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Abstract—In the planning phase of collaborative
development projects, a reasonable scheduling plan plays a
pivotal role in shortening development cycle and reducing costs.
However, in the traditional collaborative development
scheduling models, the inherent fuzziness embedded in the
scheduling process is ignored. Therefore, based on fuzzy
TOPSIS, we construct a tri-objective (development time,
development cost, and product quality) fuzzy collaborative
development scheduling model with finite time and finite cost.
The NSGA-II algorithm is used to solve the model, in which
solutions meeting the constraints will be retained while those
otherwise will be punished. Following the Pareto optimal
solution set, the final solution is obtained using fuzzy TOPSIS
CRITIC. Finally, empirical analysis verifies the effectiveness of
the model and algorithm. The results show that in a fuzzy
environment, collaborative development scheduling can be
observed from a more practical perspective, and a more
reasonable scheduling plan can be selected to reduce
development time and costs. In empirical analysis, based on the
proposed model and algorithm, scheduling schemes that satisfy
constraints can be obtained with short time, low cost, and high

quality.

Index Terms— development scheduling, fuzzy
multi-objective, triangular fuzzy number, ideal point method,
NSGA-I11 algorithm

I. INTRODUCTION

he burgeoning expansion of the global market has

impelled organizations to augment their investments in
product development as a means of sustaining their
competitive edge [1]. Product development encompasses the
competitive pursuits of minimizing risks through the
acquisition of comprehensive market intelligence, cost
reduction, and expediting time to market [2]. Consequently,
product development assumes a pivotal position within the
realm of business planning [3]. Nevertheless, the intricate
nature and inherent uncertainties prevalent in the product
development trajectory have compelled organizations to
explore collaborative avenues for risk-sharing, cost
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minimization, accelerated time to market, quality
enhancement, and capitalizing on complementary knowledge
and competencies during the development phase. Hence,
collaborative product development has emerged as a novel
business paradigm, poised to augment the efficiency and
efficacy of the development process [4].

In comparison with traditional development modalities,
collaborative product development entails more malleable
human and organizational behaviors, concomitantly giving
rise to elevated levels of uncertainty [5]. The uncertainty
endemic to collaborative product development has the
potential to precipitate development outcomes that diverge
substantially from anticipations. This admonishes enterprises
to place greater emphasis on the uncertainties extant within
the collaborative development process and to factor in
diverse uncertainties during the planning stage of
development projects. When formulating schedules for
collaborative development, a more exhaustive analysis of the
potential disparate outcomes under varying schedules ought
to be carried out. Such systematic analysis can confer greater
advantages upon the enterprise and equip it to brace for
diverse contingencies. Owing to the equivocality of human
judgment, evaluation outcomes exhibit fuzzy uncertainty
when appraising the values of scheduling-related attributes.
Should this uncertainty be disregarded, a comprehensive
dissection of different schedules becomes infeasible,
culminating in enterprises being unable to devise more
satisfactory schedules for collaborative development, which
might occasion losses for the enterprise. The fuzzy
uncertainty permeating the scheduling process likewise
imposes more exacting demands on collaborative
development scheduling.

Hwang and Yoon [6] put forward a novel multi-attribute
decision-making method known as the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS). Since
its introduction, TOPSIS has been extensively utilized to
tackle a diverse array of multi-attribute decision-making
conundrums in real-world scenarios. Owing to its succinct
procedural steps and inherent logical rationality, it has
maintained its standing as a leading multi-attribute
decision-making paradigm. Behzadian et al. [7]
comprehensively reviewed the application domains of the
TOPSIS method, spanning supply chain management,
production systems, market management, environmental
management, human resources management, and numerous
other sectors where the presence of TOPSIS is conspicuous.
The fuzzy TOPSIS method has witnessed rapid proliferation,
with a multitude of TOPSIS variants predicated on different
fuzzy variables being proposed and deployed within assorted
fuzzy decision-making contexts. Chen [8] devised a vertex
approach to compute the distance between triangular fuzzy
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numbers and thereby extended the TOPSIS method to
accommodate fuzzy environments. Zhang et al. [9]
introduced the TOPSIS method under Pythagorean fuzzy sets,
leveraging score functions and novel distance metrics. With
the continuous evolution of TOPSIS methods in fuzzy
environments, fuzzy TOPSIS methods have emerged as an
efficacious and crucial means of resolving fuzzy
multi-attribute decision-making issues.

In the planning stage of collaborative product development
projects, a rational scheduling plan plays a significant role in
curtailing project cycles and enhancing product quality [10].
Regarding the scheduling of collaborative development tasks,
remarkable research achievements have been made both at
home and abroad. Chen et al. [11] put forward a framework
for task scheduling and change management in product
collaborative development predicated on design structure
matrices. Bao et al. [12] furnished the definitions of task
fitness and task coordination efficiency, along with their
respective calculation methods. On this foundation, a
multi-objective optimization mathematical model for task
allocation in  product customization collaborative
development was devised, and a dual-population adaptive
genetic algorithm for task allocation in product customization
collaborative development was introduced to tackle the
model.

Zhang et al. [5] conducted an exploration of human
behavior within collaborative development processes via
agent-based simulation. Their focus primarily centered on the
task planning behavior of designers and the resource conflict
resolution behavior of managers. In this regard, they devised
a collective utility function and a benefit strategy, aiming to
curtail project development time and costs. Li et al. [10]
incorporated the matching degree and resource category into
the collaborative development project scheduling model.
Subsequently, they formulated two static scheduling models
to ascertain the scheduling scheme with the shortest
development cycle. Moreover, they designed a simple
genetic algorithm and a double-layer parthenogenetic
algorithm respectively to address these models. Virtually all
of the aforementioned collaborative development scheduling
models were formulated within a deterministic environment.
Through the solution of these models, a relatively optimal
scheduling solution could be attained. Nevertheless, the
fuzzy uncertainty inherent in the scheduling process was
overlooked. They failed to recognize that when experts
appraise the attribute values of diverse alternative solutions,
the resultant evaluation values should be fuzzy rather than
precise. This kind of fuzzy uncertainty constituted an
important characteristic of scheduling itself, and the
disregard of fuzzy uncertainty precluded enterprises from
conducting a more comprehensive evaluation of alternative
scheduling schemes. Sadeghi et al. [21] grasped the
significance of expert judgment and applied the fuzzy sets
theory to allocate four principal project objectives, namely
time, cost, quality and resource-leveling.

In light of the foregoing discussion, it is necessary to
construct a tri-objective collaborative  development
scheduling model by leveraging improved Fuzzy TOPSIS
under constrained conditions. Our research has primarily
focused on two key aspects. Firstly, we extend the
collaborative  development  scheduling model to

accommodate fuzzy environments. In contrast to precise
numerical values, we employ language variables that align
more closely with human judgment to assess the efficiency of
enterprise task completion and the degree of enterprise
collaboration. Triangular fuzzy numbers are then utilized to
represent these language variables, thereby providing a more
nuanced and realistic portrayal. Secondly, we establish a
tri-objective fuzzy collaborative development scheduling
model within a multi-constrained milieu. Specifically, we
formulate a fuzzy collaborative development scheduling
model subject to time and cost limitations, with development
time, development cost, and product quality serving as the
foundational pillars. In the context of the NSGA-II solving
algorithm, with regard to constraints, a penalty mechanism is
implemented to deal with individuals that fail to meet the
stipulated constraints during the evolutionary process. This
ensures that only those individuals conforming to the
requirements are retained throughout the evolution. After
deriving the Pareto optimal solution set, the Fuzzy TOPSIS
CRITIC method is employed to rank and select the optimal
subset. Finally, the efficacy of the model and algorithm was
corroborated through case analysis, and sensitivity analysis
was carried out on relevant parameters to further explore their
impact and variability.

The rest of this paper is organized as follows. In Section II,
the fundamental theories and relevant definitions are
introduced. In Section III, a tri-objective collaborative
development scheduling model is constructed by means of
the improved Fuzzy TOPSIS. Section IV presents the
Non-Dominated Sorting Genetic Algorithm 11 (NSGA-II) for
solving the proposed model. In Section V, a numerical
example is provided to validate the efficacy and practicality
of the model. Concurrently, a detailed analysis of the specific
parameters is conducted. Section VI serves as a summary of
the work accomplished in this paper.

Il. PRELIMINARIES

A. Triangular Fuzzy Number

Definition 1 [13] If X is a domain, then the mapping
1 () X —[01], @)
defines a fuzzy set A on X . The mapping 1, s called

the membership function of A.
Definition 2 [13] A fuzzy set A in the domain x,,X, € X
is defined as convex if and only if for all x,x, € X , we have

:U’A(/\Xl +(1-N)x%,) > Min(/J“A(Xl)i MA(Xz))- @)
where A €[0,1].
Definition 3 [13] A fuzzy set A in the

domain 3x € X, p;(x)=1 is called normal, which
means 3x; € X, u;(%)=1.

Definition 4 [14] The a cut set of fuzzy number A is
defined as

A" ={x 1p; >a,% € X} (3)
Where o €[0,1] , A" is a non-empty bounded closed

interval on X , which can be denoted as A* = [Af , A,”’].
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Definition 5 [14] Triangular fuzzy number n can be
defined as a triplet (n,,n,,n,), with its membership function
defined as

0, X<n;
X—n
—, N <Xx<n,
. n,—n 4
11, (X) = (4)
X—n,
1 nzSXSn:g;
n, —ny
0, X >N,

Definition 6 [15] If n is a fuzzy number and
m* >0, a €[0,1], then n is called a positive fuzzy number.

Definition 7 [14] Given two positive triangular fuzzy
numbers m=(m;,m,,m;) and A= (n,n,,n,) , define the
operation

(1) m(+H)n = (m +n,m, +n2,m3+n3); ©)
@) m(f)ﬁ:(mlfnl,mzfnz,m3fn3); ©)
@3) mEA = (m,-n, m,-n,,m;-n,) : )
(4) (M =(my) ™, (M), (m)™) ; (8)
5) m@Ha=(m,/ny;,m,/n,,m,/n) : ©)

©6) km = (km,, km,, km,) _ (10)

Definition 8 [16] (Triangular Fuzzy Number Ranking)
Given a normal triangular fuzzy number m = (m;,m,,m,),

the abscissa of the centroid is X, (M) = %(m1 +m, +m,) . For

different normal triangular fuzzy numbers, they can be sorted
according to X, (), that is, the larger X,(m), the larger the
corresponding triangular fuzzy number m . Furthermore, for a

series of triangular fuzzy numbers m, =(m,,m,,my) ,

i=12,..,M, define
rﬁmax = maX rﬁi* (11)
where m_, €{m,,i=12,..,M}, X, (M) =maxX,(m).

Definition 9 [8] Given two triangular fuzzy numbers
m=(m;, m,,m;) and A= (n,n,,n,), the distance between

them is defined as

Mmﬁ%=J%WW—WY+%%—ﬂ92+mh—%YI (12)

Definition 10 [8] m and A are two triangular fuzzy
numbers, then when d(m,n) gradually approaches 0, the

fuzzy number m approaches fi closer and closer.

B. Fuzzy TOPSIS

Chen proposed the TOPSIS method in fuzzy environments
in [8], and applied the TOPSIS method to fuzzy
decision-making, providing a favorable tool for fuzzy
multi-attribute decision-making problems. In this section, the
specific steps of Chen’s fuzzy TOPSIS method will be
introduced.

First, we provide the distance measurement between fuzzy
numbers. The specific steps of the fuzzy TOPSIS are as
follows. A fuzzy multi-attribute decision-making problem is

given, that is, the decision matrix D and weight vector W
are given

Xll )~(12 Xln
o[t X (13)
)N(ml )N(mz an
and
W=w W, - W . (14)
Where X; (Vi,j) and W; (i=12..m, j=12..n)

are triangular fuzzy numbers, which can be represented as
=(ay,b;,¢;) and W, = (W, W;,, wW;5) .

In order to avoid the complex normalization formula in the
traditional TOPSIS, a linear scale transformation method is
used to convert attributes of different scales into comparable
scales. Therefore, the normalized fuzzy decision matrix can
be obtained, denoted as Ifé:[ﬁj]mxn. Using B and C to

represent the benefit attribute set and cost attribute set,
respectively, then we obtain

F o (i bJ G i

rij*(_*a*v*l JEBI (15)
¢ ¢ G

- a; a; a; .

[= (D jec (16)
¢ by @y

Where cj =maxc;,j€B and a; _maxa,J,JeC. The

normalization method mentioned above limits the range of
normalized triangular fuzzy numbers to [0,1]. Considering
the different importance of different attributes, a weighted
normalized fuzzy decision matrix is established

V =[V, ] % =FOW;, (=12,..,m j=12..,n). (17)
In the weighted normalized fuzzy matrix, each element is a

normalized positive triangular fuzzy number, and their value
range is within the closed interval [0,1]. Therefore, fuzzy

positive ideal solution (FPIS) A" and fuzzy negative ideal
solution (FNIS) A~ can be defined as

A =(,7,,..,7) (18)

and

A= ,7,,..,V)). (19)
Where v, =(111), v; =(0,0,0) (j=12,..,n). The

distance of positive and negative ideal solutions for each
alternative is

di => d(,v), i=12..,m (20)
j=1
and
S = d(v,V)), i=12,.,m (21)
j=1

Where d(,-) represents the distance measurement of two

fuzzy numbers.
After calculating d; and d; for

A(@{i=12,.,m) , rank each alternative by defining a
consistent coefficient by

each alternative

cC, =

i i=12,..m. 22
+d- 22)

d’

Obviously, as the consistent coefficient of the alternative
tends to 1, it is closer to the positive ideal solution ( A") and
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further away from the negative ideal solution ( A™ ).
Furthermore, all alternative solutions are ranked by the
consistent coefficient. The higher the consistent coefficient
of the alternative solutions, the higher the ranking of the
alternative solutions.

C. Fuzzy CRITIC

This section introduces the fuzzy CRITIC method put forth
by Rostamzadeh et al. [17]. In the context of multi-attribute
decision-making problems, attributes inherently can be
regarded as a source of information, and objective weights
are capable of reflecting the quantum of information
contained within. CRITIC is a methodology employed for
computing the objective weights of diverse attributes in
multi-attribute decision-making scenarios [18]. The weights
derived through this approach not only take into
consideration the relative magnitude of each attribute but also
factor in the conflicts among attributes. The magnitude of
attribute comparison is gauged by means of the standard
deviation, whereas the conflict between them is measured by
the correlation coefficient. Rostamzadeh et al. [17] extended
the CRITIC method to fuzzy environments and introduced
the fuzzy CRITIC method. The specific computational steps
of this method are delineated as follows.

In fuzzy multi-attribute decision-making problems, given

the decision matrix D and weight vector W°, we have

iy o % %1

5= Y2 7 a (23)
)N(ml XmZ an

and

We =[w WS W |. (24)

Where %, (Vi, ) and W} (j=12,...,n) are triangular
fuzzy numbers, which can be represented as
Xy = (kg X0 Xgs) and W = (Wi, Wi, whz) . Use B to
represent the benefit type attribute set and C to represent the
cost type attribute set.

Step 1: Calculate each decision value after transformation
and obtain the attribute vector
X — X5,
ok ifjeB
X — X;
Xp, = x:k x]k (25)
K fjec
Xj — Xj
and
Xk = (XlTjk l X-2rjk""* X:jk)' (26)

Where x;k is the change value of the k-th number
% (k=123), x;, represents the k-th vector of the j-th
attribute, and x;, = max Xy, Xy = miin X -

Step 2: Calculate the standard deviation o, of each vector
Xj -

Step 3: Establish three symmetric matrices [rj‘},]

nxn

(k =1,2,3), where r;. is the correlation coefficient between
vector x; and vector x;. .

Step 4: Calculate the information measurement for each
attribute, i.e.

Hy =03 > (@—r)). (27)
i=1
Step 5: Determine the unordered objective weight as
/ H ik
Wi (28)

2 Hi
j=1
Step 6: Determine the fuzzy weights of each attribute by
Wi =wp. , kk'e{l,2,3}

o _ L i (29)
Wig = Max wi, Wi, = minwj,.

The weight vector obtained from the fuzzy weight

recombination of each attribute is W° = |W W, - W°],

n

which is the objective weight vector of the studied problem.

I1l. A TRI-OBJECTIVE COLLABORATIVE DEVELOPMENT
SCHEDULING MODEL BASED ON IMPROVED Fuzzy TOPSIS
WITH CONSTRAINTS

A fuzzy collaborative development scheduling model was
formulated with the objectives of minimizing development
time and development cost, while maximizing product
quality, under multiple constraints. This formulation took
into account the finite development time and restricted
development cost specific to the scenarios of product
development. The model was addressed through the
application of the NSGA-II and the enhanced fuzzy TOPSIS
method. Enterprise A has a plan to develop a novel product,
which comprises several subtasks. Enterprise A intends to
jointly accomplish these development tasks with its suppliers.
In order to economize on development time and costs, as well
as enhance product quality, it is imperative to allocate the
tasks in a rational manner among each participating
enterprise.

Assuming that the development team has a total of m
enterprises, S=4{S,,S,,....S,,} represents the set of

enterprises. The development project has n sub tasks,
P={P,P,...P} represents the set of tasks. Now it is

necessary to assign each task in P to the enterprise in S, that is,
to determine a mapping from P to S, denoted as
B:P—S. (30)
Enterprise A does not merely regard project development
time and costs as the reference factors for task scheduling.
Instead, it also places significant emphasis on the differences
in the expected product quality under varying scheduling
scenarios. The enterprise harbors the aspiration of identifying
superior scheduling plans to elevate the product quality.
Additionally, for the timely launch of the product, the
development duration of the new product ought not to be
excessively protracted. To safeguard the enterprise’s
competitiveness, the development cost should be kept in
check and not allowed to escalate to an exorbitant level.
Consequently, our objective is to point a scheduling
scheme B that not only minimizes the project development
time and development costs but also maximizes the product
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quality. This should be achieved while ensuring that both the
development time and costs remain within the specified
limits.
A. Objective Functions
1) Development Time

The time required to complete each task can be divided

into two parts. For task j, the first part is the time spent on

completing the task itself, which is denoted by T, , and

the second part is the additional time spent on information

exchange with other tasks, which is denoted by T, ;. Then
the total time spent on task j is
Tieey = Ticeawy T Ticpean: (31)

Under scheduling B, the time spent by Enterprise i is
T =Tiap +T, i=01..m

i(col) 1 (32)
Where T, indicates the total time spent by Enterprise i

on completing the tasks it is responsible for under scheduling

B and T, indicates the total additional time spent by

Enterprise i on the interaction information between its
responsible task and other tasks under scheduling B .
We use [b,; ], to represent the task complexity vector and

b; is the complexity of task j; [d, ], represents the task

nxn

dependency matrix and d,, is the dependency between task j
and task I; [)N\”.]mxn represents the efficiency matrix for

completing enterprise tasks after conversion, and [\ S

i,j]mxn I

a triangular fuzzy number; [ ],..., represents the efficiency

matrix of enterprise collaboration and f, is also a triangular
fuzzy number.

After determining [b; 1., [d; ] [N T @nd [ ] s
it is possible to calculate the time spent by each enterprise in
the development process under scheduling B . The time

spent on completing task j itself is the ratio of task j’s
complexity to the completion efficiency of the corresponding

enterprise, i.e. b, (/)):ij . The time spent by Enterprise i on the

task itself is
Tam = Y b0 (33)
B(P)=S;

The ratio of collaborative efficiency between two tasks
corresponding to the enterprise isd;, (/)i 4, and then the

time spent by Enterprise i on task collaboration is
n
Titeo) = Z Zdi,l N, am)-
B(P))=S; I=1

Therefore, the time spent by Enterprise i throughout the
entire development process is

T= > b+ > idj,l(/):ai,B(Fﬁ)'

B(P)=S, B(P)=S, 1=1

(34)

(35)

The total development time of the project can be obtained as
T = max(T). (36)
2) Development Cost

The following is the calculation of the development costs.

Through effective communication with diverse suppliers and
a comprehensive assessment of the enterprise’s own

capabilities, the cost that each enterprise needs to incur for
the completion of each task can be ascertained. This gives
rise to the task cost matrix [c, ;],., , Where ¢ ; denotes the
cost requisite for Enterprise i to execute Task j. Consequently,
under Scheduling B, the cumulative cost of the entire

development process is

n
C= ZCB(P,),P,-
=1

3) Development Quality
To ensure the timely launch of new products, Enterprise A

requires that the average expected development time T of
the product should not exceed T,. As T is a fuzzy number,

the centroid mentioned in Definition 9 is used to describe its
average level, which requires

% (M) <T,. (38)
It is worth noting that the calculation formula x,(T) for

the center of mass, also known as the mean calculation
formula for triangular fuzzy numbers under uniform

distribution [19], X,(T) can also be considered as the mean

@37)

of T . To ensure the competitiveness of new products in the
market, the development cost C should not exceed C,, i.e.
C <C,. (39)
Subsequently, it is essential to compute the anticipated
quality of the product under a particular scheduling scenario.
Initially, given that the completion quality of diverse tasks
exerts different degrees of influence on the quality of the
eventual new product, experts are required to appraise the
significance of the completion quality of each development
task with respect to the quality of the final product. Scoring
criteria can be established beforehand, as depicted in Table I.

TABLE I
EVALUATION CRITERIA FOR WEIGHTED
LANGUAGE VARIABLES

Importance Triangular fuzzy number
Very Low (0.001, 0.001, 0.1)
Low (0.001, 0.1, 0.3)
Above Low (0.1,0.3,0.5)
Medium (0.3,0.5,0.7)
Below High (0.5,0.7,0.9)
High (0.7,0.9,1.0)
Very High (0.9,1.0,1.0)
TABLEII

EVALUATION CRITERIA FOR WEIGHTED
LANGUAGE VARIABLES

Evaluation value Triangular fuzzy number

Very Poor (0.001, 0.001, 0.1)
Poor (0.001, 0.1, 0.3)
Below Average (0.1,0.3,0.5)
Average (0.3,05,0.7)
Above Average (0.5,0.7,0.9)
Good (0.7,0.9, 1.0)
Very Good (0.9,1.0,1.0)
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In accordance with Table I, experts employ the language
variables presented in the table to assign ratings to the
significance of each task. Upon the completion of the scoring
process, we transform the scoring outcomes into triangular
fuzzy numbers, thereby deriving the task importance vector
[€].. - € indicates the significance of the completion

quality of the j-th task in relation to the quality of the final
product. Subsequently, experts are required to assess and
assign scores to the anticipated quality of completing each
task, taking into account the actual circumstances of each
enterprise. Scoring criteria can be established in advance, as
illustrated in Table I1.

In line with the scoring criteria, experts utilize language
variables to appraise the quality of task completion for each
enterprise. Subsequently, we transform each evaluation result
into a fuzzy number according to the standard to obtain the
enterprise task completion quality matrix [ ], , 7
denotes the expected completion quality of the i-th enterprise
for the j-th task. Leveraging the task importance vector

[€,].., and the enterprise task completion quality matrix
[7 ;] 1t becomes feasible to compute the expected new
product quality under specific scheduling B conditions

n
Q= Zé; (')5B(P,),j'
=1

4) Model Building

In summary, the established fuzzy collaborative
development scheduling optimization model can be
summarized as follows

min T=max( > bi(;+ > Zdn/)ﬂu\(a

B(P,)=S; B(Py)=; 1=1

(40)

(41)

IV. MODEL SOLUTION

A. NSGA-II Algorithm

In order to address the model, we initially employ
NSGA-Il to derive the Pareto optimal solution set.
Subsequently, we proceed to select the optimal solution from
within this set. The subsequent steps outline the specific
procedures of the NSGA-I1 algorithm.

1) Calculate the target value of the population
There are tri-objective values to calculate here. For each

individual in the population, the development time T ,
development cost C , and product quality Q can be

calculated according to Equations (38-40). To facilitate the
sorting of target values and further facilitate the calculation of

individual non-dominated levels, T and Q are transformed
into their sorting indicators, namely centroid X,(T) and

%(Q). Then, X,(T), C and X,(Q) are used as the three
objective values for individuals in the algorithm.

2) Punish individuals without meeting constraints
Due to conditional limitations on development time X, (T)

and costs C , it is necessary to eliminate individuals who do
not meet the conditions. In each iteration, the sum of target
values X,(T) and C for each individual in the combined

population is tested. If X,(T)>T,or C >C,, the individual

will be punished, even if all tri-objective values become
worse, making it difficult to be selected as the top level in the
calculation of non-dominated levels, making it gradually
eliminated during the evolution process. This penalty will
increase as the number of iterations increases.

@put data and parameteD

Initialize population,
calculate objective value,
using initial population as

A 4

Punish individuals
without meeting

A

Calculate composite

parent population’s crowding
distance
d
-
Y
Calculate non-dominated 4
hierarchy and congestion Screen new parents

distance from a combined

population

Iteration count

y plus one

Select a new population

y maximum number

of iterations ¥

Cross mutation to obtain
offspring

y

Combine parents and
children into a composite
population

Compose Pareto
optimal solution

Fig. 1. The flowchart of the NSGA-I11 algorithm

3) Calculate crowding distance

Since there are currently three objectives and in order to
estimate the degree of crowding for each individual at the
objective value, the calculation of the individual crowding
distance should also incorporate the individual’s crowding
distance with respect to the product quality objective. First,
the individuals at the same non-dominated level within the
population are extracted and ranked based on the three
objectives. Once the ranking is completed, the calculation
method for the crowding distance of individual i is as
follows:

YO(T)(H—l)

(T)(|—1)+ (|+1)_C(i—1)

CD, = <
XU (-[)max - XO G-Zmin max ~ “min (42)
+ io (Q)(i+1) - Xo (Q)(H)
% ( Qe — %o (Quin

X (T),. and X(T),, represent the maximum and
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minimum values, respectively.
4) Algorithm process

Initially, input the data and set the parameters.
Subsequently, initialize the population and compute the
objective values of the initial population. Regard the initial
population as the parent population, and calculate the
non-dominated hierarchy and the crowding distance of the
parent population. Thereafter, relying on the non-dominated
hierarchy and the crowding distance, obtain a new population
through the operations of selection, crossover, and mutation.
Then, calculate the objective values for the individuals within
the new population. Next, combine the new population and
the parent population and record them as a composite
population. Inspect the objective values of the composite
population, and impose penalties on the individuals that fail
to meet the constraints. Subsequently, calculate the
non-dominated hierarchy and the crowding distance of the
composite population. Finally, sort the combined population
in ascending order according to the non-dominated hierarchy
first, and then in descending order according to the crowding
distance. Subsequently, select individuals from the top
downwards, with the number of selected individuals being
equal to the size of the parent population.

Subsequently, increment the iteration count by one and
ascertain whether the maximum number of iterations has
been attained. If it has not been reached, constitute a new
parent population from the selected individuals and reiterate
the aforementioned operations. Conversely, if the maximum
number of iterations has been reached, then terminate the
loop and compute the non-dominated level within the
selected set of individuals. The individuals at level 1 will
constitute the Pareto optimal solution set.

B. Selecting the Optimal Scheduling

We are required to select the optimal solution from the
Pareto optimal solution set. Here, the enhanced fuzzy
TOPSIS method is employed, specifically the fuzzy TOPSIS
CRITIC method put forward by Rostamzadeh et al. [17]. This
method enhances the attribute weighting approach in fuzzy
multi - attribute decision - making problems. It takes into
consideration the internal information of each attribute,
presents this information in the form of objective weights,
and ultimately combines these objective weights with
subjective weights. In this paper, the fuzzy TOPSIS CRITIC
method is utilized to optimize the Pareto optimal solution set.
Firstly, the objective weights of each objective are computed
using the fuzzy CRITIC method and subsequently integrated
into the fuzzy TOPSIS method. Finally, the decision matrix,
which is based on the diverse objective values of the Pareto
optimal solutions, is derived as follows.

Ti (:1 (jl
Ij — -r.2 C%Z Q‘Z .
fm Cm Q~m

Where m is the number of Pareto optimal solutions,

-I:i :(Til'TiZ'TiS) and Qi = (Qil'QiZ’Qis)'
1) Fuzzy CRITIC [17]
First, each objective value is changed into

L S Py R B I S M "R %\
T, —T, Cc -C Q. —Q

Tk :(-rlliTzL'--lTrer)i (44)

C=(c/.C;....C}), (45)

Q = QL Qs Q) (46)

Where T, = max(T, ) , T, =min(T,) , C" =max(C,) ,
C  =min(C,) , Q. =max(Q,) and Q. =min(Q,) . Then
calculate the standard deviations of T, , C and Q,

respectively, and record them as oy, ,0,, ando,, . Establish
three symmetric matrices with a size of 3 * 3, as follows

r(t,.T,) r(T.,C) r(T.Q,)
[r1= rc,c) rCQ) | (47)
r(leQk)
Where r(T,,C) represents the linear correlation

coefficient between vectors T, and C.

Then calculate the information measurement for each
attribute, i.e.

n
Hj :aij(l—rj'Jf.).
j'=1

Next, determine the size of the objective weights that have
not yet been sorted, i.e.

(48)

H.
Wi == (49)
Z Hju
j=1
Finally, calculate the fuzzy weights of each attribute:
Wi, :w}k. Jk,k'c{1,2,3}
’ (50)

o _ 0 _ i /
Wiz = MaX Wy, Wy = MINWj.

The weight of development time is W = (W, W,,, W) ,
the weight of development cost is W, = (W, , W, , W5,) , and

211 77220

the weight of product quality is W = (W, , Ws,, W;,) . The

31 77327 7733

0 ~0

total objective weight is recorded as W° = [W1 W,

2) Fuzzy TOPSIS CRITIC [17]
Then, based on the objective weights

W =|W W W] calculated above, the fuzzy TOPSIS

~0
Wig .

method is used to sort and optimize the Pareto optimal
solution set.

Step 1: Subjective weights W*® = |W’ W, W |are given by
experts, and their weighting criteria are referred to in Table I.

Step 2: Normalize subjective weights according to the
following formula:

W =%, ((H) W) (52)

Step 3: The decision-maker provides the proportion p of

subjective weight to the combined weight, and combines the
subjective weight and objective weight according to this
proportion to obtain the combined weight of each attribute

Wy = o W (+)(1— ) . (52)

Step 4: Normalize the decision matrix D , obtain
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= Tmin 1 Tmin 1 Tmin 1
mn=(— =) (53)
T|1 Ti2 T.s
C._.
Cn =-—m, 54
=7 (54)
Qni — ( Qil ’ Qiz ' Qia ) (55)
Qmax,B Qmax,3 Qmax,3
Where T, =minT,;,C;, =minC;, Q. ; = maxQ,;.

Step 5: Weighting the decision information after planning,
obtain

Tw, =Tn, ()W, (56)
Cw, =Cn,()W,, (57)
Q\Ni = Qni (IWs. (58)

Step 6: Determine the positive and negative ideal solutions
Z* and Z°,

Z+ :(T+,C+,Q+), (59)
27 :(TilciiQi)l (60)
T =maxTw,,C" = maxCw,;,Q" = maxQw, (61)
T"=minTw,,C" =minCw,,Q" = minQw,

i il i il Q i Q 1. (62)

Where, Tw,, represents the numerical value of the third
term Tw., Tw, represents the numerical value of the first

term fvvi , and other symbols represent similar values.

Step 7: Calculate the distance from each solution to the
positive and negative ideal solutions

d; =d(Tw,T")+d(Cw,C")+d(Qw,Q"), (63)

d; =d(Tw,T")+d(Cw,C ) +d(Qw,Q"). (64)
Step 8: Calculate the consistent coefficient of each solution

d-

CC,=———,i=12..m.
dr +d-

Step 9: Rank each feasible solution within the Pareto
solution set according to the consistency coefficient. The
greater the consistency coefficient, the higher the ranking.
Select the solution with the highest ranking as the optimal
solution, which represents the optimal scheduling plan.

(65)

V. NUMERICAL ANALYSIS

The problem we are dealing with is an adaptation of the
collaborative development scheduling problem proposed by
Zhang [20]. In contrast to the original problem, our problem
exhibits a higher degree of complexity. It encompasses an
evaluation of the importance of each task and the anticipated
completion quality of each task by the enterprises involved.
Additionally, it incorporates constraints regarding
development time and costs.

A. Problem Description

An existing enterprise, namely the core enterprise,
formulates a plan to develop new products with the aim of
further expanding its market share. The development of these
new products encompasses a total of 11 subtasks. In order to
enhance the development efficiency, the core enterprise has
established a collaborative development team consisting of 6
enterprises, with the core enterprise itself being one of them.

At present, the core enterprise is tasked with the rational
allocation of these 11 tasks among these enterprises.
Simultaneously, to guarantee the timely launch of the new
products and considering the limited development funds
available to the core enterprise, the core enterprise anticipates
that the expected development time of the product should not
exceed 180 days, and the development cost should not
surpass 160,000 yuan.

Through the expert group, the task complexity and mutual
task dependencies of these 11 development tasks can be

determined, as shown below, where [d; ], is the
symmetric matrix.
[b,]=[10 9 9 8 8 7 7 5 5 6 6] (66)
0 9654210000
086 5510000
0 280000O0O00
00210000
0500000
[d,,]= 0005 4 2 (67)
05520
0 280
0 5 8
0 5
Ollxll

Furthermore, the expert group can rate the task completion
efficiency of each enterprise and the collaborative efficiency
between enterprises based on the scoring criteria [b;],,,

and [d;,]
follows, where [z, ]

(68), (69).

Simultaneously, the expert group is able to analyze the
significance of the task and derive the task importance vector.
Through an analysis of the capabilities of each enterprise, an
estimated evaluation of the task completion quality can be
obtained for each enterprise when it comes to fulfilling
different tasks, as in (70) and (71).
bl=[H H H BH BH BH BH M M M M]. (70)

In the end, through the communication and negotiation
with diverse supplier enterprises, along with the core
enterprise’s appraisal of its own task completion costs, the
cost requirements of each enterprise for every single task can
be determined, see (72).

shown in Table II. The scoring results are as

nxn

is the symmetric matrix, refer to

mxm

B. Solution Results

To address the problem, initially, the enhanced NSGA-II is
employed to identify the approximate Pareto optimal solution
set from among all feasible solutions. Subsequently, the
fuzzy Technique for Order Preference by fuzzy TOPSIS
CRITIC method is utilized to optimize this Pareto optimal
solution set. In this context, MATLAB is used for
problem-solving. Likewise, the Pareto optimal solution set
obtained by NSGA-II is only an approximation, and the
outcomes from each run may vary. In practical applications,
multiple runs can be carried out, and the results should be
comprehensively taken into account.

1) Pareto optimal solution set
Size of population NIND =100, number of iterations
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MAXGEN = 400, probability of crossover Pc=0.9, and
probability of mutation Pm = 0.1. Firstly, Figure 2 of the
initial population can be obtained, with three coordinate axes
representing the individual’s three objective values YO('I: ),

C and XO(Q). In the initial population, the minimum
objective value X (T) is 4249, the minimum objective value

C is 336300, and the maximum objective value YO(Q) is
5.13.

The Pareto optimal solution set distribution obtained by
running the program is shown in Figure 3. The Pareto optimal
solution set contains a total of 49 Pareto optimal solutions.
Among these solutions, the minimum value X, (T) is 101.98,
the minimum value C is 148870, and the maximum value
X, (Q)is 6.83, which is greatly improved compared to the
initial population. Moreover, in the Pareto optimal solution
set obtained, none of the individuals X,(T) exceeds 180 and

none of the individuals C exceeds 160000.
2) Calculate the final solution

Among the 49 Pareto optimal solutions that have been
derived, it is necessary to conduct a further identification of
the optimal solution therefrom. Initially, taking into account
the company's internal circumstances and its specific
requirements for new products, the core enterprise
determines the subjective weights for the three objectives of
development time, development cost, and product quality.
This determination is made by utilizing Table I as the
evaluation criterion. The weights assigned to time, cost, and
quality are obtained as follows:

W =[M M RH].

And provide the proportion p=0.5 of subjective weight

to combined weight. Subsequently, leveraging the enhanced
fuzzy TOPSIS method introduced in this chapter, specifically
the fuzzy TOPSIS CRITIC method, the Pareto optimal
solutions are ranked. Table III presents the three fuzzy
weights corresponding to the three objectives; Table IV
illustrates the scheduling arrangements with coefficients
ranking among the top ten; Table V furnishes their
corresponding development time, centroid values, and
development costs; Table VI supplies the product quality,
corresponding centroid values, as well as the values of the
approximation coefficients. The last row of Tables V and VI
shows the mean of each objective value in the Pareto optimal
solution set.

Based on Tables V and VI, the highest approximation
coefficient is 0.5182. In this instance, the estimated
development time is (74.76, 98148.67), with the
corresponding centroid of the triangular fuzzy numbers being
107.14, the estimated development cost is 159570 yuan, the
expected product quality is (3.87,6.61,9.1), and the
corresponding centroid of triangular fuzzy numbers is 6.53. It
can be seen that the expected average development time of
this schedule is less than 180 days, and the development cost
is less than 160000 yuan. Then according to Table IV, the
specific scheduling situation for this schedule is as follows:
Enterprise 1 completes Task 1, Enterprise 2 completes Task 3
and Task 4, Enterprise 3 completes Task 2 and Task 5,
Enterprise 4 completes Task 9 and Task 10, Enterprise 5

completes Task 6 and Task 7, and Enterprise 6 completes
Task 8 and Task 11.

Based on Tables V and V1, it is evident that the centroid of
the development time for the optimal scheduling is 107.14,
which is significantly lower than the average value of 132.07
within the Pareto optimal solution set. The development cost
of the optimal scheduling amounts to 159,570, which is
marginally higher than the average of 155,430. Moreover, the
product quality of the optimal scheduling stands at 6.53,
being slightly higher than the average of 6.51. Through the
computation utilizing the fuzzy TOPSIS CRITIC method, a
scheduling plan was derived that exhibits superior
development time and product quality compared to the mean
values. However, this was accomplished at the expense of an
increase in development costs. This outcome is still deemed
acceptable, as when referring to the combined weights of
various objectives in Table VI, the weight assigned to
development costs is the lowest. This implies that the
significance of development costs is the least among these
objectives. In other words, enterprises are willing to tolerate a
slightly higher expenditure on development costs in order to
attain a shorter development time and higher product quality.

C. Sensitivity Analysis

In this section, sensitivity analysis will be conducted on
parameters p, which refer to the proportion of subjective

weights in calculating the combined weights of each
objective. The corresponding proportion of objective weights
obtained by fuzzy CRITIC is 1—p. In the Pareto optimal

solution set, the impact of scheduling ranking under different
conditions p is analyzed, and the analysis results p can be

used as further reference for selecting enterprise scheduling
plans.
Table VII shows the sensitivity analysis results for p .

Table VII shows the sorting changes of the top ten scheduling
schemes with close coefficient sorting under different
conditions p . The following sorting is used in the table to

represent the schedule p=0.5. For example, a value of 3
represents the schedule that ranks third ( p=0.5), sixth
(p=0.1), and second among other values p .

It can be discerned from Table VII that Schedules 1 and 3
rank in the top three on average except for time p=0.1, but

fall out of the top three at time p=0.1. The underlying

rationale for this phenomenon is that, according to the values
of subjective and objective weights in Tables VI and VII, the
larger the proportion of objective weights to the combined
weight, i.e. the smaller the proportion of development time,
the greater the proportion p . From Table V, it can be

deduced that the development time of Schedules 1 and 3
ranks lower among the top ten schedules. When they reach a
certain level, they are likely to be abandoned due to too long
development time; Table VII illustrates that the ranking of
Schedule 4 increases as it decreases. This is because the
development time of Schedule 4 is very short, and the other
two target values perform well. Consequently, when the
weight assigned to the development time increases, the
advantages of Schedule 4 become more pronounced.
Moreover, it is evident that Schedule 2 demonstrates
consistently good performance regardless of the specific
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values assumed by the relevant factors.

Based on the foregoing analysis, when the requirement for
development time is not particularly stringent, either
Schedule 1 or Schedule 3 would constitute a favorable option.
In the event that the prompt development of the new product
is a priority, Schedule 4 can be selected. Additionally,
regardless of the circumstances, Schedule 2 remains a viable
and commendable choice.

VI. CONCLUSION

We delved into the realm of fuzzy collaborative
development scheduling under multiple constraints and
objectives, and formulated a fuzzy collaborative
development scheduling model. This model, with finite time
and cost in consideration, aims to optimize development time,
development cost, and product quality. During the solution
process, the NSGA-II is once again employed to initially
identify the Pareto optimal solution set. In order to select the
optimal solution that adheres to the constraint conditions, a
penalty mechanism is implemented during the evolutionary
process for individuals that fail to meet the constraints. This
mechanism causes the deterioration of their objective values,
leading to their elimination from the evolutionary process.
Finally, upon obtaining the Pareto optimal solution set, the

most recent fuzzy TOPSIS CRITIC algorithm is utilized to
derive the final solution. In the empirical analysis, leveraging
the proposed model and algorithm, a scheduling scheme that
satisfies the constraints while achieving short development
time, low cost, and high quality can be obtained.

Due to the fact that intuitionistic fuzzy sets or hesitant
fuzzy sets possess the capability to more accurately depict the
judgments rendered by individuals in practical scenarios,
they can be incorporated into collaborative development
scheduling. By integrating these sets with the operational
characteristics and ranking methodologies of the
corresponding fuzzy sets, the realm of fuzzy collaborative
development scheduling can be enhanced. Grounded in
diverse practical application contexts, optimization
objectives can be devised from the standpoints of boosting
collaborative efficiency and elevating the strategic standing
of enterprises. Simultaneously, distinct constraints can be
established. It should be noted that this article has solely
delved into the fuzzy uncertainty within collaborative
development scheduling. In forthcoming research endeavors,
we may attempt to explore the random uncertainty in
scheduling or combine both types of uncertainties to
formulate a model that is capable of yielding more rational
scheduling outcomes.

vVG A A BA VP VP VP VP VP VP VP
VP VG G AA A VP VP VP VP VP VP
VP G VG AA VP VP VP VP VP VP
VP VP VP VP VP AA AA A VG
VP VP VP VP VP G VG A AA G
VP VP VP VP VP G VG G VG G A

[)‘i,j] = (68)

6x11
1 A AA

1 AA
1

[:ui,l] = (69)

Remark: G=Good, AA=Above Average, A=Average, VP=Very Poor, VG=Very Good, BA=Below Average, H=High, BH=Below High, M=Medium.

G AA AA A VP VP VP VP VP VP VP
VP G VG G AA VP VP VP VP VP VP
v ]— VP VG AA AA AA VP VP VP VP VP VP' 1)
h VP VP VP VP VP G A VG AA AA AA
VP VP VP VP VP VG G AA G VG A
VP VP VP VP VP G AA AA A G VG
21000 13230 12300 9800 100000 100000 100000 100000 100000 100000 100000
100000 18500 15700 13000 12900 100000 100000 100000 100000 100000 100000
[c ]— 100000 16320 17700 17400 14500 100000 100000 100000 100000 100000 100000' 72)
"7 1100000 100000 100000 100000 100000 16950 14670 13000 13400 11980 16480
100000 100000 100000 100000 100000 14400 12800 15430 11900 13590 15000
100000 100000 100000 100000 100000 15000 16520 14000 15900 15200 12470
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Fig. 2. Initial population distribution.
Remark: NIND =100, MAXGEN =400, Pc=0.9, Pm=0.1. The minimum objective value X,(T) is 4249, the minimum objective value C is 336300,

and the maximum objective value X,(Q) is 5.13.
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Fig. 3. Pareto optimal solution set distribution diagram.
Remark: The minimum value XO('I’) is 101.98, the minimum value C is 148870, and the maximum value XD(Q) is 6.83, and none of the individuals YO('I:)
exceeds 180 and none of the individuals C exceeds 160000.

TABLE III
FUzzY WEIGHTS OF THREE OBJECTIVES

Weight type Time weight Cost weight Quality weight

Subjective weight (Standardization) (0.1765,0.2941,0.4118) (0.1765,0.2941,0.4118) (0.2941,0.4118,0.5294)
Objective weight (Fuzzy CRITIC) (0.3393,0.3593,0.3613) (0.3258,0.3418,0.3422) (0.2985,0.3129,0.3189)
Combined weight (p = 0.5) (0.2579,0.3267,0.3865) (0.2511,0.318,0.377) (0.2963,0.3623,0.4241)
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TABLE IV
Tor 10 SCHEDULING CONDITIONS

Ranking Task T1 T2 T3 T4 TS5 T6 T7 T8 T9  Ti0 T11
1 1 3 2 2 3 5 5 6 4 4 6
2 1 3 3 2 2 5 4 4 5 4 6
3 1 3 1 2 3 5 5 6 4 4 6
4 1 3 2 2 3 5 4 4 5 4 6
5 1 3 1 2 3 5 5 4 4 6 6
6 1 3 3 2 2 6 5 4 5 4 6
7 1 3 2 2 3 6 5 4 5 4 6
8 1 3 1 2 3 6 5 4 5 4 6
9 1 3 1 2 3 5 6 4 5 4 6
10 1 3 1 2 3 5 5 4 6 4 6

Remark: Enterprise 1 completes Task 1, Enterprise 2 completes Task 3 and Task 4, Enterprise 3 completes Task 2 and Task 5, Enterprise 4 completes Task 9
and Task 10, Enterprise 5 completes Task 6 and Task 7, and Enterprise 6 completes Task 8 and Task 11.

TABLEV
DEVELOPMENT TIME AND DEVELOPMENT COST
Ranking Development time (T ) %,(T) Development cost (C)

1 (74.76,98,148.67) 107.14 159570
2 (73.76,94,138.19) 101.98 159340
3 (74.76,98,148.67) 107.14 156170
4 (79.32,97.71,132.19) 103.07 158940
5 (80.08,98.76,138.73) 105.86 158390
6 (82.25,97.86,129.52) 103.21 158070
7 (82.17,102.86,144.19) 109.74 157670
8 (82.17,102.86,144.19) 109.74 154270
9 (80.19,99.08,139.3) 106.19 157390
10 (80.08,98.76,138.73) 105.86 157670

Mean value — 132.07 155430

TABLE VI
PRODUCT QUALITY AND CONSISTENT COEFFICIENT
Ranking Product quality (Q) %,(Q) Consistent coefficient (CC)

1 (3.87,6.61,9.1) 6.53 0.5182
2 (3.57,6.31,8.87) 6.25 05169
3 (3.59,6.34,9) 6.31 05168
4 (3.85,6.58,8.97) 6.47 05166
5 (3.77,6.59,9.14) 65 0.5149
6 (3.67,6.52,9.14) 6.44 0.5149
7 (3.95,6.79,9.24) 6.66 05141
8 (3.67,6.52,9.14) 6.44 05129
9 (3.67,6.45,9.05) 6.39 05124
10 (3.65,6.39,8.93) 6.32 05101

Mean value — 6.51 —
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TABLE VII
SENSITIVITY ANALYSIS OF PARAMETER p

Ranking p=05 p=01 p=03 p=07 p=09
1 1 4 1 1 1
2 2 2 3 3 3
3 3 5 4 2 2
4 4 1 2 4 4
5 5 6 6 5 6
6 6 3 5 7 7
7 7 8 7 6 5
8 8 7 8 8 8
9 9 9 9 9 9
10 10 10 10 10 13

Remark: A value of 3 represents the schedule that ranks third p = 0.5, sixth p = 0.1, and second among other values p .
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