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Abstract 

To achieve “carbon peak and carbon neutrality” in manufacturing, this paper tackles high 
energy consumption in flexible job shop production by developing a low-carbon schedul-
ing optimization model with time-of-use electricity pricing, incorporating a photovoltaic 
microgrid. The model minimizes makespan, carbon emissions, and costs, considering 
photovoltaic power uncertainty, energy storage dynamics, and time-of-use pricing. To ad-
dress coupled scheduling and energy management challenges, a three-stage bilevel col-
laborative optimization framework is proposed, enhancing the Multi-Objective Particle 
Swarm Optimization (MOPSO) algorithm to develop a Collaborative MOPSO (CMOPSO). 
The improved algorithm features a four-layer encoding mechanism with energy factors, 
chaotic mapping for better global search, and adaptive mutation for population diversity. 
Validation using the Brandimarte benchmark demonstrates the algorithm’s robustness. 
Specifically, comparative experiments reveal that the proposed strategy significantly out-
performs the traditional scheduling mode. While maintaining a similar makespan, the 
proposed method reduces production costs by 44.3% and carbon emissions by 29%. Sim-
ulations confirm that the method effectively shifts tasks to low-price periods and leverages 
photovoltaic energy during peak hours, supporting the manufacturing industry’s green 
transition. 

Keywords: flexible job shop; photovoltaic microgrid; time-of-use pricing; multi-objective 
optimization; low-carbon scheduling 
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1. Introduction 
As a pillar of the national economy, the manufacturing sector accounts for 70% of 

China’s industrial carbon emissions [1] and ranks among the world’s highest in terms of 
energy consumption and carbon output [2], thus facing multiple pressures from energy 
security and environmental protection perspectives, as well as international competition. 
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With the intensification of global climate change and the introduction of “carbon neutral-
ity” and “carbon peak” goals, the green and low-carbon transformation of manufacturing 
is not only a manifestation of social responsibility, but also an inevitable choice for en-
hancing core competitiveness. Traditional production scheduling prioritizes efficiency 
and cost, but against the backdrop of increasingly complex energy structures and pricing, 
it urgently requires integration of environmental considerations. Energy consumption is 
highly concentrated in production workshops. Optimized scheduling—through scientifi-
cally planning workpiece processing sequences, resource selection, and equipment 
start/stop times—can achieve significant energy savings without additional hardware in-
vestment. Research indicates that idle machine energy waste can account for over 40% of 
total energy consumption [3]. Optimized scheduling reduces waiting times and mini-
mizes equipment idling and start-ups, thereby effectively lowering energy consumption 
and carbon emissions [4], making it a low-cost, high-efficiency approach to workshop en-
ergy conservation. 

Although optimized scheduling has proven effective for energy conservation, tradi-
tional methods primarily rely on single-grid power supply models. They fail to fully lev-
erage new opportunities presented by increasingly widespread photovoltaic microgrids 
and market-driven time-of-use electricity pricing. As a clean, renewable energy source, 
photovoltaic microgrids introduce new challenges to workshop scheduling due to the 
fluctuating and unpredictable nature of their power generation [5]. Concurrently, time-
of-use pricing provides enterprises with an economic incentive to reduce operational costs 
by adjusting production sequences through varying electricity rates across different time 
periods [6]. 

To address these challenges, scholars worldwide have conducted extensive research 
on the Green Flexible Job Shop Scheduling Problem (GFJSP), renewable energy optimiza-
tion, and time-of-use pricing. 

For the Green Flexible Job Shop Scheduling Problem, researchers have developed a 
diverse range of optimization methods, spanning from exact algorithms to meta-heuris-
tics. Zhao et al. [7] provided a systematic synthesis of the applications of Iterated Greedy 
Algorithms within the domain of flow-shop scheduling. Their work not only establishes 
a standardized algorithmic framework and offers a rigorous comparative analysis of var-
ious destruction and construction strategies, but also presents an in-depth classification of 
complex scheduling scenarios, such as distributed and no-wait configurations. Further-
more, as green scheduling typically involves conflicting objectives and inherent uncer-
tainties, specialized evolutionary approaches have emerged. Zhang et al. [8] proposed a 
decomposition-based multi-objective evolutionary algorithm with clustering and hierar-
chical estimation (MOEA/D-CH) for fuzzy flexible job shop scheduling, leveraging clus-
tering techniques to manage weight vectors and enhance population diversity. Building 
upon these advancements, Zhao et al. [9] recently introduced a dynamic quadratic decom-
position strategy. Unlike traditional linear aggregation, this nonlinear approach dynami-
cally balances exploitation and exploration, demonstrating superior efficacy in addressing 
high-dimensional multi-objective optimization problems. Luan et al. [10] proposed an 
augmented NSGA-II to optimize the completion time, machine load, total dragging time, 
and total energy consumption in GFJSP. Liu et al. [11] specifically designed a machine 
restart strategy that balances energy consumption and lifespan, proving that a well-con-
ceived restart mechanism can effectively harmonize low carbon emissions with long-term 
system reliability. Meng et al. [12] constructed six novel MILP models to optimize the total 
energy consumption for the problem of considering machine switching machines. Wei et 
al. [13] first constructed an energy estimation model to compute the energy consumption 
of the machine under different operating states for the problem of considering speed scal-
ing strategy and then designed a multi-objective optimization model to minimize the 



Mathematics 2026, 14, 590 3 of 34 
 

https://doi.org/10.3390/math14040590 

completion time and total energy consumption. Luo et al. [14] considered the machine 
failure problem and designed a knowledge-driven two-stage modelling algorithm to op-
timize the completion time and total energy consumption. Du et al. [15] considered the 
preparation time and designed a weighted reinforcement learning-based approach to op-
timize the completion time and the total energy consumption, where the total energy con-
sumption was further modeled by taking into account the machine’s setup. Lv et al. [16] 
proposed a rescheduling algorithm to optimize the completion time and total energy con-
sumption in the framework of a heuristic algorithm for dynamic events in the production 
process. However, existing studies still have some limitations regarding green scheduling 
modeling. While many scholars have considered resource constraints, dynamic events, 
machine starts and stops, and other production influences on the basis of the green flexible 
job shop scheduling problem, most of the literature still considers energy consumption 
and carbon emissions to be a single green indicator and does not consider the diversifica-
tion of the energy supply structure. Especially in the current context of rapid development 
of renewable energy, traditional green scheduling research is mainly based on a single-
grid power supply model, ignoring the impact of distributed renewable energy, energy 
storage systems, and other emerging energy technologies on scheduling strategies. Thus, 
the adaptability of research results to practical applications can be improved. 

However, optimizing production scheduling in isolation is no longer sufficient to 
meet the demands of modern intelligent manufacturing. Current research trends are shift-
ing toward integrated optimization of coupled subsystems, such as coordination between 
production and logistics or the energy supply. Zhao et al. [17] investigated an integrated 
system encompassing production and multi-mobile robot transportation. Their findings 
confirm that holistic modeling of interdependent systems—specifically by synchronizing 
logistical tasks with production processes—yields significantly superior performance 
compared to decoupled optimization strategies. 

With the rapid development of distributed energy technologies and the “dual car-
bon” goal, the introduction of renewable energy sources such as photovoltaic (PV) power 
generation into manufacturing plants to reduce external grid dependence and carbon 
emissions has become a new research hotspot. As a kind of distributed energy system 
integrating PV power generation, energy storage systems, and intelligent control technol-
ogy, PV microgrids have great potential to be applied in the manufacturing industry, but 
related research is still in the initial stage. Chen et al. [18] chose the manufacturing indus-
try as the target of their study and investigated the environmental and economic impacts 
of the integrated energy system in various optimization scenarios; the results showed that 
PV power generation has better performance from the perspective of carbon emission re-
duction. Chakraborty et al. [19] proposed a coordinated frequency control strategy for PV 
microgrids as a solution for demand-side management by targeting thermostatic devices 
consisting of industrial loads for demand-side management, realizing the promotion of 
optimal demand-side management through frequency regulation. Huang et al. [20] devel-
oped an intelligent demand-corresponding plan for multi-energy industrial microgrids 
with an industrial process represented by the discrete manufacturing production model, 
the uncertainty of PV power generation, and the operating cost of Battery Energy Storage 
Systems (BESSs) as a challenge, formulated the problem as a scenario-based stochastic 
nonconvex mixed-integer nonlinear programming, and proposed a hybrid optimization 
algorithm incorporating evolutionary algorithms and branch-bounding algorithms, 
which efficiently reduces the operating cost of manufacturing production and releases 
pressure on the main grid. Zhang et al. [21] considered the uncertainty of future power 
market prices and PV generation and proposed a regret-based risk-averse stochastic pro-
duction task and energy management model for industrial microgrids, which was applied 
to a battery manufacturing plant to analyze the impact of the total target production task 
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and wind control parameters on the cost. Burmeister et al. [22] combined dynamic energy 
tariffs, energy storage systems, and renewable energy sources for an energy-aware dis-
patch methodology from uncertain dynamic markets, proposed a two-level energy-aware 
scheduling method based on a modular non-dominated sorting genetic algorithm, and set 
the scenario in the context of a green flexible scheduling shop to show the potential energy 
saving costs and carbon emissions. In summary, the existing literature has verified the 
technical feasibility and economic viability of introducing PV energy into factories and 
has carried out preliminary explorations at the level of industrial parks and workshops, 
but the research on in-depth integration and application in the workshop is relatively 
weak. In particular, optimization of coupled PV microgrids and flexible job shop sched-
uling has not yet been fully investigated. 

The time-sharing tariff mechanism, as an important part of power market-oriented 
reform, guides users to optimize their electricity consumption behavior by setting differ-
entiated tariffs for different time periods and realizes peak shaving and valley filling, as 
well as the supply-demand balance of the power system. For manufacturing enterprises, 
the time-sharing tariff strategy provides an opportunity to reduce operating costs by ad-
justing the production schedule, which also provides a new entry point and driving force 
for the optimization of green scheduling in the workshop. Deng et al. [23] proposed a price 
for optimizing power prices based on time-sharing tariffs to reduce the cost of the grid, 
which provides theoretical support for the design of a time-sharing tariff mechanism. Yu 
et al. [24] investigated the complex multilevel task network scheduling and cooperative 
optimization of electric power supply in the context of time-sharing tariffs, integrating 
distributed energy sources, and proposed a hybrid algorithm, which was verified to have 
excellent performance in terms of reducing energy consumption and costs. Jia et al. [25] 
took the effect of variable energy prices on energy cost into account and constructed a 
multi-objective optimization model with cost, carbon emission, and customer satisfaction 
as the objectives; the experimental results showed that the method can significantly re-
duce carbon emissions, improve customer satisfaction, and enhance the competitiveness 
and green production image of the enterprise. Park et al. [26] explored the impacts of time-
of-use tariffs and planned downtime with flexible job shop scheduling and proposed an 
integer linear programming model; the results showed that energy costs can be signifi-
cantly reduced while maintaining maximum productivity. Shen et al. [27] investigated 
how to minimize the total energy cost under a time-sharing tariff scheme within the 
framework of the flexible job shop scheduling problem and proposed an iterative forbid-
den search algorithm for the general problem, verifying the scheme’s potential benefits in 
terms of total energy cost reduction. Although studies confirm that time-sharing tariffs 
optimize energy allocation, enhance microgrid stability, and reduce manufacturing costs 
and carbon emissions, current research focuses on shop floor energy allocation, overlook-
ing clean photovoltaic renewable energy integration. Notably, there has been insufficient 
systematic study on combining time-sharing tariffs, PV microgrids, and flexible shop 
scheduling, particularly regarding PV power generation timing, tariff period matching, 
and energy storage systems’ role in peak shaving and valley filling, revealing clear re-
search gaps. 

In summary, although significant progress has been made in algorithmic efficiency 
and multi-system integration, a critical theoretical gap remains regarding the deep cou-
pling mechanism between stochastic renewable energy supply and flexible production 
loads. A fundamental challenge lies in the mathematical heterogeneity of the two do-
mains: flexible job shop scheduling is a typical discrete combinatorial optimization prob-
lem involving integer variables, whereas microgrid energy management involves a con-
tinuous power flow dynamic. Most existing approaches treat energy supply as a static 
constraint or optimize objectives in isolation, failing to mathematically bridge the gap 
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between discrete task allocation and continuous energy dispatch. Consequently, simply 
applying traditional strategies is insufficient. There is an urgent need to establish a bi-level 
collaborative optimization framework that can simultaneously coordinate these heteroge-
neous variables to achieve a mathematically rigorous synergistic reduction in energy costs 
and carbon emissions. 

To bridge this gap, this paper develops a multi-objective collaborative optimization 
model coupling FJSP with PV microgrids using TOU pricing. To solve this complex 
model, a three-stage bilevel collaborative framework is designed, and an improved Col-
laborative Multi-Objective Particle Swarm Optimization (CMOPSO) algorithm is pro-
posed. The main contributions and novelties of this study are as follows: 

1. A Coupled Low-Carbon Scheduling Model: Unlike traditional methods that treat en-
ergy supply as a static constraint, this study establishes a dynamic coupling model 
between the FJSP and PV microgrids. By incorporating TOU pricing and PV uncer-
tainty, the model realizes dual optimization of “energy supply” and �production 
load. 

2. A Three-Stage Bilevel Collaborative Framework: A novel hierarchical solution frame-
work is proposed to decompose the complex coupled problem. It consists of prelim-
inary scheduling, PV availability analysis, and integrated optimization, effectively 
bridging the timescale difference between production tasks and energy management. 

3. An Improved CMOPSO Algorithm: To solve this high-dimensional NP-hard prob-
lem, the CMOPSO algorithm is enhanced with a four-layer encoding mechanism (in-
corporating energy source decisions), logistic chaotic mapping for global search ini-
tialization, and an adaptive mutation strategy to maintain population diversity and 
avoid local optima. 

2. Optimization Model for Low-Carbon Dispatch of Flexible Job Shop 
Production and Photovoltaic Microgrids 

Taking the flexible job shop production process as the research object and consider-
ing the dynamic energy supply of photovoltaic microgrids comprehensively, studying 
how to optimize the two-layer scheduling strategy of time and energy in order to simul-
taneously reduce the energy consumption of production, improve the processing effi-
ciency, and reduce the cost of production is a core challenge in the field of smart manu-
facturing and sustainable development. Flexible shop floor scheduling is characterized by 
flexible task allocation and efficient resource utilization, but its high energy consumption 
problem limits the development of low-carbon manufacturing. Photovoltaic microgrids 
can significantly reduce carbon emissions through providing a renewable energy supply, 
but the stochastic and fluctuating nature of power generation puts higher requirements 
on real-time scheduling. To solve this problem, this paper constructs a multi-objective op-
timization model coupling flexible workshop production and photovoltaic microgrids. 
The model includes the following sub-models: (1) a job shop scheduling model for opti-
mizing task allocation and minimizing maximum completion time; and (2) a PV microgrid 
model for dynamically managing energy supply and storage. The modeling process of 
each model is described below. 

2.1. Low-Carbon Photovoltaic Flexible Shop Floor Scheduling Model 

The photovoltaic flexible job shop scheduling problem aims to achieve synergistic 
optimization of productivity, energy consumption, and cost by optimizing production 
task allocation and energy supply strategies. The Flexible Job Shop Scheduling Problem 
(FJSP) involves assigning multiple tasks on multiple machines; each task contains several 
processes, and each process can be processed by any one of a set of available machines. 
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Compared to traditional job shop scheduling, FJSP has higher complexity due to process 
flexibility and machine selection diversity, and optimization usually includes minimizing 
finish-time energy consumption. 

The assumptions of the problem are as follows. (1) At the initial moment (t = 0), all 
the workpieces are in the state of pending processing, all the machines are in the idle state, 
and all the workpieces can start processing immediately. (2) The processes for the same 
workpiece have a strict order of priority, while different workpieces have the same prior-
ity, with no priority constraints. (3) At any time, each machine can only process one pro-
cess, and once the process starts, it cannot be interrupted. (4) Photovoltaic power genera-
tion is based on the known daily power generation curve, without considering weather 
effects. (5) The initial capacity of the energy storage system is known, and the charging 
and discharging efficiency is fixed. (6) The grid electricity price follows the time-of-day 
tariff mechanism, and the tariff function is fixed during the dispatch cycle. (7) Machine 
failures, random delays in workpiece addition, or real-time fluctuations in PV power gen-
eration are not taken into account; the electrical devices (machines) are assumed to operate 
under fixed working conditions. The specific machining parameters (e.g., cutting speed, 
feed rate) and the rated power of the equipment are constant values. 

Table 1 shows a symbolic representation of the model. 

Table 1. Symbolic representation of scheduling problem models. 

Symbol Definition 
i,g Workpiece index, i,g = 1, 2, …, n 
j,h Process index 
k Machine index, k = 1, 2, …, m 

Oij,Ogh Process j of workpiece i, process h of workpiece g 
Tijk Machining time on machine k for the jth pass of workpiece i 𝑇௞ூ Total standby idle time for machine k 
Sij Processing start time for Oij 
Cij Processing end time for Oij 
Sijk Process start time on machine k 
Cijk End machining time of the process on machine k 
Ci Completion time of workpiece i 𝜏௜௝௞(𝑡) The effective processing duration of operation Oij within the t-th time period 𝑃௞ெ Average processing power of machine k 𝑃௞ூ Standby power of machine k 

Eproc Total processing energy consumption 
Eidle Total standby energy consumption 
Ecom Total idle energy consumption 
C Total carbon emissions 

Cmax Maximum completion time 
t Time slot index, t ∈ {1, 2, …, T} 
Δt Duration of each time slot,1h 
fgrid Grid carbon emission factor 
fpv PV carbon emission factor 
L A sufficiently large positive number 

In this model, we introduce the following binary decision variables to represent the 
production scheduling and resource allocation choices: 

 Select the jth process of workpiece i 
                      otherwis
,

0, e
1

ijX


= 

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 Process O  immediately after machining in machine k 
                                   otherwis0, e
1, ij

ijkY
= 


 

where Xij and Yijk are decision variables. 

2.1.1. Integrated Carbon Emissions Model 

The carbon emissions considered in PV flexible job shop scheduling are mainly com-
posed of two carbon emission modules: the grid-supplied carbon emission module and 
the PV-supplied carbon emission module. The carbon emissions from both are closely re-
lated to the energy consumption generated by job shop production activities, which 
mainly includes machine tool energy consumption and public energy consumption, and 
machine tool energy consumption mainly includes machining energy consumption and 
idle waiting energy consumption. 

(1) Machining energy consumption refers to the energy consumed by the machine 
tool in the machining state, and the total machining energy consumption is 

(2) Idle waiting energy consumption is the energy consumed by a machine tool that 
appears to be idle because it has not arrived or there is no production run taking place on 
the machine, and the idle waiting energy consumption of machine k is 

(3) Public energy consumption refers to the energy consumption of public facilities 
in the workshop, which is the energy that must be consumed in order to maintain normal 
operation of the workshop, and is the sum of energy consumption for lighting, ventilation, 
air conditioning, etc. The public power is a fixed value of P0, and its total energy consump-
tion is 

Therefore, the expression for the total energy consumption of the workshop is 

(4) The total energy consumption of the workshop is calculated as E. However, cal-
culating carbon emissions accurately requires addressing the mismatch between the time 
granularity of scheduling and energy pricing. The scheduling variables (e.g., start time 𝑺𝒊𝒋𝒌) are continuous, while the grid’s electricity prices are discrete, typically changing on 
an hourly basis. 

To bridge this gap, we introduce a time discretization mapping mechanism. Let the 
entire scheduling horizon be divided into T discrete time slots, indexed by 𝑡 = 1,2, … ,𝑇, 
with each slot having a duration of Δ𝑡 (e.g., Δ𝑡 = 1 h). For a specific operation 𝑂௜௝ pro-
cessed on machine k, the continuous processing interval [𝑆௜௝௞,𝐶௜௝௞] is mapped onto the 
discrete time slots. The effective processing duration 𝜏௜௝௞(𝑡) of this operation within the 
t-th time slot is calculated as the intersection of the two time intervals: 

Based on this mapping, the total energy consumption in the t-th time slot, denoted 
as 𝐸௧௢௧௔௟(𝑡), can be accurately derived by summing the power consumption of all opera-
tions and idle states active during that slot. Consequently, the total carbon emission C is 

1 1
roc

1
p ( )iln m

ij ij k
i j k

M
kE X T P

= = =

=  (1)

( )I I

1

m

kidle k
k

E T P
=

=  (2)

0 maxcomE PC=  (3)

proc idle comE E E E= + +  (4)

( ) max(0,min( , ) max( ,( 1) ))ijk ijk ijkt C t t S t t= ⋅Δ − − ⋅Δτ  (5)
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formulated by summing the emissions over all discrete time slots, considering the time-
varying grid emission factor 𝑓௚௥௜ௗ(𝑡): 

where 𝐸௚௥௜ௗ(𝑡) and 𝐸௉௏(𝑡) represent the energy supplied by the grid and the photovol-
taic system in time slot t, respectively, subject to the power balance constraints described 
in Section 2.3. 

In this study, the carbon emission factors are treated as constant parameters based 
on regional standards [28]: the grid emission factor 𝑓௚௥௜ௗ is set to 0.641 kgCO2/kWh, and 
the PV emission factor 𝑓௉௏ is 0.055 kgCO2/kWh. 

2.1.2. Photovoltaic Microgrid Model 

The photovoltaic microgrid model aims to provide efficient and economical energy 
support for flexible shop floor scheduling by dynamically managing the renewable energy 
supply and the energy storage system, while reducing total system energy consumption 
and carbon emissions. The PV microgrid consists of a PV power generation system, an 
energy storage system, and an external power grid. In this study, the photovoltaic panels 
are installed on the roof of the workshop to form a distributed generation system, ensur-
ing direct power supply to the production line and minimizing transmission losses. Its 
core task is to optimize the energy distribution strategy according to the real-time power 
demand of the shop floor production, maximizing utilization of PV power generation and 
minimizing dependence on the external power grid. 

(1) Photovoltaic power model 

In microgrid optimal scheduling, the power of PV cells must be predicted. The output 
power model of PV cell is shown below: 

where 𝑃௣௩⬚ is the output active power of the PV cell; 𝑅୮୴⬚  is the output power of the PV 
cell under standard test conditions; 𝑞୮୴⬚  is the derating coefficient of the PV cell, which is 
usually 0.8; 𝐼⬚் is the actual intensity of solar radiation; 𝐼ୗ୘େ⬚  is the intensity of solar ra-
diation under standard test conditions; 𝛼୔⬚ is the temperature coefficient of the PV panel; 𝑇ୡ⬚ is the temperature of the PV cell during the current time step;  𝑇ୡ⬚ is the temperature 
of the PV cell during the current time step; and  𝑇ୱ୲ୡ⬚  is the PV cell temperature under 
standard test conditions. 

Considering that photovoltaic power generation has instability, in order to simulate 
the energy output characteristics of photovoltaic power generation, a solar photovoltaic 
power station in a province in the northwest region of China was selected as an example 
[29]. As shown in Figure 1, the red dots represent the selected actual measured data sam-
ples, while the curve represents the fitted power generation trend based on the normal 
distribution model, illustrating a typical all-day power generation output. 

  

grid grid
1 1

( ) ( )
T T

PV PV
t t

C f E t f E t
= =

= ⋅ + ⋅   (6)

T
pv pv pv p c stc

STC

[1 ( )]IP R q T T
I

= + −α  (7)
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Figure 1. Photovoltaic power output curve. 

Based on the photovoltaic power generation curve shown above, the energy gener-
ated by photovoltaic power generation pt is 

where t0 denotes the beginning moment of a cycle, t1 denotes the end moment of a cycle, 
and Pv(t) denotes the amount of energy that the PV can produce at moment t. 

Since PV power generation is approximately normally distributed throughout the 
day, it can be described by the probability density function of the normal distribution as 

where W represents the peak value of PV power generation in a day. 

(2) Battery model 

Batteries are a kind of energy storage equipment. In the case of renewable energy, if 
a power supply cannot meet the load needs, batteries will release their stored energy to 
provide users with a stable power supply, to ensure safe and stable operation of the sys-
tem. 

where SOC(t) is the remaining capacity of the battery at time t; Pbess(t) is the charging and 
discharging power of the battery at time t; positive means charging and negative means 
discharging; and η+ and η− are the charging and discharging efficiencies, respectively. 

(3) Time-sharing tariff model 

Time-sharing tariffs are the core tool of the electricity market pricing mechanism. 
Constructing a time-sharing tariff needs to take into account user demand, system cost 
changes, and other factors. According to China’s time-sharing tariff policy, the tariff will 
be divided into three phases: peak time (10:00–12:00, 17:00–22:00), usual time (8:00–10:00, 
12:00–17:00), and valley time (22:00–8:00 the next day). The time-of-day tariff model [30] 
is shown in Table 2. 

Table 2. Time-of-day tariff model. 

Type of Tariff Electricity Price (Yuan/kW·h) Time Slot 
Valley 0.394 0:00–8:00, 22:00–0:00 

Flat 0.707 8:00–10:00, 12:00–17:00 
Peak 1.020 10:00–12:00, 17:00–22:00 

1

0

( )
t

t
t

p Pv t dt=   (8)

2( 12)( ) exp - , [0,24]
8

tPv t W t
 −= × ∈  

 (9)

bess bess

bess bess

1( 1) ( ), ( ) 0
( )

( 1) ( ), ( ) 0

SOC t P t P t
SOC t

SOC t P t P t

−

+

 − += 
 − + >

η
η


 (10)
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2.2. Objective Function 

We combined the GFJSP and PV problems to minimize completion time, carbon 
emissions, and cost. To do this, we established a mixed integer linear programming math-
ematical model, which minimizes the completion time objective function as follows: 

where Cmax is the maximum completion time, which will change according to different 
scheduling schemes. 

According to the carbon emission calculation method in Section 2.1.1, the carbon 
emission objective function is constructed as follows: 

Based on the time-of-use tariff model, the following cost objective function is con-
structed: 

where W is the cost incurred by the workshop in using electricity while carrying out pro-
duction activities, and f(t) is the time-sharing tariff function. 

In summary, the multi-objective function for low-carbon scheduling of PV flexible 
shop scheduling is as follows: 

2.3. Constraints 

In the actual process of production activities, PV microgrids need to consider the bal-
ance of the power supply and the output of the energy storage equipment, while the pro-
duction process needs to consider the constraints on the processing of workpieces and 
machines. 

2.3.1. Power Balance Constraints 

The grid power supply, as the main source of energy supply for the workshop, usu-
ally has more stable output characteristics. Photovoltaics, as an auxiliary energy source, 
constitutes the normal operation of the workshop, in which power balance constraints 
need to be considered: 

where PPV(t) is the power supplied by the PV, Egrid(t) is the energy supplied by the grid, 
and Pbess(t) is the power supplied by the batteries. The profile of E୲୭୲ୟ୪(𝑡) is dynamically 
determined by the decision variables 𝑆௜௝ and 𝑋௜௝௞, thereby establishing intrinsic mathe-
matical coupling between the energy constraints (Equations (15)–(17)) and the scheduling 
domain (Equations (18)–(23)). 
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2.3.2. Energy Storage Device Constraints 

The battery serves as a back-up power source for the shop, allowing for charging 
when there is sufficient PV energy and discharging when there is a shortage of PV energy, 
with the following constraints: 

where 𝑃ୠୣୱୱ୫୧୬(𝑡) and 𝑃ୠୣୱୱ୫ୟ୶(𝑡) are the upper and lower limits, respectively, of the energy 
storage state output, whose values are positive for the power input and negative for the 
power output; and 𝑆𝑂𝐶୫ୟ୶(𝑡)  and 𝑆𝑂𝐶୫୧୬(𝑡)  are the upper and lower limits, respec-
tively, of the energy storage capacity at the moment t. 

2.3.3. Flexible Job Shop Constraints 

The flexible job shop needs to consider mobilization of workpieces and machines 
during production activities, with the following constraints: 

Equation (18) specifies that a particular process can only be processed on one ma-
chine; Equation (19) indicates the time constraints of the process; Equation (20) ensures 
that the completion time of the process should not exceed the completion time of the cor-
responding workpiece; Equation (21) specifies that the various processes in the workpiece 
should follow the established sequence of processing; Equation (22) indicates that each 
machine can only be start a process after completion of the previous process and before 
beginning the next process (that is, only one process can be processed at a time); and Equa-
tion (23) indicates that the value of the parameter variable is non-negative.  

3. Problem Solving Based on a CMOPSO Algorithm 
Particle Swarm Optimization [31] (PSO) was proposed by Kennedy and Eberhart et 

al. in 1995, which guides the evolution of particle swarms to the global optimum by sim-
ulating the social cooperation and individual competition behaviors of flocks of birds and 
schools of fish, according to the currently searched optimal solutions. The multi-objective 
particle swarm algorithm is extended based on the classical particle swarm optimization 
algorithm, using an external population archive (Archive) to store all the current non-
dominated solutions. Individuals in the external archive are considered elite individuals, 
controlling the direction of population evolution through the elite individuals, aiming at 
searching for a set of non-dominated solutions in the solution space and guiding the pop-
ulation to approximate the real Pareto front, as well as using the particles in the external 
archive as an approximation of the Pareto optimal solution obtained at the end of the al-
gorithm run. 
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3.1. Problem-Solving Framework 

In this study, a three-stage feedback optimization framework is proposed to effec-
tively solve the problem of shop floor scheduling and PV microgrid integration. The over-
all framework diagram shown in Figure 2 consists of three phases. 

 

Figure 2. Three-stage problem solving framework. 

3.1.1. Initial Carbon-Aware Scheduling 

The problem of coupling job shop scheduling and PV microgrids requires simultane-
ous consideration of both scheduling allocation and energy allocation. Due to the insta-
bility of PV energy supply and the uncertainty of completion time due to the workshop 
scheduling allocation, the aim of this phase is to generate an initial FJSP scheduling solu-
tion to provide a time window for subsequent PV energy estimation. 

Traditional FJSP scheduling mainly considers the completion time, and in this paper, 
we introduce the energy weight matrix We ∈ R24, which represents the cost of energy 
usage for 24 h. In task allocation, time efficiency, energy cost, and carbon emission are 
combined for comprehensive consideration, and the comprehensive decision function for 
task allocation is defined as 

where ftime(j,m) denotes the time efficiency function of task j on machine m, fenergy(j,m,t) de-
notes the energy cost function, fcarbon(j,m,t) denotes the carbon emission function, and α, β, 
and γ are the weighting coefficients. 

After the decision of task allocation is achieved, NSGA-II is used for initial optimiza-
tion of the objectives, which includes problem encoding and decoding, population initial-
ization, objective function evaluation, fitness evaluation and selection, and performance 
of crossover and mutation operations. 

A series of non-dominated solutions are generated during the iterative process of 
NSGA-II, and based on the decision maker’s preference, a solution that balances the three 
objectives is selected as the output of the first stage, with the selection criteria being 

( , , ) ( , ) ( , , ) ( , , )time energy carbonS j m t f j m f j m t f j m t= ⋅ + ⋅ + ⋅α β γ  (24)
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where Ω is the Pareto solution set, and w1 = 1/3, w2 = 1/3, and w3 = 1/3 are the weights of 
each objective. 

3.1.2. PV Availability Estimation 

In this section, the approximate energy from PV energy needs to be calculated to 
provide more accurate energy constraints for the third stage of optimization, introducing 
buffer parameters 

where a and b are adjustable parameters; a = 0.1, and b = 2. The buffer parameter is used 
in the third stage to allow the optimized scheduling to extend the completion time within 
a certain range for better energy utilization. 

After obtaining the buffer time, the total available PV energy can be calculated for 
the entire production cycle: 

Dual optimization of completion time and energy use can be accomplished in the 
third phase after transforming the unstable PV energy into a controllable amount of PV 
energy available. 

3.1.3. MOPSO Two-Layer Co-optimization 

To address the complexity of joint production-microgrid scheduling, this paper es-
tablishes a bi-level optimization framework based on decomposition-coordination, decou-
pling the model into two interactive mathematical sub-problems. The upper level serves 
as the master problem, solving the flexible job shop scheduling problem by optimizing 
machine allocation M and operation timing T to determine the power load profile 𝑃𝑙𝑜𝑎𝑑. 
The lower level acts as the sub-problem for energy management and constraint validation. 
Upon detecting power balance violations, it calculates Lagrangian multipliers (shadow 
prices) as feedback. The two levels are coupled via a “prediction-correction” loop (Figure 
3): adaptive penalty signals from the lower level compel the upper level to reconfigure 
load distribution in subsequent iterations, driving the system toward an equilibrium that 
satisfies constraints from both domains. 
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Figure 3. Two-tier collaborative optimization framework. 

(1) Based on Optimal Scheduling of Energy Cost 

Extract the energy management scheme Xe for the current particles and calculate the 
comprehensive energy cost for each time period t and each machine m. The comprehen-
sive energy cost ct,m is as follows: 

where Pt is the electricity price in time period t, Pvt is the PV power in time period t, SOCt 
is the state of the energy storage system in time period t, δt is the carbon emission intensity 
in time period t, and w4, w5, w6, and η are the weighting coefficients. 

Simultaneously, evaluate the scheduling and calculate the energy cost for each pro-
cess j under the current allocation Ej: 

where tj is the start time of process j, pj is the processing time of process j, mj is the machine 
assigned to process j, and Pmj is the power of machine mj. 

The processes are arranged in descending order of energy cost to obtain the candidate 
optimization process ensemble Ω = j1, j2, …jk. The high energy cost processes are priori-
tized and adjusted, the high energy cost processes are guided by the energy weights, and 
the ks process is selected. 

where We(t) is the energy weight, and n is the total number of processes. 
For each candidate process j ∈ Ω, the following adjustment strategy is tried. 
(1) Obtain the ensemble of all available machines Mj = m1, m2, …, ml for each available 

machine, compute the energy cost Ej(m), try to select the machine with the lowest energy 
cost m* = arg minm∈MjEj(m), and if Ej(m) < Ej(mj), reassign process j to machine m*. 

(2) Calculate the time window [Sij, Cij] for process j, satisfying process dependencies 
and machine availability. For each possible machine time t within the window calculate 
the energy cost Ej(m) and select the start time with the lowest energy cost t* = arg min[ESj,LSj] 
Ej(m); if Ej(t) < Ej(tj), adjust the start time of process j to t*. 

After updating the particle locations, a fitness assessment is performed for each par-
ticle, applying penalties to processes in high-cost or high-emission time periods and di-
recting scheduling to adjust to low-tariff or high-PV-availability time periods. At the same 
time, the non-dominated solution is deposited in the warehouse. 

(2) Optimizing Energy Management Based on Dispatch 

Treating the load profile 𝑃௟௢௔ௗ from the upper level as an input boundary, the lower-
level microgrid solves the sub-problem targeting minimum operational costs to validate 
energy-side feasibility. By optimizing battery output 𝑃஻௘௦௦ and grid interaction 𝑃௚௥௜ௗ, the 
system quantifies the power imbalance Δ𝑃  (constraint violation), which serves as the 
quantitative basis for updating Lagrangian multipliers. 
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where Ppeak and Pvalley are the peak and valley determination thresholds, respectively. The 
peak and valley identification provides the decision basis for the subsequent peak-shaving 
and valley-filling strategies. 

In order to realize the energy system dispatch and grid interaction to achieve smooth-
ing of the load curve, the strategy of charging in the low valley and discharging in the 
peak period is used in this section. 

At the same time, based on the characteristics of the PV cell and load demand, estab-
lish a priority strategy for energy distribution: prioritize the use of the PV cell to meet load 
demand and maximize utilization of renewable energy. 

If there is a surplus of PV energy, the excess PV power is stored in the energy storage 
system. 

When load demand exceeds PV supply, energy storage systems are prioritized to 
make up the difference. 

Power is purchased from the main grid when the energy storage system is unable to 
meet demand. 

Δ𝑃(𝑡) quantifies the deviation from microgrid physical constraints, serving as the 
core coupling variable for the master-sub-problem iteration. To drive the upper-level 
schedule toward the energy feasible region, these physical “hard” violations must be 
translated into economic “soft” penalties within the objective function. Leveraging La-
grangian relaxation, Δ𝑃(𝑡) is mapped to dynamic Lagrangian multipliers, establishing a 
feedback mechanism between the scheduling and energy layers. The specific adaptive up-
date strategy is detailed in Section 3.2. 

3.2. Adaptive Lagrangian Feedback Mechanism 
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Aiming at coupling challenges in the smart manufacturing and microgrid integration 
optimization problem, this paper proposes a feedback optimization framework based on 
the adaptive Lagrangian multiplier method. The method coordinates the mutual influence 
between production scheduling and energy management by dynamically adjusting en-
ergy weights to achieve efficient convergence of multi-objective optimization. 

3.2.1. Lagrangian Function Construction 

The augmented Lagrangian function is constructed for the power balance constraints 

where λ is the Lagrange multiplier vector, and ρ is the penalty factor. v(x) denotes the 
degree of power balance violation. 

3.2.2. Adaptive Weight Updating 

To mitigate numerical oscillations often encountered with standard sub-gradient 
methods, we design an adaptive damping mechanism comprising two key steps to dy-
namically regulate the step size 𝜂𝑘 and penalty factor 𝜌𝑘. 

(1) Oscillation Detection and Parameter Adaptation. 

The mechanism first evaluates the constraint violation norm Δ𝑣௞ = ‖𝑣(𝑥௞)‖ . If Δ𝑣௞ > Δ𝑣௞ିଵ  (violation increases), indicating trajectory oscillation, a damping phase is 
triggered: the step size is decayed (𝜂௞ାଵ = 𝛾ௗ௘௖ ⋅ 𝜂௞), and the penalty factor 𝜌 is boosted 
to force the search back into the feasible region. Conversely, if Δ𝑣௞ ≤ Δ𝑣௞ିଵ, the conver-
gence is deemed stable, and the step size is increased to accelerate optimization. 

(2) Augmented Weight Update. 

Incorporating the adapted parameters and the augmented Lagrangian first-order 
necessary conditions, the energy weight update is formulated as 

Here, the augmented quadratic feedback term 𝜌௞ ⋅ (𝑣௧(𝑥௞))ଶ  provides non-linear 
suppression of large deviations. This is complemented by the momentum term 𝛼 ⋅ 𝑑௧ 
(Equation (42)), which utilizes historical information to smooth the update trajectory and 
enhance convergence robustness. 

3.2.3. Adaptive Parameter Adjustment 

In order to improve optimization efficiency and stability, an adaptive parameter ad-
justment strategy is adopted, with the following steps: 

(1) Adaptive step size adjustment 

(2) Adaptive penalty factor adjustment 

(3) Local most-jumping-out mechanism 
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When the violation varies very little over many consecutive iterations, the step size 
is increased to jump out of the local optimum: 

This feedback is used as a condition for aborting the iteration on one of the following 
convergence criteria: 

(1) The amount of weight change is less than the threshold: 

(2) The power balance constraint violation is less than the allowable value: 

(3) The maximum number of iterations is reached: 

The updated energy weights are fed back to the upper layer to increase the adapta-
tion penalties for high violation or high electricity price periods in the next round of 
MOPSO iterations, guiding the scheduling to adjust to low-cost and low-emission periods. 

3.3. Problem Coding and Decoding 

The three-stage hierarchical optimization framework proposed in this paper requires 
joint coding of the FJSP and the microgrid energy management problem. Since the sched-
uling problem is a discrete problem, and microgrid management is a continuous problem, 
a hybrid coding scheme is designed to be able to represent both the production scheduling 
decision and the energy management strategy. An example of a scheduling job with three 
artifacts and two machines is shown in Figure 4. 

 

Figure 4. Heterogeneous map of scheduling cases. 

The heterogeneous diagram in the figure shows the scheduling state of the case, with 
the dashed lines indicating the available machines, while the solid lines indicate the order 
of processing. A coding scheme constructed for the scheduling case is shown in Figure 5. 

 

Figure 5. Four-layer coding scheme. 

Figure 5 illustrates an example coding scheme consisting of four different genes. The 
process gene indicates the number of times the workpieces are processed and the order in 
which they are processed; the machine gene controls the allocation of the machine; the 
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energy consumption gene represents the amount of energy required for the processing of 
the workpieces; and the energy gene controls whether or not photovoltaic energy is used 
in the processing of the workpieces. A 1 indicates that photovoltaic energy is used, while 
a 0 indicates that the energy is supplied by the grid. 

Figure 6 shows the coding scheme of the example case composition, which is plotted 
in the form of a Gantt chart for the sake of clear description, with the left y-axis, x-axis, 
and right y-axis denoting the machine selection, the processing time, and the energy con-
sumption, respectively. When the first process gene assigns the operation of workpiece 1, 
then the machine gene will immediately follow by assigning the corresponding workpiece 
to machine 2. When the operation is executed, the energy consumption of the assigned 
process is calculated, and it is determined whether the process should be powered by 
photovoltaic or not. With this coding scheme, this complex integrated optimization prob-
lem can be effectively transformed into a solvable mathematical model. 

 

Figure 6. Gantt chart of coding scheme composition. 

3.4. Improvement of the MOPSO Algorithm 

3.4.1. Chaotic Mapping 

Chaotic systems are highly sensitive to initial conditions, both non-periodic and er-
godic, and are capable of generating pseudo-random dynamic sequences in a finite space. 
Compared with traditional uniform random mapping, chaotic mapping can provide a 
more uniform search trajectory and avoid the search process falling into the local optimal 
region. In particle swarm optimization, random coefficients have an important impact on 
search behavior. Uniform distribution of traditional random coefficients may lead to too-
homogeneous search behavior, while chaotic mapping can introduce nonlinear dynamics 
and enhance global search capability. In this paper, a logistic map is used as the imple-
mentation of chaotic mapping, and its mathematical expression is 

where µ is a control parameter. When µ = 4, the Logistic Map exhibits completely chaotic 
behavior and generates a sequence with good traversal in the range [0, 1]. This chaotic 
sequence is used to generate the stochastic coefficients in the particle velocity update for-
mulation, thus enhancing the exploration capability of the particle swarm. 

By integrating chaotic mapping into the velocity update process of MOPSO, the im-
proved velocity update equation is 

where 1,
t
jξ  is the chaos coefficient in the jth dimension of the tth generation, ,

t
winner jx  is the 

jth dimensional position of the leader particle selected through a competitive mechanism, 
and the production of chaos coefficients follows a logistic mapping progression 
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where the initial chaos value 0
,k jξ  is chosen randomly in the interval (0, 1) and 0

, 0.5k j ≠ξ  
to avoid immobile points. 

3.4.2. Adaptive Mutation 

In multi-objective optimization, maintenance of population diversity is crucial for 
obtaining high-quality Pareto frontiers. Conventional MOPSO’s mutation operation usu-
ally uses fixed mutation probabilities and distribution indices, which are difficult to adapt 
to the needs of different optimization stages. For example, a large magnitude of variation 
is needed at the early stage to facilitate exploration, while a smaller magnitude of variation 
is needed at the later stage to fine-tune the solution. Therefore, this paper proposes an 
adaptive mutation strategy that adapts to the needs of the optimization process by dy-
namically adjusting the mutation probability and distribution index. 

The mutation probability decreases linearly based on an iterative progress, with a 
high probability in the early stage to promote the global search, and a low probability in 
the later stage to focus on the local exploitation. Its mathematical expression is as follows: 

where t
mp  is the mutation probability at generation t, ,maxmp  and ,minmp are the upper 

and lower bounds of the mutation probability, respectively, and T is the maximum num-
ber of iterations. 

The distribution index is dynamically adjusted according to the crowding distance 
of the population, and the magnitude of variation is increased when the population di-
versity is low to maintain the distributivity of the solution. 

An improved crowding distance is used as a quantitative index of population diver-
sity, and for the ith individual, the crowding distance is defined as 

where M is the number of objective functions, and max
mf  and min

mf  are the maximum and 
minimum values of the mth objective, respectively. 

Indicators of overall population diversity are defined as 

where 
tCD  and maxt
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 are the average and maximum crowding distances of the pop-

ulation, respectively. 
Based on the population diversity, the adaptive formula for the distribution index is 

where ηm,max and ηm,max are the upper and lower bounds of the distribution index, respec-
tively. 

For each particle’s dimension, the probability Pm determines whether it is mutated or 
not, with the following mathematical expression: 
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3.4.3. CMOPSO Algorithm Solution Flow 

The algorithm flow of CMOPSO is shown in Figure 7, where blue represents the orig-
inal MOPSO flow, orange represents the improved part, and green is the judgment state-
ment. 

 

Figure 7. Improved multi-objective particle swarm algorithm flow. 

4. Case Validation 
In this section, sufficient experiments are designed to validate the performance of the 

proposed algorithms. The simulations were conducted in MATLAB 2023a on a work-
station equipped with an AMD Ryzen 9 7940H CPU (3.4 GHz), 16 GB RAM, and an 
NVIDIA RTX 4060 GPU. Regarding the algorithm configuration, the key parameters of 
CMOPSO were determined by referring to standard settings in the literature [32] and con-
ducting preliminary sensitivity tests. Specifically, the population size is set to 100, the 
maximum number of iterations is 100, the inertia weight w is 0.5, and the acceleration 
coefficients are set to c1 = 1.5 and c2 = 1.5. The remaining parameters were configured in 
accordance with the recommendations provided in [32]. Furthermore, the physical speci-
fications of the microgrid components and the time-of-use tariff data used in the case 
study are derived from typical industrial standards and local commercial pricing policies, 
respectively, as detailed in Section 2.1.2. 

4.1. Case Background 

To validate the three-stage multi-objective optimization model and its solution pro-
posed in this paper, the test set provided by Brandimate [33] was used as a benchmark. 
Table 3 shows an example of the benchmark example MK01, which contains 10 jobs and 
six machines. 

Table 3. Processing power per machine. 
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Machine Processing Idle Machine Processing Idle 
M1 2 0.6 M4 2.4 0.4 
M2 1.6 0.6 M5 2.4 0.4 
M3 1.8 0.5 M6 4.1 0.6 

In order to place the cases in the context of considering the dispatch of a PV microgrid, 
for the different cases, an energy storage system with a capacity of 150 kWh is designed, 
which has a charging and discharging power of 10 kW and 12 kW, respectively. It is as-
sumed that there exists a distributed solar panel for the shop floor to carry out the gener-
ation of the energy, which generates a peak of 6000 kWh. these values are based on a real 
PV system. For different cases, the real values are scaled to fit the actual supply in per-
forming the workshop generation activities. 

4.2. Experimental Results 

In order to analyze the effectiveness of the algorithm in the case, specific to the MK01 
case, the algorithm generates a non-dominated Pareto frontier, as shown in Figure 8, with 
the convergence curve shown in Figure 9. 

 

Figure 8. Pareto frontier based on the triple objective. 
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Figure 9. Iterative convergence curves for different objectives. 

From Figure 9, it can be learned that the carbon emission and cost converged in 25 
generations, and the completion time converged in 50 generations. The initial solution of 
the completion time is lower, which is due to the initial scheduling in the first stage, and 
the solution with larger completion time will be preferentially excluded in the third stage 
of optimization. 

The three objectives are evaluated using linear weighting, where each objective func-
tion has a weight of 1/3, from which the optimal scheduling under the equilibrium deci-
sion can be obtained. The scheduling scheme is shown in Figure 10. 
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Figure 10. Scheduling results of the balanced program. 

From the analysis of the scheduling scheme, it can be seen that PV power generation 
and the tariff period show an isotropic effect. Since PV production capacity is mainly con-
centrated in the daytime hours with sufficient light, which coincides with the flat and peak 
periods of the electricity price, PV power is basically realized as soon as it is generated, 
and there is seldom any transfer of the power surplus to the subsequent periods. At the 
same time, the production scheduling also reflects a clear cost orientation, which effec-
tively reduces overall costs by scheduling the main processing hours in the low tariff zone. 

In order to enable the decision maker to choose the appropriate solution according 
to personal preference, for the three objectives, we consider three different extreme cases, 
which are cases where the decision preference is for minimum completion time, minimum 
cost, and minimum carbon emission. Figures 11–13 show the microgrid energy allocation 
diagrams for the three extreme cases, as well as the grid output power and tariff interac-
tion diagrams. 

 

Figure 11. Preferred time of completion. 
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Under the decision preference of completion time priority, the scheduling system 
achieves efficient scheduling of centralized processing by optimizing the time between 
processes. However, the use of photovoltaic energy is still prioritized during high elec-
tricity price hours, and the decision is made to reduce energy costs by shifting energy-
intensive tasks to flat and low valley electricity price hours. 

 

Figure 12. Preferred costs. 

Under the cost-first decision-making preference, the time-sharing tariff strategy 
guides the plant to utilize more PV renewable energy during peak hours, reducing reli-
ance on grid power and lowering carbon emissions and costs. At the same time, it reduces 
peak power consumption and increases valley power consumption by optimizing the 
power consumption plan and shifting high-load production tasks to low or flat hours. 
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Figure 13. Preferred carbon emissions. 

Under the decision of preferring carbon emissions, the dispatch scheme guides the 
high-load tasks to be processed in the low or flat tariff hours through the time-sharing 
tariff strategy and prioritizes the use of energy storage devices to supply power in peak 
tariff hours in order to reduce the carbon emissions of the scheme, but some high-load 
tasks are still scheduled in peak hours due to the constraints of the time of completion. 

From analysis of the MK01 case, it can be concluded that the method can effectively 
optimize scheduling while taking into account energy allocation in the microgrid and us-
ing the time-sharing tariff strategy to achieve double optimization of both time and energy 
levels. 

4.3. Comparison of Algorithms 

In order to verify the effectiveness of the algorithm, the CMOPSO algorithm is com-
pared with the MOPSO algorithm, the NSGA-II [34] algorithm, and the SPEA-II [35] algo-
rithm, and the optimal solution of multiple runs is selected by the Analytic Hierarchy 
Process (AHP) [36] under the condition of the same parameter. The bold font represents 
the optimal solution of four algorithms. The objective value is optimal, as shown in Table 
4. 

Table 4. Comparison of the objectives of different algorithms, using Brandimarte calculus. 

Case Indicator CMOPSO MOPSO NSGA-II SPEA-II 

MK01 
f1 40 45 41 47 
f2 182.5 197.7 161.8 185.7 
f3 240.2 271.4 282 259.1 

MK02 
f1 42 50 50 46 
f2 189.6 197.7 213.6 243.27 
f3 259.9 274.8 304.5 289.74 

MK03 
f1 157 182 179 173 
f2 823.5 874.3 862.2 849.3 
f3 1083.8 1199.4 1095.4 1120.6 
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MK04 
f1 105 120 129 112 
f2 387.1 405 406.5 419.5 
f3 521.6 546.2 510.5 547.8 

MK05 
f1 208 226 214 214 
f2 442.6 462.3 468.1 470.8 
f3 601.6 620.3 601.8 650.4 

MK06 
f1 109 116 110 122 
f2 732.6 777 789.8 743.2 
f3 959 1055 1022 981 

MK07 
f1 176 165 185 197 
f2 671 691.9 684.1 700.6 
f3 887.5 906.3 948.9 924.9 

MK08 
f1 591 613 594 588 
f2 2491.3 2515.5 2544.8 2528.6 
f3 3314.2 3353.8 3373.4 3372.1 

MK09 
f1 442 452 460 442 
f2 2014.4 2027.5 2031.5 2063.8 
f3 2553.9 2768.8 2631.3 2760.8 

MK10 
f1 326 351 344 339 
f2 1187.7 1220.1 1200.7 1236.7 
f3 1610.4 1638.6 1615.8 1670.1 

Table 4 presents a quantitative comparison of the optimal objective values obtained 
by the four algorithms across ten benchmark instances (MK01–MK10), ranging from 
small-scale to large-scale problems. The bold values highlight the best results among the 
compared methods. Taking the MK01 instance as an example, CMOPSO achieves the min-
imum values in terms of makespan (40), cost (182.5), and carbon emissions (240.2), which 
are significantly lower than those of the baseline MOPSO (45, 197.7, 271.4) and NSGA-II. 
Furthermore, in large-scale instances such as MK06 and MK10, CMOPSO consistently 
maintains its dominance. This indicates that the proposed algorithm, enhanced by chaotic 
mapping and adaptive strategies, possesses superior global search capabilities and stabil-
ity, effectively avoiding local optima compared to traditional algorithms. 

In order to further compare the performance of the algorithms, the four algorithms 
are each run randomly on the small-sized arithmetic case MK01, the medium-sized arith-
metic case MK04, and the large-sized arithmetic case MK06, and the derived Pareto fronts 
are plotted, as shown in Figure 14. There are more non-dominated solutions solved by 
CMOPSO than by the other three algorithms, and the non-dominated solution space cor-
responding to them is more centralized, which suggests that this paper’s CMOPSO has 
better convergence. 
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Figure 14. Comparison of different algorithmic Pareto fronts. 

4.3.1. Performance Evaluation Metrics 

When evaluating the performance of an algorithm, it is crucial to consider multiple 
aspects. In this paper, the performance of the algorithm is comprehensively evaluated by 
the following metrics [37]. 

(1) IGD (inverted generational distance) evaluates the convergence performance and 
distribution performance of the algorithm by calculating the minimum sum of the dis-
tances between each individual to the set of individuals acquired by the algorithm on the 
real Pareto fronts. The smaller the value, the better the comprehensive performance of the 
algorithm, including convergence and distribution performance. The formula is as follows: 

where P is the set of points uniformly distributed on the true Pareto surface, |P| is the 
number of individuals in the set of points distributed on the true Pareto surface, Q is the 
set of the most Pareto-optimal solutions obtained by the algorithm, and d(v,Q) is the min-
imum Euclidean distance from individual v in P to population Q. 

(2) HV (hypervolume) calculates the hypervolume dominated by the non-dominated 
solution set in the target space with respect to a certain reference point. HV reflects both 
the convergence and the distribution of the solution set. The larger the value of HV, the 
higher the quality of the solution set. The formula is as follows: 

( , ) ( , )
x X

HV X P v x P
∈

=   (59)

where v(x,P) denotes the hypervolume of the space formed between the solution x and 
the reference point P in the non-dominated solution set X. 

(3) Spread calculates the distribution degree index of the non-dominated solution set 
generated by the multi-objective optimization algorithm with respect to the real Pareto 
front, which is a comprehensive measure of the uniformity and coverage of the solution 
set. A smaller the value indicates that the distribution of the solution set is more uniform 
and the coverage is more extensive. The formula is as follows: 

( , )
( , )

| |
v P
d v Q

IGD P Q
P

∈=


 (58)
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where |A| is the number of solution sets, m is the number of objective functions, and di 
denotes the average distance from each solution to the nearest neighbor solution. 

A comprehensive assessment of the convergence, coverage, and uniformity of distri-
bution of the algorithm through these metrics provides a more comprehensive under-
standing of the algorithm performance. 

4.3.2. Analysis of Test Results 

Thirty runs of the four algorithms were performed with the same parameter settings, 
and the mean values of the solution set metrics were calculated. The results are shown in 
Tables 5–7. 

Table 5. IGD performance indicators. 

Test  
Function 

IGD 
CMOPSO MOPSO NSGA-II SPEA-II 

MK01 0.439 0.487 0.535 0.549 
MK02 0.387 0.440 0.492 0.427 
MK03 0.354 0.389 0.399 0.460 
MK04 0.409 0.472 0.458 0.504 
MK05 0.425 0.422 0.367 0.431 
MK06 0.351 0.428 0.437 0.424 
MK07 0.317 0.368 0.335 0.522 
MK08 0.357 0.370 0.529 0.580 
MK09 0.428 0.499 0.514 0.492 
MK10 0.256 0.320 0.366 0.410 

Table 6. HV performance indicators. 

Test  
Function 

HV 
CMOPSO MOPSO NSGA-II SPEA-II 

MK01 0.757 0.556 0.593 0.599 
MK02 0.692 0.731 0.606 0.516 
MK03 0.704 0.535 0.694 0.538 
MK04 0.793 0.618 0.664 0.592 
MK05 0.725 0.734 0.691 0.560 
MK06 0.811 0.599 0.574 0.474 
MK07 0.761 0.609 0.626 0.431 
MK08 0.785 0.630 0.629 0.679 
MK09 0.696 0.772 0.651 0.685 
MK10 0.759 0.598 0.673 0.511 

Table 7. Spread performance indicators. 

Test  
Function 

Spread 
CMOPSO MOPSO NSGA-II SPEA-II 

MK01 0.319 0.440 0.546 0.511 
MK02 0.328 0.472 0.445 0.508 
MK03 0.345 0.439 0.375 0.558 
MK04 0.396 0.490 0.548 0.527 
MK05 0.495 0.530 0.453 0.567 

| | 1

1
1
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MK06 0.323 0.424 0.541 0.455 
MK07 0.293 0.485 0.579 0.451 
MK08 0.271 0.559 0.615 0.389 
MK09 0.257 0.529 0.515 0.457 
MK10 0.224 0.423 0.665 0.575 

CMOPSO shows excellent performance in terms of all three performance aspects: 
convergence, coverage, and uniformity of distribution. It is known from the IGD metrics 
that CMOPSO obtains nine optimal solutions and shows excellent performance in terms 
of convergence of the solution set, which is only slightly inferior to MOPSO and NSGA-II 
for the MK05 case. Secondly, its performance in terms of coverage is known from the HV 
performance metrics of the table, where CMOPSO slightly underperforms MOPSO for the 
MK09 case. Finally, its performance in terms of uniformity of distribution is proved from 
the spread performance of the table, where CMOPSO underperforms MK05 only for 
MK04. In summary, from the performance metrics of all three, CMOPSO shows excellent 
performance, outperforming the other three algorithms. Taking instances of different 
scales (MK01, MK04, and MK06) as representative study objects, the comparative boxplots 
for performance indices IGD, HV, and spread are plotted in Figure 15. To interpret the 
results, lower values indicate better performance for IGD and spread, while higher values 
are preferred for HV. As observed in the boxplots, the proposed algorithm achieves me-
dian values closer to the ideal optima compared to the baselines. Furthermore, the distri-
bution is more centralized (indicated by the shorter box heights), demonstrating lower 
variance. These results confirm that the proposed algorithm significantly outperforms the 
other algorithms in terms of convergence, coverage, and uniformity. 

 

Figure 15. Comparison of boxplots of performance metrics of different algorithms. 

4.4. Melting Experiment 
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To rigorously quantify the individual contributions of the photovoltaic system and 
the time-of-use pricing strategy in reducing production costs and carbon emissions, and 
to verify the synergistic effect of their combination, this section designs an ablation study. 
We construct four progressive scenarios by controlling two variables––“PV Configuration” 
and “Pricing Strategy”––to isolate the impact of each factor. 

The four comparative scenarios are defined as follows. 
Scenario 1 (with PV + ToU): The complete collaborative model proposed in this paper, 

incorporating both PV generation and ToU pricing signals. This scenario aims to verify 
the maximized benefits with “Source-Price” coupling. 

Scenario 2 (with PV + flat price): The PV system is installed, but the electricity price 
remains fixed (mean value). This scenario tests the energy substitution benefit of PV itself, 
while examining system performance when energy storage operates in a passive fluctua-
tion-smoothing mode due to the lack of price incentives. 

Scenario 3 (no PV + ToU): Based on Scenario 4, the ToU pricing strategy is introduced, 
but still without PV. This scenario aims to test the economic benefits of “peak shaving and 
valley filling” and load shifting using price signals when relying solely on grid power. 

Scenario 4 (baseline: no PV + flat price): This simulates a traditional job shop envi-
ronment. The microgrid has no PV generation and relies entirely on the external grid. 
Furthermore, the electricity price is fixed. In this scenario, the system lacks low-carbon 
energy sources, and the energy storage system has no arbitrage room. 

In order to ensure the fairness of the comparative experiment and avoid errors caused 
by deviations in the setting of the benchmark price, the “fixed electricity price” used in 
scenarios 2 and 4 is calculated based on the weighted average of the time-of-use electricity 
price over a 24 h period. The formal calculation formula is as follows: 

where 𝑃ሜ  is the average electricity price (yuan/kWh); 𝑃௜ is the price for the 𝑖-th time pe-
riod (e.g., valley, shoulder, peak); 𝑇௜ is the duration of the 𝑖-th time period (hours); 𝑛 is 
the number of distinct time periods (here, 𝑛 = 3), and ∑ 𝑇௜௡௜ୀଵ = 24. The fixed electricity 
price is calculated as 𝑃ሜ = 0.668 yuan/kWh. This setting ensures that the ablation study 
evaluates the optimization performance. 

The comparison results of total electricity cost and carbon emissions in the four sce-
narios are presented in Table 8. 

Table 8. Comparison of ablation study results in different energy scenarios. 

Scenario 
PV  

Configuration Price Strategy Makespan (h) 
Total Cost 

(Yuan) 

Carbon  
Emissions 

(kg) 

Cost  
Reduction 

Emissions  
Reduction 

1 Installed ToU Price 40 182.5 240.5 - - 
2 Installed Flat Price 40 231.2 248.2 21.1% 3.1% 
3 None ToU Price 40 306.6 346.1 40.5% 30.5% 
4 None Flat Price 40 327.7 338.9 44.3% 29.0% 

Based on Table 4, the contributions of each factor are analyzed through multi-dimen-
sional comparison. 

Impact of the ToU pricing strategy in PV-integrated scenarios (S1 vs. S2): the time-of-
use mechanism reduces the total cost by 21.1% (231.2 to 182.5). This underscores that PV 
energy generation alone is insufficient; it requires price signals to actively schedule 
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storage, “shifting” renewable energy to peak price periods to unlock its temporal value. 
In contrast, without PV (S3 vs. S4), ToU signals only yield a 6.4% cost reduction via load 
shifting. The significant disparity in cost reduction validates the necessity of “source-price” 
coupling, where PV integration amplifies the system’s flexibility for peak shaving. 

Contribution of PV Configuration: regardless of the pricing strategy, PV integration 
serves as the primary driver for low-carbon manufacturing. Under both ToU (S1 vs. S3) 
and flat pricing (S2 vs. S4) conditions, carbon emissions drop significantly from the 340 kg 
level to the 240 kg level (reductions of 30.5% and 26.8%, respectively). This physical sub-
stitution of grid power with clean energy simultaneously lowers operational costs and 
lowers carbon footprints. 

Verification of Synergistic Effect: Scenario 1 achieves global optimality across all met-
rics, delivering a 44.3% cost reduction and a 29.0% emissions reduction compared to the 
baseline Scenario 4. 

4.5. Algorithm Complexity Analysis 

The computational complexity of the proposed algorithm is primarily determined by 
the iterative process of CMOPSO and the bi-level feedback mechanism. Let 𝑁 be the pop-
ulation size, 𝐺  be the maximum number of iterations, 𝐷  be the encoding dimension 
(proportional to the total number of operations 𝑂௧௢௧௔௟), and 𝑀 be the number of objectives. 
The complexity can be analyzed as follows: 

Fitness Evaluation: In each iteration, decoding the solution and calculating the objec-
tives (makespan, cost, carbon) requires traversing all operations. The complexity is 𝑂(𝑁 ⋅𝐷). 

Pareto Sorting and Archive Maintenance: The non-dominated sorting (e.g., similar to 
NSGA-II) typically has a complexity of 𝑂(𝑀 ⋅ 𝑁ଶ). 

Bi-level Feedback Loop: Let K be the number of Lagrangian feedback iterations. The 
entire CMOPSO process is influenced by the weight updates in this outer loop. 

Therefore, the overall time complexity of the proposed framework can be approxi-
mated as 

( )( )2
totalT O K G N D M N≈ ⋅ ⋅ ⋅ + ⋅  (62)

Although the introduction of the three-stage strategy and bi-level feedback increases 
the computational burden compared to single-layer algorithms, it remains within polyno-
mial time complexity. Considering that production scheduling is typically an offline plan-
ning task, the priority is solution quality (cost and carbon reduction), rather than millisec-
ond-level real-time response. Empirical results show that the algorithm converges within 
a reasonable time for standard benchmark instances. 

5. Conclusions 
This paper proposes a collaborative optimization method for low-carbon scheduling 

of flexible job shop production considering photovoltaic microgrids that integrates energy 
allocation and job scheduling after the introduction of photovoltaic energy into the work-
shop production process and the introduction of a time-sharing tariff policy, with the aim 
of promoting low-carbon and high-efficiency production activities. Firstly, a PV microgrid, 
as well as a low-carbon scheduling model, for the flexible workshop are established; sec-
ondly, a three-stage problem-solving framework is constructed for the difficulties of the 
coupled problem of the two- and a multi-objective particle swarm algorithm, which com-
bines chaotic mapping with adaptive mutation mechanism, and is improved for the solv-
ing of this model, and a two-tier collaborative optimization architecture is designed based 
on the CMOPSO algorithm. The final research results are as follows. 
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(1) The three-stage problem-solving method and the two-layer co-optimization ar-
chitecture proposed in this paper significantly improve the processing time of shop floor 
production, as well as the carbon emissions generated in the production process, and a 
four-layer coding mechanism was designed that conforms to the problem model. The op-
timization method is tested with the Brandimarte example, and the comparison results 
show that the optimization method has significant advantages and reliability for this kind 
of problem. 

(2) By exploring the impact of time-sharing tariff policy on low-carbon dispatching 
of PV flexible workshops and analyzing the interaction between energy allocation and 
tariffs, the results show that time-sharing tariffs can significantly reduce electricity ex-
penses by increasing the tariffs during peak hours, decreasing the tariffs during low hours, 
and adjusting the electricity loads to coincide with the peak period of renewable energy 
generation in order to sub-divide the reduction of the rate of light abandonment. 

(3) Simulation verifies the effectiveness of CMOPSO in solving such problems by 
comparing CMOPSO with three other mainstream multi-objective optimization algo-
rithms (including MOPSO, NSGA-II, and SPEA-II) in a comprehensive manner, which 
show significant advantages for different kinds of problems and in multiple evaluation 
dimensions. 

This study demonstrates the feasibility of integrating PV microgrids into the valuable 
flexible job shop scheduling model and verifies the superiority of the optimization frame-
work and algorithms in problem solving. In practical applications, this method can help 
manufacturing enterprises optimize the scheduling scheme and consider the scheme after 
the introduction of photovoltaic energy, which can help enterprises improve productivity 
while effectively reducing carbon emissions and transforming in green and low-carbon 
directions. 
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