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ABSTRACT The Physical Internet (PI)-enabled hyperconnected order-to-delivery system (OTD) provides
new solutions for sustainable supply chains from production perspectives. In this system, a PI-enabled
hyperconnected manufacturing system is more closely tied with other functions through Internet-
of-Things (IoT)-enabled machines for communication. In the OTD, the PI-enabled hyperconnected
production–distribution system (PI-H) is modelled bymulti-objectivemixed-integer-nonlinear programming
to evaluate sustainability. We develop an improved reference-point based non-dominated sorting genetic
algorithm (I-NSGAIII) to solve practical-scale PI-enabled hyperconnected production-distribution schedul-
ing problems, with the problem-specific solution expression and dynamic programming, subproblem-guided
crossover andmutation strategies, and adaptive evolutionmechanisms. I-NSGAIII’s performance advantages
and PI-H’s sustainable advantages are validated through extensive experiments.

INDEX TERMS Integrated production–distribution scheduling, multi-objective optimisation, physical
internet, supply chain management, sustainability.

I. INTRODUCTION
For auto enterprises, implementing sustainable supply chain
management (SSCM) within the framework of government
regulations on environmental policies has the highest pri-
ority [4]. The order-to-delivery system (OTD) serves as a
supply chain platform, connecting the market and manufac-
turer. This platform helps manage the production status and
delivery progress of orders in production and transportation
systems [2]. Hence, sustainably producing and delivering
customised vehicles to customers in shorter delivery times
is the primary purpose of OTD. Meanwhile, the Internet-of-
Things (IoT) revolution promotes the Physical Internet (PI)
paradigm in OTD, where the end-to-end visibility of the PI
objects, operations and systems is realised [3]. A Physical
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Internet-enabled hyperconnected OTD brings a new applica-
tion scenario of a digital-driven manufacturing system that is
more conducive to achieving sustainability in jointly schedul-
ing production and distribution.

Auto supply chains with highly modular production pro-
cesses have huge potential in digital supply chain implemen-
tation [2]. Ji et al. [4] studied the application of PI and found
that a PI-enabled auto supply chain (PI-S) can provide a
better service level with less cost compared to a traditional
auto supply chain (TS), without considering sustainability.
However, their study only investigated the advantages of
transparency from the tracking function of PI, owing to exist-
ing limitations in the infrastructure and ignoring the hyper-
connected distribution brought by PI. PI can digitally connect
and share information in real-time among physical machines,
assets and components, generating the operation scenario
with an IoT-enabled machine-to-machine (IoT-M2M) [5].

VOLUME 11, 2023 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ 7471

https://orcid.org/0000-0003-0370-4137
https://orcid.org/0000-0003-1343-0838


Y. Xue et al.: Solving the Sustainable Automobile Production-Distribution Joint Optimization

Our article formulates a model to evaluate the sustainability
performance of the operation scenario in IoT-M2M, including
the M2M-based automated modular roll spraying system and
the hyperconnected distribution. In detailed, the M2M-based
automated modular roll spraying system with multiple noz-
zles inside the robot arm is adopted to form the digital-driven
painting workshop(PT). Colours in the nozzle constitute a
colour package that massively changes the production logic
and human participation compared with the machine-driven
PT. Additionally, the hyperconnected distribution of resource
flows between plants provides more flexibility for the auto
enterprise, requiring unique production facility configura-
tions and costly large-scale equipment [6]. By implementing
the PI-enabled hyperconnected production–distribution sys-
tem (PI-H), these factors promote the formation of hypercon-
nected OTD for auto enterprises. Moreover, many scholars
have conducted extensive qualitative analysis, arguing that
PI-M2M will fully and optimally leverage machines while
liberating the workforce and improving resource utilisation—
which are two key sustainability indicators [7]. Hence, the
potential positive influence brought by PI-H on sustainabil-
ity is quite worthy of study. As defined in the Johannes-
burg Summit, sustainable development should balance not
just economy and environmental protection but also social
development [8]. These gaps between practical requirements
of sustainability management in the auto supply chain and
existing research allow us to explore implementable PI-H
and further investigate its sustainability advantages from eco-
nomic, environmental and social dimensions.

The integrated production-distribution scheduling (IPDS)
has been extensively studied in pursuing a more economical
supply chain. Moreover, the interconnection, dynamics and
openness brought by PI make IPDS has the characteristic
of hyperconnection, w.r.t, PI-HPDS. In this article, the PI-
HPDS is formulated as a multiple-objective model to com-
prehensively evaluate its sustainability from the economic,
environmental, and social aspects. Moreover, an I-NSGAIII
is proposed to solve the practical-scale problem based on the
characteristics of production and distribution in PI-HPDS.
The PI-H, PI-S, and TS are investigated under different
make-to-order market (MTO) scenarios, combining differ-
ent customer sizes and market structures. Notably, PI-H
has superior performance on sustainability in all instances
compared to PI-S and TS. Furthermore, PI-H can intensify
these advantages over PI-S as market structures’ complexity
increases. Finally, the practical value of adopting PI-H for
auto-enterprises is discussed. The contributions of this article
are summarised as follows:
• The PI-enabled hyperconnected production-distribution
system is modelled as MOMINLP to assess its sus-
tainability performance. The M2M-based modular roll
spraying system and hyperconnected distribution of
resource flow provide a new production scenario for the
PI-HPDS.

• We develop the I-NSGAIII to solve practical-scale
problems more effectively. In detail, problem-specific

solution expression and dynamic programming,
subproblem-guided crossover and mutation operators
are proposed. In addition, its performance is verified via
statistical comparisons.

• Under the different market structures and demand scales
which are the practical situation inMTO, the sustainabil-
ity performance of PI-H is quantitatively investigated,
and some managerial implications are established.

The remaining contents are structured as follows. Sec-
tion II summarises relevant literature. Section III provides a
detailed description of the model. Section IV describes the
I-NSGAIII algorithm. Section V performs extensive compu-
tational experiments to discuss the efficiency of I-NSGAIII
and the performance of the PI-enabled hyperconnected sup-
ply chain. Finally, Section VI presents our conclusions and
some directions for future work.

II. LITERATURE REVIEW
Current research on jointly scheduling production and dis-
tribution prioritises the sustainable performance of the econ-
omy, environment and society instead of previous research
that has focused on the economy alone. Chandra and
Fisher [9] were the first to discuss the huge economic
advantage brought by IPDS. Subsequently, IPDS only tar-
geting economic optimisation has been extensively studied
under different production configurations. Some researchers
assumed that production is performed by a single machine
[10]. IPDS with a parallel machine configuration, wherein
a job is assigned to multiple machines, has also been
studied in [11]. Moreover, Yagmur and Kesen [12] and
Homayouni, et al. [13] studied IPDS with a more complex
production configuration (e.g. single-stage flow-shop and
job-shop). Ji et al. [4] further investigated the cost opti-
misation of IPDS with a multi-stage manufacturing system
(MMS). Through a limited buffer system, jobs are then
transferred sequentially in two workshops. Jobs cannot be
produced in subsystem i + 1 until subsystem i completes
the production and transfer of related jobs. The above stud-
ies only focus on the economy. Subsequently, Aghajani and
Al-E-Hashem [14], Al-E-Hashem et al. [15], Solina and
Mirabelli [16] study how IPDS can consider both envi-
ronmental and economic goals. Particularly, Al-E-Hashem
et al. [15] only focused on carbon emissions in transporta-
tion, while Aghajani and Al-E-Hashem [14] and Solina and
Mirabelli [16] further studied energy consumption on a single
production line. Peng et al. [22] evaluated the sustainability
performance of PI-enabled production-inventory-distribution
system from economic, environmental and social dimensions.
They found that PI will bring better sustainability perfor-
mance for the supply chain. However, they did not extensively
study the social impact of production (e.g. the worker’s rights
from worker safety and fair production), which is receiving
increasing attention. The aforementioned research gaps drive
us to explore the sustainability performance of PI-enabled
IPDS in more practical production scenarios.
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Montreuil [17] developed the concept of PI, a physical
metaphor for the digital internet. PI promotes the inter-
connection and openness of independent supply networks
to obtain significant advantages [17]. Moreover, Crainic
and Montreuil [18] emphasised hyperconnectivity in logis-
tics and supply chains. Ben Mohamed et al. [19] opti-
mised interconnected urban logistics with economic and
ecological attributes. Moreover, Chargui et al. [20] and
Hu et al. [21] studied the interconnected distribution sys-
tem. Peng et al. [22] and Ji et al. [23] successively evaluated
PI-enabled production-inventory-distribution system based
on cost and sustainability performance. Regardless, the above
research simplified the production process as the order allo-
cation problem. Ji et al. [4] further studied IPDS with PI-
enabled MMS production configuration, which considers job
scheduling in sequentially connected two workshops. How-
ever, in this article, the two plants independently perform
production, and the significance of production for sustainable
management is not explored. Furthermore, Marcotte, Mon-
treuil and Coelho [6] firstly introduced the hyperconnected
mobile production system.A PI-enabled hyperconnected pro-
duction system not only relocates processing modules based
on demand but also dynamically transfers resources between
open plants. Notably, digitally driven manufacturing brought
by IoT-M2M in Industry 4.0 considerably changes produc-
tion scenes in existing MMS and open plants, including the
M2M-based modular roll spraying system and the hypercon-
nected semi-finished delivering system. The research gaps
between current research and practical requirements for auto
enterprises motivated us to study PI-HPDS based on the PI-
enabled hyperconnected production–distribution system and
evaluate its sustainability.

In recent years, a lot of approaches have been developed to
address IPDS, such as the exact method [24] and heuristic
algorithms (e.g. adaptive genetic algorithm [10], memetic
algorithm [12] and NSGAIII [25]). Exact methods are not
undeniably feasible when the problem is scaled up to a
certain level. Moreover, most practical problems for enter-
prises involve multi-objective optimisation. Hence, multi-
objective evolutionary algorithms (MOEA) have become
suitable solution methods. MOEA based on the Pareto con-
cept has been considered more effective compared to the
other methods, including the weighted sum of objective func-
tions and approaches based on population [26]. For instance,
strength Pareto evolutionary algorithms (SPEA and SPEA2)
have been exposed [27], and non-dominated sorting genetic
algorithms (NSGA and NSGA-II) are proposed [28]. Deb
and Jain [29] propose the reference-point-based NSGAIII
following the NSGA-II framework, which is much better
than a classical generating method in many-objective prob-
lems. However, NSGAIII does not perform well in large-
scale optimisation problems. Wang [30] combines several
information feedback models with NSGAIII to improve its
ability to solve large-scale optimisation problems. However,
the above works disregard the mostly nonlinear nature of real
problems. In nonlinear problems, the minimal evolutionary

fluctuations in the decision space will cause great distribution
changes in the target space. The information entropy theory
is suited for solving the PI-HPDS. Table 1 summarises the
research gaps in the related literature.

III. MODEL FORMULATION
A. PROBLEM DEFINITION
The proposed PI-HPDS can realise hyperconnected produc-
tion between two PI-enabled plants and then deliver finished-
vehicles to retailers through a multi-level hyperconnected
distribution network (Figure 1). The green section describes
the hyperconnected production system. Every PI-enabled
plant has multiple workshops. Semi-finished products can be
delivered between two plants to complete the remaining steps
of the production process. Hereafter, only finished-vehicles,
which are off the assembly line, will be delivered to customers
through a two-level PI-enabled hyperconnected distribution
system with RFID, WSN and GPS to perform tracking and
tracing. After the finished vehicle leaves the plant, it can be
transported to multiple PI-hubs or directly to the retailer. The
blue section illustrates the first layer in the transportation
system,where trains provide service between plants and hubs.
The second layer, marked in yellow, covers routing between
PI-hubs and retailers. The PI-HPDS can be defined as a
directed network G = (V , E). While V is the vertex set,
and E is the edge set, represent arcs between nodes in the
vertex set V . Vertex set V includes the plant set P, virtual
stock point set P′, hub set H and retailer set R. The virtual
stock point set P′ and hub set H constitute N1 = P′ ∪ H .
M is the set of transporters, M ={1, 2}, m ∈ M ∩ {1}
representing the mode of trains; m ∈ M ∩ {2} means the
mode of trucks, serving the remaining routing V\(P ∪ H ).
The orders o ∈ {1, 2, . . . , |O|} have the following properties:
series K (k ∈ {1, 2, . . . , |K |}), colour E(e ∈ {1, 2, . . . , |E|}),
key part G(g ∈ {1, 2, . . . , |G|}) and delivery deadline DE0.
The time horizon is T (t ∈ {1, 2, . . . , |T |}), each t in T
is the uniformly sized discrete period, and the length of
each unit time period can be user-defined when doing time
discretisation.

In PI-HPDS, Original equipment manufacturers (OEMs)
perform the hyperconnected semi-finished transport for
car-shells before the painting shop (PT). Orders are initially
pre-allocated to different plants based on the practical con-
straints of the press workshop only. Hence, the body-in-
white in Plant A will be sent to Plant B for painting and
assembly under the whole process of tracking and accu-
rate identification. Meanwhile, the digital painting workshop
adopts an M2M-based modular roll spraying system, which
has multiple nozzles inside the robot arm. In this study, the
total number of spray nozzles κn = 3 and colours in spray
nozzles constitute a colour package. If the colour required at
the current tact is contained by the colour package, changing
the nozzle becomes unnecessary. Notably, spray nozzles can
be replaced one or two at a time if they do not work in the
current tact. When two spray nozzles are replaced in the same
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TABLE 1. Overview of the related literature.

tact, pollution emission becomes less than that of two nozzles
replaced separately in a different tack. Otherwise, at least
one of the spray nozzles will be replaced in the previous
production tact. A special organic solvent is needed to clean
the paint material, which would generate a lot of VOC, which
is harmful to the environment and human beings. Hence,
minimising the times of colour switching is required, as spray
gun cleaning is performed whenever the colour needs to be
changed [31]. Moreover, two types of parts can be found in
the M2M-AS: standard and key parts. This article only con-
siders the key parts (G) which are affected by the assembly
sequence. Smoothing the part demand [32] is obtained in the
first function to reduce demand fluctuations in each period.
Meanwhile, the assembly load balancing is formulated as a
constraint satisfaction problem [33].

To balance the sustainability of economic, environmen-
tal and social dimensions, a MOMINLP model is pro-
posed to formulate this problem. Notably, the production
also has a major influence on the environment and soci-
ety. Consequently, not only sustainability from transporta-
tion is considered but also the environmental and social
effects of production. In the environmental objective, VOC
and CO2 emission costs are counted. The social objective

FIGURE 1. PI-enabled hyperconnected production-distribution system.

considers the social welfare contribution of carbon mit-
igation and workers’ rights from workers’ safe and fair
production.
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The sets, parameters and decision variables are defined as
the following notation list:

B. MATHEMATICAL DESCRIPTION OF THE
SUSTAINABILITY
1) ECONOMIC OBJECTIVE
The economic objective function (1) minimises the sum
of fixed setup cost and variable cost for production,
inventory cost, loading cost, transportation cost and
delivery tardiness cost. The variable production cost
includes the colour switching cost for PT and the supply
cost for AS.

fEoc =
∑
t∈T

∑
i∈P

(∑
k∈K

(∑
a∈O

τak · x tai − ϕl · θk

)
· Cq/q

)
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∑
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∑
i∈P

∑
e∈E

∑
d∈E

Xnt
edi · (Cr + Cu)

+

∑
t∈T

∑
i∈P

ηti · Cp +
∑
t∈T

∑
a∈O

ζ ta · Cv

+

∑
t∈T

∑
i∈N

∑
j∈N\P

∑
m∈M

(
C̆m +

⌢

Cm · dijm
)
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)
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⌉

+

∑
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⌢
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∑
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∑
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∑
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∑
m∈M
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+

∑
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∑
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+
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(
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(1)

2) ENVIRONMENTAL OBJECTIVE
In the environmental objective, the cost of GHG emis-
sions caused by painting and transportation are considered,
as there is no energy consumption reduction during the
smoothing part demand for AS. The first and the second
terms are GHG consumption for different transportation
modes ( [34], [35]). Moreover, the third term calculates the

process cost of VOC [36].

fEnv =
∑
t∈T

∑
i∈N

∑
j∈N

[∑
a∈O

π taij1/

(⌈∑
a∈O

π taij1/S1

⌉
· S1

)

+ ςt/

(∑
a∈O

π taij1 · ςf + ςt

)]
· dij1 · δ1 · Rc

+Qc · δc · δd ·
∑
t∈T
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⌉
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∑
nt∈NT
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e∈E
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d∈E

∑
i∈P

Xnt
edi · Qv · Rv (2)

3) SOCIAL OBJECTIVE
Regarding social objective, the objective function (3), as
shown at the bottom of the page, is evaluated from three
aspects: the social contribution of carbonmitigation, workers’
safety concerns [37] and production fairness [38]. One part
of the social contribution of carbon mitigation comes from
PI-enabled transportation. The other part comes from the
recycling system of VOC in PT, which is generated during the
cleaning of nozzles. Moreover, the workers’ safety concern is
contributed by the cost-saving of colour switching between
the traditional PT andM2M-PT [39]. Fair production is calcu-
lated based on the Coefficient of Variation for the production
period between plants.

C. GENERIC MODEL
The sustainability of PI-HPDS can be presented as
min fSus = (fEoc, fEnv,−fSoc). The constraints are as (4)–(18),
shown at the bottom of page 7.

The assembly schedule must satisfy the limitations of
production capacity, production sequence, and production
bottlenecks. Constraints (4) indicate that the order amust not
be assembled in the plant i at the period t when the plant i
does not perform the production at the period t . Constraints
(4) also restrict the production capacity of AS for every plant
in each period. Constraints (5) further stipulate the transfer
of semi-finished products between the plants. Constraints (6)
define the Coefficient of Variation for fair production. Con-
straints (7) specify that each order must be produced at most
once. The assembly sequence is represented by constraints
(8) - (15), where virtual orders 0 and |O| + 1 are set as the
head and tail orders for each time period in constraints (9)
and (10). Constricts (11) and (12) define the cross-period
connections for the assembly sequence. Constraints (13) and

fSoc = ϑ · ωl + ωs/
∑
t∈T

∑
a∈O

∑
i∈P

µtai +

( ∑
nt∈NT

∑
i∈P

ϒnt−1
i −

∑
nt∈NT

∑
e∈E

∑
d∈E

∑
i∈P

Xnt
edi

)
· Qu · Rc

+


∑
t∈T

∑
i∈N1

∑
j∈N1

δ2 · dij2 ·
∑
a∈O

π taij1 · ςf

−

[∑
a∈O

π taij1/

(⌈∑
a∈O

π taij1/S1

⌉
· S1

)
+ ςt/

(∑
a∈O

π taij1 · ςf + ςt
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 · Rc (3)
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TABLE 2. Notation list.

7476 VOLUME 11, 2023



Y. Xue et al.: Solving the Sustainable Automobile Production-Distribution Joint Optimization

TABLE 2. (Continued.) Notation list.

(14) calculate the start time and the offline time for each
order in AS, where the assembly of each order needs to go
through all stations in sequence. Constraints (15) specify that

the specific order produced in the time slot sl during the
time period t is determined. Constraints (16) - (18) satisfy
the assembly load balancing requirement. Constraints (16)

∑
a∈O

x tai ≤ η
t
i · ϕl ∀i ∈ P, ∀t ∈ T (4)

ζ t−1a =
∣∣τak · (i · x tai − i ·ϖki

)∣∣ ∀a ∈ O, ∀i ∈ P, ∀t ∈ T (5)
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2

√∑
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∑
t∈T

∑
i∈P
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)2
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t∈T
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i∈P
ηti/|P|

(6)

∑
t∈T

∑
i∈P

x tai =
∑
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∑
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ETAa = STAa + Sl · ℓl ∀a ∈ O (14)

x tai =
∑
sl∈Ht

x̂sl,tai ∀a ∈ O, ∀i ∈ P, ∀t ∈ T (15)

sl+Qg∑
sl

τak · ιkg · x̂
sl,t
ai ≤ |qg| ∀a ∈ O, ∀t ∈ T , ∀sl ∈ Ht , ∀g ∈ G, ∀k ∈ K (16)

PKt
ki =

∑
sl∈Ht

τak · x̂
sl,t
ai ∀a ∈ O, ∀t ∈ T , ∀i ∈ P, ∀k ∈ K (17)

∑
k∈K

PKt
ki ≤ ϕl ∀t ∈ T , i ∈ P (18)
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specify that the maximum number of key partsG selected in a
continuously produced Qg order is qg. Constraints (16) make
sure that the installation of each workstation is completed
within the tact. Constraints (17) and (18) restrict the number
of orders in each period.

Painting-related constraints are defined as follows.
A colour can be painted only if it is in the spray package.
Constraints (19) - (24), as shown at the bottom of the next
page, illustrate the logical relationship of colour switching
in M2M-PT. Constraints (19) specify the replacement of
colour e at the time slot nt is performed only when it is
in the spray package during nt-1. Constraints (20) specify
that if the colour e is replaced by colour d at the time slot
nt, then colour d must be included in the spray package at
nt+1. Constraints (21) stipulate that if not being switched,
the spray package’s colours are still used at the next time slot.
Constraints (22) ensure the maximum number of colours in
the spray package, and constraints (23) restrict that at least
one colour should not be switched. Constraints (24) state
that order a cannot be painted on time slot nt if colour e
of order a is not currently in the spray package. Constraints
(25), as shown at the bottom of the next page, indicate that
an order must be painted and assembled in the same plant.
Constraints (26) - (29), as shown at the bottom of the next
page, describe the production capacity for PT in each time
period t , where the total time period T can also be counted
by time slot nt. The production sequence constraints in PT
are stated as constraints (30) - (37), as shown at the bottom of
the next page. Constraints (38), as shown at the bottom of the
next page, specify that order a cannot start to be assembled
before the time that painting operations are performed and the
transferring time between CBS. Constraints (39), as shown
at the bottom of the next page, describe the logic of colour
switching in typical PT.

Transportation-related constraints are described above.
Constraints (40), as shown at the bottom of page 10, specify
that each vehicle must be delivered to a virtual plant or
hub after being assembled. Constraints (41), as shown at the
bottom of page 10, restrict the number of finished-vehicles
that can be delivered. Constraints (42), as shown at the
bottom of page 10, forbid orders to revisit any arcs. Con-
straints (43) - (45), as shown at the bottom of page 10, are
flow balance constraints. Constraints (46), as shown at the
bottom of page 10, specify the departure time of orders.
Constraints (47) - (51), as shown at the bottom of page 10,
define the shipping time and inventory. Notability, the stock
of plants is placed in the virtual node P′, so it has zero
stock.

IV. SOLVING PROCEDURES
As stated above, PI-HPDS is formulated as a MOMINLP
model, simultaneously optimising production in the hyper-
connected production system and vehicle routing problem in
the hyperconnected distribution system. This model would
also be NP-hard. The solution representation and the oper-
ators of crossover and mutation based on the characteristics

of PI-H are proposed for a more effective progeny population
generation. NSGAIII is used as the basic framework of the
developed algorithm. Moreover, dynamic programming is
proposed to get the optimum scheme for the painting sub-
problem, improving the quality of the solution and the per-
formance of the algorithm. The PI-HPDS proposed in this
article is a nonlinear problem, and even if small evolutionary
fluctuations in the decision space may lead to significant
changes in the target space. Therefore, we simultaneously
analyse the population from both decision space and target
space and propose adaptive adjustment mechanisms. The
adaptive information feedback mechanism and the adaptive
reference point-based selection mechanism are adopted into
I-NSGAIII, balancing the convergence and the diversity of
the algorithm.

A. SOLUTION REPRESENTATION
Solution representation contributes to mapping PI-HPDS’s
solution space to I-NSGAIII’s search space. Since the inter-
mediate production and transportation need to be determined
simultaneously, they partition the incidence matrix A =[
λij
]
, i = 1, . . . , 2 · |T | + 2, j ∈ N into submatrices A1,

A2, and A3. Thus we can take A = (A1, A2, A3), in which
A1, A2, and A3 represent painting sequencing, assembly
sequencing, and transportation scheme. Obviously, λ1j and
λ2j denotes order at index j of the painting and assembly
sequencing, respectively. If the order at index j of A1 is the
same as the order at index k of A2, then j and k should be
subject to a relation that j < k − ℓh + ϕs. The visited route
and transportation mode of each order partition the matrix A3
into T-paired two-rowed submatrices A13,A

2
3, . . . ,A

T
3 . A

n
3 =[

λij
]
, i ∈ [2n+ 1, 2n+ 2] , j ∈ N describes the transporta-

tion for the order at index j of A2 in nth period, including the
visited route i = 2n+ 1 and transportation state i = 2n+ 2.
A2 is set as the order index because only the assembly scheme
directly affects subsequent transport scheduling. A simple
example with the size T × N = 4× 5 is as follows:

which describes that order 4 is painted in first and assem-
bly in first. Subsequently, order 4 is delivered through
routes 3 and 8.

B. SUBPROBLEM GUIDED DYNAMIC PROGRAMMING
According to the practical production process of PT, spray
nozzles can be changed two colours at a time or one colour at
a time and the cost involved varies, thus switching scheme
affects the incurred costs. Moreover, the digital-driven PT
can meet any production requirements of assembly, while the
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subsequent transport scheduling is only affected by assembly
sequencing. We propose dynamic programming to get the
optimum change scheme of spray nozzles in PT, which has
no negative influence on assembly and transportation. It is
beneficial for the quality of the solution and the performance
of I-NSGAIII.

First, we reconstruct the painting sequence in each indi-
vidual to obtain the compact painting sequence. We replace
the consecutive identical colours in the sequence as a colour
block. Then, let arr be the array of colours in the compact
production sequence, and P be the set of the index of colour

in the compact production sequence, and S be the set of
spray nozzles, i.e., {1, 2, 3}, and Ei is the set of colours in the
spray colour package when the painting process reaches the
colour on the index i. j1, j2, k respectively represent the vector
of available sprays position, idle sprays position and the
underworking spray position ∀j1, j2, k ∈ S. t ∈ P is the time
when the sprays nozzle is used again. To simplify the recur-
rence function, we introduce a function δ+ (i, j1, j2, k,E, t)
to calculate the preceding state when the painting process
reaches the ith colour in compact sequence, with available and
unavailable spray position (j1, j2, k), colour package (E), and

∑
d∈E

Xnt
edi ≤ E

nt−1
ei ∀i ∈ P, ∀e, e ̸= d, ∀nt ∈ NT (19)∑

e∈E

Xnt−1
edi − 1+ ε ≤ (1+ ε) · Ent

di ∀i ∈ P, ∀d ∈ E, e ̸= d, ∀nt ∈ NT (20)

Ent
ei = 1− Xnt

edi · E
nt−1
ei ∀i ∈ P, ∀e, d ∈ E, e ̸= d, ∀nt ∈ NT (21)∑

e∈E

Ent
ei +

∑
e∈E

∑
d∈E,d ̸=e

Xnt
edi = Sn ∀i ∈ P, ∀nt ∈ NT (22)

∑
e∈E

∑
d∈E,d ̸=e

Xnt
edi ≤ Sn − 1 ∀i ∈ P, ∀nt ∈ NT (23)

(1− Ent
ei )+ ξae − 2+ ε ≤ (M + ε) · (1− λntai) ∀i ∈ P, ∀e ∈ E, ∀nt ∈ NT (24)

i ·
∑
t∈T

µtai = i ·
∑
t∈T

x tai ∀i ∈ P, ∀a ∈ O (25)

|T |·ϕs∑
nt=1

∑
i∈P

λntai = 1 ∀a ∈ O (26)∑
a∈O

λntai ≤ 1 ∀i ∈ P, ∀nt ∈ NT (27)

∑
a∈O

µtai =

t·ϕs∑
nt=(t−1)·ϕs+1

∑
a∈O

λntai ∀i ∈ P, ∀t ∈ T , ∀nt ∈ NT (28)

∑
a∈O

µtai ≤ ϕs ∀i ∈ P, ∀t ∈ T (29)∑
a∈O∪{0}

β tabi =
∑

a∈O∪{|O|+1}

β tbai = µ
t
bi ∀i ∈ P, ∀b ∈ O, b ̸= a, ∀t ∈ T (30)

∑
a∈O

β ta0i = 0 ∀i ∈ P, ∀t ∈ T (31)∑
a∈O

β t
|O|+1,a,i = 0 ∀i ∈ P, ∀t ∈ T (32)

Z t,t+1abi − 1+ ε ≤ ε · β ta,|O|+1,i · β
t+1
0bi ∀t ∈ T , ∀a, b ∈ O, a ̸= b, ∀i ∈ P (33)

Z t,t+1abi − 1− ε ≥ (−1− ε) · (1− β ta,|O|+1,i · β
t+1
0bi ) ∀t ∈ T , ∀a, b ∈ O, a ̸= b, ∀i ∈ P (34)

STPa = nt · λntai ∀i ∈ P, ∀a ∈ O, ∀nt ∈ NT (35)

STPb ≥ STPa + ℓs − (1− β tabi) ·M ∀i ∈ P, ∀a, b ∈ O, a ̸= b, ∀t ∈ T (36)

ETPa = STPa + ℓs ∀a ∈ O (37)

STAa ≥ ETPa + ℓh ∀a ∈ O (38)

|e · ξae · λ
nt−1
ai − e · ξae · λ

nt
ai| ≤ M · ϒ

nt-1
i ∀nt ∈ NT, ∀i ∈ P (39)
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the time of next use (t). The function is defined as (52), shown
at the bottom of the next page.

The piecewise linear function g
(
i,E ′

)
describes the pollu-

tion emission, σ1 and σ2 are the pollution emission of chang-
ing one or two colours at a time, where σ2 > σ1∨σ2 < 2 ·σ1
as (53), shown at the bottom of the next page.

Then the recurrence function, used to calculate the total
emission, can be written as:

f
(
i′, j′1, j

′

2, k
′,E ′, t ′

)
= min {f (i, j1, j2, k,E, t)

+ g
(
i, i′,E ′

)
|δ+ (i, j1, j2, k,E, t)

=
(
i′, j′1, j

′

2, k
′,E ′, t ′

)}
(54)

C. ADAPTIVE REFERENCE POINT-BASED SELECTION
MECHANISM
I-NSGAIII adopts Das and Dennis’ method to create a num-
berH of the structured reference points, approximately equal
to population size (N ). The new populationPt+1 concludes all
k individuals in St\Fl and the remaining |N-k|members from
the last front Fl that are selected according to the selection
mechanism. Each individual has one corresponding reference
point. The niche count ρj of jth reference point may be zero,
meaning that no population members are associated with the
jth reference point. At the same time, there are some other

reference points is associated with more than two members.
Especially, early generations of the population are associated
with few reference points. Subsequently, when creating the
population, individuals associated with the same reference
point that are similar to each other may be chosen, resulting
in reduced diversity. To solve this problem, this article takes
the self-adaptively elimination operator. The details of the
adaptive reference point-based selection mechanism are as
follows:

D. ADAPTIVE INFORMATION FEEDBACK MECHANISM
In most metaheuristic algorithms, the updating process does
not utilise the historical information of individuals in the
previous iterations, leading to the loss of some information
conducive to population evolution. We perform the informa-
tion feedback mechanism to select the previous individuals
to update the current offspring, regardless of good or bad
individuals. The weight of influence is determined based on
the fitness function. We further propose the self-adaptively
selection strategy for avoiding the premature convergence
problem, based on the evolution state. The main idea is to
evaluate the distribution of the current decision space using
information entropy, which is then adopted to turn the selec-
tion strategy.

∑
m∈M

∑
j∈N1

Dtijm · π
t
aijm = χ

t
ai ∀a ∈ O, ∀i ∈ P, ∀t ∈ T (40)

∑
a∈O

∑
j∈N1

∑
m∈M

Dtijm · π
t
aijm ≤ ϕl ∀i ∈ P, ∀t ∈ T (41)

∑
t∈T

∑
m∈M

Dtijm · π
t
aijm ≤ 1 ∀a ∈ O, ∀i, j ∈ N , i ̸= j (42)∑

t∈T

∑
i∈N ,i̸=j

∑
m∈M

Dtijm · π
t
aijm =

∑
t∈T

∑
i∈N\P,i̸=j

∑
m∈M

Dtjim · π
t
ajim ∀a ∈ O, ∀j ∈ N\P (43)

y
t+⌈dijm/vm⌉
aj =

∑
i∈N

∑
m∈M

Dtijm · π
t
aijm ∀j ∈ N\P, ∀a ∈ O, ∀t ∈ T (44)

ytaj = yt−1aj · (1−
∑
i∈N\P

∑
m∈M

Dtjim · π
t
ajim) ∀j ∈ N\P, ∀a ∈ O, ∀t ∈ T (45)

∑
t∈T

ytai ≥ 1 ∀i ∈ N1, ∀a ∈ O (46)

∑
t∈T

∑
i∈N\P,i̸=j

∑
m∈M

t · Dtjim · π
t
ajim ≥

∑
i∈N\P,i̸=j

(
(
∑
t∈T

∑
m∈M

t · Dtijm · π
t
aijm + dijm/vm

)
+ 1− (1−

∑
t∈T

∑
i∈N\P,i̸=j

∑
m∈M

Dtijm · π
t
aijm) ·M ∀j ∈ N , ∀a ∈ O (47)

I ti = 0 ∀i ∈ P, ∀t ∈ T (48)

I ti =
∑
a∈O

χ tai −
∑
a∈O

∑
j∈N\P,j̸=i

∑
m∈M

Dtijm · π
t
aijm ∀i ∈ P′, ∀t ∈ T (49)

I ti =
∑
a∈O

ytai ∀i ∈ N1, ∀t ∈ T (50)

I ti ≤ Si ∀i ∈ N1 (51)
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We adopt the affinity theory of the immune system to
describe the distribution of the population. The population is
composed of N individuals having M genes. According to
the problem-specific solution representation, we set the set
of S ={S1, S2, S3} to describe all the elements that occur
in the corresponding gene, where S1 is the set of order, S2 is
the set of the route, and S3 is the set of transportation state.
The population’s entropy is calculated as Eq.(55). Eq.(56)
calculates the information entropy of the jth gene of all indi-
viduals, where pij = nj/N is the probability of ith element
at jth gene, and nj is the size of the set associated with the
jth gene. Further, the affinity of ith and jth individuals is
calculated as Eq.(57), where H (2) is the entropy of ith and
jth individuals. So the affinity of the population is calculated
as Eq.(58), in which QP ∈ [0, 1]. During the evolution,
the population changes from disorder to order and gradually
converges. At the early stage of the evolution, the value ofQP
is small and with the process proceeding, the value becomes
bigger.

H (N ) =
1
M

∑
j∈M

Hj(N ) (55)

Hj(N ) =
∑
i∈S

−pij logpij (56)

Qij = 1/(1+ H (2)) (57)

QP = 1/(1+ H (N )) (58)

The adaptive information feedback mechanism is given in
algorithm 2.

E. SUBPROBLEM GUIDED CROSSOVER AND MUTATION
OPERATORS
To realise a more effective progeny population generation,
we propose a strategy to identify poor variants and improve
Inversion_Mutation and Subtour_Exchange_Crossover based
on the subproblem’s production logic. Considering the online
time of painting and assembly, this article adopts the syn-
chronous crossover and mutation to simultaneously update
the relative sequence of orders in painting and assembly.
Especially for PT, randomly select two positions in the
production sequence i, i′ to perform a mutation, if the three
colour blocks before and after ith position have the same
colour of arr[i], while do not include colour arr[i], the
mutation is not allowed. In the crossover process, the inter-
section segment and the three colour blocks before and
after it are updated into a new colour blocks sequence.
If there is the same colour in the original or the new local
colours blocks sequence, we remove one of them. Next,
we compare the length of the two sequences, if the new
sequence is longer than the original sequence, no crossover
is performed. The strategy is described in Figure 2. Due
to the directionality of transportation routes, we carry out
Cross_Exchange_Crossover, Or_Opt Mutation, and 2_Opt
Mutation while keeping local nodes unchanged. Meanwhile,

δ+(i, j1, j2, k,E, t) =
{
(i′, j′1, j

′

2, k
′,E′, t ′)|i′ ∈ P, k ′ ∈ S, j′1 ∈ S − k

′, j′2 ∈ S − k
′, j′1 ̸= j′2,

E′j′1
∈ E,E′j′2

∈ E,E′k ′ ∈ E, t
′
∈ (i′, |P|],

if arr[i] = arr[i+ 2],

then(if i′ = i+ 1, then(k ′ = j1,E′k ′ = arr[i],E′j′1
= arr[i′],

if t = i+ 1, then(j′1 = j2, j′2 = k,E′j′2
= Ek ),

if t > i+ 1, then(j′1 = k, j′2 = j2,E′j′2
= Ej2 )))

if arr[i] ̸= arr[i+ 2],

then(if i′ = i+ 1, then (k ′ = j1,E′k ′ = arr[i],E′j′1
= arr[i′],

if t = i+ 1, then(j′1 = j2, j′2 = k,E′j′2
= Ek ),

if t > i+ 1, then(j′1 = k, j′2 = j2,E′j′2
= Ej2 ))

if i′ = i+ 2, then(k ′ = j1,E′k ′ = arr[i],E′j′1
= arr[i′],E′j′2

= arr[i+ 1],

if t = i+ 1, then(j′1 = k, j′2 = j2),

if t = i+ 2, then(j′1 = j2, j′2 = k)))
}

(52)

g
(
i, i′,E′

)
=


0 if i′ = i+ 1, arr[i] ∈ E′

σ1
if i′ = i+ 1, arr[i] /∈ E′

if i′ = i+ 2, (arr[i] /∈ E′ ∨ arr[i+ 1] ∈ E′) ∨ (arr[i] ∈ E′ ∨ arr[i+ 1] /∈ E′)
σ2 if i′ = i+ 2, arr[i] /∈ E′ ∨ arr[i+ 1] /∈ E′

(53)
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FIGURE 2. Subproblem guided crossover and mutation operators.

Algorithm 1 Adaptive Reference Point-Based Selection Mechanism (K , ρj, π , d , Z r , Fl , Pl|1,ϖ )

Require: K , ρj, π (s ∈ St ), d(s ∈ St ), Z r , Fl , Qtp
Ensure: Pt+1
1: k = 1
2: do
3: jmin = {j : argminjϵzeρj}
4: j = random(jmin)
5: Ij = {S : π (s) = j; sϵFl}
6: if Ij ̸= 0 then
7: if ρj = 0 then
8: Pl+1 = pl+1

⋃
(s : argminsϵIjd(s))

9: else // calculate similarity of individuals within this reference point
10: if Qtp ≤ Q0 then
11: Di,j = Hi,j
12: else
13: Di, j =

√∑
mcM (|fm(Xi)− fm(Xj)|2)

14: end if
15: if Di, j ≤ ϖ then
16: Ij remove random (Xi,Xj)
17: end if
18: pl+1 = Pl−1

⋃
random(Ij)

19: end if
20: ρj = ρj + 1,Fl = fl\s
21: k = k + 1
22: else Z r = Z r/J
23: end if
24: while kϵK

the crossover and mutation operations are performed only
between paths but not within the path.

The overview of crossover and mutation operators is given
in algorithm 3.

V. EXPERIMENTAL SETUP
A. TEST INSTANCES AND ALGORITHMS
A large dataset is extracted in consultation with industrial
managers. Expressly, fifteen instances are selected, including
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Algorithm 2 The Adapitive Information Feedback Mechanism
Require: ∈, Q0, N , n, X t

Ensure: Xl+1

1: do
2: Calculate Qtp for the population X

t of generation t
3: Perform Subproblem-guided crossover and mutation operators with X t

to generate the offspring X̂ t+1

4: ∇ F lij = f (x̂ l+1ij ) // x lij, x̂
l+1
ij are the jth component of the vector x tj and x̂

t+1
i , where ∀x ti ϵx

t+1, ∀x̂ t+1i ϵx̂ t+1

5: ∇F
t
j = maxi

{∣∣∣f (x tij)− f (x̂ t+1ij )
∣∣∣}

6: ∇F lj = maxi
{∣∣∣f (x tij)− f (x̂ l+1ij )

∣∣∣}
7: γ lij =

|∇F tij|−∇f
t
j

∇f t j−∇f
t
j

8: if Qtp ≤ Q0 then
9: k = i
10: else if γ tij ≤∈
11: k = rand(l,2,. . . , N)
12: else
13: k = i
14: end if
15: // Generate the population X l+1 for generation t + 1
16: XT+1← ∅
17: for i in N do
18: XL+1i = α1.X

l+1
i + α2.X tk , where α1 =

∫ t
k∫ t+1

i +
∫ t
k

, α2 =
∫ t
i∫ t+1

i +
∫ t
k

,∀i ∈ N

19: XL+1
⋃
X t+1

20: end for
21: t = t + 1
22: while t ≤ T

the small scales of 24 × 2 × 3, 24 × 3 × 5, 48 × 2 ×
3, 48 × 3 × 5, 48 × 3 × 8; the medium scales of 96 × 3 ×
5, 96 × 3 × 8, 120 × 3 × 8, 120 × 4 × 15, 150 × 4 × 15;
the large scales of 180 × 4 × 15, 180 × 5 × 25, 240 × 4 ×
15, 240 × 5 × 25, 360 × 5 × 25. In this study, we selected
classic algorithms including NSGAIII [29], MOEA/D [40],
SPEA2 [27], and MOCELL [41] as comparison algorithms.
To comprehensively evaluate the performance of I-NSGAIII,
I-NSGAIII was comparedwith CPLEX and comparison algo-
rithms. The relative parameters in the comparison algorithms
are identical to those in I-NSGAIII. For the stopping con-
dition of these five algorithms, the maximum number of
function evaluations (NFE) is set to 50,000. The stopping
condition of CPLEX is the maximum time limit of 10800s.
All experiments are performed on a PC with an Intel Core-i5
3.30 GHz processor with 4 GB memory, and algorithms are
coded in Java with IntelliJ IDEA 2019. The detailed data used
in this article can be downloaded at https://pan.baidu.com/s/
1dV5-KlrQcr-M7b0we6zdzw.

B. PERFORMANCE METRICS
To evaluate the algorithms’ performance, we adopt three
important multi-objective performance metrics, Inverted
Generational Distance (IGD) [42], Hyper Volume (HV)

[43] and C-metric [44]. Specifically, C-metric considers the
non-dominated sets to assess the dominance of the two
algorithms; IGD and HV are used to assess the conver-
gence and distribution of the solutions. We use the Wilcoxon
rank-sum test with a 95% confidence level, the nonparametric
Kruskal–Wallis test with a 95% confidence level and the
Friedman ranking test to determine the statistical significance
of the computation results [45], [46].

• C-metric is calculated asC(A,B) = |{xb ∈ B|∃xa ∈ A, xa
≻ xb}| / |B|, in which C(A,B) indicates the percentage
of the solutions in the set B dominated by the solutions
in the set A. If C(A,B) > C(B,A), then the algorithm
to obtain A is regarded better.

• IGD is calculated as IGD(PF∗,P) =
∑

x∈PF∗miny∈P∥x−y∥
|PF∗| ,

using ∥x − y∥ to calculate the Euclidean distance
between solutions x and y. Notability, the true PF of
the real instances studied in this article is unknown.
Therefore, we aggregated the set of non-dominated solu-
tions obtained by all algorithms during 21 independent
runs and set it as the reference PF∗ for each instance.
A smaller IGD value points to the better algorithm per-
formance.

• HV is calculated as HV(P) = ∪
x∈P

vol(x), vol(x) repre-

senting the volume of the hypercube that is enclosed by
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Algorithm 3 Subproblem Guided Mutation and Crossover Operators
Require: HP,Pt , ppm, ppc, ptm, ptc
Ensure: Ut+1
1: for i = 0 to |PS| // PS is the size for Pt do
2: Randomly select an individual Xj from HP
3: // Perform the Subproblem guided crossover and mutation in the production

section
4: if random [0, 1] < ppc then
5: Perform Subproblem guided— crossover between production segments

of Xi and Xj
6: end if
7: if random [0, 1] < ppm then
8: Perform Subproblem guided - mutation with production segments of Xj
9: end if
10: // Perform the crossover and mutation in the transportation section
11: if random [0, 1] < ptc then
12: Perform Cross Exchange between transportion segments of Xi, and Xj
13: end if
14: if random [0, 1] < Ptm then
15: Randomly select mutation operator R
16: switch R do
17: case or— opt
18: Perform or—- optmutation with transportion segments of Xi
19: case 2 — opt
20: Perform 2 — optmutation with transportion segments of Xi
21: end if
22: end for

individual x and the reference point, which is set as (1.0,
1.0, 1.0) in this article. The better performance of the
algorithm, the greater value of HV.

C. PARAMETERS TUNNING
I-NSGAIII has 5 key parameters, population size (Ps), pro-
duction crossover probability (Pc), transportation crossover
probability (Tc), production mutation probability (Pm), and
transportation mutation probability (Tm). For obtaining the
appropriate parameter combination, the standard Design of
Experiment (DOE) [47] method was performed on the rep-
resentative medium instance with the scale of 120 × 3 × 8.
Moreover, the mean value of HV is applied as the response
value (RV). We set these parameters with different lev-
els, as Ps =[100, 150, 200, 250], Pc =[0.5, 0.65, 0.8,
0.9], Tc =[0.5, 0.65, 0.8, 0.9], Pm =[0.05, 0.1, 0.15, 0.2],
Tm =[0.05, 0.2, 0.35, 0.5]. Subsequently, the DOE is per-
formed using the orthogonal array L16 (45) obtained in the
IBM SPSS Statistics 26. For each combination, I-NSGAIII is
run 21 times independently.

Specifically, the orthogonal array with the corresponding
RV is listed in Table 3. We further analyse the extreme differ-
ence in RV values between the four levels for each parameter.
The larger extreme difference of a parameter implies that the
algorithm is more sensitive to the parameter and the param-
eter is more important. It can be observed that I-NSGAIII is

most sensitive to Ps and second to Pc. The trends of RV with
each parameter are shown in Figure 3. Referring to the results
of DOE, the key parameters of I-NSGAIII are selected as
follows: Pc= 0.9, Pm= 0.15, Tc= 0.9, Tm= 0.20, and Ps=
250. The rest parameterQo = 0.1 and ε = 0.014 are obtained
by the parameter sensitivity analysis in the next subsection.

D. PARAMETER SENSITIVITY ANALYSES
Two parameters in the adaptive information feedback mecha-
nism can be found, including the affinity threshold Qo and
feedback probability ε To verify the most suitable combi-
nation of Qo and ε, we used the Friedman ranking test to
investigate the effect of parameter variation on the algorithm.

We set the affinity threshold and random feedback prob-
ability as Qo = [0.1,0.12,0.14,0.16,0.18] and ε = [0.006,
0.008,0.01,0.012,0.014], respectively. For each parameter
combination, I-NSGAIII is run 21 times on all instances
independently. Taking the HVmetric as an example, Figure 4
presents the statistical results of the average Friedman rank-
ing. Figure 4(a) shows that when ε is fixed, the algorithm
performance deteriorates as Qo increases. With Qo = 0.1 and
Qo = 0.12, the algorithm has a better performance compared
to other situations. By fixing Qo ∈ {0.1,0.12}, Figure 4(b)
shows the influence of the random feedback probability ε
on the algorithm. INSGAIII performs best with ε = 0.014,
regardless of Qo = 0.1 or Qo = 0.12. Thus, INSGAIII in this
article adopts Qo = 0.1 and ε = 0.014.
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TABLE 3. The orthogonal array.

FIGURE 3. Level trends of the parameters (RV).

This is because the algorithm needs pay more attention
to exploration in the early stage of evolution. Meanwhile,
smaller Qo and larger ε values make both locating local opti-
misation and taking the random feedback method to improve
the diversity of the offspring population easier. This enables
the algorithm to avoid local optimisation.

VI. DISCUSSION
A. EFFECTIVENESS OF DYNAMIC PROGRAMMING AND
INFORMATION FEEDBACK MECHANISM
To verify the effectiveness of proposed strategies, in all
instances, this comparison was performed between
I-NSGAIII, I-NSGAIII without the subproblem-guided

dynamic programming (I-NSGAIII-ND) and I-NSGAIII
without the adaptive feedback mechanism (I-NSGAIII-NA).
Table 3 summarises the mean and standard deviation of
the IGD and HV metrics for I-NSGAIII, I-NSGAIII-ND
and I-NSGAIII-NA. Moreover, the Wilcoxon’s rank-sum test
was performed between I-NSGAIII, I-NSGAIII-ND and I-
NSGAIII-NA at 95% confidence level. Marks ‘+’, ‘−’ and
‘∼’ indicate that the performance of the comparison algo-
rithm is significantly better, worse and similar to I-NSGAIII,
respectively. Dark grey and light grey shading mark optimal
and suboptimal performance, respectively.

Table 4 shows that, for most instances, I-NSGAIII has
the best performance, and I-NSGAIII-NA obtains suboptimal
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TABLE 4. Performance comparisons of I-NSGAIII, I-NSGAIII-NA and I-NSGAIII-ND.

FIGURE 4. Sensitivity analysis for the affinity threshold and feedback probability.

performance. The Wilcoxon rank-sum test results clearly
show that I-NSGAIII significantly outperforms I-NSGAIII-
ND and I-NSGAIII-NA, especially as the scale increases. For
suboptimal performance, I-NSGAIII-NA obtains more times
than I-NSGAIII-ND; hence, I-NSGAIII-NA ismore competi-
tive than I-NSGAIII-ND. The above results fully demonstrate
that both subproblem-guided dynamic programming and the
adaptive feedback mechanism positively impact the proposed
algorithm. Subproblem-guided dynamic programming can
more significantly improve algorithm performance.

B. COMPARISON WITH EXACT SOLVER
In this subsection, we performed a comparison of the
proposed algorithm with CPLEX in small-scale instances.
To solve the multi-objective optimisation problem by
CPLEX, we adopt the object weighting method and select
30 uniformly distributed weight vectors in the objective
space. We then obtain the non-dominated solution set. As the
PF of each real-world instance is unknown, we combine non-
dominated solutions obtained with each execution of all algo-
rithms to form the approximate PF to calculate performance
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’

TABLE 5. Performance comparisons of IGD values.

TABLE 6. The relative gap %P and %N of CPLEX and I- NSGAIII.

FIGURE 5. The obtained approximate Pareto fronts.

metrics. Table 5 summarises the Wilcoxon’s rank-sum test
results of IGD.

Table 5 indicates that I- NSGAIII outperforms other algo-
rithms for IGD metric. Moreover, as the scale of the problem
grows, the quality of CPLEX’s solution worsens. The reason
is that the number of variables and constraints increases sig-
nificantly with the size of the problem. Hence, CPLEXwould
then add more inequality constraints in the model, making it
harder to solve.

Table 6 reports three indicators for evaluating the supe-
riority of the solution obtained by I-NSGAIII and CPLEX,
including the relative gap %P, %N and the average run-
ning time (T ). %P indicates the gap between the lower and
upper bounds obtained by CPLEX, and%N indicates the gap

between the optimal solution obtained by I-NSGAIII and the
upper bound in CPLEX.

I-NSGAIII is observed to always obtain a solution
that is not worse than CPLEX. For example, in the
case of 24 × 2 × 3 instance with socially sustainable
optimisation as the highest priority goal, the average and
maximum %P are 1.83% and 2.47%, respectively, indi-
cating that the solution is excellent [48]. Table 7 visu-
alises the scheduling result. Thus, the feasibility of our
established MOMINLP model is verified. In the remaining
three cases, I-NSGAIII can achieve a near-optimal solu-
tion within the given timeframe. As the scale increases,
the advantages of I-NSGAIII become more obvious
than CPLEX.
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TABLE 7. The optimal solution for the 24 × 2 × 3 instance.

C. COMPARISON WITH EXISTING ALGORITHMS
In this subsection, we performed the comparisons of I-
NSGAIII with the other four compared algorithms in all
instances. To intuitively show the performance of algorithms,
Figure 5 presents approximate Pareto fronts obtained by these
five algorithms based on two different scale instances. For
both instances, the solutions obtained by I-NSGAIII are better
than the other compared algorithms (no matter the quality or
quantity of the solutions). Hence, I-NSGAIII can obtain more
reasonable and competitive Pareto fronts.

To further evaluate the effectiveness of I-NSGAIII, the
Wilcoxon’s rank-sum tests of IGD and HV metrics were
conducted. Table 8 and Figure 6(a) show that I-NSGAIII
achieves the optimal median of IGD in all instances. Table 9
and Figure 6(b) show that I-NSGAIII achieved the best HV
values except for the ninth instance. In the ninth instance, the
HV performance of I-NSGAIII is similar toMOEA/D but has
a smaller variance. Therefore, the convergence and diversity
of I-NSGAIII are better.

Table 10 summarises the C-metric performance of
comparison algorithms, where I-NSGAIII, NSGAIII,
MOEA/D, SPEA2 and MOCELL are denoted by A, B, C,
D and E, respectively. We performed the nonparametric

Kruskal–Wallis test with 95% confidence level with C-
metric; Table 10 lists p values. Table 10 shows that I-NSGAIII
can obtain more non-dominant solutions than other algo-
rithms in most cases. Thus, I-NSGAIII ensures a remarkable
convergence while maintaining a justifiable diversity at its
approximated Pareto front. Therefore, the effectiveness of
I-NSGAIII is verified. These results confirm the ability of
I-NSGAIII to solve the problems encountered in the real
industry.

D. COMPARISON OF SUPPLY CHAINS’ PERFORMANCE
Without loss of generality, the PI-H, PI-S and TS were tested
onmedium-scale instances. The Pareto solutions are shown to
demonstrate their performance of sustainability. Specifically,
the operating characteristics of the three SCs are analysed
based on key operating cost indicators. Besides, the sustain-
ability of these three SCs is discussed in different structures
of market demands and customer scales. The improvement
among PI-S, PI-H and TSwas estimated by cost-saving [(C−
CPI )/CPI ]× 100%. Figure 7 shows their approximate Pareto
front (green dots, yellow dots, and red dots represent PI-H,
PI-S, and TS, respectively).
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TABLE 8. Performance comparisons of IGD values.

TABLE 9. Performance comparisons of HV values.

Figure 7 demonstrates that the sustainability of PI-H in
the social dimension is superior to PI-S. To further analyse
the PI-H’s sustainability advantage on whether PI-H can
enhance sustainability performance without the additional
cost of PI-S, the ideal point for PI-S is set to compare with PI-
H. The economic, environmental and social object of the ideal
point is set as the optimal value in Case A, Case B, and Case
C, respectively. The optimal values for different optimisation
cases are obtained by setting the priority of the corresponding
objective function higher than the other two objectives. In this
case, the ideal point of PI-S is (976330, 205.2214, 7504.264)
marked in black. Moreover, Figure 7 intuitively shows PI-H
has multiple solutions, outperforming the ideal point.

To further clarify PI-H’s advantages, the cost performance
of each operating factor of the different SCs in three opti-
misation cases was investigated. To show the changing trend

clearly, the operating factors are set as the fixed production
cost (FPC); the variable production cost (VPC); the trans-
portation cost (STC); the loading cost (SLC); the inventory
holding cost (SHC); the production emission cost (SPE);
the transportation emission cost (STE); the production social
contribution (SPS); the transportation social contribution
(STS). The payoff table in Table 11 clearly shows that PI-H
achieves the best performance in every optimisation case.
Figures 8-10 demonstrate the operating cost composition of
each SC in three optimisation cases specifically.

Under the circumstance of A, the total cost of PI-H and PI-
S are lower than that in TS 24.48% and 14.22%, respectively.
Obviously, STC and the total production cost are also lower
than those in TS. In PI-SCs, the M2M-PT greatly reduces
the number of gun switching, and the logical constraints
from production are relaxed, which provides more options
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TABLE 10. Performance comparisons of C-metric.

TABLE 11. Payoff table obtained by the three objective optimisation cases.

for transportation. Besides, the total emission costs of both
PI-SCs are also lower than TS. However, the GHG emissions
from finished-vehicles holding and loading operations in PI-
SCs are higher than those in TS. Furthermore, the emission
cost from holding and loading operations, and the total cost
in PI-H are lower than those in PI-S. PI-H executes the hyper-
connected semi-finished transportation system to realise the
connection of the material flow between different workshops
in different plants and further integrate plants with different
locations into a uniform order pool digitally. PI-H reduces
the sum production period, the number of switching in PT,
the fluctuation in AS, and transportation cost compared with
PI-S. However, the VPC of PI-H is higher than that in PI-S,
because the unit cost of the inter-plant transport is higher than
the unit cost of painting and assembly. Meanwhile, the social
influence of PI-H is also significantly better than PI-S and TS.
Moreover, PI-H deepens the production’s social advantage
through the semi-finished transportation, which balances the
uneven distribution of order series, colours, etc., and reduces
the discrete coefficient of the production system. Compared
with PI-S and TS, PI-H performs better in all three aspects of
sustainability.

By analysing solutions in environmental-oriented and
social-oriented cases (Figures 8 and 9), we can easily show
that differences between these three different SCs vary
slightly. Whether cases are environment- or social-oriented,

the costs of PI-SCs remain lower than those in TS. Notably,
PI-H improves more environmental benefits at a lower cost
than PI-S. Conversely, variable production cost for PI-H
increases faster than PI-S. PI-H reduces GHG from colour
switching by performing a semi-finished transport, bringing
greater VPC compared with PI-S. As PI-S can only adjust
scheduling according to orders’ colour within each plant,
it would cause a delay in the offline time of some orders.
Subsequently, to ensure timely arrival of orders, we decreased
the vehicle utilisation of the overall transportation system.
Consequently, STC of PI-S is much higher than that of PI-H.
Notably, PI-S still lags far behind PI-H in the social benefits
aspect. This is because PI-S cannot adjust the demand fluctua-
tions caused byMTO, resulting in a larger discrete coefficient
of production than PI-H. Generally, PI-H can significantly
reduce the sustainable pressure of auto enterprises at a lower
cost.

E. MTO’S PARAMETER SENSITIVITY ANALYSIS
The market structure and order scale are the two essential
features of MTO. This section examines whether these two
features influence PI-H’s advantages. We performed analyses
on nine combinations of three market structures and three
instance sizes. Table 12 presents the experimental results.
Table 12 indicates that TS’s performance is always

worse than PI-SCs. Therefore, the following analysis mainly
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TABLE 12. Summary results for sensitivity analysis with nine types of market structure.

FIGURE 6. The IGD values and HV values for all comparison algorithms.

FIGURE 7. The approximate Pareto fronts for the three supply chain
configurations.

focuses on PI-H and PI-S. It is clear that the economic
and social advantages of PI-H over PI-S become more
obvious in all customer scales as the complexity of the
market structure increases. However, as market structure
complexity increases, the environmental benefit of PI-H
over PI-S decreases from 37.837%, 41.088%, 47.8196%
to 37.794%, 39.633%, 42.219% and 23.239%, 26.5403%,
41,446% respectively. In the same structure, different cus-
tomer scales cannot affect the social performance of PI-H
and PI-S, while economic advantage of PI-H is in a neg-
ative correlation with the customer scales. The advantages
are decreasing from 11.967%, 9.256%, 12.387% to 9.489%,
9.1049%, 11.464% and 9.152%, 5.820%, 11.105%. This
might be because scale economy gradually improves truck
utilisation. Conversely, in the same structure, the environ-
mental advantage of PI-H is in positive correlation with
customer scales, and the advantage increases from 37.79%,
37.84%, 23,239% to 39.63%, 41.09%, 26.54% and 42.22%,
47.82%, 41.45%, respectively. Increased orders in the same

demand classification impose greater scheduling pressure on
the assembly constraints in PI-S compared to PI-H. Notably,
PI-H always has superiority in all scenarios. Thus, PI-H
can address the MTO market with higher sustainable perfor-
mance.

VII. MANAGERIAL INSIGHTS
In the above discussion, the sustainability performance of PI-
H has been fully demonstrated to practitioners. Beginning
from the practical management of the OEM, we extract three
important management implications:
• For the OEM, adopting PI-H is recommended if they
want to realise MTO more sustainably. PI-H breaking
the maximum capacity limit of a single plant brings
greater single-cycle flexible scheduling capabilities to
address random demands, which have an uneven distri-
bution of order series, colours and delivery time. The
hyperconnected supply chain framework is also appli-
cable to other OEMs.

• The OEM should adopt PI-H, especially with a more
complex market structure. The above discussions have
clearly shown that PI-H will obtain greater economic
and social benefits from flexible production capacity as
market structure complexity increases. On environmen-
tal sustainability, if trucks with new energy can be used
for transportation, PI-H will perform better.

• Combining the modular concept with hyperconnected
semi-finished transportation will have a consider-
ably positive impact on the overall performance of
the automobile supply chain. Existing discussions
have found that the transportation cost and effi-
ciency of semi-finished transportation have a significant
impact on the supply chain’s long-term performance.
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FIGURE 8. The performance of operational activities in economy-oriented optimisation
case.

FIGURE 9. The performance of operational activities in environmental-oriented optimisation
case.

FIGURE 10. The performance of operational activities in social-oriented optimisation case.

The PI-enabled, hyperconnected modular system can
distribute a wider variety of semi-finished products at
a lower cost.

VIII. CONCLUSION
This study investigated the sustainable production–distribution
joint scheduling problem in the PI-enabled hyperconnected
order-to-delivery system to promote sustainability, which
is crucial for the automobile industry. Hence, workshops
in different plants were hyperconnected to produce various

series of vehicles. Subsequently, the finished-vehicles were
delivered to customers through the three-level transporta-
tion system by multiple transportation modes. Re-integration
was then performed in PI-hub. We formulated the multiple-
objective model based on practical features of PI-HPDS with
digital-driven MMS, trading off economic, environmental
and social dimensions for SSCM.

In this article, we developed I-NSGAIII to solve the
sustainable PI-HPDS. Firstly, we tuned the parameters by
DOE test and sensitivity analysis. Secondly, we analysed
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the effectiveness of dynamic programming and information
feedback mechanism in the proposed method. Next, we com-
pared I-NSGAIII with CPLEX in the small-scale instances.
We then evaluated the performance of I-NSGAIII by the
IGD, HV and C-metric in all instances, comparing with the
other four comparison algorithms. Moreover, we discussed
the sustainable advantages of PI-H under different optimi-
sation preference scenarios. Finally, we performed the sen-
sitivity analysis to determine whether the market structure
and customer demand—the two essential features of MTO—
influence PI-H’s advantages. Through computational experi-
ments, we obtained the following results:

• I-NSGAIII ensures a remarkable convergence and rea-
sonable distribution on its approximated Pareto front,
providing better results than comparison algorithms.

• In practice, the proposed algorithm can provide satis-
factory solutions for decision-makers to help enterprises
weaken their energy consumption and thus generate
higher profits.

• Results demonstrate that PI-H consistently has superior
sustainability performance under MTO. PI-H will pro-
vide greater competitiveness in a more complex market
structure.

• If automobile companies want to pursue significant sus-
tainable advantages under the MTO, they should estab-
lish a PI-enabled hyperconnection production and distri-
bution system.

Although I-NSGAIII outperforms other algorithms in
comparison, it can be further improved using learning strate-
gies. In the future, the algorithm performance should train a
classification model to select promising solutions. The future
direction of this study is to extend the PI-enabled hypercon-
nected modular application in the closed-loop supply chain
and investigate its resiliency in addressing stochastic disrup-
tions brought about by natural disasters.
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