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Abstract. Smart manufacturing in the context of a smart factory is allowed through
di�erent uncertain processes, which creates signi�cant challenges. In this case, smart
manufacturing should be applied reliably, interoperably, and consistently. Thus, it
faces the requirement of orchestrating services provided by uncertain processes to satisfy
the challenges. These uncertain processes are commonly managed by an uncertain
Business Process Management System (uBPMS), which is speci�cally designed to address
unknown conditions. The current uBPMS architecture does not consider business process
orchestration, and the objective of this paper is to achieve an extension of uBPMS
architecture with a business process orchestration feature to make a response in real
time and satisfy the uncertainty conditions in a smart factory. The proposed extension
can perform autonomous orchestration of business processes inward traditional uBPMS
architecture based on desired values of di�erent objectives optimization. This new
architecture operates based on a robust bi-level optimization approach. The Rousselot
smart factory in Belgium as a simulated case study was studied. The results show the
robustness of the new architecture for process orchestration design in this case. Also,
uncertain business process management based on the process orchestration feature presents
e�ciency and accuracy improvement in smart manufacturing systems.
© 2023 Sharif University of Technology. All rights reserved.

1. Introduction

A smart factory as digitized manufacturing is a good
chance to make new formats of exibility and produc-
tivity. It causes increases in mobile device usage in
di�erent operations and data-driven sensors. Smart
manufacturing in the context of a smart factory is
permitted through di�erent processes, big data analyt-
ics, intra-machine connectivity, cloud computing, and
the Industrial Internet of Things (IIoTs) [1{4]. Also,
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various elements in such environments, like di�erent
complex processes, complicated constraints, and un-
certainties, generate big challenges [5] (Figure 1). In
this case, smart manufacturing inside di�erent systems
and devices should be applied reliably, interoperably,
and consistently. Therefore, smart manufacturing
encounters the need for orchestrating services provided
by business processes to satisfy the challenges.

Business process orchestration refers to manag-
ing the entire business process lifecycle, including
development, testing, and monitoring from a single
location. The produced business process orchestration
can satisfy the exibility and responsibility for manag-
ing uncertainties and minimizing process errors [4,6].
Business processes are generally applied for directing
high-level organizational and digital processes in smart
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Figure 1. Smart manufacturing in the content of a smart factory.

factories. These processes are commonly supported
by process-aware information systems such as Business
Process Management System (BPMS).

BPMS, as an information system, can examine
business processes to guarantee activities and tasks
have pro�table execution [7]. The current uncertain
Business Process Management System (uBPMS) ar-
chitecture [7,8] does not consider the business process
orchestration. This paper aims to achieve an extension

of uBPMS architecture [7,8] with a business process
orchestration feature to make a response in real time
and satisfy the demands, uncertainty conditions, and
so on in a smart factory. The proposed extension
can perform autonomous orchestration of business
processes inward traditional uBPMS architecture based
on desired values of objectives optimization.

Generally, the goal is to integrate the physical
elements of a smart factory with the uBPMS to manage
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Figure 2. New extension of uBPMS architecture execution schematic.

uncertain processes. The notable mark is that process
orchestration is an important optimization problem in
the smart manufacturing industry [9]. Therefore, to
provide orchestration, the current uBPMS architecture
has to be extended using a bi-level optimization ap-
proach in which each level acts using di�erent algo-
rithms (Figure 2).

As Figure 2 presents, the main contributions of
this study are as follows:

X Developing a new extension of uBPMS for acting
in smart factories based on fuzzy-Markovian uncer-
tainty sources,

X De�ning new centralized control behavior based on
orchestration concept to guarantee correct collab-
oration between processes inward uBPMS (This
new control behavior acts through graph traversal
(Algorithm 2)),

X De�ning new optimization behavior based on de-
sired value calculations of di�erent objective func-
tions for assurance of process orchestration (This
new optimization behavior applies using the Pareto
optimality method (Algorithm 1)).

This paper has been organized as follows: Sec-
tion 2 illustrates the literature review. Section 3 de�nes
a new extension of traditional uBPMS architecture.
Section 4 evaluates the proposed architecture perfor-
mance in the simulated model of the Rousselot smart
factory in Belgium. Section 5 presents a discussion and

Algorithm 1. The upper-level algorithm of the proposed
optimization approach.

managerial implications. Finally, Section 6 illustrates
conclusions.

2. Literature review

With the widespread business digitalization, there is
an increasing need for smart manufacturing process
management [5]. Di�erent researches were made in
di�erent scopes based on the new architecture of an
uBPMS development for control and optimization of
uncertain business processes in smart manufacturing
through orchestration's feature as follows.

2.1. Integrating process management in smart
factory

In [10], authors believe new system architectures for a
smart production system are necessary. This architec-
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Algorithm 2. The lower-level algorithm of the bi-level optimization approach.

ture is based on BPM and IIoT integration. In this
case, they proposed an architecture that shows how to
integrate the Cyber-Physical System (CPS) of a smart
factory with BPM. This method is illustrated using
multi-use cases, and the results show the bene�ts of
BPM technology usage on the exibility and adaptivity
of production processes in IIoT. In [6], the authors show
the need for industries to service orchestration, which is
provided through business processes. They propose an
architecture for managing Asset Administration Shell
(AAS). The motivation of this paper is the orchestra-
tion of device services through business processes and
AAS. The results show better interoperability between
manufacturing systems. In [9], the logic of autonomous
manufacturing is simpli�ed. Also, the Autonomous
Manufacturing Task Orchestration (AMTO) problem
is presented. In order to formulate the problem and
produce an optimal solution, an improved Hidden
Markov Model (HMM) is applied. The results show
the solution can tune the situation based on the real-
time manufacturing data. In [11], the integration
between the BPM life cycle and the data-based process
is shown in industry 4.0. The authors present the
application of machine learning and BPM standards in
order to assist the development of industry 4.0 related
phases. The results de�ne more e�cient smart growth
and customer-oriented operations. In [12], the authors
present a new method for increasing the manufacturing
operations exibility. This approach acts based on
the di�erent modules to orchestrate production plans
immediately. The results show new functionalities in
machine operations and adjustments between humans
and manufacturers. In [13], authors believe in achiev-
ing processes monitor and control uninterrupted. They
proposed object detection for smart factory process
control through machine learning, which can provide
exible processes, decrease downtimes, and optimize
supply chains in smart factories. In [14], integrating
digital twin and big data techniques is applied to
provide sustainable product management. The results

show higher productivity, lower cost, and better qual-
ity in smart manufacturing industries. Table 1 also
presents an overview of integrating process manage-
ment in smart factory research.

2.2. BPMS architecture design methods
There are di�erent BPMSs in the business world
with an emphasis on certain features [15]. Numerous
studies have been focused on the design of BP. In [16],
the authors proposed solutions for the modeling and
simulating Dynamic BPs (DBPs). Their proposed ar-
chitecture consists of several new components which
are not domain-speci�c. Also, \components and their
relationship are organized in such a way as to support
rule and context-based DBP modeling and simulation".
In [17], the solutions to modeling ubiquitous BP (uBP)
are provided, too. The main aim of this modeling
language is to provide an extension of Business Process
Modeling Notation (BPMN) that allows the creation
of end-to-end uBP. In addition, in [18], an academic
generic BPMS user portal de�nition for the execution
of BP in a certain mode is presented. In this user
portal de�nition, some current BPMS engines exist
that act with each other through the dynamic user
portal. The main purpose of this research is to create a
new BPMS architecture that can integrate with every
process engine, such as Activiti, Bonita, and so on. Re-
garding the development of new uBPMS architecture,
authors proposed [7,8] two uBPMS architectures. One
has di�erent engines that can manage uncertain BP
through di�erent uncertainty solution methods such as
stochastic, fuzzy, and fuzzy-Markovian. The results
indicated that the proposed architecture supports most
uncertainty and improves BP performance. In [8],
the authors presented an autonomous architecture of
uBPMS, which can manage uncertain processes but
cannot provide autonomous management in smart
factories with smart manufacturing features.

In [19], authors believed that advances in smart
sensors and digital process controls could radically
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Table 1. An overview of integrating process management in a smart factory.

Reference Problem Solution

[10]
Management of smart
production system

New architecture based on BPM
and IIoT integration

[6]
Services orchestration
through business processes

New architecture based on business
processes and asset administration
shell

[9]
Autonomous manufacturing
task orchestration

Improved version of hidden
Markov model

[11]
Development of Industry 4.0
related phases

Machine learning and
BPM standards

[12]
The exibility of
manufacturing operations

New approach based on the
di�erent modules to orchestrate
production plans

[13]
Reading uninterrupted processes
monitor and control

New object detection based
on machine learning

[14] Sustainable product management
New method based on digital twin
and big data techniques

enhance the e�ciency of advanced manufacturing.
Therefore, with new technologies (e.g., IIoT) embraced
in smart manufacturing to address the management
challenge, the future development trends of BPMS
for uncertain smart manufacturing are necessary.
The remarkable point is that a large number of
processes in the smart factory are already fully or
partially automated or are in the process of becoming
automated. Also, they must know what to do and
also what other processes to call after processes end
their activities [20]. Since de�ned solutions in smart
factory management will solve problems arising in a
production facility with dynamic and rapidly changing
boundary conditions [10], process management is
an important topic in the IIoT environments. At
the current stage of the state-of-the-art, no method
applies the orchestration and optimization through
smart factory-related business processes. Therefore,
this study aims to present an integration of IIoT
environments with BPM lifecycle using a new
extension de�nition of uBPMS architecture.

3. Bi-level uncertain architecture of BPMS

The aim of the proposed architecture is actively smart
manufacturing management based on integrating BPM

with smart manufacturing features. This architecture
can control and optimize uncertain business processes
through bi-level optimization components in a smart
factory. The mentioned operations will be added
to uBPMS [7,8] and operate based on orchestration,
choreography, and optimization algorithms, which are
illustrated more in this section.

3.1. Proposed architecture description and
preliminaries

Generally, the fuzzy-Markovian uncertainty is typically
presented in most real scenarios. There are two
main categories of luck: stochastic, which models the
stochastic variability, and fuzziness, which relates to
the unde�ned boundaries of model parameters [21].
In the proposed approach, we consider the fuzzy-
Markovian as a source of uncertainty and a powerful
model. In this type of uncertainty, the fuzzy activity in
the process could interact with other activity through
Markovian properties when there is no su�cient in-
formation. In this case, the system status cannot
be calculated precisely. These properties should be
applied to dynamic system descriptions. This paper
introduces the fuzzy Markov chains to reduce compu-
tational complexity and facilitate decision-making [22].
Also, the problem in this study is considered through a
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multi-objective optimization problem, and the Pareto
optimality solution is applied to solve it. Pareto
optimality is an idea in the optimization �eld and
one method to detect good solutions to multi-objective
problems. In this case, single objectives can be opti-
mized simultaneously. Therefore, Pareto optimality is
displayed as a set of non-inferior solutions in the objec-
tive space. It can de�ne a boundary domain in which
each objective can be optimized without abandoning
other objectives [23]. The Pareto-optimality solution
has been used in the proposed architecture, too.

The formulation of this architecture is as fol-
lows [7]:

� I = fizjz = 1; 2; 3; :::; nzg involves a set of the input,
where iz represents zth input while nz represents the
total number of inputs;

� O = foj jj = 1; 2; 3; :::; nog involves a set of certain
outputs, where oj represents jth output while no
represents the total number of outputs;

� O0 = fo0f jf = 1; 2; 3; :::; no0g involves uncertain
outputs set, where o0f represents the kth output
while no0 represents the total number of uncertain
outputs;

� U = fuhjh = 1; 2; 3; :::; nug involves uncertain fac-
tors set, where uh represents the yth uncertain
factor while nu represents the total number of
uncertain factors;

� g(I; U) = O0IU ; (Ii; Uh) ! O0IU involves the uncer-
tain triple transform. O0IU =((p0n; �p0n); P(p0n;�p0n ))
involves the uncertain result;

� (r;m) de�nes the required resources and mecha-
nisms.

According to the above notations, a business
process with a fuzzy-Markovian uncertainty state is
presented in Figure 3.

Also, the formal representations of the method are
as follows [24]:

� ~S =
n

~saja = 1; 2; :::; na
o

involves a set of fuzzy
states (e.g., ~sa with �~sa membership function).

� Paa+1 (k): The system probability from state ~sa to
state ~sa+1 when the decision k is occurred (P (~sa) =
E(�~sa)).

� The conditional probability of the system moving
from fuzzy state ~sa to fuzzy state ~sa+1 when the
decision k is taken (Eq. (1)): (N is the number of
states, and X is the state of the process.)

Pk(~saj~sa+1) =
P (~sa; ~sa+1)
P (~sa+1)

;

P (~sa+1 > 0) = Pf ~X1 = ~sa+1j ~X0 = ~sag

=
NX
k=0

P (~sa+1jk)
PK�~sa (k)
P (~sa)

: (1)

� The states of the fuzzy Markov chain in a business
process are de�ned using the transition probability
matrix, which can give the fuzzy initial transition
probability of the state ~sa to fuzzy state ~sa+1; (a 2f1; 2; :::; nag) (Eq. (2)):266664

P (~s1j~s1) :: :: :: P (~sna j~s1)
:: :: :: :: ::
:: :: :: :: ::
:: :: :: :: ::

P (~s1j~sna) :: :: :: P (~sna j~sna)

377775 : (2)

� The matrix ~P is stochastic and calculates through
~P = A �B � P (Eq. (3)). The matrix A is a matrix
of the membership function values. Thus:

Figure 3. A schematic of a business process with fuzzy-Markovian uncertainty.
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A =

266664
�~s1(0) :: :: :: �~sna (0)
�~s1(1) :: :: :: �~sna (1)
:: :: :: :: ::
:: :: :: :: ::

�~s1(N) :: :: :: �~sna (N)

377775

B =

26666664
P0�~s1 (0)
P (~s1) :: :: :: PN�~s1 (N)

P (~s1)
P0�~s2 (0)
P (~s2) :: :: :: PN�~s2 (N)

P (~s2)
:: :: :: :: ::
:: :: :: :: ::

P0�~sna (0)
P (~sna ) :: :: :: PN�~sna (N)

P (~sna )

37777775

P =

266664
P00 :: :: :: P0N
P10 :: :: :: P1N
:: :: :: :: ::
:: :: :: :: ::
PN0 :: :: :: PNN

377775 = [Pij ];

~p =

2666664
P0�~s1 (0)
P (~s1) :: :: :: PN�~s1 (N)

P (~s1)
p( ~S1j ~S1) :: :: :: p( ~Sna j ~S1)
p( ~S1j ~S2) :: :: :: p( ~Sna j ~S2)

:: :: :: :: ::
p( ~S1j ~Sna) :: :: :: p( ~Sna j ~Sna)

3777775
= A �B � P: (3)

An important operation in the proposed archi-
tecture is objective optimization. In the main, there
are di�erent objectives that could be identi�ed in the

business market. In this step, the Pareto-optimality
solution has been used [25]. In the optimization
component, the arithmetic representation is necessary.

As illustrated earlier, they can be described using
fuzzy-Markovian de�nitions. These de�nitions try to
�nd the acceptable values of all objective functions
through a bi-level optimization approach on the upper
level (Figure 4). The upper level of the proposed
approach could be optimized for the fuzzy-Markovian
uncertainty as following steps (Algorithm 1):

� Initialization of optimization and control engine
objectives vectors (GP, GC) inside the de�nition
of fuzzy-Markovian parameters;

� Presentation of feasible solutions through a Pareto-
optimal method that satis�es de�ned objectives;

� Execution of Algorithm 2 (lower level algorithm) for
selecting appropriate values (These values should
guarantee business processes orchestration and
choreography in smart manufacturing).

Also, the lower level is concerned with the
decision-making to select process optimal behavior
under fuzzy-Markovian uncertainty through the
control engine.

The remarkable point is that each business pro-
cess has orchestration and choreography engines to
describe its features (such as priority and conditions).
The operations of these engines have been presented
using the collaboration concept as activities set (A)

Figure 4. The upper-level algorithm of the proposed optimization approach.
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that are made by business process inward smart
manufacturing. The collaboration concept is based
on the activity sequence and relationships between
them. In general, there are two ways to construct
business processes: orchestration and choreography.
The orchestration concept de�nes a single centralized
executable BP as the orchestrator that can synchronize
the interaction between di�erent services. Also, service
choreography is an interaction description of the in-
volved services based on exchanged messages and their
rules, as shown in Algorithm 2. In general, the activity
sets of multiple processes involved in collaboration are
mutually disjoint (i.e., ai; aj 2 A ^ i 6= j ) ai \ aj =
�) [26].

In this case, the proposed architecture presents
the orchestration and choreography of the BP with
fuzzy-Markovian uncertainty using a directed graph
data structure as G = (uBP;A;E;Rch; Ro; Cch; Co; a�)
where:

� uBP represents the business process in fuzzy-
Markovian uncertainty;

� A, as graph nodes set that shows process activities;
� E, as graph edges set that shows activities collabo-

ration;
� Rch, as choreography rules set;
� Ro as orchestration rules set;
� Cch, as choreography constraints set;
� Co, as orchestration constraints set;
� ao is the initial activity, as discussed earlier.

� 	 : (Rch [ Ro) ! A is a function for assigning
appropriate rules to activities or set of activities;

� Z : (Cch[Co)! A is a function for assigning appro-
priate constraints to activities or set of activities;

� T : A ! Ts is a function assigning each activity to
a time stamp. Thus, the activities are ordered by
their time stamp.

The orchestration engine has a model for iden-
tifying which collaborations are currently enabled.
Thus, the proposed data structure can orchestrate the
process by adding and removing graph nodes based
on process features and initial activities. These initial
activities are created through a choreography engine
(Figure 5). As illustrated in Figure 5, the algorithm
is intended to orchestrate the interaction between BP
activities with fuzzy-Markovian uncertainty. In this
case, the control engine as a central controller can
manage activities and all the interactions between them
through orchestration and choreography approach for
each uncertain process based on upper-level results.

Figure 5 shows that the orchestration of the
business process in fuzzy-Markovian uncertainty can
be made by adding or removing nodes. In this case,
the collaboration of new states of uncertain process has
been updated. The remarkable point of the proposed
uBPMS is reaching scalability, agility, and exibility
features of uncertain process inside the choreography
approach through the following algorithm steps (Algo-
rithm 2):

� Create a list of business process activities with
fuzzy-Markovian uncertainty;

� Create a graph;

� Generate di�erent interactions between processes
activities through graph traversal;

� Select the best collaboration based on rules and
constraints;

� Update graph.

Figure 5. The lower-level approach of the proposed optimization approach.
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The other required de�nition in the bi-level uncertain
architecture approach is formulated through the follow-
ing de�nitions (Eq. (4)) [22,23,25]:

min =maxGPi (p0i; y0) ; 8i = 1; 2; :::; n
s.t.:y0 2 ~Y ; y0 2 arg min =maxGCi (p0i; y0) ;8i = 1; 2; :::; n;

(4)

where:
GP = (gp1; gp2; :::; gpn) ; GC = (gc1; gc2; :::; gcn);

8n � 2:

In this case, GP is upper-level objectives, and GC
is lower-level objectives. Also, p0 de�nes the fuzzy-
Markovian parameters for each objective function and
~Y is a probable solution set (Eq. (5)):

GPi (p0i; y0) = GCi (p0i; y0)

=
NX
i=1

min(n;l)X
j=1

(aij)
�
Pi�~si (i)
P (~si)

�
; (5)

where:

C = Cch[Co = (c1; c2; :::; cl) is a vector of constraints,

D = fc1 (d) ; c2 (d) ; :::; cl (d)g represents the decision
type based on selected constraints,

d = C \ (GP [GC) and aid is the value of state i and
decision d,

y0� 2 ~Y is a solution if there exists no other y0 2 ~Y
which gpi (p0i; y0) � gpi �p0i; y0��,
P 0 as an uncertain variable could be calculated from
an uncertainty space (�; �; �)! R Chien et al. [23].

The uncertainty distribution � of P 0 and expected value
of it have been de�ned by [23] (Eq. (6)):

� (x) = g fP 0 � xg ;

E [P 0]=
+1Z
0

g fP 0 � xgdx�
0Z

�1
g fP 0 � xgdx: (6)

The model of programming based on uncertain ob-
jective function GPi (p0i; y0) ;8i = 1; 2; :::; n, uncertain
constraints GCi (p0i; y0) ; 8i = 1; 2; :::; n, and con�dence
level Zj is (Eq. (7)):

min =max
�
E [GP1 (p01; y0)] ; E [GP2 (p02; y0)] ; :::;

E [GPn (p0n; y0)]
�
; (7)

subject to:

g fGCi (p0i; y0)g � Zj ; j = 1; 2; :::; p:

y0 as a Pareto solution for programming model is
(Eq. (8)):

E [GPi (p0i; y0)] � E �GPi �p0i; y0��� : (8)

4. Case study: Simulated model of Rousselot
smart factory

In this paper, the simulated model of the Rousselot
company is used. Rousselot is a smart factory in
Belgium that is a worldwide producer of gelatin and
collagen peptides. These products are manufactured
with high quality, safety standards, and sustainability.
This factory is among the famous factory in Industry
4.0. Also, this factory makes up the ordering, pro-
duction, settings, and energy consumption validation
through digitalized steps. In this case, the simulated
model describes processes from ordering and produc-
tion processes to delivery processes based on Rousselot
company characteristics.

4.1. Implementation details of proposed
method execution

The performance evaluation of the proposed method
was assessed by applying Java Script/HTML/XML/
Python languages programming, MATLAB 2013a, and
Java SE11 on a computer with a corei7 processor, 12GB
RAM, and 1TB hard disk space (300GB SSD).

The simulation contains di�erent smart shop
oors, and their characteristics are presented as follows:

X Shop1 contains 4 machines (machine1, machine2,
machine3, machine4 with operation times
Norm(3,0.1), Norm(3,0.1), Tria(2,3,5), and
Tria(2,3,5) respectively),

X Shop2 contains 2 machines (machine5, machine6
with operation times Norm(4,0.1), and Tria(3,5,6)
respectively),

X Shop3 contains 3 machines (machine7, ma-
chine8, machine9 with operation times Tria(2,4,5),
Tria(2,3,5), and Norm(3,0.1) respectively),

Also, each shop is equipped with machine sensors
(for enabling machines to monitor internal processes),
remote monitoring (for monitoring materials), and
predictive maintenance (for decreasing maintenance
costs).

As illustrated earlier, four processes (ordering,
production, delivery, settings, and energy consumption
validation) in one scenario are considered in this sim-
ulation. The time between entering these processes is
as follows:

X Ordering as proc1: EXPO(�),
X Production as proc2: NORM(�; �2),
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Table 2. Other settings details of proposed method implementation.

Parameters Values

Number of assigned resources to each shop shop1(10), shop2(8), shop3(15)

Number of rules for each process Proc1(15), proc2(10), proc3(20), proc4(10), proc5(9)

Number of uncertain constraints
5(Inventory availability, order tracking,
order placement, order routing,
shipping and delivery)

Number of scenarios
1 with four processes (ordering, production,
delivery, settings, and energy
consumption validation)

Number of orders 500

�; �; ; �; �2; �
Based on Ref. [26] formulations
(which are described later
in this section)

Simulation time 10 hours

X Delivery as proc3: TRIA(�; �; ),
X Settings as proc4: EXPO(�),
X Energy consumption validation as proc5: NORM

(�; �2).

The production sequences of gelatin(pro1) and
collagen peptides(pro2) are (op3, op4) and (op1, op2,
op4, op5) respectively too. In addition, the mentioned
factory has �ve main objectives as following:

� Minimizing production resources;
� Minimizing energy consumption;
� Reduce downtime;
� Minimizing capacity shortage;
� Minimizing capacity oversupply.

Other settings of simulation parameters and pro-
gramming environment are present in Table 2.

Orchestration of all processes involved in the men-
tioned factory can help upgrade the quality of products.
The proposed bi-level approach can support these
objectives and orchestrate all processes as presented
later preciously. Figures 6 and 7 de�ne a diagram
of the proposed method application in the simulated
model and the deployment platform of the executable
version of the proposed approach in a smart factory.
The performance evaluation of the proposed method
for di�erent objectives using the following scenario has
been applied (Figure 8):

X Process a customer order inside di�erent business
rules,

X Evaluation of customer order, production con�gu-
ration, and validation of energy consumption,

X Pick the requested items of customer order and
pack them,

X Ship the order to the customer, control its quality,
and delivery,

X Update the inventory capacity and order status.

In this case, as the XML code in Figure 9
shows, the interface has been created for each uncertain
process and its involved activities in the considered
scenario inward executable prototype of the proposed
method.

Also, the orchestration and choreography concept
of processes with di�erent fuzzy-Markovian uncertainty
variables (such as demand and capacity) through di�er-
ent service compositions have been shown in Figure 10.
These orchestration and choreography description no-
tations are based on the Web Services-Business Process
Execution Language (WS-BPEL).

In this case, the lower level can de�ne the orches-
tration function in uBPMS architecture. Thus, the aim
is the correct, simple, and fast correlations between
entire end-to-end processes and their resources in a cen-
tralized location. Also, this function provides powerful
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Figure 6. Schematic diagram of proposed method application in the simulated model.

Figure 7. Deployment platform.

insights into operational gaps with increased complex-
ity and resiliency for covering at the upper level.

The upper-level mathematical model of the pro-
posed approach is as follows:

Indexes, parameters, and decision variables:
t Index of time,

k Index of supplier,

j Index of factory,

n Index of product,

Dnt Predicted demand for product type n
at time t,
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Figure 8. Diagram of the considered scenario for evaluating the proposed method performance.

Figure 9. Interface code for creating production process
as a sample.

RDnt Real demand for product type n at
time t,

LTkj De�ned time for transporting raw
material from source (supplier k) to
destination (factory j),

Capj Storage capacity in factory j,

P max
n

Maximum production capacity of
product type n,

max
t

Maximum total production capacity at
time t,

Pcastnj Production cost of product type n at
factory j,

icostnj Cost of inventory holding for product
type n at factory j,

wjt Total number of workers at factory j
in a time t,

awjt Total number of available workers at
factor j in a time t,

vkjt The total number of vehicles required
for transporting between the source
(supplier k) and destination (factory j)
in a time t,

dpj Daily production rate of existing
machine j,

Mcap Machine capacity,

inven Amount of inventory,

em Number of existing machines,

exp annt Expansion capacity of product n at
time t,

csntj Capacity shortage of product n at
factory j at time t,

contj Capacity oversupply of product n at
factory j at time t,

upnt1t2 Upper bound of capacity for product n
during period t1 to t2,

lpnt1t2 Lower bound of capacity for product n
during period t1 to t2,

c1 Cost of capacity shortage,

c2 Cost of capacity oversupply,

udnt Distribution of predicted demand as
an uncertain variable for product type
n at time t,

ud�1
nt Inverse distribution of udnt.
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Figure 10. Orchestration and choreography concept of the simulated case through service composition as a sample.

Objectives:

Z1 = min
�
E
��X

j

(em �mcapj) � dpj
���

; (9)

Z2 = min
�
E
��X

n

X
t

X
j

�
(pmaxnt �Dnt)

�p cos tnj
�

+
X
n

X
j

(inven � i cos tnj)
���

; (10)

Z3 = min
�
E
��X

k

X
j

X
t

(vkjt � LTkj)

+
X
j

X
t

�awjt
em

�
+
X
j

X
n

� capj
inven

�
�i cos tnjF

���
; (11)

Z4 = min

 
E

24X
n

X
t

X
j

csntj

35
= E

"X
n

X
t1

X
t2

(dnt � upnt1t2)

#!
; (12)

Z5 = min

 
E

24X
n

X
t

X
j

contj

35
= E

"X
n

X
t1

X
t2

(lpnt1t2 � dnt)
#!

: (13)

The Z1 and Z2 objectives (Eq. (9) and Eq. (10))
are the production resources and energy consumption
minimization. The Z3, Z4, and Z5 objectives (Eq. (11)
to Eq. (13)) are to minimize the downtime, capacity
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oversupply and capacity shortage.

Constraints:

pmax
n
� capj ; 8n; j; (14)

Mcap � pmax
n
; 8n; (15)

awjt + vkjt � Dnt; 8k; j; t; n; (16)

exp annt � pmax
n
; 8n; t; (17)X

n

exp annt � maxt; 8t: (18)

These constraints (Eq. (14) to Eq. (18)) declare that:

- The quantity of maximum production capacity is
lower than that of storage capacity;

- The quantity of machine capacity is lower than the
maximum production capacity;

- The total quantity of available workers at the factory
and vehicles needed for transportation is lower than
the predicted demand;

- The quantity of expansion capacity is lower than the
quantity of maximum production capacity;

- The total quantity of expansion capacity is lower
than the quantity of maximum total production
capacity.

As mentioned earlier, the uncertain program
model is resolved as follows.

The uncertainty distribution udnt can be formulated as
(Eq. (19)):

udnt (P 0)=
P 0 � P 0n;t

P 0n;t+1 � P 0n;t ; P
0
n;t<P

0<P 0n;t+1: (19)

The normalized prediction error for product n is [23]
(Eq. (20)):

errornt =
RDnt � P 0n;t

P 0n;t
: (20)

The " parameter value as a mean and � parameter value

as a standard deviation of the normalized prediction
error is [23] (Eq. (21)):

"n =

P
n

P
t
errornt

t
;

�n =

vuutPn Pt (errornt � "nt)2

t� 1
: (21)

Thus, the uncertain distribution of product n at t is
(Eq. (22)):

udnt (P 0) = P 0n;t + P 0n;t ("n; �n) : (22)

Also, the constraints should be rewritten as Eq. (23)
(�, �, �1, �2, �3 de�ne degrees of parameters):8>>>>>>><>>>>>>>:

g fpmaxn � capjg � �n
g fMcap � pmaxng � �n
g fawjt + vkjt � Dntg � �1n
g fexp annt � pmaxng � �2n
g
�P
n

exp annt � maxt
�
� �3n

(23)

4.2. Simulation results
Based on the illustrated implementation steps, the
results of the proposed method execution are presented
in Tables 3{5.

As resulted in Table 3, the execution of the
upper-level algorithm resulted in feasible solutions
that are nearest the desired value. As a sample in
Table 3, the desired value of production resources is
5.2 units, and the algorithm of the upper level in the
proposed architecture provides 4.52 units; the resulting
value is better than the previous result (8.1). After
generating feasible solutions at the upper level, each
solution was examined using a lower-level algorithm to
guarantee the orchestration of processes. Each value
for objectives should be tested based on processes.
In this case, an okay reply from lower-level means
that feasible solutions are appropriate, but a not-
okay reply from lower-level means that collaboration
between processes should be updated for assurance of

Table 3. Results of the upper level in proposed method execution.

Objective Feasible solutions
(after-this paper)

Result
(before)

Desired
value

Production resources (unit) 4.52 8.1 5.2

Energy consumption (J) 0.38 1.5 0.5

Downtime (day) 1 2 1.5

Cost of capacity shortage ($) 1900 4300 2500

Cost of capacity oversupply ($) 1400 3400 1600



2112 S. Saraeian and B. Shirazi/Scientia Iranica, Transactions D: Computer Science & ... 30 (2023) 2098{2115

Table 4. Results of lower level in proposed method execution.

No. Update phase Objectives
name=value

Algorithm 1
analyze rate

Algorithm 1
analyze result

1 	 Done Production resources=4.52,
Energy consumption=0.8,
Downtime=1.8, Capacity shortage=1900,
Capacity oversupply=1400

100% Ok
Z Done
T Done

2 	 Done Production resources=4.52,
Energy consumption=0.8,
Downtime=1.8, Capacity shortage=1900,
Capacity oversupply=1400

50%
Not Ok
collaboration
should be updated

Z Done
T Done

3 	 Done Production resources=4.52,
Energy consumption=0.8,
Downtime=1.8, Capacity shortage=1900,
Capacity oversupply=1400

20% Not Ok
collaboration
should be updated

Z Done
T Done

Table 5. Results of process orchestration application in
factories.

No. Process parameters Resulted of
orchestration

1 Number of done tasks 25
Productivity 76%
Accelerate process High

2 Number of done tasks 22
Productivity 52%
Accelerate process Moderate

3 Number of done tasks 28
Productivity 82%
Accelerate process high

process orchestration. As a sample in Table 4, row one
shows the correct solutions, but other rows show the
necessity of collaboration upgrade between processes.
Thus, the proposed method can monitor the process
behavior each time, which causes higher productivity
and accelerates the process.

The results of the proposed method application
could be a�ected by di�erent parameters of the process,
such as the number of tasks done, productivity, and
accelerated process (Table 5). In general, the e�ect of
orchestration assurance for higher task de�nes better
productivity and accelerate the process.

To show the robustness of the proposed approach
in smart manufacturing process management, two sit-
uations (process management based on the proposed
method and process management without the proposed

Figure 11. The robustness of the bi-level optimization
approach.

method) have been considered. Also, good perfor-
mance means an incorrect collaboration presentation
in this paper. Based on this de�nition, Figure 11 shows
the robustness of bi-level optimization architecture to
minimize incorrect collaboration presentation.

5. Discussion and managerial implications

In general, some supply chains, such as food supply
chains in smart factories, involve new production pro-
cesses. In this case, the de�nition of the new algorithms
in order to control a product all over the supply
chain [27] is necessary. Thus, this paper proposed a new
architecture of uBPMS that can handle uncertain pro-
cess management through bi-level optimization. This
new method guarantees safe and high-quality products
using process control and optimization.

In the new architecture, the process control is de-
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Figure 12. Proposed architecture comparison with [23], [8], and this paper.

�ned based on orchestration. In this case, management
of entire end-to-end uncertain processes is done based
on the correct interactions between them. This type of
control includes uBPMS and, based on the BPM cycle,
provides di�erent advantages as follows:

X Di�erent events (such as errors) in processes are
more detectable;

X Data in processes are more accessible. Thus,
monitoring of processes with generated information
can be upgraded;

X Transition between classic BPMS and uBPMS has
a low risk;

X Resulted coordination is a necessary feature in
businesses with hundreds of automations.

The new behavior of control operation in uBPMS
causes automated activities with a center of attention
on important process activities. Also, the required ser-
vices and demands can decrease, providing lower costs,
saving money, and higher productivity. The better
traceability of uncertain processes is another advantage
of process orchestration in centralized situations.

The results show that by playing an orchestration
feature (for example, in the order process), factories
have a good capacity to control their order processing.
In this instance, a better position to avoid stockouts,
reduction of delivery time, and minimization of ship-
ping costs resulted in these factories. Furthermore,
the orchestrated uncertain process is generated by con-
sidering the appropriate values of objective functions
through control and optimization operations. These
features are remarkable points for managing intelligent,
uncertain marketing.

Table 6. Overhead result of proposed method in
comparison with [23] and [8].

References Time complexity Execution time

[23] O(n2) 48 minutes
[8] O(n) 30 minutes

This paper O(log n) 18 minutes

As illustrated earlier, a simulated case has been
evaluated based on received data from a Rousselot
smart factory in Belgium to validate the proposed
architecture. To compare the obtained results against
other state-of-the-art approaches, the proposed method
of this paper is compared with [23] and [8] (Figure 12).
Also, the overhead of the proposed architecture in
comparison with [23] and [8] has been calculated
(Table 6).

In [23], authors reported that predicting demand
and making capacity decisions for new advanced prod-
ucts is not easy. Also, in [8], the authors de�ned an
autonomous architecture that can manage uncertain
processes but cannot provide autonomous management
in smart factories with smart manufacturing features.
The investigation of their proposed architecture in
smart manufacturing has also been de�ned as future
work. As Figure 12 and Table 6 show, the proposed
method is the most robust one compared to [23] and
[8], with better time complexity and execution time
because of lower operations inward new architecture.
Also, the proposed architecture causes the cost min-
imization of capacity compared with [23] and [8].
For example, for product B (collagen peptides), this
study on capacity shortage makes it save at least 300
units. Therefore, a 38% reduction in capacity loss will
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inuence the product rate of the company.
In this case, customers have the ideal experience

in their order process. As a result, the presented
architecture could be applied as an extended version
of the mentioned architecture in [23] and [8]. In
addition, the number of operations is low in the bi-level
architecture, and applied algorithms are simple, too.
Therefore, the proposed method has a better overhead
than [23] and [8] (Table 6).

6. Conclusions

Business Process Management System (BPMS) can
be applied in di�erent application scenarios, such as
control and optimization of smart factories. Also,
BPMS can make the end-to-end process visible, which
can be useful for smart factories as distributed systems.

Smart manufacturing acts as an adaptive man-
ufacturing system. In these systems, changes in
production, supply chain, and customer requirements
should be considered [27]. Thus, the uncertain version
of BPMS should be applied to manage uncertainty.

This study proposed a new extension architecture
of uncertain Business Process Management System
(uBPMS) for acting in smart manufacturing manage-
ment. This new extension is based on a bi-level archi-
tecture. A bi-level architecture applies to control and
optimize smart manufacturing processes with fuzzy-
Markovian uncertainty sources. This architecture
progresses uBPMS by:

X Laying the groundwork for the bi-level optimization
approach;

X Helping uncertain process control through orches-
tration and choreography approach in the lower
level of the bi-level optimization approach.

Performance assessment of the proposed approach
has been done using the simulated model of Rous-
selot company to identify the e�ciency of the new
architecture for minimizing the production resources,
downtime, energy consumption, capacity oversupply,
and capacity shortage over time. The new behavior of
control operation in uBPMS causes automated activ-
ities with a center of attention on important process
activities. Also, the required services and demands
can decrease, providing lower costs, saving money,
and higher productivity. The better traceability of
uncertain processes is another advantage of process or-
chestration in centralized situations. The results show
that by playing the orchestration feature, factories
have a good capacity to control their order processing.
In this instance, better positions to avoid stockouts,
reduced delivery time, and minimized shipping costs
resulted in these factories, too. Thus, this new method
does not have signi�cant capital risks of oversupply or

shortage. Hence, this architecture can be presented as
a smart decision-maker for managing smart manufac-
turing processes.
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