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Abstract: To improve the workshop production efficiency of textile enterprises and balance the total
operating time of all machines in each operation, this paper proposes a modified algorithm based on
the combination of the ant colony optimization (ACO) algorithm and production products, which we
call the product ant colony optimization (PACO) algorithm. The local pheromone update rule in the
ACO algorithm is modified through the close relationship between textile machinery and production
products in the textile workshop; the pheromone is then introduced into production products based
on the constraints of the textile machine. A heuristic function is designed to improve the utilization
rate of textile machines to increase the heuristic value of machines that are less frequently used in
the algorithm iteration process. In addition, this paper combines the convergence speed and the
global search ability of the algorithm with a designed variable pheromone evaporate parameter. The
comparison among the initially designed PACO algorithm, the separately modified PACO algorithm,
and the integratively modified PACO algorithm demonstrates that the proposed enhancement
effectively addresses scheduling issues in textile flexible workshops and various workshops with

similar constraint conditions.

Keywords: PACO; local pheromone update rule; variable pheromone evaporate parameter; T-FJSP

1. Introduction

Over the past few decades, most textile enterprises have been slowly upgrading
and transforming from traditional manufacturing enterprises to intelligent enterprises
and have made great efforts to develop, apply, and promote related common and key
technologies, including product design informatization, production equipment intelligence,
and production process intelligence [1]. However, most of the textile enterprises in the
intelligent transformation [2,3] did not pay attention to the job-shop scheduling problems
within the enterprise. Textile job-shop scheduling is an important part of the production
process in the textile industry and is mainly involved in the allocation of production
resources, production schedule, and other aspects [4]. Therefore, providing a good textile
job-shop scheduling solutions can improve production efficiency, reduce production costs,
ensure product quality, and enhance enterprise competitiveness.

Job-shop scheduling aims to scientifically allocate the operation sequence of processing
workshops based on the reasonable demand of product manufacturing, so as to achieve
effective utilization of product manufacturing resources and further enhance the economic
benefits of enterprises. The flexible job-shop scheduling problem (FJSP) is a complex job-
shop scheduling problem (JSP), which consists of two sub-problems: machine assignment
and job ordering [5]. In the FJSP system, each job requires several operations that need to
be transferred to different machines for processing [6]. JSP is distributed across various
manufacturing industries, with a large number of researchers currently studying and
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solving JSP and FJSP in various fields. To address the issue of machine energy consumption
in job-shop systems, Renna [7] proposed a switching strategy utilizing the workload control
method based on JSP. Pan et al. [8] proposed learning-based multi-population evolutionary
optimization (LMEO) to deal with the flexible job-shop scheduling problem with finite
transportation resources (FJSP-Ts). Fatemi-Anaraki et al. [9] devised a mixed-integer linear
programming (MILP) model, integrating three acceleration constraints to solve the no-wait
JSP involving material exchanges among multiple robots. Gaiardelli et al. [10] introduced
a randomized heuristic approach and considered dynamic job arrivals to design a fully
rescheduling strategy. Kong and Wang [11] proposed an improved discrete particle swarm
algorithm based on Pareto optimization to solve the multi-objective FJSP, which includes
setup time, processing time, and handling time. Wang and Zhu [12] combined an improved
optimal foraging algorithm (OFA) and Pythagorean fuzzy set (PFS) to solve multiobjective
FJSP. Liang et al. [13], Ning and Cao [14], and Zhang et al. [15] used a modified genetic
algorithm to deal with the related FJSP.

The ant colony optimization (ACO) algorithm [16] is a heuristic global optimiza-
tion algorithm; the ants update the search strategy by learning from each other, which
provides good collaboration and parallelism. The heuristic algorithm has the character-
istics of randomness and a wide search range and can find the optimal solution faster
and more flexibly. It can be used to deal with the FJSP problem, the problems of robot
path planning and vehicle route planning, etc. Xu et al. [17] proposed an improved
ACO algorithm to solve the FJSP in the early stage and provide the corresponding solu-
tion formulas. Anitha and Karpagam [18] improved the basic ACO algorithm by using a
pheromone updating strategy to solve instances of job-shop problems. Wang et al. [19]
proposed an improved ACO algorithm to optimize the makespan of FJSP to overcome low
computational efficiency and the local optimal. Zhang et al. [20] studied the production
scheduling problem in a flexible manufacturing system with two adjacent working areas.
Miao et al. [21] and Yang et al. [22] solved the problems related to the path planning of
mobile robots with an improved adaptive ACO algorithm. Jia et al. [23] proposed a novel
bilevel ACO algorithm to deal with the vehicle routing problem.

In traditional textile workshops, during a certain period, machines in a particular oper-
ation only produce one type of textile, resulting in some machines in other operations being
underutilized due to differences in operating time between operations. This leads to overall
low production efficiency in the workshop. To improve production efficiency in the textile
workshop, adopting the strategy of FJSP is essential. This allows the workshop to alternate
between producing different types of textiles during a single period, thereby fully utilizing
idle textile machines by selecting the optimal sequence for processing textile products.

This paper aims to discuss the textile-flexible job-shop scheduling problem (T-FJSP) by
solving the problem of reasonable allocation of machines according to the operating time in
textile workshops. In this paper, the traditional single ant colony is improved to multiple
ant colonies, and multiple ant colonies search together to obtain the reasonable allocation
of textile products on the machine. The local pheromone update rule is different from the
independent update rule of the single ant colony, but it is updated in the form of the joint
action of all the ant colonies. In order to solve the problem that the original ACO algorithm
converges slowly and easily into the local optimum, the pheromone evaporates parameter
in the algorithm is improved to make it variable, so as to synthesize the convergence speed
and global search ability of the algorithm.

The rest of this paper is organized as follows. Section 2 describes the constraint
conditions between textile operations, textile machines, and textile products, as well as
the establishment of the T-FJSP model. Section 3 elaborates on the product ant colony
optimization (PACO) algorithm designed in this paper, detailing the improvements made
to this algorithm. Section 4 tests the PACO algorithm through simulation experiments by
simulating the operation of textile workshops. Finally, Section 5 concludes the paper and
outlines future research plans.
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2. Textile Flexible Job-Shop Scheduling Problem

In this section, constraints concerning the interplay among processes, machines, and
products of the textile workshop in T-FJSP research are presented. A T-FJSP model is
constructed based on these constraints, and a comprehensive description of the model is
provided through a combination of equations and textual exposition.

2.1. Problem Description

In a textile workshop, each textile undergoes a series of fixed production operations
from initial cotton processing to the final product. The various types of textile correspond
to essentially the same production operations. In the textile workshop, each textile, from
the initial cotton to the final product, needs to go through fixed production operations;
different textile design types corresponding to the production operations are basically the
same. Considering the characteristics of the textile industry, the T-FJSP can be described
as follows: The workshop produces # jobs (textile products) on m machines, in which m
machines correspond to x different operations, and # jobs (textile products) correspond to
y different textile categories. The constraints of the T-FJSP are as follows [24]:

(1)  The sequences of operations for all jobs are prespecified, and the processing time of
product is fixed for the machines in each operation;

(2)  Each job must comply with the fixed operation, processing from the first operation
to the last operation in sequence, and the processing sequence cannot be skipped
or exchanged;

(3)  Eachjob is processed only once in one of the machines corresponding to each operation;

(4)  Once an operation starts on a machine, it cannot be interrupted;

(5)  Each machine can only process one job at any time;

(6)  The same job can only be processed on one machine at the same time.

The relevant symbols involved in the T-FJSP are as shown in Table 1.

Table 1. T-FJSP symbols and their meanings.

Symbol Meaning Symbol Meaning
. . 4 The operating completion time of
n Total textile products (jobs) Cin operation k of job j
. o The operating completion time of
" Total machines <jin(1) operation & of job j on machine i
ie Machine index, ie = 1,23, ....m iy, The numb.er of m;a.chlpes that can be selected
J for operation & of job j
ik Jobindex, j,k=1,2,3,...,n L A large positive number
hj The total operations of job j G The completion time of each textile product (job)
h,l1 Operation index, 1,1 =1,2,3,..., hj Cax The makespan of the textile workshop
Ojp The operation & of job j i, The total machine operating time of machine 7
- The operation & of job j N . .
Mijp processed on machine i Ty The total production time of textile product (job)
The operating time of
Pijn operation & of job j T The total completion time of the workshop
processed on machine i
The operating start time of " . . .
Sin T The optimal total completion time of the workshop

operation & of job j

2.2. Model Building

Each machine only corresponds to one production operation in the T-FJSP, which is
different from other FJSPs, where each machine can correspond to one or more operations.

Based on the symbols provided above, the mathematical model of the T-FJSP is as
follows [25]:
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Select function §;j,, which represents the selection relationship between operations
and jobs:

1 select M;;
S = { o M

0 otherwise

Indicator function x;;(j);; (k) represents the priority of work on the same machine:

1 select Mjj, before My

) = { g St i el @
When operation h of job j selects machine i:
Sin + Oijn * Pijh = Cjn 3)

The completion time of the previous operation must be smaller than the start time of
the next operation:

Cin < Sj(h+1) (4)

The completion time of each workpiece cannot exceed the total completion time:
¢ Jh; < Crnax ®)

When M;j;, precedes My, select the start sy;: if the current cj, (i) is greater than the
current cx(;_1)(e), the sy on machine i is the current cj,(i); otherwise, the s on
machine i is the current ¢y ;1) (e):
{ s = Sjn + i if cjn(i) > crg-1)(e) ©)
s = cka—1y(e) if cpnli) < cx—(e)

The machine constraint [26] specifies that each operation can only be processed by
one machine at a time, and Oj, can be selected by only one machine i at the same
time to make the value of §;j 1, the rest are all 0:

m/-h
Y i =1 7)
i=1

The processing constraint between adjacent operations of the same job states that
after the processing of Oy, is completed on machine i, the next operation, & + 1, can
be carried out on machine e:

Citna1)(€) = cjn(i) + L(L = bpj(ng1)) = Pejins1) (8)

The constraint to be satisfied by the operations of different jobs competing for the
same machine states that if O}, is processed on machine i with priority over Oy, then
Oy can be processed on machine i only after Oj; is completed on machine i:

et (i) — ¢ju (i) + L[1 — xip ()i (k)] = pina )

The total machine operating time of machine 7, that is, the total operating time of
each job on machine i from the beginning of the first job run to the end of the last job
run. The corresponding operating time of jobs that select machine i (d;; = 1) is pjju:

. n
T =Y Sijn - Pij (10)
=1
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(11) The total production time of the textile product (job), that is, the sum of the time
experienced by the product from the beginning of each operation to the beginning of
the next operation (when the adjacent operation selects the machine, there will be a
pause time in the middle, and the pause time belongs to the experience time between
operations). The operation number of job j is h;:
hj—1
Ty = (cju, = sjn;) + Y, (Sj41) = 5j1) (11)
=1

(12) The total completion time of the workshop, that is, the sum of the maximum total
machine operating time for each operation corresponding to all machines when
all jobs are completed. The job j has m; machines, and the textile workshop has h;
operations:

hj
T=)Y max{T,,T5, -, Tn'} (12)
I=1

2.3. Objective Function

In actual production scheduling, the optimization objective of shop scheduling can be
either single objective or multi-objective optimization. The improvement of a certain index
in the textile workshop can bring huge economic benefits. In addition, considering the
complexity of multi-objectives, this paper chooses a single objective when solving the textile
FJSP. The objective function is to minimize the total completion time of the workshop:

T* = min{T!, T?,... T}, (13)

where T* is the optimal total completion time of the workshop, T* represents the total
completion time of the workshop at the k-th iteration, and iter is the maximum number of
iterations initially designed for the algorithm.

3. Product Ant Colony Optimization Algorithm

In this section, we introduce an innovative ant colony optimization (PACO) algorithm,
designed specifically for scheduling problems in textile workshops based on the original
ACO algorithm. We dissect the core principles of this algorithm in detail and explain the
mathematical formulas upon which each step of the algorithm relies. Finally, we present
the algorithm run steps along with an algorithm flowchart to clarify the logic and process
of the algorithm.

3.1. Original ACO Algorithm Description

The ACO algorithm is an intelligent optimization algorithm proposed by the Italian
scholar Dorigo [27] based on the ant foraging principle. Ants release a substance called
“pheromones” during their movement [28], and ant colonies communicate and cooperate
through pheromones. Ants tend to follow paths with high pheromone concentrations,
leaving behind pheromones on the path between the starting point of the path and the
location of the food when foraging. A shorter path will have a larger number of ants
passing through, corresponding to the concentration of its pheromone being high, which
will prompt subsequent ants to favor the path to obtain the shortest path.

Ants randomly select routes based on the roulette wheel selection strategy. The
probability calculation formula for ant k from node i to node j is given by Equation (14) [29].

(13 (k)] [ (K))P
Pk' — o [[ms0) s (k)]P)
]

s€allowed) 4

0 s & allowed),

s € allowed),
(14)
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where s € allowedy represents all target nodes that ant k can travel through from node i,
T;j(k) corresponds to the pheromone value accumulated by ant k traveling from node i to
node j, 17;;(k) corresponds to the heuristic value for ant k from node i to node j, and « and
B tune the relative importance in probability of the amount of the pheromone versus the
heuristic distance. When « is larger, the influence of the pheromone will be greater, and
the algorithm’s search space will be larger. The larger § is, the greater the influence of the
heuristic function, and the more precise the algorithm’s search.

The heuristic function influences the ant search process. The larger its value, the more
likely the ants are to choose a path with a higher heuristic value, resulting in a more fixed
direction for the algorithm’s evolution. The heuristic function is typically inversely related

to the distance: ,

Hij = a (15)

where 77;; is the heuristic value of ants traveling from node i to node j and d;; is the distance
traveled by ants from node i to node j.

The algorithm locally updates all the path pheromones based on the pheromones left
along the pathway routes as the ants move. The local pheromone update rules are shown
in Equations (16) and (17). Equation (16) represents the pheromones accumulated by all
ants in a certain iteration, while Equation (17) represents the pheromones accumulated by
ant k during its search:

z
ATZ']‘ = Z ATZ; (16)
k=1
A‘L’ik- _ d% if ant fromito j ’ 17)
! 0 else

where ATj; is the pheromone accumulated by ants traveling from node i to node j during
their searching, Z is the number of searching ants set by the algorithm, ATZ-’;- is the pheromone
accumulated by ant k from node 7 to node j, Q is the pheromone enhancement parameter,
and d;; is the distance traveled by ant k from node i to node j.

The pheromone will be globally updated before the algorithm moves to the next
iteration, and it will evaporate over time. The global pheromone update rule is shown as
Equation (18):

Tj(x+1) = (1—p) - 7;(x) + ATy, (18)

where x represents the current number of iterations, 7;; is the updated total pheromone
value, and p is the pheromone evaporate parameter.

3.2. Modified Ant Colony Optimization Algorithm

In this paper, the ACO algorithm is introduced as the workshop scheduling algorithm
for the reasonable configuration of textile production operations in a textile workshop. In
the original ACO algorithm, there is only one group of ant colonies in each iteration of the
algorithm, and the colony sets a reasonable number of ants to run the algorithm, finally
selecting the best ant in each iteration by comparison. However, each ant in the single ant
colony algorithm is in an independent state during the path search, making it difficult to
consider the influence of multiple products on each other in the production of the entire
workshop. Therefore, to solve the T-FJSP, this paper modifies the traditional single ant
colony into multiple ant colonies. The number of ants in each ant colony corresponds to
the number of textiles currently planned to be produced in the workshop. The algorithm
is named product ant colony optimization (PACO) in this paper. According to the actual
situation of the textile workshop, the number of textile products to be produced and the
corresponding number of operations can be arbitrarily set. In order to better understand
the work situation of each ant in a group of products and the relationship between them, it
is assumed that a certain textile workshop produces four textile products and goes through
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three operations. The schematic diagram of the process of generating a solution in PACO is
shown in Figure 1.

product ant colony R A
operation 1 operation 2 operation 3

-~
-
-
-
-
-
-
-
-
-

S

~.

@ product ant @ machine

Figure 1. Process of generating a solution in PACO.

Figure 1 depicts the workshop operation search of a group of product ants, where each
ant in the ant colony represents a textile product to be produced. Each ant must complete
all operations and can only select one machine at each operation. Different ants in the same
operation can choose the same machine. Therefore, ants need to compete for machines
using a combined heuristic function and pheromone information. During the selection of
a machine at each operation, each ant is subject to influence from other ants within the
product ant colony. If an ant is not the first selector of a machine, it must consider the
usage time and completion time of all ants that have previously selected that machine, thus
calculating its own start time of using this machine. The total usage time of each machine
is also influenced by the product ant colony, and the ants in the product ant colony interact
with one another. The total usage time of a machine is the sum of the usage times of all ants
accessing that machine in the product ant colony when the algorithm iteration is completed.
Since different ants represent different textile products, the types of textile products may
not be the same. Therefore, the different sequencing of ants accessing the same machine
will change the usage time of the machine during the algorithm run, thus affecting the next
ant’s access to the machine and consequently affecting the overall algorithm.

In Figure 1, the workshop produces four textile products, so a product ant colony
dispatches four ants to explore. If the workshop produces two textile products or seven
textile products, the corresponding number of ants for each product ant colony is two
or seven, respectively. Each ant in Figure 1 explores three operations and selects the
machine for the next operation randomly using the roulette wheel selection rule based
on the heuristic value and pheromone of all machines in the next operation. Adding or
reducing an operation in the workshop will not affect the ants” machine selection for that
operation, so the number of operations explored by the ants is variable.

In the PACO algorithm, we use multiple product ant colonies for searching, and finally
select the best ant colony and its allocation scheme by comparing the optimization objective
results. Assuming four product ant colonies are used, the PACO algorithm schematic
diagram is shown in Figure 2.
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Figure 2. Multi product ant colonies search for optimization.

3.3. Heuristic Function

In the original ACO algorithm, the heuristic function is the inverse of the distance. In
research on the T-FJSP, with the goal of minimizing the total workshop completion time,
the machine operating time is a key component in the calculation of the total workshop
completion time, which is determined by ants when they access a machine. When an
ant moves from one operation to the next operation, it selects a machine from among all
machines corresponding to the next operation, with the machine’s current operating time
being the primary consideration. To meet optimization requirements, the reciprocal of
the machine’s current operating time is chosen as the heuristic function. In this case, the
greater the current operating time of a machine, the smaller the probability of its being
selected, which not only ensures ants in the product ant colony are more evenly distributed
among the machines of the same operation, but also achieves algorithmic goal optimization.
During machine selection, priority is given to unused machines to ensure the full utilization
of all machines in the workshop and improve overall production efficiency. Thus, the
heuristic value of unused machines is set to a relatively large value, making the next ant
more inclined to choose an unused machine when selecting a machine in an operation. The
formula is shown in Equation (19).

100 m.chosed =0
Mij = Ti] m.chosed >1 (19)
where 7;; is the heuristic function value for the ant to choose machine j from machine i,

m.chosed is the number of times machine j has been selected when the ant chooses, and T,L
is the current total operating time of machine j.

3.4. Multi-Pheromone of Product Ant Colony

In the original ACO algorithm, ants search for paths based on a single pheromone
between route nodes. For the PACO proposed by the T-FJSP explored in this paper, having
a single pheromone makes it difficult to satisfy the release of pheromones when different
ants in the colony visit each route. Therefore, this paper adopts multi-pheromone combined
with PACO. Each ant has a pheromone, and the number of pheromones corresponds to the
number of ants in the product ant colony, that is, the number of pheromones corresponds
to the number of textiles to be produced in the textile workshop.
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Each pheromone corresponds to the paths between all accessible machine nodes of
the ant, where the pheromone between machines belonging to the same operation and
non-adjacent operations is 0. The expression of any pheromone is a square matrix:

1 T2 - Tm
1 T2 - Tom (20)
Tl Tm2 - Tmm

mxm

Each row of the pheromone matrix corresponds to a machine. In the matrix, T represents
the pheromone deposited by an ant in the product ant colony when accessing a machine
and m denotes the rank of the square matrix, representing the number of machines in the
textile workshop. In each row, only the nodes of all the machines in the adjacent operation
corresponding to the machine in that row are not 0, while the remaining corresponding
pheromones are all set to 0.

Based on the multi-pheromone matrix designed for the product ant colony and the
total completion time of the workshop, the PACO algorithm is formulated by improving the
local pheromone update rule of the original ACO algorithm. When the algorithm iterates
once, the total workshop completion time for that iteration is calculated. To minimize the
total workshop completion time trend of the algorithm, the next iteration’s pheromone
should be inversely proportional to the total completion time of the workshop. Therefore,
the local pheromone update rule is expressed as Equation (21).

Akl T if ant fromito j 1
il { 0 else ’ @1

where A’(’,‘jk is the pheromone accumulated by the k-th group of product ant colonies from
machine i to machine j, Q is the pheromone enhancement parameter, and T represents the
total completion time of the workshop for the current iteration of the algorithm.

Assuming the algorithm has Z groups of product ant colonies, the global pheromone
update rule of the PACO algorithm, shown in Equation (22), is derived according to
Equation (18).

z
Ti(x+1) = (1—p) - 7(x)+ Z AT,-]-k, (22)
k=1

where T;;(x) represents the global pheromone for the ant colony to move from machine i to
machine j during the x-th iteration and At represents the accumulated local pheromone
of the k-th group of product ant colonies.

3.5. Variable Pheromone Evaporate Parameter

The pheromone evaporate parameter, p, is directly related to the global search ability
and convergence speed of the ACO algorithm [30]. If the p is small, the convergence speed
will be fast, but the algorithm will fall into local optimal. When the p is large, the pheromone
on the path evaporates quickly, which reduces the search efficiency of the algorithm and
easily excludes some good paths.

This paper proposes a variable p by comprehensively improving the global search
ability and convergence speed of the ACO algorithm. The p is updated according to the
number of iterations of the algorithm. As shown in Equation (23), in the early stage, the p
is set to a smaller value to speed up the convergence of the algorithm. Since p is small in
the early stage, the algorithm easily falls into the local optimal value. To better search for
the global optimum, the p is set to a higher value in the later stage.

p(k) = pmax — + (Pmax — Pmin), (23)

K+ ek



Appl. Sci. 2024, 14, 4082

10 of 26

where pmax and pmin represent the initially set maximum and minimum values of p, re-
spectively, K is the total number of iterations of the algorithm, and k is the current number
of iterations.

The algorithm initially gives the values of pmax, Pmin. According to Equation (23), the
effect diagram of 100 iterations is shown in Figure 3. It can be seen that the initial effect of
the expression meets the improvement requirements.

max r

min [ q

| | | |
0 20 40 60 80 100
Iterations

Figure 3. The iterative effect of p.

3.6. Modified Local Pheromone Update Rule

This paper improves the local pheromone update rule during iteration based on the
multi-pheromone product ant colony. In the original ACO algorithm, the local pheromone
update rule is based on the search performed by a group of ant colonies, with each ant acting
independently. In the PACO algorithm, multiple groups of product ant colonies conduct
path searches, where individual ants within a product ant colony influence each other,
while the ant colonies themselves are independent of each other. Therefore, analogous to
the original ACO algorithm, the overall product ant colony is introduced into the local
pheromone update rule. To better eliminate ant colonies with a longer T* and retain those
with a shorter T%, a local pheromone update rule is designed, as shown in Equation (24). At
the end of each iteration, we extract the two groups of ant colonies with the maximum T*
and minimum T* from all groups of ant colonies, using them as the basis for calculating the
pheromone levels in that iteration. Then, we reduce the pheromone levels of ant colonies
with a longer T*, based on a comparison of their values of T* [31].

k

w
k _ Tk — Timin k
AT = Q {1— (Tmin S T S Tmax>/ (24)

Tmax - Tmin

where AtF is the pheromone value accumulated by the k-th group of product ant colonies,
Q is the pheromone enhancement factor, TX is the T* of the k-th group of product ant
colonies, Tmax is the largest T* of the ant colony in this iteration, Tiyin is the smallest T* of
the ant colony in this iteration, and w* is the weight coefficient of the k-th group of product
ant colonies.

In order to facilitate the elimination of ant colonies with a longer T*, the weight
coefficients in Equation (24), whose values range from 0 to 1, are set to variable values.
Specifically, the weight coefficient for ant colonies with a longer T* is set to a larger value,
while the weight coefficient for ant colonies with a shorter T* is set to a smaller value.
Utilizing an exponential function, the local pheromone of ant colonies with a longer T* is
decreased, whereas that of ant colonies with a shorter T* is increased. Subsequently, due to
the evaporation of global pheromones after several iterations, ant colonies with a longer
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T* are gradually eliminated, while those with a shorter T* are continuously updated by
the algorithm. Additionally, throughout the algorithmic iterations, ant colonies with a
longer T* are consistently eliminated. The expression for the weight coefficient is given
in Equation (25). By sorting all product ant colonies’ values of T* in ascending order, the
weight coefficient is set larger for colonies with a longer T*, ultimately updating the local
pheromone values of the ant colonies accordingly.

wk =1+ A -sorted”, (25)

where w* is the weight coefficient of the k-th group of product ant colonies and A represents
the weight coefficient factor. If this is set too high it may prematurely eliminate ant colonies
with a longer T*, leaving only a few optimal ant colonies for exploration, which can easily
lead to falling into local optima. Conversely, if it is set too low there may be little difference
in the local pheromone levels generated by all ant colonies, making it difficult to eliminate
ant colonies with a longer T*. To achieve better results, the value of A should be within the
range of 0 to 1; sorted* is the sorting of the k-th group of product ant colonies in ascending
order of the T* among all groups of ant colonies in this iteration.

3.7. Algorithm Flow

This paper proposes the PACO algorithm to solve the T-FJSP; the PACO algorithm
implementation process is as follows:

Step 1:  Initialize parameters of all operation machines and products (jobs). Initialize
the number of product ant colonies and the maximum iteration number of
the algorithm;

Step2:  The algorithm begins to iterate, and the first group of product ant colonies
performs a machine search between each operation. The number of ants in each
group of ant colonies corresponds to the number of textile products (jobs) to be
produced in the workshop, and the corresponding number of pheromones is
initialized accordingly;

Step 3:  Each ant in the ant colony calculates the heuristic values of each machine and the
pheromone between machines to choose a route from the machine corresponding
to one operation to the machine corresponding to the next operation;

Step4:  The next colony begins its search. After all product ant colonies complete the
search, the ant colony with the minimum T* is selected as the best ant colony
and is compared with the optimal value of the last iteration, thereby updating
the global optimal ant colony global multi-pheromone;

Step 5:  After the algorithm reaches the set maximum number of iterations, The T* of the
algorithm is obtained.

The PACO algorithm flow chart is shown in Figure 4.

In the algorithm flowchart depicted in Figure 4, there are two loops. In the inner loop,
each group of product ant colonies conducts a search path, where ants obtain heuristic
values based on Equation (19) and pheromone values using Equations (20)—(22) for selecting
machines. Ants then use the roulette wheel method based on the heuristic values and
pheromones of all machines corresponding to the next operation to determine which
machine to use for the next operation.

In the outer loop, the current iteration’s global optimum and the pheromone values
of all ants in all groups of product ant colonies are updated. Local pheromones for ants
are computed using Equation (21) or Equations (24) and (25). Equations (24) and (25) yield
the local pheromones of the entire group of ant colonies, which are then used as the local
pheromones for all ants in that group of ant colonies. Equation (23) is introduced into
Equation (22) for global pheromone updates to obtain the pheromone values for all ants in
the next iteration of the algorithm.



Appl. Sci. 2024, 14, 4082

12 of 26

Parameter
initialization

v

Set the number of ant colonies and the
maximum number of algorithm iterations

<
< NO

A 4

Product ant colony
begins to search

!

First ant begins to search
according to the operations

ave all the product ant colonies
completed their search?

Next iteration

Yes

¥ v

»

v The ant colony with the minimum total
completion time among all ant colonies
is selected as the optimal ant colony

Obtain the heuristic value
and the pheromone value

A 4

Next ant begins to search

Compare with the optimal ant colony
y in the last iteration to update the
global optimal total completion time

Ant chooses which machine
to use for next operation

No

A 4

Update the values of
multi-pheromone

ave all the ants in this product an
colony finished searching?

Has the algorithm reached the
maximum number of iterations?

Yes

Output the optimal total
completion time of the workshop

Figure 4. The algorithm flow chart of PACO.

4. Results and Analysis

To validate the PACO algorithm designed in this paper for solving the T-FJSP, this sec-
tion designs simulation experiments based on the constraints among operations, machines,
and textile products in the textile workshop, as well as the fundamental conditions of the
workshop. Additionally, multiple sets of experiments are established to verify that the
modified algorithms based on the PACO algorithm can strengthen the algorithm’s global
search capability and convergence speed. Furthermore, multiple sets of experiments are set
up based on different numbers of operations and product types to demonstrate that the
algorithm not only operates under the basic conditions of the textile workshop but can also
solve workshop scheduling problems under similar workshop constraint conditions.

4.1. Simulation Model

This paper takes the actual textile workshop production process as a reference, as-
suming that all textiles in the experiment are six operations corresponding to the basic
textile weaving operations (yarn hanging, beam warping, warp sizing, looming, weaving,
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packaging). In Sections 2 and 3, this paper presents the PACO algorithm by delving into
the constraints of the textile workshop and the T-FJSP model. To verify whether the PACO
algorithm can accomplish scheduling tasks in the textile workshop, a set of experimental
conditions is established: there are 27 machines available, and there are 8 textile products
corresponding to 3 different types of textiles. The basic experimental conditions are shown
in Tables 2 and 3.

Table 2. Parameters of machine.

Machine ID Operation Number of Machines
M1~M3 yarn hanging 3
M4~M6 beam warping 3
M7~M8 warp sizing 2
M9~M12 looming 4
M13~M22 weaving 10
M23~M27 packaging 5

Table 3. The operating time (hours) and quantity of corresponding operations for textile products.

Product Product Yarn Beam Warp Loomin Weavin Packagin Product

ID Category Hanging Warping Sizing 8 8 sing Number
P1~P3 Product 1 2 10 12 8 30 5 3
P4~P5 Product 2 1.5 8 10 5 25 3 2
P6~P8 Product 3 3 12 15 11 50 10 3

Based on the original ACO algorithm, the PACO algorithm is configured with the
following parameters: the number of product ant colonies is set to 15, with each colony
containing 8 ants corresponding to the total number of textile products; the algorithm
iterates 100 times; setting « = 1 and § = 5 ensures that the heuristic value weight is greater
than the pheromone weight, ensuring that ants fully utilize all machines during the path
search; according to the empirical experience of the original ACO algorithm, a reasonable
range for parameter p is between 0.2 and 0.5—here, p is set to 0.3; the value of Q in the
heuristic function is set to a large value—here, Q is set to 10.

The PACO algorithm is executed based on the experimental conditions of the textile
workshop, as described in Tables 2 and 3, along with the basic algorithm parameters.
The optimal allocation results of the experiment are shown in Figures 5 and 6. Figure 5
illustrates the Gantt chart of the optimal machine allocation of textile products obtained
by the algorithm. In the figure, different operations are separated by blue dashed lines,
allowing for a clear visualization of the complete processing of all eight textile products
by each operation. Almost every machine is assigned textile products for processing, fully
utilizing the machines across workshop operations. Figure 6 depicts the Gantt chart of
the optimal allocation of textile products to machines for each operation. In this chart, the
same textile product is consecutively processed between consecutive operations, with no
overlap in the total machine operating time, reflecting the actual production scenario in
textile workshops. The algorithm achieves the expected performance.

Figure 7 illustrates the curve of the objective function during the algorithm’s iteration
process, indicating that the algorithm successfully steers the objective function towards
optimization. It achieves a relatively good optimization result in the early stages of the
run, and the objective function continues to change throughout the entire iteration process,
aligning with the expected behavior of the algorithm. Meanwhile, Figure 8 presents the
optimization results of the objective function T* during the iteration process. It includes the
initially obtained suboptimal results, the subsequent suboptimal results obtained during the
iteration process, and the final optimal result. The figure clearly represents the machine in
each operation, with the maximum total operating time corresponding to each optimization
result. In both the initially obtained suboptimal result and the final optimal result, machine
M23 has the maximum total usage time for the last operation. However, it is evident that
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the machine total operating times of machine M23 are different. This disparity is due to the
fact that the number or type of processed textile products assigned to machine M23 differs
between these two optimization results, resulting in different operating times for machine
M23 and ultimately unequal total usage times for machines.

time/h

Figure 5. The Gantt chart of task allocation of workshop machines of the PACO algorithm.
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Figure 6. The Gantt chart of task allocation of workshop products of the PACO algorithm.
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Figure 7. The iterative process of workshop scheduling optimization of the PACO algorithm.
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Figure 8. The Gantt chart of the total completion time of the workshop of the PACO algorithm.

The final completion time in Figures 5 and 6 is approximately 145 h, while the op-
timized result in Figure 8 has a final time of approximately 180 h. The reason for this
difference is as follows: In Figure 5, the dashed lines separate different operations, and
when multiple textile products are being produced the machines in each operation and
those in adjacent operations can run simultaneously. As a result, there is overlap in the total
operating time of machines between adjacent operations. After six operations, this overlap
in machine operating time leads to a significant difference between the T* result obtained
by the algorithm and the actual workshop completion time shown in Figures 5 and 6. The
red solid box in Figures 5 represents the effect of machine operating time overlap.

4.2. Modified PACO Algorithm Comparison

The PACO algorithm has essentially addressed the scheduling problem in textile
workshops based on the constraints and the T-FJSP model. However, the final optimization
results and the iterative effectiveness of the algorithm are still suboptimal. In order to
enhance the performance of the PACO algorithm, we propose improvements to parameter
p and the local pheromone update rules. Four sets of simulation experiments are conducted
to compare and verify the effectiveness of these improvements: the first set employs the
PACO algorithm; the second set involves a modification solely to parameter p, referred to
as the MPACO 1 algorithm; the third set focuses solely on enhancing the local pheromone
update rules, referred to as the MPACO 2 algorithm; the fourth set integrates the MPACO 1
and MPACO 2 algorithms, referred to as the IPACO algorithm. Each algorithm undergoes
100 iterations in the experiments, with 15 groups of product ant colonies and 8 ants per
group. Other parameters for each algorithm are shown in Table 4.

Table 4. The basic parameters of each algorithm.

Algorithm « B 2 (Pmin|Pmax) Q A
PACO 1 5 0.3 10 0

MPACO 1 1 5 0.25 0.45 10 0

MPACO 2 1 5 0.3 10 0.2
IPACO 1 5 0.25 0.45 10 0.2

Due to the potential randomness of running an algorithm once, in order to make the
results of each algorithm more generalizable, each algorithm is executed 20 times under
identical conditions in the experiments. The optimal total completion time achieved for the
workshop and the iteration count when the optimal total completion time is first reached
for each run are recorded. The results of 20 runs for each algorithm are presented in Table 5.
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Table 5. The results of 20 runs for each algorithm.
PACO MPACO 1 MPACO 2 IPACO
Time (h) Iteration Time (h) Iteration Time (h) Iteration Time (h) Iteration
1 184.5 60 183 34 182 20 176.5 29
2 186 44 183.5 99 177.5 53 180.5 91
3 182.5 12 193.5 5 175 47 180.5 95
4 184.5 86 192 8 176.5 87 180 38
5 188.5 41 188 73 1725 59 187 24
6 188.5 73 182 97 173.5 79 173.5 40
7 190 69 192.5 29 184.5 100 177.5 60
8 184 60 192.5 61 180.5 62 174.5 49
9 185.5 89 182.5 6 177.5 75 174 51
10 188 84 188 39 190.5 78 179 60
11 181.5 72 184.5 16 176 20 171 81
12 182.5 68 190 12 175.5 99 179 51
13 184 47 184 62 176 95 175.5 53
14 197 70 179 41 178 67 177.5 74
15 193 25 181 79 177.5 95 181 50
16 187.5 26 184 60 173.5 75 174 45
17 188.5 91 188 25 177 46 179 46
18 186.5 96 178 28 180.5 98 177.5 20
19 188 23 184 13 173.5 72 175.5 82
20 189 78 187.5 67 193 4 173 64

4.3. Comparative Analysis of Algorithms

A more intuitive line graph of the results of the four algorithms’ runs is plotted based
on Table 5, as shown in Figure 9. The results of 20 runs for each algorithm are averaged, and
the average optimal total completion time and the average optimal number of iterations are
shown in Figure 10a,b. The effect of the iterative process on the optimal total completion
time of each algorithm during 20 runs is taken for comprehensive comparison. The best
results of the four algorithms are achieved in the 11th run of the PACO algorithm, the 18th
run of the MACO 1 algorithm, the 5th run of the MACO 2 algorithm, and the 11th run of
the IPACO algorithm. The comparative effect of the iterative process is shown in Figure 11.
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Figure 9. The intuitive comparison of the four algorithms.
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Figure 10. The comparison of the average effect of algorithms. (a) The optimal completion time of the
workshop; (b) The optimal number of iterations.

The iterative process of workshop scheduling optimization

230 — paco

2204 — IPACO

210 A

200
190 -
1

180

the optimal total completion time of workshop of the iterative process

1704

T T T v T T T T T T T
1 10 20 30 40 50 60 70 80 920 100
the number of iteration

Figure 11. The comparative effect of the iterative process.

By comparing the MACO 1 algorithm with the PACO algorithm, it can be seen that in
the MACO 1 algorithm the overall convergence speed of the algorithm is accelerated, and it
can reach the optimal state earlier and faster. The average effect is shown in Figure 10. We
can conclude that the average T* of the two algorithms is almost the same, and the average
optimal number of iterations of the MACO 1 algorithm is nearly 20 times lower than the
PACO algorithm. According to Figure 9, it can be seen that the results of multiple runs of
the MACO 1 algorithm are better than the results of the PACO algorithm. The MACO 1
algorithm has multiple times where the value of T* is lower than 180 h.

By comparing the MACO 2 algorithm with the PACO algorithm and the MACO 1
algorithm, according to Figures 9 and 10, the MACO 2 algorithm is approximately 10 h
lower than the two algorithms, but the convergence speed is significantly lower. The
MACO 2 algorithm has multiple times where the value of T* in the workshop is less than
175 h, so the overall optimization effect of the MACO 2 algorithm is still better than the
two algorithms.

The IPACO algorithm combines convergence speed and optimization effect. As shown
in Figure 10, compared with the PACO algorithm the IPACO algorithm can achieve a more
optimal state of optimization goal, and its convergence speed is approximately 15 times
lower than the MACO 2 algorithm. According to Figure 11, the IPACO algorithm uses a
modified p to accelerate the initial iteration speed and quickly obtain a good optimization
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value. During the initial to later iteration process, the IPACO algorithm searches for
optimization while the three algorithms compared in the later stage basically converge
to the best effect and remain unchanged. The process of running the algorithm from
40 to 80 times shows that, in the later stage, the IPACO algorithm has been searching
globally and not falling into the local optimum, so that the optimal result has been slightly
changing to make the objective value better.

In Figure 11, comparing the final optimization results indicated on the y-axis, the
optimization results obtained from the MPACO 1 algorithm, MPACO 2 algorithm, and
IPACO algorithm are all lower than those of the PACO algorithm. Furthermore, the IPACO
algorithm, which comprehensively incorporates modifications from both aspects, achieves
the best performance, which is significantly better than that of the PACO algorithm.

The optimal task allocation of workshop machines obtained by executing the IPACO
algorithm is shown in Figure 12. The optimal task allocation of workshop products is
shown in Figure 13.

0 20 40 60 80 100 120 140
time/h

Figure 13. The Gantt chart of task allocation of workshop products of the IPACO algorithm.

Figure 14 shows the Gantt chart of the optimal total completion time for the IPACO
algorithm, and Table 6 presents the specific optimization results of the IPACO algorithm,
including the scheduling results for each machine and the total machine operating time.
According to Table 6, the maximum total operating time in operation 1 is 6 h, corresponding
to M1, M2, and M3; operation 2 is 30 h, corresponding to M5; operation 3 is 51 h, corre-
sponding to M7; operation 4 is 19 h, corresponding to M9 and M10; operation 5 is 50 h,
corresponding to M21 and M22; operation 6is 15 h, corresponding to M24 and M26. We can
then calculate that the optimal objective of the 11-th PACO algorithm run is the sum of the
maximum operating time of machines in each operation: 6 + 30 + 51 + 19 + 50 + 15 = 171.
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Table 6. The best optimization result of PACO algorithm.

Machine The Process of Machine Total.Operatmg Machine The Process of Machine Total O perating
Time (h) Time (h)
M1 071 — Og; 6 MT15 Oss 50
M2 Oll — O21 — 031 6 M16 015 30
M3 041 — 051 — O61 6 M17 X 0
M4 062 — On 24 M18 O55 25
M>5 Ozz — O52 — 082 30 M19 X 0
M6 012 — O32 — 042 28 M20 O45 25
M7 013 — O3 — O33 — O73 51 M21 Oz 50
M8 O43 — O53 — 063 — 083 50 M22 O(,5 50
M9 O34 — O74 19 M23 016 — O46 8
M10 Op4 — Ogy 19 M24 O — Ogg 15
M11 O14 — Ous 13 M25 Os6 3
M12 O54 — 084 16 M26 O36 — O66 15
M13 O35 30 M27 O% 10
M14 Oos 30
o e o« B
0 25 50 75 o 100 125 150 175
Figure 14. The Gantt chart of the optimal total completion time of the workshop of the IPACO algorithm.
4.4. Verification of Algorithms under Different Conditions

In Section 4.2, an experiment was conducted to demonstrate the ability of the PACO
algorithm to solve the T-FJSP. In Section 4.3, four series of experiments were conducted
to evaluate the effectiveness of the IPACO algorithm, which incorporates two distinct
improvements over the PACO algorithm. The results of these experiments demonstrated
the superior efficiency of the IPACO algorithm relative to the PACO algorithm.

In Sections 4.2 and 4.3, the experiments were based on the same condition: 27 textile
machines across 6 processes, producing 3 types of textile products. To verify the applica-
bility of the PACO algorithm to various workshops similar to textile manufacturing, four
additional sets of experiments have been designed. These experiments involve different
operations, varying numbers of textile machines, and different types and quantities of
textile products, as illustrated in Tables 7 and 8.

Table 7. The corresponding parameters of machines and operations in each experimental group.
Operation Number of Machines Corresponding to the Operation (Total Number of Operations)
Group 1 (6) Group 2 (4) Group 3 (5) Group 4 (7) Group 5 (8)
Operation 1 3 3 4 5 2
Operation 2 3 4 4 2 4
Operation 3 2 5 2 6 3
Operation 4 4 3 5 3 2
Operation 5 10 0 3 2 5
Operation 6 5 0 0 3 6
Operation 7 0 0 0 2 6
Operation 8 0 0 0 0 4
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Table 8. The operating time (hours) and the quantity of products corresponding to each experimental
group of operations.

Quantity of Product Operation
Products Oper.1 Oper.2 Oper.3 Oper.4 Oper.5 Oper.6 Oper.7 Oper.8
5 Product 1 2 10 12 8 30 5 0 0
Group 1 5 Product 2 1.5 8 10 5 25 3 0 0
5 Product 3 3 12 15 11 50 10 0 0
Group 2 4 Product 1 5 3 8 13 0 0 0 0
6 Product 2 7 2 12 11 0 0 0 0
3 Product 1 9 10 6 32 3 0 0 0
Group 3 2 Product 2 12 12 7 24 3 0 0 0
3 Product 3 10 14 10 35 5 0 0 0
2 Product 4 7 13 9 28 4 0 0 0
2 Product 1 15 20 5 16 13 2 10 0
4 Product 2 13 28 7 15 15 3 13 0
Group 4 3 Product 3 12.5 23 5 11 20 2 12 0
2 Product 4 14 26 6 14 20 3 10 0
3 Product 5 13 19 7 17 18 3 14 0
Group 5 8 Product 1 25 14 21 30 5 8 19 21
10 Product 2 20 16 19 36 7 6 19 20

Experimental group 1 maintains the same number of operations and product types
as the experiment in Section 4.2, but the number of machines in the operations and the
number of products are changed to further validate the feasibility of the PACO algorithm.
To ascertain the PACO algorithm’s capability in handling different numbers of operations,
four sets of experiments are conducted with reduced and increased operations compared
to the experiment in Section 4.2: Experimental groups 2 and 3 involve experiments with
decreased operations, while experimental groups 4 and 5 involve experiments with in-
creased operations. Similarly, to validate the PACO algorithm’s ability to handle different
numbers of product types, the number of product types in the aforementioned four groups
of experiments is varied: experimental groups 2 and 5 involve experiments with decreased
product types, while experimental groups 3 and 4 involve experiments with increased
product types.

To validate the effectiveness of the further improvements proposed in this paper on
the initial PACO algorithm, five sets of experiments were conducted using the PACO
algorithm, MPACO 1 algorithm, MPACO 2 algorithm, and IPACO algorithm. The basic
parameters of the algorithms are set consistent with those in Section 4.2, and the results
are presented in Figures 15 and 16. Figure 15 provides a visual comparison of the results
obtained from 20 runs of each algorithm across different groups, while Figure 16 illustrates
the optimization process of the best-performing runs among the 20 runs for each algorithm.

Based on Figures 15 and 16, it is evident that the PACO algorithm can effectively
address workshop scheduling problems with varying numbers of operations and product
types. Figure 15 clearly illustrates that the IPACO algorithm consistently produces signif-
icantly lower overall results across 20 runs in all five experimental groups compared to
the PACO algorithm. While the MPACO 2 algorithm exhibits a trend similar to that of
the IPACO algorithm, the IPACO algorithm consistently achieves the lowest optimization
results among the 20 algorithm runs. Furthermore, comparing with Figure 16, which
depicts the iterative optimization process, reveals that the early convergence and overall
iterative search of the MPACO 2 algorithm are inferior to those of the IPACO algorithm. In
all five experimental groups, the optimization curve of the IPACO algorithm continuously
fluctuates from the initial stage to the end of the algorithm, resulting in superior outcomes,
even if the changes are sometimes slight.
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Figure 15. The visual comparison chart of the results from 20 runs of each algorithm across different
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Figure 16. The comparative visualization of the iteration process for the best optimal results achieved
by each algorithm across different experimental groups.

To compare the superiority of the IPACO algorithm over the PACO algorithm, MACO 1
algorithm, and MACO 2 algorithm, we recorded the average value of the objective function
T* for 20 runs of each algorithm in five experimental groups, as well as the minimum T*
obtained for each algorithm in the 20 runs. We then compared the average value of T* for
each algorithm with the average value of T* obtained by the IPACO algorithm, and the
optimal value of T* for each algorithm with the optimal value of T* obtained by the IPACO
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algorithm. We refer to this comparison as the relative percentage error (RPE) [32]. The RPE
is defined by Equation (26).

(26)

RPE_B — Best_Best” 1009,

{ RPE_A = 25208 5 100%
Best*

where RPE_A is the RPE parameter obtained based on the average value of T*, Avg
represents the average value of T* obtained from 20 runs of each algorithm, Avg* represents
the average value of T* obtained from 20 runs of the IPACO algorithm, RPE_B is the RPE
parameter obtained based on T*, Best represents the minimum value of T* obtained from
comparing 20 runs of each algorithm, and Best* represents the minimum value of T*
obtained from comparing 20 runs of the IPACO algorithm.

The RPE results of each algorithm in the five experimental groups are presented in
Table 9. As the RPE parameter takes the value of the IPACO algorithm as the reference
parameter, all RPE values for the IPACO algorithm in the table are 0. By comparing
the RPE_A and RPE_B values in Table 9, it can be observed that the IPACO algorithm
significantly outperforms the PACO algorithm and the MPACO 1 algorithm in multiple
experimental groups. While the RPE_A indicator for the MACO 2 algorithm ranges from
0.4% to 1%, showing little difference compared to the IPACO algorithm, according to the
RPE_B indicator there is a difference of approximately 3% between them, indicating that
the random optimality of the MACO 2 algorithm still falls short of the IPACO algorithm.

Table 9. The RPE values of each algorithm in the experimental groups.

Algorithm Avg RPE_A (%) Best RPE_B (%)
PACO 348.225 6.24 323.5 2.86
Group 1 MACO 1 348.775 6.41 336 6.84
MACO 2 331.225 1.05 3155 0.32
IPACO 327.775 0 314.5 0
PACO 104.85 3.45 101 4.12
Group 2 MACO1 103.35 1.97 99 2.06
MACO2 102.1 0.74 99 2.06
IPACO 101.35 0 97 0
PACO 203 5.65 196 4.81
Group 3 MACO1 200.85 4.53 189 1.07
MACO 2 194.15 1.04 187 0
IPACO 192.15 0 187 0
PACO 551.825 2.55 540 3.35
Group 4 MACO1 552.6 2.69 540.5 3.44
MACO 2 540.3 04 529 1.24
IPACO 538.125 0 522.5 0
PACO 997.5 4.9 979 6.76
Group 5 MACO1 991.55 427 962 491
MACO 2 957.35 0.67 943 2.84
IPACO 950.95 0 917 0

5. Conclusions

This paper introduces the concept of product ant colony optimization (PACO) for the
textile-flexible job-shop scheduling problem (T-FJSP), focusing on the internal processes
of textile workshops and the constraints between textile machines and products. By con-
structing a simulation model of textile workshops, the effectiveness of the PACO algorithm
in addressing the T-FJSP is validated. To further enhance the performance of the PACO
algorithm in handling the T-FJSP, two improvements are proposed: the transformation
of the invariant parameter p in the PACO algorithm into a variable parameter p, and the
enhancement of the local pheromone update rule from single ant colony pheromones to the
combination of multiple ant colony pheromones. Additionally, three sets of experiments
are conducted to compare the results of the PACO algorithm with those of the improved
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algorithms: MPACO 1 algorithm, MPACO 2 algorithm, and IPACO algorithm. Through
the comparison of results and the visualization of Gantt charts and iterative optimization
processes, the superiority of the IPACO algorithm is demonstrated. It not only improves
the convergence speed and global search capability of the algorithm but also achieves better
optimization results for the objective function.

To verify that the PACO algorithm is not limited to textile workshops, this paper
designs five sets of experiments to validate its applicability across varying numbers of
operations and product types. The final experimental results demonstrate that the PACO
algorithm can effectively solve workshop scheduling problems under constraints similar to
those in textile workshops, even with varying numbers of operations and product types.
Furthermore, through experiments conducted with modified algorithms in the five sets, the
results and RPE indicators indicate that the proposed enhancements to the initial PACO
algorithm are highly effective.

In this paper, the machine load generated during the machine run is not considered.
In reality, the machine load has a greater impact on workshop production. In the future, to
better improve the economic benefits of textile workshops, minimizing machine load can
be used as the objective function and combined with the objective of this paper to research
multi-objective optimization of workshop scheduling.
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Abbreviations

The following abbreviations are used in this manuscript:

ACO Ant Colony Optimization

PACO Product Ant Colony Optimization

JSP Job-shop Scheduling Problem

FJSP Flexible Job-shop Scheduling Problem

LMEO Learning-based Multipopulation Evolutionary Optimization

FJSP-Ts  Flexible Job-shop Scheduling Problem with finite Transportation resources
MILP Mixed-Integer Linear Programming

OFA Optimal Foraging Algorithm

PFS Pythagorean Fuzzy Set

T-FJSP Textile Flexible Job-shop Scheduling Problem

MPACO Modified Product Ant Colony Optimization

IPACO  Integrated Product Ant Colony Optimization of MPACO 1 and MPACO 2
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