to the EIS system to analyze the scheduling performance. EIS system to 
analyze the scheduling performance. 

2.5. Electrometer calibration 

Inside a smart production line for lean manufacturing, production equipment is stacked and gathered 
in the small space of a rack, which generates a lot of heat during operation. According to research 
statistics, when the temperature rises by every 10°C, the reliability and safety of production equipment 
decreases by 25%. According to international regulations, the temperature and humidity of the 
production line tested is the value measured at 1.5 meters above the ground and 0.4 meters in front of 
the equipment. In reality, the measured temperature is also limited to the temperature of the room or 
the entire equipment. Obviously, the temperature of a single piece of equipment abnormalities on the 
overall temperature of the production line environment has little impact, it is difficult to detect in time, 
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easy to cause irreparable damage. Based on this, the monitoring of the temperature of a single piece 
of equipment is particularly important. In order to realize the monitoring of the temperature of a single 
piece of equipment, it is necessary to obtain the temperature of every part of the production 
equipment in real time, i.e., refinement. 

The purpose of the equipment refinement temperature electrometer system in smart production 
lines oriented to lean manufacturing is to monitor the normal operation of specific equipment of the 
production line at a lower cost, which has some practical value. The system uses an infrared imager to 
capture an infrared map of the equipment area, establishes a correspondence between the infrared 
map and the real temperature, and then segments the image according to the equipment contour to 
obtain the real-time temperature of a specific equipment, or even a part of a specific equipment. By 
recording the real-time temperature can be formed temperature time series data, through the 
algorithm model to analyze the change rule and predict the future. 

Lean manufacturing-oriented intelligent production line, equipment refinement temperature 
electric measuring instrument system structure shown in Figure 5, in order to improve the flexibility 
of the system and calibration performance, equipment refinement electric measuring instrument 
system using front and back end separation of the architecture mode. Among them, the business layer 
is the core layer of the system, which is in the position of central regulation and control. It is mainly 
responsible for connecting and coordinating the upper user's demand and the lower data operation 
layer to realize the processing and execution of business logic. And it provides an organic structure to 
deal with complex business logic and manage the flow of various business scenarios to ensure the 
reliability, stability and security of production equipment. 
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Fig. 5. Equipment ϐine temperature electrical measuring instrument system structure 

3. Simulation and comparative test analysis 

3.1. Example Simulation Modeling 

In this paper, the dynamic scheduling optimization problem for a two-stage process considering 
energy saving in a lean manufacturing environment is investigated at both theoretical and practical 
application levels. The problem is based on the production scheduling optimization model and the 
priority rule (WSP) established in the previous paper, and further considers the characteristics of the 
two-stage processes of plate plating (Process 1) and graph plating (Process 2), with the objective of 
minimizing the total weighted delay time and power loss. The model is optimally solved based on the 
improved simulated annealing algorithm (PWS-SA) method constructed in the previous paper, and an 
actual production case is used to verify the effectiveness of the PWS-SA algorithm designed in this 
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paper. 
Table 3 gives the quantity, size, desired lead time, order weights, and processing time for each 

production order. Where L1 and L2 refer to process 1 and process 2 respectively. In the scheduling 
Agent, there are 20 production orders whose parameters have no significant pattern except that the 
order weights are all 1. 
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Table 3. Production order data 

Order 
ID 

Production 
number 

Board Size (inch) Expected 
Delivery (h) 

Order 
weight 

Process time (min) 
Breadth Length L1 L2 

1 66 11 19 9 1 20 170 
2 57 14 19 9 1 50 170 
3 51 18 25 6 1 40 160 
4 41 17 21 6 1 50 160 
5 28 16 23 5 1 50 150 
6 24 10 16 6 1 50 150 
7 35 17 23 4 1 60 140 
8 10 19 23 4 1 60 130 
9 41 17 21 5 1 90 20 

10 49 15 18 4 1 100 30 
11 30 16 20 5 1 110 20 
12 42 15 20 3 1 110 20 
13 25 15 24 5 1 120 30 
14 18 16 23 6 1 130 30 
15 49 11 20 7 1 130 40 
16 45 18 22 5 1 140 20 
17 64 10 18 7 1 150 30 
18 41 15 23 6 1 150 50 
19 25 13 17 5 1 160 20 
20 35 13 20 6 1 170 30 

 
The Pareto frontier obtained by the PWS-SA algorithm is shown in Fig. 6, where points A and B 

denote the two nondominated solutions corresponding to having the optimal total weighted drag time 
( 82 minTWT  ) and optimal energy consumption ( min 257W hEC   ), respectively. Point C (1142, 290), 
on the other hand, is the solution corresponding to the actual shop-floor production sequence 
obtained manually based on the combined batch prioritization strategy, and the WSP prioritization 
rule, which can be dominated by all the solutions on the Pareto frontier obtained by the PWS-SA 
algorithm. It can be clearly seen that the PWS-SA algorithm is able to obtain more high-quality, and 
diverse solutions. The order sequences corresponding to points A, B and C respectively are given in 
Figure 7. 

 

Fig. 6. Pareto frontier obtained by PWS-SA algorithm 
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7 12 9 11 6 10 13 16 4 20 15 19 3 14 18 1 178 5 2L1

L2 8 5 7 4 6 1 3 2 Point A

4 1 10 5 12 11 18 6 16 13 15 20 19 14 3 17 27 8 9L1

L2 7 8 5 4 6 3 1 2 Point B

12 9 8 7 13 14 16 1 2 6 5 4 20 19 17 15 3 1810 11L1

L2 8 7 2 6 1 5 4 3 Point C
 

Fig. 7. Order sequences corresponding to three points A, B, and C respectively 

In order to show more intuitively the effectiveness of PWS-SA algorithm in solving the actual 
production line scheduling optimization problem, the order sequences corresponding to point A and 
point C are selected, and the corresponding Gantt charts are made as shown in Fig. 8 respectively. The 
vertical coordinate indicates the number of the equipment for production and processing, in which 
1~15 belongs to the plate plating equipment (process 1), and 16~25 belongs to the figure plating 
equipment (process 2). The colored rectangles indicate the processing time of the task, while the black 
rectangles indicate the retention time of the task in the copper cylinder after processing is completed. 
The more black parts indicate the greater energy loss caused. Each color represents one order, and 
rectangles partially containing both colors indicate that tasks of these two orders were batched 
together. In addition, the arrow to the right indicates that the etching process for the negative order 
here exceeded the lead time. It can be seen that the area and delay time of the black rectangle in Fig. 
8(a), is significantly smaller than that in Fig. 8(b). In this case, the completion time of point A is 431 
min and that of point C is 455 min. The processing efficiency of this paper's method is improved by 
about 5.27% compared to the manual scheduling strategy based on the combined lot prioritization. 

  

(a) Gantt chart of order sequence corresponding to point 
A 

(b) Gantt chart of order sequence corresponding to point 
C 

Fig. 8. Gantt chart for points A and C 

It is thus shown that the solutions obtained by the PWS-SA algorithm in real production cases are 
much better than the empirical results from the shop floor, and the former can significantly optimize 
the two objectives of total weighted delay time and energy consumption. Therefore, the PWS-SA 
algorithm designed in this paper can effectively solve the two-stage process production scheduling 
problem considering energy saving. 
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3.2. Algorithm Parameter Testing 

Reasonable parameter settings can effectively improve the operational performance of the algorithm, 
in order to verify the reasonableness of the parameter settings in the above case, by adjusting the 
maximum number of iterations G, the initial population size N and the gene mutation probability P, 
comparing the convergence results of the function and the time consumed to run, test the parameter 
cases, and get the results shown in Table 4. From the table, it can be seen that for the above production 
scheduling case, when the number of iterations G of PWS-SA algorithm is 400, the initial population 
size N is 20, and the probability of mutation P is 0.75, the convergence of the function is more stable 
(103.55h), and at the same time, it can take into account the operational efficiency (Mean=0.685s), 
which verifies that the setting of the parameters has a reasonable nature. 

Table 4. Parameter test results 

G N P 
Each convergence result /h Time per run /s 

1 2 3 4 1 2 3 4 
400 20 0.75 103.55 103.55 103.55 103.55 0.65 0.64 0.75 0.70 
350 20 0.75 113.95 110.55 113.95 106.55 0.81 0.63 0.56 0.57 
300 20 0.75 102.55 115.00 102.55 102.55 0.68 0.73 0.77 0.55 
400 10 0.75 101.55 101.55 101.55 101.55 0.88 0.81 0.82 0.98 
350 10 0.75 112.95 112.95 129.90 107.55 0.60 0.65 0.79 0.62 
300 10 0.75 102.55 110.55 110.55 112.00 0.72 0.83 0.82 0.67 
400 15 0.80 109.55 107.55 115.95 115.95 0.67 0.64 0.68 0.68 
350 15 0.75 110.55 110.55 108.55 109.55 0.82 0.74 0.79 0.74 
300 15 0.70 110.55 107.55 109.55 103.55 0.72 0.69 0.78 0.67 

3.3. Comparison of scheduling optimization effects 

In this paper, the simulated annealing algorithm (SA) is used as the basic algorithm for this scheduling, 
and the coding mode (adding coding filtering mechanism) and chromosome crossover mode (setting 
multiple chromosome crossover modes and setting the optimization-preserving mechanism) of the 
algorithm are improved and optimized in order to improve the chromosome coding and algorithm 
operation efficiency, as well as to increase the diversity of chromosome populations. In order to verify 
the optimization effect of the improved simulated annealing algorithm (PWS-SA) proposed in this 
paper on the scheduling results and computing performance compared with the pre-improvement, for 
the above specific cases, the basic simulated annealing algorithm before improvement and the 
improved scheduling optimization algorithm were experimented to test the data comparison between 
the two algorithms in terms of coding and computing efficiency and population convergence effect. 

3.3.1. Comparison of Coding Operational Efϐiciency. The basic SA algorithm encodes the 
chromosomes by means of random production line number generation, but due to the many 
production lines in the workshop and the different production lines corresponding to different models 
of materials that can be produced, many invalid chromosomes will be generated, which seriously 
affects the algorithm's coding efϐiciency. 

For the specific order case proposed in this section, the base SA algorithm is used to generate a 
population with an initial size of 20, and the coding effectiveness generated by the algorithm is tested, 
and the results are shown in Fig. 9. It can be seen that the effective chromosomes (gray) among the 10 
chromosomes generated by the basic SA algorithm are less than 50% on average in five experiments. 
The total number of chromosomes generated (black) required to obtain 10 valid chromosomes were 
all more than about 4 times their number. 
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Fig. 9. Coding validity test results of basic SA algorithm 

The improved PWS-SA scheduling optimization algorithm can generate a coding filter matrix by 
accessing the system's production line process data information, so that the chromosome sequence 
element number is randomly generated only if the filter matrix corresponds to “1”. By adding the 
coding filtering mechanism, it is possible to exclude cases where the product model number does not 
correspond to the production line, ensuring that the generated chromosome coding sequence 
elements are 100% valid. In order to verify the optimization effect of the basic SA algorithm in terms 
of coding efficiency, the two algorithms are compared with the above basic algorithm coding validity 
test results, and the chromosome coding efficiency of the two algorithms is shown in Table 5. Analysis 
of the data in the table shows that the basic SA algorithm in the five test experiments, the average 
number of effective chromosomes generated in the ten chromosomes is 3, the average number of total 
chromosomes generated to obtain ten effective chromosomes is 48.8. And the improved optimization 
algorithm can ensure 100% validity of chromosome encoding. As a result, in the case of only 20 
batches of production orders, the improved PWS-SA optimization algorithm, compared with the basic 
algorithm, the accuracy of chromosome encoding is improved by 233.33%, the workload of the 
operation is reduced by 79.51%, and the encoding operation is accurate and efficient, which is of great 
significance for the production workshop with a large number of orders and complex product models. 

Table 5. Chromosome coding efϐiciency analysis table of the two algorithms 

 
The number of effective chromosomes 

in the ten chromosomes produced 

Gets the total number of chromosomes required 

to be generated for the ten valid chromosomes 

Basic algorithm 

(Average of five tests) 
3.00 48.80 

Improved optimization 

algorithm 
10 10 

Optimization degree 233.33% 79.51% 

3.3.2. Comparison of population convergence effects. The basic SA algorithm has a better global 
optimization search ability, but it is weak for the local search ability, and is easy to fall into convergence 
prematurely. And the single chromosome crossover brings a single direction of evolution to the 
population, although it can change the direction of evolution through a certain probability of mutation, 
but there is also the risk of destroying the original advantageous solution. Therefore, in this paper, we 
design an optimization method with tempering and slow cooling for the basic SA algorithm in order 
to improve the diversity of the population and avoid the population from reaching the local optimum 
prematurely without destroying the existing advantageous solutions. 

For the specific case proposed in this section, in order to verify the optimization effect of the 
algorithm with the tempering mechanism and the slow cooling function, the base SA algorithm will be 
added with the tempering mechanism and the slow-cooling function, respectively, and grouped with 
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the comprehensively improved and optimized algorithm for comparison. Figure 10 shows the 
comparison of the adaptability curve of the basic algorithm with the two optimization methods, and 
Figure 11 shows the comparison of the adaptability curve of the PWS-SA algorithm after 
comprehensive improvement and optimization. 

  

(a) Improved algorithm based on the tempering 
mechanism 

(b) Algorithm improvement based on slow cooling 
function 

Fig. 10. Compares the ϐitness values of the two optimization methods respectively 

 

Fig. 11. Fitness value curve of the comprehensive improvement optimization algorithm 

It can be obtained by comparison: 
1) Although the basic SA algorithm with only the tempering mechanism can retain the optimal 

individuals when the chromosomes undergo the mutation operation, the evolution direction of the 
population is more homogeneous, and it takes a longer time to achieve convergence. 

2) Although the basic SA algorithm with only the cooling function can improve the genetic diversity 
of the population, it cannot retain the optimal individuals when the chromosomes are mutated, and 
the final convergence result is not optimal. 

As a result, compared with the basic SA algorithm, the improved and optimized PWS-SA algorithm 
can not only reach convergence earlier, but also keep the chromosome diversity in the population 
while retaining the optimal individuals, which is of great significance for the optimization of 
production line scheduling for lean manufacturing. 

3.4. Comparison of Measurement Results after Calibration 

For the above specific production cases, in the lean manufacturing of intelligent production lines, 
equipment refinement temperature electrical measuring instrument system calibration using high-
precision measuring instruments for comparative measurement experiments, and analysis of 
experimental measurement results. Temperature test measurement comparison instrument using 
laboratory purchased temperature nominal accuracy of ± 0.003 ℃ CTD measuring instrument, 
comparison measurement of the CTD and this measurement system are completely placed into the 
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temperature control box, and make the two sets of measurement equipment temperature sensors as 
close as possible, comparison of the results of the measurements shown in Table 6. From the data 
analysis in the table, the absolute error of temperature comparison measurements are within the 
range of 0.006 ℃, calibrated temperature measurements have reached the system pre-designed ± 0.01 ℃ 
accuracy indicators, the system measurement equipment has reached the system's indicators, to 
achieve a high degree of precision temperature and depth parameter measurements. 

Table 6. Temperature comparison measurement experimental data 

High precision CTD temperature 

measurements 

The system temperature 

measurement display value 

The system temperature 

measurement display value 

0.73456 0.73595 0.00139 

6.34272 6.34744 0.00472 

10.54381 10.54798 0.00417 

17.27884 17.27516 0.00368 

23.42846 23.42321 0.00525 

28.54713 28.55227 0.00514 

33.24635 33.25216 0.00581 

35.54412 35.53874 0.00538 

4. Conclusion 

This paper gives a brief summary of the concepts and evaluation methods related to production 
scheduling for lean manufacturing, and at the same time briefly analyzes the actual production 
planning problem, and applies the improved simulated annealing genetic algorithm to optimize and 
analyze the production scheduling problem of the lean manufacturing workshop in this project. The 
optimization results show that with the objective of minimizing the maximum completion time, the 
optimized scheduling time using the improved algorithm saves about 5.27% compared with the 
original planning time. At the same time, both the production energy consumption and the total 
weighted lead time have been optimized to different degrees. The optimization model and the 
improved algorithm designed in this paper have a certain degree of universality, and in the practical 
application, by further combining the characteristics of different kinds of materials to adjust the model 
parameters, it can provide a reference for solving the production scheduling optimization problems in 
a variety of fields. 
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